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Maria Planes Martı́nez, por su cariño y ayuda incondicional con ésto como con todo en lo
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Abstract

Analysis of river flow using hydraulic modelling and its implications in derived environmental applications are inextricably connected with the way in which the river boundary
shape is represented. This relationship is scale-dependent upon the modelling resolution
which in turn determines the importance of a subscale performance of the model and the
way subscale (surface and flow) processes are parameterised. Commonly, the subscale behaviour of the model relies upon a roughness parameterisation whose meaning depends on
the dimensionality of the hydraulic model and the resolution of the topographic representation scale. This latter is, in turn, dependent on the resolution of the computational mesh
as well as on the detail of measured topographic data. Flow results are affected by this
interactions between scale and subscale parameterisation according to the dimensionality
approach. The aim of this dissertation is the evaluation of these interactions upon hydraulic modelling results. Current high resolution topographic source availability induce
this research which is tackled using a suitable roughness approach according to each dimensionality with the purpose of the interaction assessment. A 1D HEC-RAS model, a 2D
raster-based diffusion-wave model with a scale-dependent distributed roughness parameterisation and a 3D finite volume scheme with a porosity algorithm approach to incorporate
complex topography have been used. Different topographic sources are assessed using a
1D scheme. LiDAR data are used to isolate the mesh resolution from the topographic
content of the DEM effects upon 2D and 3D flow results. A distributed roughness parameterisation, using a roughness height approach dependent upon both mesh resolution and
topographic content is developed and evaluated for the 2D scheme. Grain-size data and
fractal methods are used for the reconstruction of topography with microscale information,
required for some applications but not easily available. Sensitivity of hydraulic parameters
to this topographic parameterisation is evaluated in a 3D scheme at different mesh resolutions. Finally, the structural variability of simulated flow is analysed and related to scale
interactions. Model simulations demonstrate (i) the importance of the topographic source
in a 1D models; (ii) the mesh resolution approach is dominant in 2D and 3D simulations
whereas in a 1D model the topographic source and even the roughness parameterisation
impacts are more critical; (iii) the increment of the sensitivity to roughness parameterisation in 1D and 2D schemes with detailed topographic sources and finer mesh resolutions;
and (iv) the topographic content and microtopography impact throughout the vertical
profile of computed 3D velocity in a depth-dependent way, whereas 2D results are not affected by topographic content variations. Finally, the spatial analysis shows that the mesh
resolution controls high resolution model scale results, roughness parameterisation control
ix
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2D simulation results for a constant mesh resolution; and topographic content and microtopography variations impacts upon the organisation of flow results depth-dependently in
a 3D scheme.

Resumen

La topografı́a juega un papel fundamental en la distribución del agua y la energı́a en
los paisajes naturales (Beven and Kirkby 1979; Wood et al. 1997). La simulación
hidráulica combinada con métodos de medición del terreno por teledetección constituyen una poderosa herramienta de investigación en la comprensión del comportamiento de
los flujos de agua debido a la variabilidad de la superficie sobre la que fluye. La representación e incorporación de la topografı́a en el esquema hidráulico tiene una importancia
crucial en los resultados y determinan el desarrollo de sus aplicaciones al campo medioambiental. Cualquier simulación es una simplificación de un proceso del mundo real, y por
tanto el grado de simplificación determinará el significado de los resultados simulados.
Este razonamiento es particularmente difı́cil de trasladar a la simulación hidráulica donde
aspectos de la escala tan diferentes como la escala de los procesos de flujo y de representación del contorno son considerados conjuntamente incluso en fases de parametrización
(e.g. parametrización de la rugosidad). Por una parte, esto es debido a que las decisiones
de escala vienen condicionadas entre ellas (e.g. la dimensionalidad del modelo condiciona la escala de representación del contorno) y por tanto interaccionan en sus resultados
estrechamente. Y por otra parte, debido a los altos requerimientos numéricos y computacionales de una representación explı́cita de alta resolución de los procesos de flujo y
discretización de la malla. Además, previo a la modelización hidráulica, la superficie del
terreno sobre la que el agua fluye debe ser modelizada y por tanto presenta su propia escala
de representación, que a su vez dependerá de la escala de los datos topográficos medidos
con que se elabora el modelo. En última instancia, esta topografı́a es la que determina
el comportamiento espacial del flujo. Por tanto, la escala de la topografı́a en sus fases de
medición y modelización (resolución de los datos y representación topográfica) previas a
su incorporación en el modelo hidráulico producirá a su vez un impacto que se acumulará
al impacto global resultante debido a la escala computacional del modelo hidráulico y su
dimensión.
La comprensión de las interacciones entre las complejas geometrı́as del contorno y la estructura del flujo utilizando la modelización hidráulica depende de las escalas consideradas
en la simplificación de los procesos hidráulicos y del terreno (dimensión del modelo, tamaño
de escala computacional y escala de los datos topográficos). La naturaleza de la aplicación
del modelo hidráulico (e.g. hábitat fı́sico, análisis de riesgo de inundaciones, transporte de
sedimentos) determina en primer lugar la escala del estudio y por tanto el detalle de los
procesos a simular en el modelo (i.e. la dimensionalidad) y, en consecuencia, la escala comxi
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putacional a la que se realizarán los cálculos (i.e. resolución computacional). Esta última
a su vez determina, el detalle geográfico con que deberá representarse el contorno acorde
con la resolución de la malla computacional. La parametrización persigue incorporar en
el modelo hidráulico la cuantificación de los procesos y condiciones fı́sicas del sistema natural y por tanto debe incluir no solo aquellos procesos que tienen lugar a la escala de
modelización, sino también aquellos que tienen lugar a un nivel subescalar y que deben
ser definidos mediante relaciones de escalado con las variables modeladas explı́citamente.
Dicha parametrización se implementa en la práctica mediante la provisión de datos al modelo, por tanto la escala de los datos geográficos utilizados para parametrizar el modelo
no sólo influirá en los resultados, sino también determinará la importancia del comportamiento subescalar del modelo y el modo en que estos procesos deban ser parametrizados
(e.g. la variabilidad natural del terreno dentro de la celda de discretización o el flujo en
las direcciones laterales y verticales en un modelo unidimensional).
En esta tesis, se han utilizado el modelo unidimensional HEC-RAS, (HEC 1998b), un modelo ráster bidimensional de propagación de onda, (Yu 2005) y un esquema tridimensional
de volúmenes finitos con un algoritmo de porosidad para incorporar la topografı́a, (Lane
et al. 2004; Hardy et al. 2005). La geometrı́a del contorno viene definida por la escala de
representación topográfica (resolución de malla y contenido topográfico), la cual a su vez
depende de la escala de la fuente cartográfica. Todos estos factores de escala interaccionan en la respuesta del modelo hidráulico a la topografı́a. En los últimos años, métodos
como el análisis fractal y las técnicas geoestadı́sticas utilizadas para representar y analizar
elementos geográficos (e.g. en la caracterización de superficies (Herzfeld and Overbeck
1999; Butler et al. 2001)), están promoviendo nuevos enfoques en la cuantificación de los
efectos de escala (Lam et al. 2004; Atkinson and Tate 2000; Lam et al. 2006) por medio
del análisis de la estructura espacial de la variable (e.g. Bishop et al. 2006; Ju et al.
2005; Myint et al. 2004; Weng 2002; Bian and Xie 2004; Southworth et al. 2006; Pozdnyakova et al. 2005; Kyriakidis and Goodchild 2006). Estos métodos cuantifican tanto
el rango de valores de la variable presentes a diferentes escalas como la homogeneidad o
heterogeneidad de la variable espacialmente distribuida (Lam et al. 2004). En esta tesis,
estas técnicas se han utilizado para analizar el impacto de la topografı́a sobre la estructura
de los resultados hidráulicos simulados. Los datos de teledetección de alta resolución y
técnicas GIS también están siendo utilizados para la mejor compresión de los efectos de
escala en modelos medioambientales (Marceau 1999; Skidmore 2002; Goodchild 2003) y
se utilizan en esta tesis.
Esta tesis como corpus de investigación aborda las interacciones de esas escalas en la
modelización hidráulica desde un punto de vista global e interrelacionado. Sin embargo,
la estructura y el foco principal de los experimentos están relacionados con las nociones espaciales de la escala de representación en relación con una visión global de las interacciones
entre escalas. En teorı́a, la representación topográfica debe caracterizar la superficie sobre
la que corre el agua a una adecuada (conforme a la finalidad y dimensión del modelo)
escala de discretización, de modo que refleje los procesos de interés. La parametrización
de la rugosidad debe de reflejar los efectos de la variabilidad de la superficie a escalas de
más detalle que aquellas representadas explı́citamente en la malla topográfica (i.e. escala
de discretización). Claramente, ambos conceptos están fı́sicamente relacionados por un
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dependencia escalar. La escala de representación determina la forma en que debe incorporarse la caracterización del contorno. Un modelo topográfico de alta resolución dará
cuenta explı́citamente de las variaciones topográficas de los elementos más pequeños en
una malla computacional refinada, mientras que si la resolución de la malla es de menos
detalle, la topografı́a representada no será capaz de reflejar dichas variaciones, que deberán
ser incorporadas al modelo como rugosidad.
El principal problema a la hora de evaluar el impacto de la rugosidad en los resultados
simulados, además de su interacción con la topografı́a incluida en el modelo, es que en la
práctica el parámetro de rugosidad suele utilizarse no sólo para dar cuenta de las discrepancias entre la escala de modelización y la escala intrı́nseca de la superficie representada,
sino también de las discrepancias entre la escala intrı́nseca de los procesos de flujo y los
procesos explı́citamente representados en la solución numérica (i.e. los procesos de flujo no
representados explı́citamente debido al promediado de las ecuaciones de flujo en el espacio
o en el tiempo, tales como los efecto de difusión en el flujo debido a la turbulencia en un
modelo 2D), ver figura 1.1.
Basado en lo anterior, el objetivo primordial de este estudio es mejorar la compresión general de los aspectos relacionados con las escalas espaciales en la modelización hidráulica
asociados con la parametrización topográfica y sus interacciones con la rugosidad en los resultados del modelo. Para alcanzar este propósito, la tesis aborda cinco objetivos concretos
de investigación.

* El primer objetivo revisa la cuestión de la escala en la práctica actual de la modelización hidráulica en relación con la medición topográfica, su representación y
parametrización con un particular énfasis en los impactos de la escala en los resultados del modelo, el papel potencial de las nuevas fuentes de datos y los métodos de
análisis espacial en estudios de modelización dinámica, como el análisis de sensibilidad.
* La segunda serie de objetivos considera las diferentes fuentes cartográficas y cómo
su procesado y contenido afecta los resultados de un modelo unidimensional. Este
objetivo busca la generación de DEMs a partir de fuentes cartográficas disponibles
para evaluar el efecto derivado en los resultados hidráulicos y analizar el ratio de
inversión en tiempo y dinero según la metodologı́a.
* La tercera serie de objetivos investiga la dependencia de la escala en un modelo de
inundación bidimensional ráster de propagación de onda sobre la representación y
parametrización de la topografı́a y sus interacciones con una parametrización distribuida de la rugosidad espacialmente variable en el espacio y en el tiempo utilizando
datos altimétricos láser.
* El cuarto objetivo se ocupa de la evaluación de la respuesta del modelo tridimensional
a la escala espacial y subescalar, a través del análisis de la estructura del flujo. En
base a la respuesta del modelo hidráulico se revisan diferentes aspectos metodológicos
en relación con la parametrización topográfica en un esquema 3D, la rugosidad como

xiv

Resumen
variabilidad topográfica por debajo de la escala de modelización y el análisis espacial
de los efectos de escala.
* El objetivo final es presentar un nuevo enfoque al actual problema de la disponibilidad de topografı́as de alta resolución y considerar la simulación de la variabilidad
topográfica a escalas menores que las de medición para proporcionar una adecuada
representación de la variabilidad de la superficie en aplicaciones en que los efectos
derivados de la variabilidad del contorno son necesarios pero no están disponibles a
escalas tan finas.

La tesis está dividida en siete capı́tulos. El primer capı́tulo introduce el contexto de la
investigación dentro del ámbito de la escala espacial en topografı́a e hidráulica y discute
los objetivos de la tesis. En un intento por desentrañar al menos conceptualmente las
nociones de escala, ámbitos e interacciones, el capı́tulo dos proporciona un marco teórico
para los siguientes capı́tulos para los que la dimensionalidad del modelo determina el orden
de secuencia. El capı́tulo tres trata el segundo objetivo y analiza las fuentes cartográficas
en los resultados de un modelo unidimensional (altura de la lámina de agua y extensión
de la inundación) y sus interacciones con la resolución del modelo y la parametrización de
la rugosidad. El capı́tulo cuatro trata el tercer objetivo y evalúa las interacciones entre la
parametrización de la topografı́a y la rugosidad en un modelo 2D ráster de propagación
de onda. El impacto de la representación topográfica se divide en el efecto de la resolución
de la malla y el contenido topográfico representado en el DEM, y ambos son evaluados
en función de una parametrización distribuida de la rugosidad. Los capı́tulos cinco y seis
se corresponden con los objetivos cuatro y cinco y evalúan el impacto de la topografı́a
en velocidades 3D simuladas utilizando DFC (Dinámica de Fluidos Computacional). La
sensibilidad del modelo 3D a la variabilidad topográfica representada en el DEM y a la
escala del tamaño de grano (microtopografı́a) se analiza respectivamente a diferentes profundidades. Dentro de cada capı́tulo, las interacciones entre la topografı́a y la rugosidad
en cada dimensión determinan el principal foco de investigación y conducen los experimentos numéricos para evaluar el comportamiento espacial del modelo con el contorno.
En el capı́tulo siete se presentan las conclusiones generales de la tesis y se apuntan las
principales lı́neas de investigación que emergen de ella.
Caso unidimensional
En primer lugar, las fuentes cartográficas fueron evaluadas en un esquema unidimensional
(capı́tulo 3). A la vista de los costes en tiempo y dinero (Tabla 3.5) y de la precisión
obtenida en los modelos hidráulicos (Tabla 3.6), se pueden establecer algunos criterios
de selección del modelo cartográfico para este tipo de trabajos. La utilización de una
cartografı́a de curvas de nivel a escala 1:5.000 resulta inefectiva, a pesar de su bajo precio.
Al incorporar datos GPS, el modelo se encarece pero mejora en gran medida en la obtención
de la altura de la lámina de agua, a la vez que incorpora las incertidumbres propias de la
interpolación entre perfiles medidos en la estimación del área inundada. Estas cartografı́as
generan láminas de agua más elevadas y una mayor área de inundación por lo que su
aplicación a la gestión de riesgos, las consecuencias de su utilización, proporcionan un
margen de seguridad. La utilización del modelo LiDAR resulta económicamente viable
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para grandes áreas y ofrece resultados muy aproximados a los de referencia tanto en la
determinación de la altura de la lámina de agua, como en la estimación del área inundada.
Los resultados del modelo LiDAR mejoran en menor medida al incorporar datos GPS,
siendo en este caso más importante la mejora en la determinación del calado, ya que se
calcula con base a los perfiles medidos.
Finalmente, y conforme a estudios previos (French 2003; Marks and Bates 2000; Charlton
et al. 2003) puede señalarse la fuente de datos LiDAR como un novedoso y determinante
medio de caracterización de la topografı́a de llanuras de inundación de los rı́os, no sólo por
la alta resolución de los datos altimétricos que describe el terreno, sino por las posibilidades de escalar la representación topográfica, mejorando los resultados de la modelización
hidráulica (Mason et al. 2003; Cobby et al. 2003; Bates et al. 2003). Por lo tanto, los
datos LiDAR constituyen una fuente cartográfica adecuada para evaluar los efectos de
escalado de la topografı́a derivados en los resultados del modelo hidráulico. Los resultados de la modelización 1D muestran la influencia de la resolución del modelo cartográfico
en la parametrización de la rugosidad con un impacto mayor en esquemas con una detallada representación topográfica, (i.e. aquellas optimizadas con puntos de batimetrı́a y
GPS), por tanto con un mayor nivel de complejidad en la superficie representada. Una
representación topográfica compleja, aunque más sensible, requiere un tratamiento de rugosidad menor, mientras que una escala de menos detalle topográfica es menos sensible a la
parametrización rugosidad aunque requiere valores de rugosidad más altos para compensar
por los elementos superficiales no representados en la topografı́a. Los resultados también
muestran la importancia de la batimetrı́a en la mejora de los resultados de profundidad y
extensión de la inundación, y el limitado papel de una topografı́a continua y distribuida
de la llanura de inundación en un modelo 1D.
Caso bidimensional
En los siguientes capı́tulos (Capı́tulos 4 y 5), los datos LiDAR serán utilizados para representar la topografı́a mediante DEMs de diferente resolución y contenido topográfico.
El impacto de los estadios previos en la modelización topográfica sobre los resultados del
modelo hidráulico han sido previamente investigados, tales como la estrategia de medición
(e.g. impacto de la densidad de puntos LiDAR sobre el modelo de inundaciones (Raber
2003; Gueudet 2004); el impacto de la representación de la topografı́a (Horritt et al. 2006);
y las diferentes fuentes cartográficas (Casas et al. 2006)). Pero también debe ser considerada la complejidad natural de la superficie (i.e. la escala intrı́nseca de la superficie)
(§1.1). La escala intrı́nseca de una superficie natural no es conocida a priori. Solo puede
aproximarse mediante la escala de medición, la cual en sı́ ya es una representación modelada de la superficie natural. La escala de representación topográfica está determinada por
dos componentes: la resolución de la malla (m) dado que la topografı́a será representada
por un único valor promediado para ese área (z m ); y por el rango de valores topográficos
(medidos) (4z) comprendidos dentro del área que representa la celda y que será promediado (z 4z
m ). Ambos determinan la escala de representación de la topografı́a. Por lo tanto,
al modificar la escala de la malla también varı́a el contenido topográfico del DEM, si la
escala de modelización es de menos detalle que la escala de medición. Además, se conoce
el impacto de la resolución de la malla en la modelización hidráulica (e.g. Hardy et al.
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1999; Horritt et al. 2006) y es difı́cil de diferenciar del impacto asociado que conlleva
adaptar la topografı́a a la escala de modelización (e.g. mediante procedimientos de interpolación en los que la variabilidad de la superficie natural se pierde conforme la malla
sea de menos detalle). Para poder evaluar el impacto de la variabilidad topográfica por
separado sobre los resultados del modelo, se debe poder fijar la resolución del modelo.
La generación de los DEMs con diferentes contenidos topográficos sigue la metodologı́a
explicada en el apartado (§4.3.2.2) y está basado en una incorporación progresiva de datos
LiDAR medidos que se encuentren dentro de un criterio de distancia vertical (± 4 z) de
una superficie de referencia (DEM ref ). Los datos de elevación incorporados en el DEM
modifican la escala topográfica sin modificar el tamaño de celda. Por otra parte, la rugosidad de una superficie debe definirse en función de la topografı́a de la propia superficie.
La parametrización de la rugosidad utilizando la ’altura de rugosidad’ (z0 ) dentro de un
modelo hidráulico bidimensional (§A.4) deberı́a estar relacionada con los elementos de la
superficie, y deberı́a ser espacialmente variable y dependiente de la escala en relación,
tanto a la resolución de la malla, como al contenido topográfico del DEM (Tabla 4.1). Por
lo tanto, la escala de discretización del modelo podrı́a actuar como un umbral por el que
definir la rugosidad y la topografı́a en el modelo. La altura de rugosidad (z0 ) debe estar
determinada por el contenido topográfico (4z) de la malla discretizada, la cual a su vez
depende de la resolución de la malla (m). De modo que la parametrización de la topografı́a
y la rugosidad están conectadas mediante una relación tridireccional donde la resolución
de la malla, el contenido topográfico y el parámetro de rugosidad deben interaccionar
fı́sicamente según la escala (Tabla 4.1).
Para hacer interaccionar estas tres componentes, se ha utilizado un modelo 2D para reflejar de un modo directo el impacto de la topografı́a en el flujo derivado. Se ha utilizado un
modelo 2D ráster de onda difusa (Yu and Lane 2006a) que reconoce cualquier cambio en
la escala topográfica de modelización en términos de caracterı́sticas del flujo y trayectoria,
altura de la lámina de agua y extensión de la inundación. Por tanto el modelo permite su
utilización para evaluar el impacto sobre el flujo simulado de la resolución de la malla y la
variabilidad topográfica que comprende el DEM (§4.3.2.2). El modelo también permite la
incorporación de un modelo de parametrización de la rugosidad espacialmente distribuido
a la escala de modelización. El cálculo de la altura de rugosidad (z0 ) se realiza con los
datos de elevación no incorporados en el DEM como variabilidad topográfica (4z). Las
alturas de rugosidad (z0 ) se utilizan para calcular el parámetro de rugosidad (n) en el modelo hidráulico utilizando una teorı́a de capas mixtas (Katul et al. 2002) que contempla
la presencia de elementos con alturas de rugosidad altas en relación con la profundidad
del flujo (§4.3.2.3). Los datos LiDAR han sido previamente usados para determinar los
parámetros de rugosidad. En los enfoques más simples, se han utilizado los datos LiDAR
para caracterizar la llanura de inundación en áreas de diferentes usos del suelo y asignan
un valor acorde de rugosidad (e.g. Werner et al. 2005). En el otro extremo, se han desarrollado métodos de base fı́sica para generar un modelo de parametrización de rugosidad
espacialmente distribuido basado en mapas de caracterización de la vegetación derivados
de datos LiDAR y ecuaciones de resistencia del flujo (e.g. Mason et al. 2003; Asselman
2002) (§4.3.2.3). En ninguno de estos casos se contempló la dependencia de la escala en
la parametrización de la rugosidad sobre la topografı́a. Según esto, las interacciones entre
la parametrización distribuida de la rugosidad y la topografı́a representada no han sido
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previamente estudiadas. En este trabajo se persigue analizar en detalle la sensibilidad del
modelo a estas interacciones y no tanto la cuantificación de la rugosidad, lo que requerirı́a
una calibración basada en datos de campo medidos durante eventos de crecidas particulares, o datos multiespectrales CASI para mejorar la caracterización de la vegetación
(Straatsma and Middelkoop 2006). Por otra parte, la utilidad de desarrollar formulaciones
complejas de la rugosidad con caracterı́sticas de la vegetación puede ser limitada, dado
que el significado del parámetro de rugosidad depende de la dimensionalidad del modelo
(i.e. los procesos de flujo no considerados explı́citamente en el modelo hidráulico, de los
que el parámetro de rugosidad tiene que dar cuenta).
El análisis de sensibilidad de la parametrización de la rugosidad en relación con la resolución de la malla y el contenido topográfico del DEM (§4.4.1) ilustra la interacción
tridireccional no lineal de estas tres componentes (resolución, contenido topográfico del
DEM y parametrización de la rugosidad) dentro de un modelo hidráulico bidimensional.
Puede inferirse que en este modelo hidráulico 2D, el parámetro de rugosidad es sensible a la
resolución del modelo, y al mismo tiempo, las mallas de más detalle (1 and 2 m) son las más
sensibles a una parametrización subescalar (definición de n y 4z). Esto puede ser debido
a la proximidad de las escalas de medición y de modelización (1 m), y por tanto a que el
efecto de promediado en los datos medidos en escalas más burdas hace que no afecte en la
variabilidad del contenido topográfico del DEM y en el cálculo de la altura de rugosidad.
El impacto de la resolución sobre los resultados (profundidad y extensión de la inundación)
se confirma como el dominante en la parametrización espacial (e.g. Hardy et al. 1999;
Horritt and Bates 2001a) con un efecto menor relativo de los métodos de resampleado.
El resampleado no muestra una relación lineal con la resolución final en los resultados de
extensión de la inundación, lo que es consistente con otros trabajos (e.g. Haile 2005). La
insensibilidad relativa de los modelos ráster 2D a la rugosidad de la llanura de inundación
(e.g. Werner et al. 2005; Yu and Lane 2006a) también queda reflejada en este estudio, con
el impacto menor debido a la parametrización subescalar (contenido topográfico del DEM
(4z) y parámetro de rugosidad (n)), los cuales no son capaces de compensar el impacto de
la resolución en los resultados hidráulicos. El impacto de una parametrización subescalar
sobre los resultados de profundidad y extensión de la inundación son más importantes
conforme la resolución de la malla es más fina y próxima al intervalo de medición (∼ 1 m).
Esto puede ser debido al efecto de suavizado de la variabilidad topográfica en escalas
menores y al mayor impacto del parámetro de rugosidad en mallas de más detalle (§4.4.1).
El impacto de la parametrización subescalar en una resolución de 1m (§4.12) muestra
cómo los resultados de profundidad presentan una variación positiva a las variaciones en
la parametrización de la rugosidad y no en relación al contenido topográfico del DEM.
Además, los resultados del análisis de sensibilidad debidos exclusivamente al contenido
topográfico del DEM para una determinada resolución y un valor constante de altura
de rugosidad de 0.02 m (condiciones de suelo desnudo) sugieren que el comportamiento
subescalar de este modelo 2D no queda reflejado mediante la variabilidad topográfica del
DEM. Interacciones entre el contenido topográfico y el parámetro de rugosidad ocurren
sólo en mallas de resolución fina, con un menor impacto relativo de la topografı́a. Por lo
tanto, las variaciones en la hidráulica del modelo por debajo de la escala deben modelarse
mediante una parametrización de la rugosidad espacialmente distribuida.
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Los parámetros del semivariograma (§4.4.4) permiten la caracterización de la variabilidad
espacial de las profundidades con la resolución y la parametrización subescalar. Conforme el tamaño de celda aumenta, los valores de semivarianza son similares. Esto está
relacionado con el impacto de promediado en las escalas de menor detalle. La mayor sensibilidad del modelo a la resolución que a una parametrización subescalar ya mostrada por
los resultados de análisis globales (RMSD) también está reflejado en los valores de semivarianza (Tabla 4.15). Sin embargo, la escala caracterı́stica de los resultados de profundidad es más sensible a variaciones en la parametrización subescalar que en la resolución.
Esto sugiere que las posibles compensaciones entre el enfoque escalar y subescalar ocurren, no en el rango de los resultados simulados, sino en las modificaciones de las escalas
caracterı́sticas de los resultados. Esta escala caracterı́stica, controlada por el contenido
topográfico/parámetro de rugosidad a una determinada resolución del modelo, puede ser
crucial para algunas aplicaciones hidráulicas (e.g. presencia de hábitat). La tabla 4.15
también muestra cómo la semivarianza de la rugosidad parametrizada está relacionada con
la semivarianza de los resultados de profundidad. Esto sugiere que la variabilidad en la
profundidad, para una escala de modelización próxima a la escala de medición, está determinada por la variabilidad de la parametrización distribuida de la rugosidad. El problema
de una apropiada parametrización de la rugosidad queda sin resolver, particularmente en
esquemas 2D, donde el parámetro debe dar cuenta no solo del impacto de la vegetación de
la llanura de inundación sobre el flujo, sino de todas las pérdidas de momento no consideradas explı́citamente en el modelo hidráulico. Esto hace que se necesario un escalado de la
rugosidad aunque permanezca incierta su forma de resolverse (Mason et al. 2003; Horritt
2006; Lane 2005). Un análisis espacial del impacto de una parametrización de la rugosidad
podrı́a mejorar la perspectiva del comportamiento del modelo a escala subespacial. Los
datos seleccionados para validar un modelo deben ser capaces de reflejar lo que el modelo
debe predecir (Lane et al 2005), por lo tanto un determinado nivel de variabilidad en los
resultados del modelo pueden conducir la evaluación de una parametrización topográfica
y de rugosidad y deberı́an tenerse en cuenta en el proceso de modelización.
En resumen, en el capı́tulo cuatro, se evalúa la dependencia de la escala espacial de un
modelo 2D ráster de propagación de onda sobre la representación y parametrización de
la topografı́a y su interacción con una parametrización distribuida de la rugosidad variable en el tiempo y en el espacio. Para ello se ha desarrollado una metodologı́a para
generar un modelo de parametrización de la rugosidad en el modelo hidráulico. Este
método reconoce explı́citamente las tres direcciones de la interacción entre la resolución
de la malla discretizada, el contenido topográfico del DEM y la parametrización de la
rugosidad. La interpolación en resoluciones de menor detalle tiene un impacto importante sobre las predicciones de profundidad y extensión de la inundación, mientras que
el modelo es menos sensible a los métodos de resampleado, particularmente en términos
de extensión de la inundación. La sensibilidad a la resolución es también mayor que a la
parametrización subescalar. Las mallas más finas son más sensibles a la parametrización
subescalar y a las interacciones entre el contenido topográfico del DEM y la altura de rugosidad del parámetro de rugosidad. Las variaciones en los resultados para una resolución
fija están relacionadas con variaciones en la parametrización de la rugosidad. El comportamiento subescalar del modelo 2D no se refleja mediante la variación del contenido
topográfico del DEM y por tanto la parametrización subescalar debe modelizarse mediante
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una parametrización de la rugosidad espacialmente distribuida. El análisis distribuido de
los resultados confirman esto y además muestran cómo el impacto de la resolución es dominante a través del análisis de las semivarianzas. Sin embargo, la escala caracterı́stica de los
resultados de profundidad es más sensible a variaciones en la parametrización subescalar.
La variabilidad de la profundidad está relacionada con la variabilidad en la parametrización
de la rugosidad para una resolución próxima a la escala de medición.
Caso tridimensional
Los capı́tulos cinco y seis de la tesis se centran en el efecto de la parametrización de la
topografı́a a diferentes escalas en modelos 3D, ya que muchos estudios medioambientales
reconocen actualmente la importancia de la compleja variabilidad de la topografı́a de
los rı́os y su control sobre el transporte de sedimentos (Hardy 2006; Oost et al. 2004)
y la ecologı́a acuática (Crowder and Diplas 2000). Sin embargo, sólo recientemente se
han desarrollado métodos para el manejo de estas complejidades de contorno dentro de
la Dinámica de Fluidos Computacionales (DFC) (Bates et al. 2005). Estos desarrollos
pueden, por ejemplo, modelizar la dinámica del flujo en torno a partı́culas individuales
de gravas y formas de lecho (Strom et al. 2004; Papanicolaou and Schuyler 2003), ası́
como los complejos patrones de flujo a escalas extremadamente pequeñas en las que puede
estructurarse el hábitat fı́sico (Clifford et al. 2005; Crowder and Diplas 2006; Leclerc 2005).
A su vez, esto está provocando que se desarrollen nuevas formas de describir la topografı́a
requerida para tales modelos, que no exijan mucho tiempo en su adquisición, ni sea cara
en su medición. Uno de los métodos para incorporar topografı́as complejas en un esquema
de DFC es un algoritmo de escalado de masa de flujo basado en un enfoque de porosidades
dentro de una malla cartesiana regular (§5.3.2.3). El algoritmo permite la incorporación
de variabilidad topográfica y microtopografı́a (a escala del tamaño de grano) en mallas
computaciones finas (§5.3.2.1) sin distorsionar el tamaño de la celda. Esto evita problemas
de estabilidad y da cuenta de la variabilidad derivada de la superficie en la estructura del
flujo. Este enfoque ha sido previamente desarrollado y validado (Lane et al. 2002; Lane
et al. 2004; Hardy et al. 2005) para la inclusión de una topografı́a compleja (partı́culas
individuales de grava) en una aplicación de DFC de alta resolución (resolución espacial de
0.002 metros). La metodologı́a también ha sido extendida para poder considerar escalas
más extensas (Hardy et al. 2006) donde se ha mostrado la importancia de la calidad y
resolución de las condiciones de contorno topográficas. Este enfoque se ha mostrado capaz
de reflejar la variabilidad de los elementos en las celdas correspondientes al contorno y
replicar su efecto en el patrón del flujo (Lane et al. 2004; Hardy et al. 2005). La
metodologı́a bloquea parcialmente la celda del contorno que representa la topografı́a del
lecho, mantiene una forma hexaédrica y evita inestabilidades y problemas de difusión (Lane
and Hardy 2002; Lane et al. 2004; Hardy et al. 2006). El método original está basado en
un tratamiento numérico de la porosidad, el cual utiliza una malla estructurada y especifica
los valores de porosidad de la celda para bloquear el lecho topográfico con la incorporación
de los correspondientes términos de resistencia en la ecuaciones del momento. En este
bloqueo topográfico de la malla se asigna un valor 1 a aquella celda que se corresponda de
manera completa con agua, valor 0 a aquella que comprenda sólo terreno y un valor entre
0 y 1 para bloquear parcialmente las celdas que comprendan ambos medios, terreno y
agua). La metodologı́a (descrita en Hardy et al. 2006) utiliza una algoritmo de rugosidad
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de cinco términos que incluyen las cuatro caras verticales de la celda y el volumen de la
misma. Esto se consigue mediante un valor de porosidad que representa el bloqueado en
cada celda, e introducido en la ecuación de volúmenes finitos mediante la modificación del
área efectiva de las caras de la celda, que reduce la cantidad de flujo capaz de pasar por
cada celda. El modelo descrito en Hardy et al. (2006) requiere igualmente una función de
pared (wall function) para modelar aquellas variaciones en el lecho a escalas mayores a la
malla. La altura de rugosidad en estas funciones de pared deben representar los efectos
en el flujo de los granos menores al tamaño de celda. En este estudio no se utilizará la
función de pared para poder evaluar la sensibilidad del modelo al contenido topográfico
del DEM incorporado en el esquema hidráulico por medio del cálculo de la porosidad.
La modelización hidráulica tridimensional resuelve el vector de velocidad tridimensional
completo, utilizando una versión promediada en el tiempo de las ecuaciones 3D de NavierStokes, las ecuaciones de Navier-Stokes promediadas de Reynolds, (e.g. Ingham and Ma
2005). En estas ecuaciones, la velocidad es un valor medio en el tiempo y un modelo
de turbulencia representa los efectos de promediar en el tiempo las cantidades de flujo
medias. Las técnicas de DFC resuelven el flujo 3D mediante la discretización del dominio
geográfico tridimensional en una malla computacional. Las ecuaciones de flujo no lineales de Navier-Stokes se aplican como ecuaciones diferenciales en cada nodo de la malla
y son resueltas iterativamente utilizando aproximaciones numéricas (e.g. Wright 2005).
Cualquier procedimiento de modelización hidráulica, conlleva una serie de simplificaciones
en los procesos de flujo simulados y en la representación de la superficie de contorno. La
utilización de un enfoque 3D permite la evaluación del impacto topográfico a diferentes
profundidades del flujo 3D evitando en mayor medida las simplificaciones en los procesos de flujo considerados y reemplazando la sensibilidad a la parametrización del modelo
(§4.6) por una sensibilidad a la geometrı́a del modelo (Lane et al. 2005). En DFC, el
modelo numérico discretizado debe incluir un determinado rango de escalas topográficas.
Uno de los principales problemas de las aplicaciones de la DFC es hacer coincidir la escala
de parametrización (i.e. escala computacional) y las escalas de interés en el flujo simulado
(Lane and Hardy 2002). Con el fin de obtener una representación precisa y realista de
la variabilidad en el flujo simulado, el modelo debe incluir la topografı́a a la escala del
modelo y la rugosidad por debajo de esta escala. Esto no es sencillo, no sólo porque la representación de la topografı́a y la rugosidad presentan sus propias dificultades (§2.5), sino
porque no se conoce a priori la escala caracterı́stica del contorno y del flujo, los datos de
validación están generalmente a escalas de menos detalle que la requerida de modelización
(Horritt 2005), y el impacto de la complejidad de la topografı́a sobre la estructura del flujo
permanece incierta. Se requieren relaciones de escala para tomar decisiones a cerca del
nivel de complejidad de los datos topográficos necesarios para parametrizar el modelo.
Una evaluación del impacto de la variabilidad natural en la representación topográfica
sobre los resultados utilizando DFC presenta dos problemas principalmente. El primero
relacionado con el esquema numérico en el modelo capaz de incorporar dicha variabilidad
natural en el modelo topográfico y su incorporación en un esquema de volúmenes finitos
(§5.3.2.1). En esta tesis, la topografı́a será incorporada mediante el cálculo de porosidades
(§5.3.2.3). En segundo lugar, la dificultad procede de la propia representación topográfica
de la superficie que depende, tanto de la resolución de la malla, como de las escalas de los
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datos topográficos representados en el DEM.
En el capı́tulo 4, se mostró cómo el comportamiento por debajo de la resolución de un
modelo 2D viene determinado por una parametrización distribuida de la rugosidad. Era
por tanto difı́cil discernir entre los efectos de escalado en los resultados debido a la variabilidad topográfica del DEM o la parametrización de la rugosidad, ya que ambos están
interrelacionados y el modelo 2D no es sensible a variaciones en el contenido topográfico
(§4.6). Un modelo hidráulico tridimensional es mucho menos sensible a la parametrización
de la rugosidad y mucho más a la parametrización topográfica (Lane et al. 1999). A este
respecto, se puede evaluar mucho más directamente el impacto topográfico sobre los resultados hidráulicos. Los términos de porosidad son calculados para diferentes DEMs a
diferentes resoluciones y con información topográfica a distintas escalas de detalle. Con
esta metodologı́a se abordan los objetivos cuatro y cinco (ver capı́tulos cinco y seis). Se
evalúa el efecto de la topografı́a en los resultados 3D de velocidad modificando la topografı́a a dos escalas diferentes de detalle: (i) considerando los efectos de la variabilidad
topográfica a escala de medición (capı́tulo cinco) y (ii) teniendo en cuenta la variabilidad
de la superficie a nivel de tamaño de grano (microtopografı́a), ver capı́tulo seis.
El principal objetivo del capı́tulo cinco es la evaluación de los efectos de escalado debidos
al contenido topográfico del DEM en un modelo tridimensional. Con esta base, se abordan los elementos metodológicos concernientes a la parametrización espacial de esquemas
hidráulicos tridimensionales, la evaluación de la estructura del flujo simulado 3D y su
relación con la escala topográfica. En el capı́tulo se presenta un análisis de sensibilidad
de las predicciones de un modelo 3D al contenido topográfico del DEM utilizado para
parametrizarlo. Se fija la resolución de la malla coincidente con la escala de medición
(1 m), para evitar ası́ el impacto dominante de la resolución de la malla sobre los resultados del modelo (Hardy et al. 2005; Rameshwaran and Naden 2004). Horritt et al. (2006)
ha considerado por separado los efectos de la resolución y de la escala de representación
de los datos en los resultados del modelo, utilizando datos batimétricos distribuidos o la
misma fuente cartográfica pero representada mediante secciones transversales. En este
estudio, el contenido topográfico del DEM (el rango de los valores de elevación de los
que la celda de la malla debe dar cuenta) es la que modifica la escala de la topografı́a
incorporada.
La principal conclusión de este análisis es la importancia de los datos topográficos en la
parametrización espacial del esquema de DFC, la cual determina el rango de velocidades
y la escala caracterı́stica del flujo, i.e. la organización espacial. Hay dos puntos a tratar
y que emergen de estos análisis. En primer lugar, hacia la superficie del flujo, el impacto
sobre la magnitud total y sobre cada una de las componentes de la velocidad debido a la
modificación del contenido topográfico del DEM disminuye (figuras 5.2, 5.3 y 5.5), y la
estructura del flujo se asemeja entre modelos dando valores de varianza similares (tablas
5.2, 5.3, 5.4 y 5.5). En este contexto 3D, las variaciones en el patrón estructural del flujo
debido a la escala topográfica se reducen conforme el flujo está más apartado del lecho
de una forma sistemática y alcanza las mayores variaciones en valores de semivarianza al
10% de la profundidad de flujo.
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En segundo lugar, los resultados muestran que el comportamiento del modelo con la incorporación de contenido topográfico no es sistemático. Al contrario, en relación con los
valores de semivarianza, ésta aumenta inicialmente para una incorporación de ±5 cm,
desde la que disminuye hasta llegar a un punto de ±10 cm o ±25 cm, dependiendo de la
profundidad, i.e. da lugar a menos variabilidad en la velocidad. Por encima de ±25 cm,
los resultados de velocidad aumentan al añadir una variabilidad topográfica de ±50 cm.
Contenidos topográficos de ±10 cm y ±25 cm se corresponden con un aumento de la escala
caracterı́stica del flujo. Por tanto, los resultados se hacen menos variables y más correlados
en el espacio. Esto podrı́a ser la razón por la que los modelos con contenidos topográficos
de ±10 cm y ±25 cm dan lugar a las diferencias cuadráticas medias (RMSD) más bajas
al comparar los resultados con los obtenidos usando un DEM de referencia (Figura 5.2).
Los resultados son más parecidos porque el flujo queda suavizado, de nuevo debido al
contenido topográfico del DEM. Desde este punto de ruptura, la escala caracterı́stica se
reduce de nuevo para un contenido de ±50 cm, y por tanto genera un flujo menos correlado y complejo en el espacio. Estos resultados se ven confirmados por los cálculos de
la dimensión fractal de los resultados (Figura 5.6) donde puede verse como un contenido
topográfico adicional de ±50 cm da lugar a las mayores dimensiones fractales a cualquier
profundidad de flujo analizada, i.e. las superficies de velocidad menos organizadas.
Este comportamiento no sistemático del modelo al incorporar contenido topográfico es
difı́cil de explicar. Podrı́a ser un efecto de flujo rasante (skimming flow ) como el observado en algunos lechos de gravas (e.g. Lane et al. 2004) en el que el contenido topográfico
adicional modifica el nivel efectivo del fondo y da lugar a un incremento de la velocidad
cerca del lecho sobre la cara más elevada de las partı́culas. En este estudio, la incorporación adicional del contenido topográfico produce un incremento de la velocidad del flujo
en todos los DEM, particularmente los modelos de ±5 cm y ±50 cm. Un incremento de
la variabilidad del contenido topográfico de ±10 cm y ±25 cm producen un flujo más
interactivo con los elementos de rugosidad, en el que las partı́culas ralentizan la velocidad
del flujo y todo el perfil vertical queda afectado, aunque aún en estos casos, la velocidad
aumenta con respecto a una simulación con un DEM de referencia. La figura 5.11 confirma esto graficamente con la representación de algunos perfiles verticales de velocidad
en algunos puntos a los largo de la dirección aguas abajo, (ver Figura 5.10). Los perfiles
están situados en los puntos x= 25, 45, 65 y 75 y muestran cómo los modelos ±10 cm y
±25 cm presentan valores menores de velocidad, mientras que los de ±5 cm y ±50 cm
presentan mayores velocidades, a veces incluso mayores cerca del lecho, reduciéndose al
ascender hasta un punto en el que la velocidad se estabiliza hasta llegar a la superficie. En
cualquier caso, los modelos ±5 cm y ±50 cm muestran más variaciones de velocidad a lo
largo del perfil vertical. Estas variaciones en el flujo vertical de velocidad son consistentes
con el flujo rasante descrito en Hardy et al (2006) y Lane et al (2004). La figura 5.11
muestra cómo todo el perfil vertical se ve afectado por el contenido topográfico del DEM,
mientras que los tratamientos de rugosidad mediante alturas de rugosidad afectan sólo a
las zonas próximas al lecho (Lane et al. 2004). Esto es relevante si la finalidad del modelo
requiere reflejar los efectos de la variabilidad topográfica en los resultados 3D del flujo,
como es el caso en aplicaciones medioambientales. Además, este estudio muestra cómo
el análisis de la estructura espacial de los resultados de velocidad proporciona el rango
de variación de velocidades simuladas a diferentes escalas, debido a una especificación to-
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pográfica determinada y, por tanto, pueden ser subsecuentemente utilizados para decidir
sobre la escala espacial del modelo.
En el capı́tulo cinco, el efecto completo de la topografı́a a escalas de modelización no
puede hacerse con continuidad, ya que una pequeña perturbación de ±5 cm perturba los
resultados del flujo significativamente. No puede saberse si la incorporación de rugosidades a escalas de mayor detalle perturbarı́an de un modo progresivo estos resultados. El
contenido topográfico en este capı́tulo ha sido calculado con datos LiDAR de superficie
medidos a una escala de medición de 1m. Los datos topográficos medidos limitan el nivel
de detalle de la variabilidad del flujo en los resultados de este modelo. Un posible modo
de controlar la variabilidad por debajo de la escala de medición podrı́a ser mediante la
incorporación de la rugosidad a la superficie topográfica utilizando otra fuente de datos
caracterı́sticos de la superficie, tales como los datos de tamaño de grano. Esto se desarrolló
en el capı́tulo seis.
En resumen, en el capı́tulo cinco se ha realizado un análisis de sensibilidad de la variabilidad topográfica en la parametrización espacial del modelo en una esquema 3D. Se escala
la topografı́a representada en una serie de DEMs con resolución constante (próxima a la
escala de medición) y diferentes contenidos topográficos, de acuerdo a un umbral vertical que determina la variabilidad topográfica a incorporar en el DEM. Las topografı́as se
incorporan ası́ en el esquema de DFC utilizando un algoritmo de porosidad. El análisis
de sensibilidad de los resultados se lleva a cabo global y espacialmente mediante la geoestadı́stica atendiendo al patrón estructural y la dimensión fractal de la velocidad a diferentes profundidades del dominio simulado. La comparación de los resultados de velocidad
mediante diferencias medias cuadráticas (RMSD) muestra la importancia de la escala de
la topografı́a en la parametrización espacial de un esquema de DFC. El análisis espacial de los resultados muestra espacialmente cómo el detalle del lecho topográfico influye
en la organización del flujo mediante el impacto de la topografı́a en el rango de valores
de velocidad simulados, la escala caracterı́stica y la dimensión fractal, la cual indica las
diferentes complejidades obtenidas en la organización del flujo resultante en función del
contenido topográfico del DEM. Finalmente, el impacto del detalle de la topografı́a en el
comportamiento del modelo no es lineal. Un incremento en la complejidad topográfica no
se corresponde con un aumento en la complejidad en los resultados de velocidad. Al contrario, el análisis espacial de los resultados y los perfiles verticales de velocidad muestran
cómo un incremento en el contenido topográfico produce un aumento en la velocidad simulada próxima al lecho junto con un aumento de la complejidad del flujo (i.e. aumento de
la dimensión fractal junto con la disminución de la escala caracterı́stica de los resultados).
Sin embargo un incremento mayor en la complejidad de la topografı́a da lugar a un flujo
con un mayor nivel de organización (de menor dimensión fractal); y todavı́a un incremento
aún mayor en la topografı́a produce de nuevo un flujo desorganizado con velocidades más
altas. Esto podrı́a sugerir un efecto periódico por el que, un cierto contenido topográfico
modifica el nivel del lecho y un flujo rasante (skimming flow ) próximo al lecho suaviza los
resultados y produce un aumento de la velocidad, la desorganización y la variabilidad de
la velocidad a lo largo de todo el perfil vertical.
El capı́tulo seis considera el hecho de que la recogida de datos topográficos de alta resolu-
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ción es una de las limitaciones actuales de la DFC a aplicaciones medioambientales (Hardy
et al. 2006; Horritt 2005). El importante refinado de la malla requerido para simular
los patrones de flujo a escalas significativas para la aplicación determina la escala de
medición y representación de la topografı́a, que en última instancia debe ser proporcional
a la escala de análisis del modelo DFC. Este problema es especialmente crı́tico en la
descripción de la superficie del lecho. En el caso de rı́os de lechos de gravas, la superficie
es altamente irregular debido a la presencia de formas en el lecho que tienen lugar a
diferentes escalas de rugosidad (Lawless and Robert 2001; Butler et al. 2002; Lane et al.
2004). Estas irregularidades ejercen un significativo efecto en la variabilidad del flujo, ya
que la profundidad es inusualmente somera en relación con la altura de las formas del
lecho (Hardy 2006). La situación ideal serı́a disponer de un modelo de alta resolución del
lecho a todas esas escalas de rugosidad (e.g. tamaño de grano, formas del lecho, escala
de tramo), pero esto no es factible (por inversión ni de tiempo ni de dinero) a escala de
tramo de rı́o. En la práctica, los puntos de elevación y de tamaños de grano distribuidos
irregularmente se miden a escalas de menos detalle que las de modelización. En la modelización hidráulica esas discrepancias entre las escalas de modelización y medición puede
dejar el problema de la parametrización espacial y la validación del modelo sin resolver
(Horritt 2006; Schumann et al. 2000). La incorporación a las escalas del modelo de una
variabilidad topográfica establecida para dar cuenta de la rugosidad no muestreada a la
escala de medición eliminarı́a esta brecha en la parametrización espacial (Nicholas 2005;
Lane et al. 2004).
Un proceso de aumento de detalle de la escala normalmente utilizado para proporcionar
valores topográficos a escalas finas de modelización utilizando datos medidos a escalas de
menos detalle conlleva generalmente algún tipo de interpolación. Sin embargo, cualquier
método de interpolación refina la resolución de la malla de la representación topográfica,
pero no la escala intrı́nseca de la topografı́a, i.e. no se añade variabilidad natural al
DEM por debajo de la escala de medición (Herzfeld 1999; Atkinson 2005). Los métodos
geoestadı́sticos hacen uso de la estructura espacial de los datos medidos y proporcionan
una cobertura total de valores a la resolución de la malla refinada. Sin embargo, no
puede generarse la variabilidad topográfica entre las mediciones, si bien es sabido que la
naturaleza aumenta su variabilidad geográfica con la escala de observación (Mandelbrot
1983; Klinkenberg 1992; Fisher and Tate 2006). Además, los métodos geoestadı́sticos
conllevan un suavizado, debido al proceso de promediado de los datos contiguos en el
proceso de interpolación (Atkinson and Tate 2000).
Los principios de la geometrı́a fractal pueden utilizarse para generar superficies de diferentes niveles de complejidad (Voss 1988) (ver sección 2.4.3). Los métodos fractales ya
han sido utilizados en el análisis y generación de superficies (Xu et al. 1993; Lam and
Cola 1993; Lavallee et al. 1993; Tate 1998; Goodchild and Mark 1987) ya que mediante la
dimensión fractal puede explicarse el incremento de elementos que aparecen al refinar la
escala de análisis espacial en una superficie natural (Barnsley 1989; Herzfeld and Overbeck
1999). El análisis fractal ya ha sido utilizado en los rı́os de lechos de gravas (Robert and
Richards 1988; Robert 1991; Nikora et al. 1998; Butler et al. 2001). Por ejemplo, Butler
et al. (2001) utilizó el análisis fractal bidimensional de gravas para producir una relación
de escalado caracterı́stica de las gravas, encontrando dos estructuras a diferentes escalas,
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una isotrópica y suave por debajo de la escala de grano y otra anisotrópica y más compleja
a escala de tamaño de grano. Estas caracterı́sticas pueden utilizarse para crear estructuras
del tamaño del grano de grava con las mismas propiedades estadı́sticas dependientes de la
escala y por tanto representar los efectos de la variabilidad de la grava a tamaño de grano
sobre la estructura del flujo de un modo más realista, aunque no se reproduzca el detalle
exacto (Lane et al. 2004). Una caracterización fractal de la variabilidad de la rugosidad
a escala de grano puede proporcionar la forma de representar los efectos de la microtopografı́a no medida sobre la estructura del flujo en una forma correlada. En este estudio,
el escalado de la topografı́a a escalas de mayor detalle de modelización se lleva a cabo mediante la representación de los elementos medidos de la morfologı́a del tramo, combinada
con la reconstrucción de la microtopografı́a utilizando datos medidos de tamaño de grano
y métodos fractales, como sugiere Lane et al. (2004). La microtopografı́a reconstruida de
esta forma responde a las propiedades topográficas a diferentes escalas en la naturaleza
(Mark and Aronson 1984) las cuales combinadas con la topografı́a representada a la escala
del modelo puede utilizarse para parametrizar espacialmente la malla del modelo de CFD.
El principal objetivo de este capı́tulo es la reconstrucción correlada de la topografı́a a la
escala de tamaño de grano (microtopografı́a) a escalas no medidas y su combinación con
la topografı́a a la escala del modelo para parametrizar espacialmente el modelo CFD. Esto
es particularmente interesante en aplicaciones de CFD en las que la variabilidad en el flujo
derivada es necesaria, pero los datos de definición del contorno a escalas de tanto detalle no
están disponibles. Los efectos de escalado debidos a la incorporación de la microtopografı́a
a diferentes resoluciones de modelado son también una cuestión importante. Para lograr
esto, se han marcado tres objetivos especı́ficos:

* La reconstrucción de la microtopografı́a correlada a escala de modelización a un detalle superior al de medición y su combinación con datos topográficos a la resolución
de malla del modelo hidráulico.
* La evaluación de los efectos topográficos sobre los resultados de flujo 3D debidos a
la reconstrucción de la microtopografı́a y la resolución de la malla.
* Relacionar la variabilidad de la topografı́a y la velocidad resultante en relación a la
ejecución del modelo a escalas de correlación del flujo.

El capı́tulo seis proporciona un método de escalado a más detalle para reconstruir la
microtopografı́a (topografı́a a escala de tamaño de grano) correladamente para escalas
cuyo rango oscila entre la escala de medición y la escala de modelización del CFD de
mayor detalle que la anterior. Esta microtopografı́a se combina con la topografı́a generada
con los datos de elevación a las escalas del modelo y el DEM resultante es utilizado
para parametrizar espacialmente el esquema de CFD. La parametrización espacial de esta
forma da cuenta explı́citamente, y de forma espacialmente distribuida, del impacto de
la microtopografı́a en los resultados del flujo. La Figura 6.10 muestra el impacto de la
microtopografı́a a lo largo de todo el perfil vertical.
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El escalado de la topografı́a mediante la reconstrucción de la rugosidad de contorno a
escalas no medidas en rı́os de gravas ya ha sido abordado por Nicholas (2001) utilizando
una estimación independiente de la escala de la varianza de la superficie a las escalas entre
el tamaño de grano y la resolución de la malla. Un modelo de elevaciones aleatorio fue
incorporado en un esquema de coordenadas ajustadas al contorno para simular los perfiles
verticales de las variables hidráulicas para un flujo bidimensional longitudinalmente uniforme (las componentes aguas abajo y verticales). Esta metodologı́a incorpora rugosidad
a esas escalas pero no atiende a la naturaleza correlada de los rı́os de lechos de gravas
a diferentes escalas. En este estudio, la reconstrucción de la microtopografı́a a escalas
no medidas hace uso de datos de tamaños de grano y geometrı́a fractal para generar la
variabilidad natural existente a través de escalas de análisis. Este procedimiento supera
algunas de las limitaciones de los métodos de interpolación que no son capaces de generar
detalles topográficos. Herzfeld (1999) ya aplicó los fractales para analizar y simular superficies y procesos con propiedades dependientes de la escala, con una aplicación especı́fica a
la morfologı́a de fondos marinos. El estudio combina adecuadamente la simulación de los
procesos de superficie a escalas de detalle con métodos simples de interpolación para elementos a una escala de menos detalle. En el presente estudio, la caracterización de Butler
et al. (2001) de las superficies en los rı́os de lechos de gravas se ha utilizado para simular
la microtopografı́a a escalas no medidas con caracterı́sticas de correlación naturales. El
algoritmo del desplazamiento del medio punto se aplica para dos niveles de complejidad
diferentes (2.3 y 2.5) dadas las bajas dimensiones fractales encontradas a la escala de grano
(∼ 25 mm), relacionadas con el efecto de suavizado producido por el agua a estas escalas
sobre la superficie de la partı́cula.
En este capı́tulo fueron generados DEMs a diferentes resoluciones (5, 10 y 20 cm) a partir
de la misma fuente cartográfica (4x ∼ 1.5; 4y ∼ 0.25). La microtopografı́a fue generada
a escala de grano (∼ mm) e interpolada a la escala de modelización (∼ cm). La escala
caracterı́stica de esta superficie artificialmente generada está por debajo de los ∼ 3 m que
es la menor distancia a que un elemento medido puede ser detectado (calculado mediante
la regla de Nyquist). Las superficies de variabilidad de la microtopografı́a artificialmente
generada con una dimensión fractal baja (2.3) dan lugar a superficies con valores vario
menores y escalas caracterı́sticas más largas, i.e. superficies más suaves (Figure 6.5). La
resolución de la malla modifica la estructura del DEM tanto en la escala caracterı́stica
como en los valores vario, mientras que la microtopografı́a sólo se refleja en diferencias de
los valores vario (i.e. el rango de los valores de elevación) a las escalas de correlación del
terreno (∼ 4 m), el cual es cuantificado en (4z ∼ 5 cm). La incorporación de microtopografı́a al DEM aumenta el rango de valores de elevación en relación con un DEM sin
microtopografı́a. A su vez, la eliminación de la microtopografı́a hace disminuir la variabilidad de las elevaciones. Esto es importante a la hora de evaluar el impacto de bloqueado
de la microtopografı́a en la parametrización espacial sobre los resultados del modelo.
El impacto de estas topografı́as sobre las magnitudes de velocidad puede ser caracterizado por sus patrones espaciales utilizando geoestadı́stica. La utilización de una función
estructural para caracterizar el flujo no sólo proporciona la magnitud de la variación del
atributo debido al escalado, sino también las escalas a las que ocurren (Lam et al. 2004).
La estructura espacial de las desviaciones del flujo debido a la explı́cita incorporación de
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la microtopografı́a en un modelo de 5 cm de resolución de malla (Figura 6.6) sugiere las
escalas a las que estas desviaciones tienen lugar, a saber 4v ∼ 0.014 ms−1 a escalas de
∼ 0.5 m al 20% de la profundidad del flujo. Un punto a resaltar es que las desviaciones
máximas tienen lugar a escalas de ∼ 0.7 m, que están por debajo de la escala inicial de
medición. Este resultado prueba el impacto sobre el flujo de la microtopografı́a reconstruida con caracterı́sticas naturales por debajo de la escala de medición. Las figuras de
las desviaciones confirman que el máximo impacto por la parametrización de la topografı́a
a tamaño de escala tiene lugar al 20% de la profundidad del flujo. Esto es consistente
con los resultados de otras modelizaciones de rugosidad para los que el máximo de energı́a
cinética de turbulencia están localizados al 20% de la profundidad sobre el fondo del cauce
(Lane et al. 2004; Carney et al. 2006).
El impacto topográfico (de la resolución de la malla y de la microtopografı́a) sobre los
resultados de velocidad es dependiente de la escala (Table 6.6, 6.7 and 6.8). El cálculo de
las diferencias medias cuadráticas (RMSD) cuantifica este efecto en el ∼ 60.6% y∼ 3.6%
respectivamente en relación a la velocidad media simulada en un modelo de 5 cm de
resolución. El valor de las RMSDs es mayor hacia la superficie, ya que la resolución
modifica la estructura de la velocidad y las diferencias entre los resultados con diferentes
resoluciones son mayores cerca de la superficie (Figure 6.11). El modelo de 5 cm de
malla da lugar a los mayores rangos de velocidad al 60% de la profundidad de flujo, y
disminuye hacia la superficie (Figure 6.7), mientras que las mallas más gruesas no reflejan
esta interacción entre la profundidad y la complejidad de la superficie en la variabilidad
del flujo, y los valores vario más elevados se dan cerca de la superficie del flujo. Esta
variación en la estructura espacial de la simulación de 5 cm puede estar relacionada con el
mayor impacto de la componente aguas abajo al 60% de la profundidad, afirmación que
parece confirmada por la mayor longitud de las escalas caracterı́sticas de la velocidad.
El análisis espacial del impacto del tamaño de malla, (Figura 6.11), muestra cómo ésta
modifica la escala caracterı́stica ası́ como la variabilidad de los resultados de velocidad,
y por tanto la organización de los resultados (D). Estas variaciones no son sistemáticas
con la resolución de la malla. De hecho, el modelo de 10 cm muestra el nivel más alto de
organización en términos de velocidad. Debe hacerse notar aquı́ que el DEM de 10 cm
también presentaba los valores más bajos de dimensión fractal (Tabla 6.4). Por tanto,
puede establecerse algún tipo de relación entre el nivel de organización del lecho y de la
velocidad simulada. La evaluación espacial del impacto de la resolución de la malla nos
permite analizar si el cambio producido en la escala caracterı́stica del flujo es importante
o no para la aplicación final del modelo y las implicaciones derivadas. Una diferencia en
la escala caracterı́stica de 0.9 m (Tabla 6.8) puede ser importante cuando, por ejemplo,
se estudie el hábitat fı́sico del tramo (Crowder and Diplas 2000; Clifford et al. 2005).
Las escalas caracterı́sticas mayores se encontraron en el modelo de 10 cm (∼ 4.84 m), lo
que implica un comportamiento del flujo más suave y correlado. Sin embargo, la variabilidad en los valores de velocidad son mayores a escalas de modelización más finas, lo
que implica unos resultados de velocidad más heterogéneos, aunque menos correlados (por
presentar escalas caracterı́sticas menores). El impacto de la microtopografı́a también varı́a
con la profundidad y se refleja en los valores de variabilidad, mientras que la escala caracterı́stica permanece constante para una determinada resolución. Los resultados muestran

xxviii

Resumen

un impacto mayor cerca del lecho (Tabla 6.8). El comportamiento de la velocidad es sistemático con la variabilidad topográfica. La incorporación de microtopografı́a incrementa
ligeramente la complejidad en la organización de los valores de velocidad mientras que
la eliminación de la microtopografı́a reduce la dimensión fractal de los resultados, por
tanto el nivel de organización de los resultados es mayor (Tabla 6.8). Esto coincide con el
impacto de la microtopografı́a en el modelo topográfico (Tabla 6.4).
La comparación de los datos de velocidad medidos al 40% de la profundidad del flujo
con los resultados simulados no es concluyente para determinar la eficacia del enfoque de
parametrización espacial del modelo, dado que los datos están medidos a una escala de
menos detalle que la del modelo. Diferentes métodos de comparación dan lugar a diferentes resultados (ver tabla 6.9), aunque es el modelo de 10 cm el que proporciona los
resultados más similares a los medidos. Debe hacerse notar aquı́ la pequeña diferencia que
la parametrización de la topografı́a produce en relación con los datos de validación, pero
no en relación con otras resoluciones estudiadas. Si la escala de los datos medidos fuera
próxima a la de modelización, cualquiera de estos métodos podrı́a indicar la idoneidad de
la escala (resolución y variabilidad topográfica) pero la discrepancia entre ambas hacen de
esto un problema por resolver. Los datos de validación no son suficientes para resolver el
efecto topográfico en este caso. Los datos de velocidad medidos en localizaciones puntuales
a una escala más burda que la del modelo pueden ajustarse mejor o peor a los resultados
de simulación en esos puntos. Este ajuste dependerá a su vez de la capacidad del modelo
para simular la distribución espacial de los resultados (en función de la resolución y la
variabilidad topográfica producida como se ha visto). Pero no es suficiente para validar
el comportamiento espacial de la simulación a resoluciones de más detalle. Hardy et al.
(1999) ya mostró por qué se requerı́a un análisis de sensibilidad previo para tratar con la
escala espacial en los modelos hidráulicos. Dado que la independencia de la discretización
es un ideal difı́cil de alcanzar en CFD (e.g. Lane et al. 2005) se requiere un análisis de
sensibilidad para evaluar la adecuabilidad de un determinado esquema espacial para los
propósitos del modelo. Algunos enfocan este problema con una análisis de sensibilidad
(Horritt et al. 2006; Hardy et al. 1999) para analizar el impacto de la resolución o mediante análisis de incertidumbre acerca de impacto de la parametrización de la rugosidad
sobre los resultados del modelo (Horritt 2006; Pappenberger et al. 2005). En este estudio,
una regresión entre los rangos de valores presentes a una misma distancia en los valores
medidos y simulados (table 6.9), proporciona una forma de evaluación del comportamiento
espacial del modelo. Este análisis apunta al modelo de 10 cm como el más efectivo, i.e.
las velocidades simuladas a diferentes escalas coinciden con las velocidades presentes a
distancias correladas en los datos medidos. Esto es consistente con los resultados de diferencias cuadráticas (RMSD) y diferencias normalizadas, que son menores para el modelo
de 10 cm, la estructura del flujo simulado es similar y los valores de velocidad coinciden
mejor a determinadas escalas (en este caso la de medición). Esto deja claro la importancia
de la escala de medición de los datos de validación al analizar el comportamiento de un
modelo.
Los gráficos que relacionan la variabilidad de la topografı́a introducida y la velocidad
simulada (figures 6.8 and 6.9) confirman la importancia de la topografı́a y su impacto
variable con la profundidad. Los gráficos representan a distancias comunes dentro de la
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distancia máxima de correlación (∼ 4.5 m en este caso), los valores topográficos presentes
a cada distancia (valores vario de topografı́a) contra los valores de magnitud de velocidad
presentes a esas mismas escalas (valores vario de velocidad), y pueden ser utilizados para
derivar el comportamiento espacial del modelo y decidir estrategias de medición y de modelización. De esta manera se pueden tomar decisiones sobre la resolución o la variabilidad
topográfica que presente el DEM en función de la escala caracterı́stica del flujo requerida
por la simulación o la estructura espacial de los datos de validación, dado que la escala
computacional determinará la estructura espacial del flujo simulado. Las figuras 6.8 and
6.9 también muestran cómo los valores de topografı́a modifican el flujo en función de la
profundidad, y por lo tanto la reconstrucción de la microtopografı́a a las escalas del modelo
puede utilizarse para controlar el comportamiento de variabilidad del flujo en CFD. Este
enfoque parece ser capaz de generar valores de variabilidad de velocidad a través de la
reconstrucción de la microtopografı́a dentro de una estructura espacial del flujo controlada
por la escala computacional del modelo.
En resumen, en el capı́tulo seis, se ha descrito un método para escalar la superficie topográfica a escalas de mayor detalle con caracterı́sticas naturales para la modelización
hidráulica. Este enfoque se basa en la reconstrucción a escalas de tamaño de grano en
puntos no medidos utilizando métodos fractales para dar cuenta de la variabilidad natural a través de escalas y su combinación con datos de elevación a diferentes resoluciones.
Los resultados confirman que la geometrı́a fractal puede utilizarse para generar microtopografı́a por debajo de la escala de medición utilizando la diferencia entre los diámetros de
los tamaños de grano con variabilidad de la superficie a tamaño de grano. La incorporación
de esta microtopografı́a modifica el nivel de organización pero no la escala caracterı́stica
del DEM, que viene determinada por la resolución de la malla. La microtopografı́a reconstruida perturba el flujo, particularmente cerca del lecho (20% de la profundidad) con
desviaciones máximas por debajo de la escala de medición. El análisis global y espacial de
los resultados de la simulación muestran la variación con la profundidad de los impactos de
la resolución y la microtopografı́a sobre los resultados del modelo. Las diferencias medias
cuadráticas suponen porcentajes del ∼ 60% y ∼ 3.6% de la velocidad media resultante
para el modelo de 5 cm al 20% de profundidad (∼ 0.3 ms−1 ) del impacto de la resolución
y la microtopografı́a respectivamente. La resolución modifica la escala caracterı́stica y la
variabilidad de los valores de velocidad, y por tanto la organización espacial de la velocidad (D), de una forma no sistemática. En este estudio, el modelo de 10 cm muestra las
velocidades más organizadas a cualquier profundidad y se muestra como la resolución más
sensible a cambios de escala y de profundidad de análisis. La microtopografı́a impacta sólo
sobre la variabilidad de la velocidad, ya que la escala caracterı́stica permanece constante
para una resolución de la malla. El comportamiento de la velocidad es sistemático con las
variaciones de la microtopografı́a a cualquier profundidad. La incorporación de microtopografı́a produce un aumento de la complejidad y la eliminación da lugar a un flujo más
organizado. Los resultados obtenidos con una malla de 10 cm son los más parecidos a los
datos medidos al 40% de la profundidad del flujo. En este modelo, la variabilidad de la
velocidad está relacionada con la representación topográfica y esta relación depende de la
resolución y la microtopografı́a incorporada. Por lo tanto, decisiones sobre la escala computacional y las escalas de la topografı́a incluidas en el DEM pueden tomarse de acuerdo
a su impacto en el comportamiento espacial de la velocidad. Se requiere más trabajo
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para evaluar la eficacia de la simulación espacial del flujo debido a la reconstrucción de la
microtopografı́a a diferentes profundidades, para lo que serı́a necesaria una serie de datos
de validación de alta resolución (∼ escala de modelización) a diferentes profundidades .
Conclusiones generales
En resumen, en esta tesis, se han desarrollado nuevas metodologı́as y experimentos numéricos
con el propósito último de comprender las interacciones entre topografı́a y rugosidad sobre los resultados hidráulicos simulados. En términos de desarrollos metodológicos, se ha
llevado a cabo:
* Una metodologı́a para variar el contenido topográfico del DEM (según un umbral
vertical que determina la variabilidad vertical a incluir en el DEM) sin modificar la
resolución de la malla, por lo que puede aislarse el impacto del contenido topográfico
sobre los resultados hidráulicos.
* Una metodologı́a para generar una parametrización de la rugosidad distribuida variable en el espacio y en el tiempo que reconoce explı́citamente la interacción tridireccional entre la resolución de la malla discretizada, el contenido topográfico del
DEM y el parámetro de rugosidad.
* Una metodologı́a para incrementar el detalle de una superficie topográfica con caracterı́sticas naturales por debajo de la escala de medición basada en la reconstrucción
de la microtopografı́a de tamaño de grano utilizando un método basado en fractales
que perturba el flujo a lo largo del perfil vertical en función de la profundidad.
* El uso de un análisis espacial de los resultados simulados para evaluar la respuesta
del modelo hidráulico a las escalas topográficas mediante análisis de sensibilidad
atendiendo a los patrones de variabilidad estructural y la dimension fractal de los
resultados del modelo y mediante éstos, su adecuación para su aplicación última.
De los resultados de los experimentos se puede concluir:
* En términos del impacto de la fuente cartográfica en los resultados de un modelo 1D,
la fuente cartográfica (GPS, LiDAR o curvas de nivel) es el factor más crı́tico. Sin
embargo, cuando una fuente cartográfica de alta resolución (e.g. LiDAR) o un modelo de baja resolución optimizada (e.g. curvas de nivel optimizada con datos GPS
y batimetrı́a) son utilizados, el modelo 1D es más sensible a variaciones en el tamaño
de celda o al parámetro de rugosidad. La optimización de fuentes cartográficas de
baja resolución con batimetrı́a y puntos GPS mejora los resultados de altura de la
lámina de agua y de extensión de la inundación. Las fuentes cartográficas de baja
resolución son más sensibles a cambios de caudal.
* En términos de la resolución de la malla, el incremento del tamaño de celda produce
en un modelo 1D un aumento en la variación del área inundada. La parametrización
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de los modelos 2D y 3D están controlados por el tamaño de celda mientras que en un
modelo 1D la fuente cartográfica (resolución de los datos topográficos) e incluso la
parametrización de la rugosidad tiene un impacto mayor en la altura de la lámina de
agua calculada. En el modelo 2D ráster, el efecto del tamaño de celda es dominante
en resultados de profundidad y extensiones de inundación, aumentando al aumentar
el tamaño de celda, mientras que el modelo es menos sensible al resampleado de
los datos, particularmente en términos de extensión de la inundación. El impacto
de la resolución de la malla sobre la velocidad del flujo en el esquema 3D varı́a
en función de la profundidad. El tamaño de celda modifica la escala caracterı́stica
y la variabilidad de los valores de velocidad, por lo tanto la organización espacial
de la velocidad (D). Las variaciones en estos parámetros no son sistemáticas con
variaciones en la resolución de la malla. En este estudio, la resolución de la malla
que proporciona los resultados de velocidad más organizados a cualquier profundidad
(10 cm) es también el modelo topográfico con valores de elevación más organizados
(i.e. el DEM con la menor dimensión fractal).
* En términos de la parametrización de la rugosidad usando el coeficiente n de Manning, el impacto sobre resultados 1D dependen de la fuente cartográfica utilizada.
La sensibilidad a variaciones en la parametrización de la rugosidad es mayor utilizando modelos topográficos detallados (modelos basados en datos GPS o LiDAR).
Las fuentes cartográficas de menos detalle (curvas de nivel) son las menos sensibles a
variaciones en la rugosidad, sin embargo la optimización de estos modelos con datos
GPS aumentan la sensibilidad del modelo a variaciones en la parametrización de la
rugosidad. De acuerdo con esto, los resultados de la simulación 2D utilizando datos
LiDAR modelados en tamaños de celda pequeños (de tamaño próximo a la escala de
medición) son más sensibles a variaciones en la parametrización de la rugosidad.
* El impacto de la rugosidad (e.g. incremento de un 25% en la n de Manning) sobre
la elevación de la lámina de agua calculada en un modelo 1D usando datos LiDAR
es mayor (∼ 0.5 m para una caudal de 1000 m3 s−1 ) que el impacto de resolución
de la malla (RMSD∼ 0.1 m). En un modelo 2D, los resultados de elevación de la
lámina de agua son más sensibles a los cambios en la resolución de la malla que
a variaciones en la parametrización distribuida de la rugosidad dependiente de la
escala. Para una resolución de la malla fija, las variaciones en la elevación de la
lámina de agua están relacionadas con variaciones en el parámetro de rugosidad y
se puede inferir que la parametrización subescalar debe ser modelada mediante una
parametrización de la rugosidad espacialmente distribuida. Un análisis distribuido
de los resultados muestra como el impacto del tamaño de celda es dominante en
términos de variaciones en la semivarianza. Sin embargo, la escala caracterı́stica de
los resultados de profundidad es más sensible a variaciones en la parametrización
subescalar. La variabilidad de las profundidades está relacionada con la variabilidad
en la parametrización de la rugosidad utilizando una resolución próxima a la escala
de medición.
* En términos de la variabilidad topográfica, el comportamiento subescalar del modelo
2D no queda reflejado a través del contenido topográfico del DEM. Sin embargo, en
el esquema 3D, el contenido topográfico y la microtopografı́a causa un impacto a lo
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largo del perfil vertical de las velocidades simuladas en función de la profundidad.
La variabilidad de la velocidad está relacionada con la variabilidad topográfica en
función del tamaño de malla y de la microtopografı́a incluida de una forma que varı́a
con la profundidad, más fuerte cuanto más cerca del lecho. El contenido topográfico
del DEM modifica la organización del flujo, el rango de valores de velocidad simulados, la escala caracterı́stica del flujo y la dimensión fractal. Esta última indica la
complejidad variable en la organización del flujo. El impacto del detalle topográfico
en el comportamiento del modelo no es lineal. Un aumento de la complejidad topográfica no corresponde sistemáticamente a un aumento de la complejidad en los
resultados de velocidad. Al contrario, el análisis espacial de los resultados de velocidad y los perfiles verticales de velocidad muestran cómo la incorporación de contenido
topográfico puede resultar en un aumento de la velocidad cerca del lecho junto con
un aumento de la complejidad del flujo (i.e. aumento de la dimensión fractal con una
disminución de la escala caracterı́stica del flujo). Entonces, un aumento aún mayor
en la complejidad topográfica produce unos resultados más organizados (de baja
dimensión fractal); y un aumento aún mayor de la complejidad topográfica vuelve
a desorganizar los resultados de velocidad aumentando sus valores. Esto sugiere un
comportamiento relacionado con un cierto contenido topográfico añadido por el que
se modifica el nivel efectivo de la superficie del lecho y se produce cerca del lecho un
flujo rasante (skimming flow ) en el que aumenta la velocidad, la desorganización del
flujo y la variabilidad de la velocidad a lo largo del perfil vertical. La microtopografı́a
tiene efecto sólo en la variabilidad de la velocidad y la escala permanece constante
para cada resolución de malla. El comportamiento de la velocidad es sistemático con
variaciones microtopográficas a cualquier profundidad. La incorporación de la microtopografı́a aumenta la complejidad del flujo y la eliminación de la microtopografı́a
da lugar a un flujo más organizado.

Lı́neas de investigación futuras
Básicamente, la investigación llevada a cabo en esta tesis en relación con la parametrización espacial a nivel escalar y subescalar del modelo hidráulico de diferentes dimensiones
muestra las complejas relaciones entre las interacción a nivel escalar y subescalar en ambos
ámbitos el espacial y el de los procesos de fluido. Por lo tanto, las lı́neas de investigación
más interesantes a desarrollar como lı́neas futuras y que emergen a partir del trabajo
realizado en esta tesis comprenden:

* La extensión del análisis de escala estructural al caso de la vegetación con el desarrollo de una metodologı́a para parametrizar la rugosidad debido a la cubierta
de vegetación usando datos LiDAR en combinación con datos multiespectrales (e.g.
CASI) para derivar caracterı́sticas aisladas de la vegetación. Esta caracterización
de los obstáculos individuales de la vegetación, tales como los valores de diámetro
o la distribución de densidades pueden ser usados en CFD, mediante una adecuada
modificación del algoritmo de porosidad para el caso de la vegetación. La evaluación
espacial de los efectos de elementos de vegetación y capas de vegetación de variabili-
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dades complejas sobre la estructura 3D de los patrones de flujo puede ser analizados
a diferentes escalas de análisis.
* La caracterización fractal de los rı́os de lechos de gravas podrı́a mejorar la disponibilidad de una representación de alta resolución de los elementos sobre la superficie de
gravas. El láser terrestre puede utilizarse para definir las complejidades estructurales
con el propósito de una caracterización geoestadı́stica de la rugosidad, mediante la
extracción de los parámetros vario a diferentes escalas. La caracterización fractal
puede ser utilizada finalmente para evaluar con precisión el comportamiento de la
superficie fractal generada como capa de la variabilidad de la rugosidad y su impacto
en la estructura del flujo 3D.
* Dada una descripción de alta resolución de la rugosidad y la topografı́a y una serie
de datos medidos espacialmente distribuidos de la velocidad, se podrı́a llevar a cabo
una evaluación de la variabilidad de la velocidad para entender hasta qué punto
aumentar el detalle de la superficie representada (i.e. aumento de la complejidad de
la superficie representada a escalas de detalle) modifica los rangos en los resultados de
velocidad o a qué escalas en el espacio ocurren estas variaciones de manera rigurosa.
Se puede ampliar el estudio de la validación con datos de menor detalle y se puede
utilizar la caracterización geoestadı́stica local del flujo simulado para describir las
relaciones entre efectos de escalado atendiendo al impacto local de las perturbaciones
del flujo. Esto presenta particular interés en aplicaciones medioambientales en las
que la localización particular de un rango de valores de velocidad es de particular
interés dentro de una determinada distancia de influencia.
* Finalmente, este enfoque del análisis de escala mediante la caracterización en el
espacio de un elemento de información geográfica puede ser ampliamente aplicable
en cualquier aplicación medioambiental en la que los rangos de escala y los valores de
variabilidad determinen la aplicación de un determinado enfoque de modelización.
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Chapter 1

Introduction

In hydraulic modelling, the representation of the river boundary shape using geographic
information (GI) is central to the analysis of river flow, and its implications for conveyance,
turbulence, sediment entrainment and transport and in-stream ecology (Lane 2000). The
last ten years have seen a revolution in data acquisition methods in relation to river
and floodplain topography (e.g. digital photogrammetry, global positioning systems GPS,
altimetry laser systems ALS, sidescan and wide swath sonar) but much less development
of the theoretical and empirical methods required to link this topography into analysis of
flow (Lane and Hardy 2002).
Hydraulic modelling is required for many water management studies. Central to hydraulic
modelling is a set of scale-related issues which must be considered (e.g. Hardy et al. 2003;
Horritt 2005). Ultimately, the nature of the hydraulic model application (e.g. physical
habitat, environmental flow, flood risk analysis) will determine the scale of the study and
hence the detail of the processes required in the model (dimensionality) and the geographic
detail of its boundary representation. The parameterisation of the hydraulic model, as
the technique that allows the quantification of the physical processes and conditions in
the natural system, must include not only those processes which happen at the modelling
scale but also those that happen at subspatial scales and must be defined from its scaled
relationships with modelled variables. The model is finally dependent on this parameterisation data sets which may be adjusted with equifinality to stress the influence of certain
phenomena and processes within the modelling procedure. The parameterisation is implemented through the provision of the model with data thus, the choices made for the
processes and spatial scale of the geographic data set explicitly represented within the
model will not only influence the results, but also determine the importance of a subscale
performance of the model and the way these subscale processes (e.g. mass and momentum
flux in the lateral and vertical directions in a 1D approach, natural geographic variability
within a discretised mesh cell, which may have a strong influence in velocity and shear
stress pattern distribution) are parameterised.
Model discretisation issues and topographic parameterisation not only compromise mod1
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elling approaches, constituting a challenge per se (Bates et al. 2005; Leclerc 2005), but
more importantly require a more comprehensive consideration of scale effects in hydraulic
modelling and the impact of scale on dominant processes and parameter sensitivity (Bates
et al. 2005).
The growth of hydraulic modelling applications has emphasized the importance and necessity of innovation in terms of processes representation, mainly in relation to boundary
roughness parameterisation (Lane et al. 2005; Nicholas 2005; Horritt 2005) and topographic parameterisation methodologies (Lane and Ferguson 2005; Leclerc 2005). This
is particularly the case in the light of new possibilities for technical advances in remote
sensing, collecting topographic data and GIS analysis techniques. The recent availability
of measured data at different scale and methodologies for representing complex surfaces in
detail may allow new ways of describing the associated topography at the required model
scale, that does not require time-demanding and expensive survey.
In recent years, methods to represent and analyse geographic issues, like fractal analysis
and well established geostatistical techniques which have already been used for characterizing surfaces (Herzfeld and Overbeck 1999; Butler et al. 2001) can provide a new approach
to document topographic scale effects (Lam et al. 2004) on the scales of simulated flow
structures. High-resolution remote sensing data (RS) and GIS techniques have already
been successfully used to understand scale effects in environmental modelling (Marceau
1999; Skidmore 2002; Goodchild 2003).
In this thesis, remote sensing (RS) topographic data, GIScience technologies and geostatistic analysis will be used as tools (i) to explore scale effects in relation to topographic
representation in hydraulic models, (ii) to investigate scale and subscale parameterisations
and their interactions within these models; and (iii) to develop approaches to commensurate to particular geospatial scales for dealing with situations where relevant measured
data are not available. This chapter will present the research context, identify the research
aims and specific objectives and outline the structure of this thesis.

1.1

Research context

Modelling of many river-related environmental processes frequently involves fluid dynamics. These processes are typically non-linear and often occur in geometrically complex
situations involving a disparate range of spatial and temporal scales. This geographic
complexity cannot be simulated entirely as it can be difficult to represent or to know
accurately and will be highly variable in space and time. As in any dynamic modelling
activity, scale choices must be taken and, particularly in hydraulic modelling, the scale
of the flow processes simulated and the spatial detail of the topographic surface represented will be interrelated. Thus, they will be dependent on the nature of the modelling
application.
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The choice of the scale of the flow processes to be modelled will define the required dimensionality of the hydraulic modelling activity. Equations used to simulate flow processes are
always derived from the three-dimensional Navier-Stokes equations (Batchelor 1967) and
simplifications in fluvial applications due to the averaging of N-S equations in time, yield
the Reynolds-averaged Navier-Stokes equations, and/or in space, yield 1D, 2D or quasi3D
models. Thus, model dimensionality can be defined as the level of detail at which river
and floodplain processes are represented and is indeed determined by the purpose of the
work. For instance, a one-dimensional hydraulic models assume a one-dimensional flow,
which varies only in the longitudinal direction, which may be enough for predicting the
magnitude and timing of an out-of-bank flow (Lane and Ferguson 2005) whereas higher
dimensionality approaches may be needed for eco-hydraulic applications.
The choice of scale of flow process representation should match the level of geographic
detail of the surface description incorporated in the model. For instance, a one-dimensional
model commonly requires relatively coarsely spaced cross-sections as compared with a twodimensional model which needs a continuous surface elevation model.
The spatial topographic representation of the river boundary conditions is neither easy
nor straightforward. Due to the major effect of model geometry definition upon model
predictions (Lane et al. 2005), some of the main problems in hydraulic modelling parameterisation are related to spatial scale, including (i) choice of an appropriate spatial
representation scale for the model geometry according to the numerical and methodological limitations of the dimensionality approach; (ii) scaling topographic measured data to
commensurate it with the modelling scale; and (iii) modelling of those effects which occur
at scales finer than the model representation scale (e.g. using roughness treatments).
The spatial representation scale will always impact upon hydraulic modelling. Discretisation independence is often sought in hydraulic models but in practice is not possible (Lane
et al. 1999). Hardy et al. (1999) remark that the spatial modelling scale decision is difficult to take as no correct solution is known and objective a priori rules to decide do not
exist. The main problems related to an adequate choice of the spatial modelling parameterisation scale of the hydraulic model are: (i) that the spatial scale of available data may
require a scaling process (upscaling or downscaling process) to fit the modelling purposes
which will introduce an uncertainty in model results difficult to assess, (ii) computational
and convergence problems in hydraulic modelling codes when a spatial representation at
fine scales are used, and (iii) the difficulties to have a distributed set of verification data at
modelling spatial scale to assess the spatial performance of the model (Lane et al. 2005).
The topographic data used to parameterise hydraulic models at a certain modelling scale
have frequently to be scaled from the original measured scale. These scaling processes may
produce a scale effect upon the digital representation of the topographic surface which may
have an important impact upon flow results (e.g. Omer et al. 2003; Haile 2005).
Here, within the GIScience ambit, the Peterson and Parker (1998) scale concepts were
followed: the intrinsic or spatial variation scale will be referred in this study as the scale
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at which a pattern or process actually operates (Wu and Li 2006); the measurement scale
as the scale at which reality is sampled and observed (Atkinson 1997); and the modelling
scale as the scale used to represent geographic variation within the digital model (Atkinson
1997). Thus, the three of them are interrelated: e.g. the scale of measurement must be
commensurate with the scale of the phenomenon under consideration (Wu 1999), and only
when the scales involved in the model are appropriate, will the results be valuable. To
relate the three of them requires scale transfer or scaling (Bierkens et al. 2000) and consequent scale effects must be considered to improve both prediction and understanding of
model simulations (Marceau 1999; Wu and Li 2006). In particular, the level of geographic
detail of the input data to a model will affect any outcome analysis (Openshaw 1983).
In the case of hydraulic modelling, the spatial heterogeneity, scale multiplicity and nonlinearity of natural dynamic modelling make the translation of information across scales
extremely complex (O’Neill and Rust 1979; Wu 1999) and particularly difficult to assess.
Theoretically, the topographic representation must characterise the surface over which the
fluid flows at an adequately discretised scale in order to reflect the flow processes of interest. Roughness parameterisation must account for the effects of geographic variability
of the surface produced at scales finer than those represented in the mesh (discretisation
scale). Clearly, both concepts are physically linked by a scale-dependency, which acts
as a threshold between how to incorporate the surface characterization in the model. A
higher resolution topographic model will explicitly encompass smaller topographic variations within its smaller elements, which in a coarser topographic resolution would have
to be introduced in the model as roughness. As Horritt (2006) noted, in real channelfloodplain systems, topographic variability influences water depths throughout the model
domain and may lead to non-linear model response to changes in friction parameterisation. Thus, iterations between topographic and roughness parameterisation will be
scale-dependent.
The main problem of assessing subspatial scale effects upon flow is that, in practice, roughness parameterisation must account not only for discrepancies between the intrinsic scale
of the surface variability and the scale represented in a mesh, but also for the discrepancies
between the intrinsic scale of the flow process and the processes explicitly represented in
the numerical solution (i.e. the processes not explicitly represented because of the averaging of the flow equations in time or space, such as diffusive effects in the flow due to
turbulence in a 2D approach), see figure 1.1.
In order to reduce this sub spatial scale dependency on dimensionality, the solution would
be the use of high dimensional approaches where the parameterisation sensitivity of the
model duces into a geometric representation sensitivity (Lane et al. 1999) as more flow
processes are explicitly incorporated into the equations and do not have to be parameterised. The use of high resolution altimetry data can reduce the scale uncertainties for the
spatial variability inherent to the geometric representation of the ambit up to a point, but
not completely, as there will always be a topographic variability below the measurement
scale which will have an impact upon flow simulation results (Horritt 2005).
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Figure 1.1. Scales in Hydraulic Modelling Scheme

A derived issue from the assessment of the scale impact of roughness upon flow patterns
could be
artificial generation of data when detail measurements are not available but are required.
Interpolation methods are commonly used and may provide topographic detail between
measured data and model scale. This approach is valid when the model scale is finer
than the measurement scale and the intrinsic scale of interest is coarser or equal to the
measurement scale. This is not the case in bathymetric surveys where a discrete set of
points irregularly spaced are measured and a continuous bottom channel characterisation
must be simulated from this data. Different interpolation methods will generate this surface in different ways obtaining different results. It must be understood that interpolation
may remove the spatial variability of the intrinsic scale of the terrain from the modelled
surface. If this roughness as topographic variability is required, as is the case when CFD
is applied to sediment transport and habitat modelling and an adequate scheme to introduce complex topography is available, a possibility to be considered could be the artificial
generation of this roughness, using spatial scaling properties (Butler et al. 2001).
Thus, the need to understand scale issues in hydraulic modelling comes from three directions: (i) the geospatial scale definition and topographic data scaling process effects related
to any dynamic model, (ii) the subscale parameterisation performance of the model and
interactions between scale and subscale spatial parameterisation in hydraulic modelling;
and (iii) the need to innovate in terms of processes representation at different scales (Lane
and Ferguson 2005) particularly for environmental hydraulics applications.
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1. Introduction

Within this framework, the main research questions in this PhD will be: (1) the impact of
topographic parameterisation in hydraulic modelling; (2) the assessment of scale effects due
to interpolation on hydraulic modelling results; (3) development of methods to characterise
the response of CFD to the sub-grid-scale variability; and (4) finally making use of a general
understanding of these subgrid scale effects upon flow results, including the artificial and
realistic generation of topographic variability.

1.2

Thesis approach

The development of geospatial data collection methodologies such as GPS (Brasington
et al. 2000; Connell et al. 2001; Nicholas and Mitchell 2003), digital photogrammetry (Lane 2000; Westaway et al. 2003) and high-resolution ground and airborne remote
sensing techniques (French 2003; Marks and Bates 2000) have made geographic information cost-effective. These developments have underpinned the rapid development of a
spatial information science (SIS) based upon digital geographic information technologies
such as Geographical Information Systems (GIS), image processing techniques, a range
of spatial data model structures (e.g. vector, raster, TINs) (Longley et al. 1999) and
spatial/geostatistical techniques for assessing and characterizing the scale (Emerson et al.
2005; Lucieer et al. 2005). Such tools promote new methodologies for the pre-processing
of input data for environmental models and the spatial processing, management and assessment of the results within a spatial framework. This allows not only multiple scale
but multiple science collaborations, across connected but previously independent research
fields such as cartography and geography.
Different topographic data sources, the scale and structure of measurement of data and any
required spatial processing (structure of the represented data required by the hydraulic
modelling scheme, interpolation, filtering) impact upon how scaling issues emerge in a
particular modelling study and can be used to assess the effect of topographic scale on
hydraulic modelling through sensitivity analysis.
A physically-based procedure to assess the effects of sub spatial scale variability upon the
flow firstly requires a scheme in hydraulic modelling which allows the incorporation of
complex topography and then allows the easy addition of a certain amount of roughness
incorporated explicitly into the topographic parameterisation of the model. Each surface
model will explicitly encompass a different amount of roughness within each DTM, which
will modify the spatial scale of the surface without modifying the size of the discretised
element (which could introduce a scale effect difficult to discerns by itself from the one of
interest). The additional complexity of the surface will have an impact upon the structure
of the flow, the analysis of this effect upon the pattern of the flow can be considered the
effect of the subspatial scale within the model. In this case, scale analysis can be perform
as a kind of sensitivity analysis to roughness, following Lam et al.’s (2006) proposal and
fractal analysis may be a way to characterise surface complexity as well as a tool to
document the effects of scale on interpolation.

1. Introduction

1.3
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General Aim and detailed research objectives

Based on the above, the main aim of this study is to improve the general comprehension of
spatial scale issues in hydraulic modelling associated with topography and its interaction
with roughness. In order to achieve these aims, the thesis tackles five concrete research
objectives.

* The first objective reviews scale issues in the current practice of hydraulic modelling
in relation to topographic measurement, representation and parameterisation with
particular emphasis on the impact of scale upon flow results, the potential role of
new data sources and the analysis methods for dynamic modelling studies including
sensitivity analysis.
* The second set of objectives considers how different topographic data sources and
their processing and content affect the results from 1D hydraulic modelling. This
objective seeks to generate DTMs from available cartographic sources to assess the
effect on hydraulic results and to analyse the time-cost ratio for each methodology.
* The third set of objectives investigates the assessment of the scale dependency of
a raster based 2D diffusion wave modelling (Yu and Lane 2006a) to topographic
representation and parameterisation and its interactions with a distributed spatially
and temporally variable friction parameterisation using laser altimetry data.
* The fourth objective is concerned with the assessment of three-dimensional model
response to model spatial scale and subgrid scale effects looking at flow structure using topographic data through topographic parameterisation. Based on this, methodological issues concerning topographic parameterisation in a 3D hydraulic scheme,
roughness as topographic variability at subscales and scale analysis will be reviewed.
* The final objective is to present possible new approaches to current scale problems
and to consider the simulation of topographic variability at a given discretisation
scale in order to provide the correct representation of scale for a particular application
when actual topographic data are not available.

Upon achieving these objectives, a better understanding will be gained of topographic scale
issues in relation to flow processes and interactions between topography and roughness and
so an improvement in geospatial parameterisation of hydraulic modelling.

1.4

Thesis structure

This thesis is divided into seven chapters. An overview of these chapters is given in this
section.
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Chapter One introduces the context of this research within the ambit of spatial scale in
topography and hydraulics and discusses research objectives.
Chapter Two will address Objective One, by reviewing scale issues related to (i) the
incorporation of topography into hydraulic modelling in terms of the dimensionality, discretisation and surface boundary parameterisation interactions; (ii) the representation of
topography using GIS and GISci tools and scaling and scale effects analysis and finally (iii)
cartographic sources, its particularities and possibilities for hydraulic modelling practice
and research.
Chapter Three addresses Objective Two by analysing hydraulic results from 1D hydraulic
modelling using DTMs generated with different topographic sources. The model application will be described, focusing upon the effects of spatial scale and model sensitivy to
roughness parameterisation.
Chapter Four addresses Objective Three, describes the scale problems related to topographic and roughness parameterisation in a bi-dimensional scheme, approaches the definition of a distributed spatially and temporally variable friction parameterisation using
laser altimetry data within a raster based 2D diffusion wave modelling (Yu and Lane
2006a) and assesses scale effects due to topographic representation and its interactions
with roughness.
Chapter Five addresses Objective Four, describes scale problems related to topographic
and roughness parameterisation in a three-dimensional scheme, develops a methodological
approach to modify subspatial scale using raw LiDAR altimetry data scaled in different
ways and assesses the consequent scale effects upon the flow using fractal analysis to
document them.
Finally, in Chapter Six the development of new ways of describing the associated topography for scales finer than the modelling mesh resolution using measured data are explored.
A methodology is developed for the artificial generation of topographic variability using
scale properties and for its incorporation into a 3D finite volume scheme. The methodology
is assessed with velocity results and scale analysis. This will address Objective Five.
Chapter Seven concludes by referring back to the research context, aims and objectives,
including an assessment of the results obtained and future possibilities and research needs.

Chapter 2

The geospatial scale issue in hydraulic modelling

2.1

Introduction

Conceptually, any notion of spatial scale should relate a geographic issue to its spatial
representation, and therefore involve some degree of simplification from the real world.
In other words, the scale should document the level of complexity reflected in the represented geographic issue, i.e. up to which point the complexity of nature is explicitly
explained in its representation. This is clear. The means to express this spatially is not
so. Traditionally, the cartographic scale is a numerical term that relates a distance in the
real world to its distance within a represented map of a certain portion of the world, but
in the transition to a digital geographic world, where any extent can be displayed at any
cartographic scale (Lilburne et al. 2004), this traditional cartographic scale concept has
become meaningless (Goodchild and Proctor 1997; Goodchild 2003; Lam et al. 2004).
Scale definitions from different approaches, for instance such as the range term of the
variogram in geostatistics, the fractal dimension in fractals or the ground size of a raster
RS image and scale analysis constitute a currently active research focus (e.g. Sheppard
and McMaster 2005; Foody and Atkinson 2002; Bishop et al. 2006; Emerson et al. 2005;
Ju et al. 2005; Lucieer et al. 2005; Myint et al. 2004). A strict definition of scale does
not exist, basically because the term scale is not only used in geography but also differs
in meaning as the ambit in which is used (GIScience, bio-physical or human geography)
changes (e.g. Marceau 1999; Lam 2003). In addition, in a general scientific ambit, scale
is used with the sense of extent of a geographic coverage of a natural phenomena and is
associated with hierarchy in natural systems. In this chapter, for the rationale approach of
this research, scale will always be referred to within a GIScience ambit as the description
of the level of geographic detail characteristic of a given geographic data (Goodchild and
Proctor 1997) and only spatial scale will be considered, not temporal scale. Following
Goodchild (2000), GI will be referred to as information about the distribution of phenomena on the surface of the Earth (and the near surface), (e.g. topographic surface, flow,
9
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grain size data). Within this cartographic sense, three scale components are considered to
constitute the final digital cartographic scale notion, (section 1.1): the intrinsic or spatial
variation scale of the GI, which Lam et al. (2004) also name the operational scale; the
measurement scale; and the modelling scale. This last modelling scale (also called the
cartographic scale by Lam et al. (2004)) is the final one that ultimately impacts upon
any derived modelled information, but it is important to consider the interacting effects
of its components. Finally, the spatial scale to model a process, i.e. the minimum level of
geographic detail with which the process appears to be characterised, implies an averaged
value assumed over a finite area and must be taken into account in any environmental
modelling process as any derived information will inherit that level of detail and the GI
provided to the model as boundary conditions must be commensurate in scale.
In the case of hydraulic modelling, the final application (e.g. predict flow, sediment transport, habitat availability) will define the detail of the scale of the flow processes to be
considered, i.e. the dimensionality, which will define the scale of GI to parameterise it.
If flow results are required at a certain spatial scale, the topographic features that are to
simulate those flow patterns must be represented in the model: the hydraulic model must
be able to incorporate the required topography; and the topography at the scale required
must be available or generated. In addition, the spatial scale will determine the subscale
performance of the model, which commonly must also account for sub spatial scale flow
processes effects. None of these scale issues are simple.
GIS tools provides a platform for the integrated use of multiscale data (Atkinson and
Tate 2000), and are commonly used to deal with scale discrepancies among measured
topographic data and the required modelling scale. The problem is that GIS technologies
provide the means to integrate disparate data resolution and types but do not provide the
knowledge of the data resultant characteristics and their interrelation with scaled digital
data. As a result, the scale effects that scaling within GIS implies are not well understood.
In consequence, the impacts of scale upon derived results, such as in flow simulation in the
case of hydraulic modelling (Hardy et al. 1999; Gueudet 2004; Raber 2003; Tennakoon
2004; El-Ashmawy 2003) must be carefully considered. The non-linearity of the scaledependence of flow simulations requires an according spatial scale analysis rationale. The
final purpose of this research line is indeed the comprehension of roughness as topography
at finer scales.
This chapter provides a general view of the scale issue in hydraulic modelling in order to
clarify the performance of scale in hydraulic modelling and to assess the scale effects that
are involved in different steps of the modelling process. The chapter is divided in three
sections in correspondence with the three stages of topographic information from its collection to its incorporation into the hydraulic modelling, passing through any manipulation
(scaling) required by the modelling scale demands.
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Aim and objectives

The main aim of this chapter is to review spatial scale issues in the current practice
of hydraulic modelling in relation to topographic measurement, representation and parameterisation with particular emphasis on spatial scale impacts upon flow results, the
potential role of new data sources, scaling relationships and scale analysis methods for
environmental modelling studies.
In order to achieve this scale effects will be assessed (i) within the hydraulic modelling
process due to spatial parameterisation, (ii) at the representation stage using GIS methods
and (iii) at the measurement stage.

2.3

Scales interactions in hydraulic modelling

This section presents a general overview of scale issues in hydraulic modelling and the
themes and approaches that define this research are presented within their hydraulic context.

2.3.1

Flow process modelling scale: Navier-Stokes equation simplifications

In hydraulic modelling, dimensionality can be understood as the level of detail with which
flow processes are simulated and thus the flow scale of the model. As dimensionality decreases, more flow simplifications are required and hence the flow scale will be coarser
or less detailed. In a three-dimensional approach, the full 3D form of the Navier-Stokes
mass and momentum equations are modified in time: equations are Reynolds averaged,
with variables decomposed into time-averaged and time-varying components. Reynoldsaveraging results in the appearance of additional terms in the momentum equations known
as the turbulent Reynolds stresses, which represent the transport of momentum by turbulence. A turbulence model is introduced to represent the effects of turbulence upon the
time-averaged flow properties.
In a two-dimensional approach, the 3D form of the mass and momentum equations are
modified to a 2D depth-averaged form. This results in the introduction of two new groups
of terms: bottom stresses and dispersion terms. The bottom stresses (τ0 ) are widely
expressed as a quadratic function of the depth-averaged velocity (U).

τ0 = kρU 2

(2.1)
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where k is the friction coefficient. Friction laws commonly contain a roughness parameter
which account for skin friction associated with shear between the fluid and the channel
bed. Thus, this coefficient is commonly expressed in terms of a spatially uniform value of
Manning’s n or Chezy’s C roughness parameter. A calibration approach is then commonly
required, just as it is in one dimensional modelling, as other processes that contribute to
friction resistance are assumed out of the analysis (e.g. the effects of turbulent velocity
fluctuations upon the extraction of momentum from the mean flow). The dispersion terms
are a product of vertical non-uniformity in the velocity field and represent deviations from
the depth-averaged velocities within a vertical profile. The most common treatment of
these terms is semi-empirical or empirical where their effects on the mean transport of
momentum (and hence the depth-averaged flow velocities) are modelled.
One-dimensional modelling can be approached following from section-averaging of a twodimensional model where a reach of a river can be described by a set of successive crosssections, each one of an area A and an average velocity in that section of ν. Thus, the
discharge (Q) through that section is Q = Aν. Both ν and A can vary as a function
of downstream distance (x). Then, this distance x describe the spatial scale included in
the model, as the interval of definition with which the natural geographic variability is
represented. Following Lane and Hardy (2002), if the flow is steady (dQ/dx = 0), mass
conservation gives
dA
dν
d(νA)
+ i = −ν
−A
+i
(2.2)
0=−
dx
dx
dx
where i is the input from storage per unit distance downstream. If the flow is unsteady,
equation 2.2 becomes:
∂A
∂A
∂ν
= −ν
−A
+i
(2.3)
∂t
∂x
∂x
Similar, to momentum conservation, for an incompressible fluid, the rate of change of
momentum through time at a point will be a function of the spatial change of momentum
plus the driving force sources (after the equal term): (1) pressure gradients; (2) available
potential energy; and (3) friction that causes energy expenditure.
∂h
∂(Aν) ∂(Aν 2 )
+
= −Ag
+ gA(S0 − Sf )
∂t
∂x
∂x

(2.4)

where h is mean flow depth, S0 is the bed slope of the channel (defining the potential
energy term) and Sf is the friction slope (defining the friction term). The friction term
is commonly defined under the assumption that the flow is locally uniform (Lane and
Ferguson 2005), and uniform flow equations such as the Darcy-Weisbach equations can be
used:
ν 2f
Sf =
(2.5)
8gR
where R is the hydraulic radius and f is a ’friction parameter’.
Due to the one dimensionality of the scheme the modelling results in the mean downstream
flow as equations 2.3 and 2.4 assume negligible mass and momentum flux in both the vertical and lateral directions. Flow components that are variable in the cross-section and
vertical directions (i.e dispersion processes associated to secondary circulations) are not
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taken explicitly into account. The friction term in equation 2.4 must then not only represent the effects of boundary resistance but must account somehow implicitly for: (i) the
effects of spatial geometry that are not explicitly represented in the discretisation scheme,
though some approaches uses empirical coefficients to deal with the energy loses due to
spatial geometry variability (e.g. with a contraction/expansion coefficient for transition
losses between cross-sections), (ii) the effects of vertical and lateral components of mass
and momentum flux upon the downstream flux and (iii) the effects of turbulent velocity
fluctuations upon the extraction of momentum from the mean flow and its dissipation at
smaller scales (Lane and Hardy 2002). The first issue (i) will be treated in next section
(2.3.2), whereas both (ii) and (iii) reflect the basic assumption that 3D flow and turbulence
can be treated as a net increase in the effective boundary roughness in a 1D hydraulic
model (Lane and Hardy 2002). Equations for higher dimensionalities are detailed in the
next chapters.

2.3.2
2.3.2.1

Spatial scales in hydraulic modelling
Spatial modelling scale

The geographic ambit in which the fluid flows is continuous in space and time, but for its
numerical simulation the geospace must be discretised in spatial locations where equations
are applied. The intrinsic scale of the process, the scale of the flow model approach
(dimensionality), the delimited model domain extent and the geographic measurement
scale will determine the method and degree of discretisation.
In a one-dimensional approach, floodplain topographic representation is limited to discrete
cross-sections placed perpendicular to the channel along its length and introduced into the
equations using the distance (x). As the interval between cross-sections tends toward lower
values, the channel will be more explicitly represented. The cross-section averaged water
depths predicted by the model are then overlain onto a DEM to provide the distributed
inundation extent.
Two-dimensional models are discretised into structured meshes using, finite-difference
methods FDM (e.g. Holster 1978; Rajar 1978; Falconer and Chen 1991) or unstructured meshes using finite-element methods FEM (e.g. Bates and Anderson 1993; Holz
and Leister 1988). FDMs cover the domain with a rectangular grid or mesh and finite
difference equations are applied at those mesh nodes. Structured grids have the disadvantage of redundancy in flat areas of the floodplain, but the efficient numerical techniques
applicable only to structured problems may be used. Finite element methods allow complex floodplain topography descriptions with a mesh with minimum number of points,
thus potentially resulting in a computationally efficient model (Bates et al. 1996). Twodimensional approaches require distributed topographic (and frictional) data in both the
channel and the floodplain and, through depth-averaging of the flow, simulate the spatially
distributed water depths and velocities in the catchment.
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Three-dimensional models (e.g. Lane et al. 1999; Nicholas and Sambrook-Smith 1999)
go one step further and fully resolve vertical variations in the flow. In CFD, the three
main options for discretisation are finite difference, finite volume and finite element (see
Wright(2005) for a full review). In a Finite Volume Method (FVM) the domain is divided
into control volumes with a computational node at each volume centre, and integrals that
apply to both the surface and the volume of the control. A three-dimensional discretisation
of the domain is required and topographic data should be available for each node, this data
is usually measured when possible otherwise should be inferred. Interpolation is a common
tool to infer data but provides the problem, apart from the validity of the approach, that
it may smooth the surface unrealistically.

2.3.2.2

Roughness definition as sub scale model effects parameterisation

In this section, a brief review of current roughness treatment within each dimensionality
is presented.
In the 1D Saint-Venant equations, the roughness coefficient commonly appears through a
friction slope (Sf in momentum equation 2.4) relationship and the required value should
depend on cross-section spacing. The Saint-Venant equations derive from the full 3D
form of the Navier-Stokes equations, and so the friction terms not only represent bottom
stress but processes not explicitly represented in a one-dimensional simplified approach.
These result in the extraction of momentum from the mean downstream flow and its
transformation into flow components that are variable in the cross-stream and vertical
directions (i.e. dispersion processes associated with secondary circulation) and through
time (i.e. turbulence processes) (Lane and Ferguson 2005).
Lane and Hardy (2002) classify four approaches for the specification of roughness parameter in a one-dimensional model. A first one uses uniform flow equations, and flow and
channel properties. These equations, such as Manning or the Darcy-Weisbach) may result
in odd situations when floodplain flows begins (Knight and Shiono 1996). In these situations the wetted perimeter increases and the effective hydraulic radius is reduced. This
results in a reduction in the roughness parameter, when actually floodplain flows results in
a net increase in flow resistance due to lateral shear generated between the main channel
and the floodplain flows and the higher relative roughness of floodplain flows (Lane and
Hardy 2002). This approach is commonly used to determine roughness parameter in the
bottom stress terms in a bi-dimensional approach. A second approach is consistent with
the idea that roughness is additive and recognizes that the effective roughness of a river
depends upon the scale over which it is measured (Cowan 1956). Cowan (1956) method
describes the total roughness as the sum of a series of contributions from different spatial
scales, enhanced by a sinuosity factor. This method also recognize the spatial variability
of roughness and subdivides the cross-section into areas of similar hydraulic properties
and applies composite a roughness to each of them (Knight and Shiono 1996). The third
approach, specifies a relationship between the channel bed material and the roughness
parameter (Strickler 1923; Mason et al. 2003). A final approach, which is the popular
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method based upon photographs of river reaches of known roughness, often determined
through uniform flow equations (e.g. Chow 1959) or by using measurement from nearby
gauge stations from reaches that are close to uniform flow (Hicks and Mason 1991). These
methods estimate a starting value which is then perturbed in a calibration procedure in
order to get a good fit between field observations and model predictions. The resultant
roughness values may differ significantly from their measured or estimated values (Lane
2005). The only way to understand friction effects on one-dimensional flows is through a
sensitivity analyse of hydraulic modelling results to friction factor parameterisation.
In a two-dimensional model, as 3D equations are averaged over the flow depth, the bottom
shear stress appears in the momentum equation explicitly, as a source term, affecting every
cell. In this formula, the roughness parameter is an effective parameter required to obtain
the correct value of depth-averaged velocity and local water depth, showing very little
resemblance with measured values of variables. The two-dimensional approach allows
the use of a more physically based alternative to the use of traditional one dimensional
friction factors to estimate a roughness parameter. This assumes that the law of the wall
holds throughout the full flow depth. In this approach, a roughness height (height at
which velocity turn out to be cero) must be defined. It has been related to grain size
(e.g. Nikuradse 1933) but still need to be multiplied upwards (Whiting and Dietrich 1991;
Clifford et al. 1992) and again this upscaling factor is defined looking ’effectively’ so that
it produces the correct variation of vertical velocity with elevation above a surface.
In a three-dimensional approach, roughness definition should be more straightforward as
more of the fluid dynamics are represented explicitly in a 3D solution. The 3D equations
are not averaged and the roughness parameter within a wall treatment approach contribute
directly only to the bottom grid cell, commonly as a control upon the elevation at which
the velocity becomes cero within the grid cell. But again, the upscaling factor is difficult
to calculate as not only must it account for the gap up to the topographic scale (from the
grain size data) but also for scale discrepancies among measured topographic data and
the intrinsic variability of the surface not reflected with the sampling interval used. In
theory, discrepancies among measured and modelling scale can be overcome using a very
fine mesh, but this solution at the same time produce two kind of problems. The first is
related to the way detailed topographic information is obtained. This can be particularly
difficult at the channel bottom where data are measured and model surfaces are commonly
smoothed due to interpolation methods. The second is related to discretisation limits in
3D schemes, like problems related to numerical stability and computational constraints.

2.3.3

Implications for this research

In open channel flows, the level of detail of the spatial discretisation of the domain is
a problematic choice due to the complex topographic surfaces that are found in natural
environments and the fact that spatial variation in flow properties can occur across a range
of spatial scales. The scale of the modelled flow process will determine the spatial scale
that is to be simulated and the way geospatial information must be incorporated within the
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model. This level of spatial detail representation will define the density of locations where
flow equations (simplified according to the flow modelling scale) will be applied within
the domain (cross-sections spaced a distance x along the channel for a one dimensional
longitudinal approach, the central point within a volume in a three-dimensional discretised
domain).
Flow equations are applied at certain discrete locations but the flow and the surface (and
the effects they both produce) are continuous. This means that inherent to the idea of flow
model or spatial scale is the concept of what happens within the spatial gaps below the
spatial scale units (e.g. between cross-sections) and what happens with the flow processes
not described in the equations (e.g. secondary circulation in a one dimensional approach).
The model must account for them somehow. Commonly, some kind of treatment is used,
like friction parameterisation to model theoretically the effect on the flow of topographic
variability not explicitly represented in the model. This roughness treatment ends with a
calibration process to get the desired effects on the simulated flow (for instance, in a one
dimensional approach, the right relationship between flow and water level).
The reason why a calibration process is required in any approach, regardless of dimensionality, is the poor physical basis of roughness parameters as they must account not only for
the spatial subscale but for the flow subscale effects, converting a spatial subscale parameter into a dimensionality- and spatially-dependent term, see figure 1.1. In addition, as
Lane et al. (2005) points out, the upscaling of a roughness height increases the magnitude
of energy loss within the momentum equation but, as they do not modify the bed height in
the numerical mesh, which would have a direct effect upon mass conservation equations,
this may not affect the routing of flow associated with blockage.
Thinking physically, a roughness treatment in any scheme introduced in order to account for the subspatial scale effects upon the flow should be spatially variable and scaledependent in relation to both mesh resolution and topographic content. As in relation
to a characteristic intrinsic scale of the natural terrain, the amount of topography in the
modelling scale will determine the unconsidered scale that will have to be introduced in
the model implicitly somehow. Any attempt to disentangle this interrelated scale dependency (between explicit geospatial representation and the subspatial scale effect on the
flow) must consider that only a physically based incorporation of this sub geospatial scale
topography on flow modelling will provide a better understanding of its effects upon simulated flow. This implies the treatment of roughness as the intrinsic scale of topography
not included at the modelling scale. Assessing roughness as topography allows the use
of measured topography and GIScience tools to manipulate scale and understand scale
effects. In addition, as Lane (2005) remarks, a framework that considers roughness as
topography allows boundary deformation to be explored in a more realistic and numerically robust way, and provide a much more useful research tool. Thus, in this PhD, the
approach to assessing sub spatial scale effects will make use of the possibilities that high
resolution topographic measured data nowadays provide in combination with GIScience
modelling and spatial analysis tools.
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Scale effects in topographic representation.

In this section, scale effects in the topographic representation of fluvial surfaces are considered. Scaling topographic data for incorporation into hydraulic simulations and scale
analysis provides a double direction research line: (i) understanding of scale effects of
topographic parameterisation on the simulated flow which can directly lead to scaling relations (Wu and Li 2006); and (ii) more importantly, once scaling properties are known,
topographic scale control tools and scale analysis results could act as a guide for the scaling
of the GI (Atkinson and Tate 2000), and reproduce the impact of spatial variability scales
on flow processes in realistic and scale-dependent ways. This could relive the physicallybased simulation process from the limitations that an exclusive measurement approach
presents for very fine scales. With this in mind, this section presents the scale dependency
in topographic modelling with the particularities and possibilities that this presents for
hydraulic modelling.

2.4.1

GIS data model for hydraulic modelling

GIS provides the ambit to create multiscale representations by incorporating and merging
digital sources at different scales, and through the development of statistical and mathematical functions to deal with scale as a generic issue (Marceau 1999). However, as Lam
et al. (2004) remark, precisely these technological abilities of GIS underscore the warning
of the use of mismatched scales without knowledge of GI scaling properties. In this second step of digital terrain modelling, discrepancies between the measured and modelling
scales are commonly dealt with using GIS tools to manipulate topographic data, converting measured data into the digital structures that the hydraulic model requires (e.g.
TINs for FEM or square grids for FDM and FVM) at a certain scale. The data model
representation already implies a scaling process and redefines the scale of the data (Lam
et al. 2004). The topographic data measured for the floodplain and channel surfaces in
hydraulic applications are commonly irregularly spaced discrete points obtained from RS
sources, GPS measurements, traditional EDM survey and airborne laser systems (ALS),
which must be converted into a data model structure according to the discretisation mesh
used. The most common data for topographic representation is a DTM maybe because of
its easy integration within a GIS environment, where its easy to modify and scale. The
data model will determine not only topographic data treatment but derived results.
In hydraulic modelling, the mesh discretisation scheme will determine the digital structure
of the spatial data in a GIS. One-dimensional approaches requires the spatial domain to
be discretised into cross-sections with altimetric information and structured or unstructured grids for higher resolution approaches, see section 3.2.1. When unstructured grids
are required, the modelled surface is represented within GIS using a TIN (Triangular irregular network) data model (Peucker 1978), in which a field model (Goodchild 1992) is
used to represent a surface by connecting points of known elevation into triangulated flat
surfaces with uniform slope and with continuity of value across triangle edges (Goodchild
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2003). TINs can be scaled using algorithms like very important point VIP, which removes
topographic variability up to a wished point. The structured grids required for FDM and
FVM are commonly generated in a GIS as a raster field model, this is regular squared
gridded matrix where each square is provided with an altimetry data, which represent
the averaged altimetry of the surface the cell occupies. Though an apparently continuous
surface, a raster DTM is a discrete set of elevation data organized into columns and rows
and the cell fidelity to natural terrain on which is located depends on surface roughness
and cell size (Wood 1996). Evidence from fractal research suggests that, within a cell,
there will always be topographic variability at a scale finer than the DTM resolution averaged for representation purposes. Thus, scale is dependent on the structure of the model
data and the topographic variability below the scale of the DTM will depend upon the
roughness and the mesh element (triangle or squared cell size) size and could be generated
according to its intrinsic scaling properties if these were known. GIS methods can also act
as a framework for analysing the relationships between variables at different scales and for
assessing the impact of scale in modelling (Marceau 1999).

2.4.2

Scaling topographic data

Ideally, the modelled spatial scale should be in accordance with the scale with which
spatial data were measured (e.g. Beham 2000). To rectify any scale mismatch or to
relate one type of scale to the other usually involves scale transfer or scaling (Bierkens
et al. 2000). Scaling in ecology and earth sciences means the translation of information
between or across spatial and temporal scales and organization levels (Wu and Li 2006),
basically, spatial scaling involves transferring GI from one scale to another. Based on
the directionality of the scaling operation, upscaling or downscaling processes can be
distinguished (Wu and Li 2006) as the modelled process may require a coarser or a finer
scale to commensurate data model scale (modified from measured data scale). The main
problem is that the existence of scale-dependent spatial variation in natural environment
makes this process of scaling and data integration extremely problematic (Jarvis 1995;
Atkinson and Tate 2000).
Altimetric data must be upscaled when a coarser scale is required by the hydraulic model
because of computational constraint or dimensionality adjustments. Upscaled topographic
data can be obtained by resampling or by a generalization process. Resampling can be
implemented with an interpolation method for raster data where an elevation value is calculated using different criteria (e.g. nearest-neighbour assignment, bilinear interpolation
or cubic convolution) for a resampled coarser cell size. This will modify the scale of the
resampled surface and thus any morphometric parameter that would be measured from
it (Evans 1979). Topographic variability will be removed and any special peak trough
features from the original mesh will be smoothed depending on the cell size modification,
the larger the difference between cell sizes the smoother will be final surface. The problem
of modifying surface scale using a resampling method is that the findings regarding scale
effects may not really be due to natural scale effects but rather an artefact attributable
to the use of the resampling method (Weigel 1996). Another method to upscale a sur-
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face is using a cartographic generalisation method to preserve characteristics at certain
scales while smoothing detail at finer scales. There are several generalisation methodologies, according to Weibel (1989), global filtering related to position-invariant filtering
techniques from the image processing, selective filtering preserves only the characteristics
points and heuristic filtering employs models that attempts to adapt natural principles to
automated procedures. Global filtering methods like mean and low-pass filter (Burrough
and McDonnell 1998) are commonly used, where a defined kernel within a moving window
is passed through out the raster model. This provides a method to control the level of geographic detail and to generalise a geographic phenomena by removing its finer variations.
The window size will determine the smoothing effect and roughness is removed artificially
and hence scale is modified. The larger the filter, the greater the reduction in range and
variance of elevation values.
In the case that the DTM is scaled to a coarser modelling scale to fit the modelling scheme,
topographic data at measurement scale could be use to parameterise roughness within the
hydraulic model for a given mesh resolution, for instance through wetting and drying
algorithms (Yu and Lane 2006b; Bates et al. 2003) or the treatment of small-scale bed
features via a porosity approach in 3D models of gravel-bed rivers (Lane et al. 2002).
Conversely, there is also a need to be able to predict either real or inferred values of
environmental properties at unsampled places, which is particularly difficult due to the
complex nature of spatial variability. When a finer scale is required, GI must be downscaled. Downscaling is any procedure that attempts to refine the spatial resolution of a
surface model (Atkinson and Tate 2000) and different methods may be used for this.
Interpolation is commonly involved in scaling GI. Basically, interpolation methods (e.g.
bilinear spline interpolation, kriging) model the relation between two variables (e.g. with
a regression function) and then predict the point value at unobserved locations (Atkinson
and Tate 2000). An interpolation approach is valid when the model scale is finer than the
measurement scale and the intrinsic scale of interest is coarser or equal to the measurement
scale. This is difficult to certify. Different methods will provide different results (Smith
et al. 2005) as interpolation methods will generate an elevation value at an unsampled
location using altimetric values around using different criteria. In any case topographic
variability at scales below the scale of available data will be generated (i.e. structures
below detected scale cannot be simulated) after interpolation. Thus, this is not strictly a
downscaling process, as in addition the resultant surface is even smoother. Sampling is the
opposite process of interpolation and decimation methods have been applied to LiDAR
topographic data to assess derived effects on floodplain descriptions (Gueudet 2004).
Downscaling involves the addition of a variability in the surface model, which will be
determined by the scale-dependant properties of the natural surface (i.e. the intrinsic
scale). Scale-dependence is expressed commonly as Tobler´s first law of geography: the
likelihood that observations close in space are more alike than those further apart. Again
only multiple observation sets at different scales could lead to a knowledge of the intrinsic
scale of a surface and methods like fractal analysis, wavelet analysis or geostatistics have
been used in detecting characteristics scales (Wu and Li 2006).

20

2. The geospatial scale issue in hydraulic modelling

All these processes, resampling, interpolation and generalisation, will smooth and average
and thus modify the scale of the DTM by removing a certain amount of roughness from it.
Using the same rationale, as roughness can be removed from a DTM using GIS tools, if this
variability were required for hydraulic modelling purposes and the interactions between
flow and roughness simulated, a perturbation to the DTM could be generated and added,
using the intrinsic scale-dependent properties of the surface, i.e. downscaling it.

2.4.3

Fractal surface generation

A surface can be artificially generated using a wide range of mathematical tools from
polynomial equations of different degrees, to uncorrelated gaussian surfaces or fractal surfaces (Wood 1996). A simulated topographic surface should also ’look like’ a topographic
surface. This means that a complex natural rearrangements of geographic features across
scales must present a certain structure which is easy to recognize visually as topography
though not so easy to document or to simulate. Topography presents a scale-dependence
structure that could be defined as statistical self-similar at certain scale ranges. A selfsimilar object is somehow similar to a part of itself and assuming a statistical self-similarity
in natural surfaces, numerical or statistical measures are to be preserved across certain
scales, which is extremely appealing for the scaling of the topographic data problem.
There is no strict definition of a fractal object (Russ 1994) but one of the most interesting
properties for us is its self-similarity.
Fractal Brownian Motion (fBm) derived from random Brownian motion can be used to
simulate fractional Brownian surfaces (Voss 1988) which, ultimately, result in an irregular,
self-similar surface that looks like natural topography (Goodchild 1980; Goodchild 1982).
Fractal terrain generation starts with the development of fractals (Evans 1979; Mark 1979)
mainly due to their visual resemblance. The theory of fractals (Mandelbrot 1977) is based
on numerous iterations of a simple rule, producing complex shapes. By introducing a
small random perturbation to each iteration the resultant surface will be highly irregular.
The resolution issue is solved through the number of iterations performed and the scale
of the inner variability is controlled with the magnitude of the perturbation. Because
the basic rule is so simple, the initial required data are very small in number. These
three characteristics makes fractal generation of surfaces a particularly appropriate method
to simulate natural terrain features with an implicit level-of-detail control with a small
amount of initial data. Fractals reflect the scale dependency of the natural surfaces and
provides the possibility to generate topography in a realistic and controllable way. There
are various methods of generating a fractal surface (e.g. Mid-point displacement method,
the shear displacement or Fourier filtering) and in any of them the result is that by changing
the parameters, the degree of spatial structure can be varied, and the scale properties are
controlled (Wood 1996).
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Spatial analysis of scale effects. Fractal analysis

Conversely, real world data can be analysed and their scaling properties extracted (Malinverno 1990). Fractal analysis (Mandelbrot, 1983) provides a tool for measuring the
complexity of a geographic surface represented in terms of the fractal dimension (Jelinek
and Fernandez 1998). The fractal or self-similarity dimension concept belongs to a wider
geometric ambit where the Euclidean dimension is a particular case, and it is defined
by a non-integer value that ranges from 2.0 in the case a perfectly flat surface to 3.0
for a very rough surface that essentially fills a volume. Ultimately, the fractal dimension is a measure of the complexity of a surface and expresses the invariant power law
that relates self-similar parts. Fractal analysis has been applied widely to natural topography since (Burrough 1981) (see Butler et al (2001) for a review), and is one of the
spatial/geostatistical techniques used for the characterisation and assessment of scale effects, with spatial autocorrelation, Shannon index, geographic variance and local variance
(Lam and Quattrochi 1992). Further development of fractals is leading to multifractals,
local fractals and wavelet approaches (Lam et al. 2004). Global fractal dimension calculations can hide non-fractal behaviour and spatial variation in roughness, meanwhile,
local fractals calculate fractal dimension within a window around each cell of a raster
(Wood 1996). Multifractals amplify scale-dependency properties to different scale ranges
(Emerson et al. 1999; Zhao 2001) and wavelets transforms to the frequency domain are
used to map discrete scale-dependencies (Graps 1995; Myint et al. 2004). Many methods
can be used to determine fractal dimension, such as the isarithm, variogram or Fourier
method, (for description see (e.g. Herzfeld and Overbeck 1999) and though it has been
shown that different methods can lead to different results (e.g. Klinkenberg 1992; Lam
et al. 2002; Zhou and Lam 2005) ultimately following a methodology the comparison
of fractal dimension provides a mean to document the different degrees of complexity of
surfaces, quantify the heterogeneity of a surface and the variability present at different
spatial scales (Lam et al. 2004).

2.4.5

Implication for this research

The scale of investigation in hydraulic modelling determines the range of patterns and processes that can be detected and, therefore, the most appropriate geospatial scale for the
study of these processes (e.g. Marceau 1999). Measured GI commonly require a variety of
scaling processes in order to fix data model structure according to a mesh discretisation
method and to match modelling scale. Upscaling and downscaling procedures can be implemented in a GIS ambit, but the presence of scale-dependent heterogeneities complicates
the translation of GI across scales without a knowledge of scaling relationships. Therefore scaling requires an understanding of the geographic phenomena under study where
different patterns and processes are linked to specific scales and where transitions across
scales are based on geographically meaningful rules (Marceau 1999). The quantification
of scale effects may lead to the understanding of scaling properties and may act as a guide
for the scaling process (e.g. Zhou and Lam 2005). Unfortunately, the scale effects of
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topographic parameterisation may come from a variety of sources, which can be broadly
divided depending on the stage of the processing procedure from its measurement to its
incorporation into the hydraulic scheme, i.e. measurement, management and parameterisation of the hydraulic model geometry. In the latter, the derived spatial scale effects on
flow results lead us directly to the problem of subspatial scale effects on simulated flow.
In this section, a general approach to scale in topographic representation leads to some
possible tools to face the assessment of spatial scale effect. From this section we can point
towards: (1) the use of GIS methods to modify the spatial scale (roughness content) of a
DTM with resampling and interpolation methods and assess its scale effects with a sensibility analysis on the simulated flow; (2) the controlled generation of roughness (topographic
at fine scale) using measured data removed from the topographic parameterisation using a
generalisation approach to perform a multi-scale topographic parameterisation and assess
scale-dependant properties on the flow; (3) the use of geostatistical analysis to document
the scale-dependent properties of the topographic surfaces and to reflect the complexity
of the structure of simulated flow results; and finally (4) the artificial generation of roughness as topographic variability using scaling properties of the surface at fine scales and
measured surface properties (e.g. grain size) in order to be added to the DTM. It must be
assumed, according to Herzfeld and Overbeck (1999) that one specific process dominates
at each scale range and consequently a main dimension parameter specific to each scale
range can be determined. A dimension parameter will be characteristic of the average
roughness in a given scale range below the topographic parameterisation scale. At a resolution where the topographic variability is supported by data, interpolation is used to
construct the grid. For higher scaled variability roughness is simulated and added to the
topographic model, downscaling it. The final grid with scale-dependent dimensions can
be the result of merged grids of different scales.

2.5

Measurement scale of topographic collected data. Preprocessing scale effects.

Nowadays, in the information era, technological advances have improved researchers’ capacities to observe geographic phenomena that occur at different scales and provide models
with the required high resolution digital data sets (e.g. topography, bathymetry, velocity measurement) to set up and to evaluate them. High-resolution topographic samples
for hydraulic applications can nowadays be obtained from a wide variety of techniques:
field survey using GPS methods, photogrammetry, satellite remote sensing, airborne SAR
(synthetic aperture radar) interferometry and in recent years airborne and ground high
resolution laser altimetry (e.g. Brasington et al. 2000; Marks and Bates 2000; Charlton
et al. 2003; French 2003; Cobby et al. 2001; Lane 2000; Wimmer et al. 2000). Each of
these cartographic sources vary in coverage, density, sampling scheme and size and homogeneity and these issues determine the measurement scale of collected data (Wu and Li
2006). The scale of observation influences whether or not the intrinsic pattern and scale
of a phenomena can be revealed in the final analysis. According to Atkinson and Tate
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(2000) the scale of measurement is determined by the sampling framework or strategy,
which can be divided into the spatial characteristics of each observation and the spatial
coverage of the sample.
Ideally, measurement scale should be able to reflect the characteristic intrinsic scale of the
surface and match the required modelling spatial scale of the hydraulic process. In practice,
technical limitations of the above sampling techniques impose the scheme and measurement scale of altimetric data and the discrete set of measured point inevitably ignores
an uncertain amount of complex topographic variability between measured points. The
current availability of high resolution altimetric data with airborne RS sources and GPS
technology reduce this uncertainty up to an unpreviously attained point with traditional
survey methods, but a measurement process is already a modelling activity (Atkinson and
Tate 2000). Since spatial data are obtained through sampling, the scales of intrinsic variation observable in spatial data are inextricably linked to the scales of measurement through
which they were obtained (Atkinson and Tate 2000). In addition, measuring techniques
(except field survey) sample not only the bare earth, but also the objects residing on it.
Thus, before sampled data can be used for terrain modelling they have to be preprocessed
(e.g. filtered). The filtering process may alter the observable scale of the modelled ground
surface. The intrinsic scale detection is ultimately determined by technical limitations and
cost feasibility requirements and they cannot be known a priori. Thus, in general practice,
the available measured and filtered data at the available scale are commonly adapted to
modelling scale requirements, using scaling processes.
DTMs obtained with digital photogrammetry provide a RMSE in height determination of
15 cm, the sensors capture the visible spectrum, but no ground information is obtained
when it is covered by dense vegetation. Photogrammetric data processing is automated
to a large degree and can delivers full area coverage (Ackermann 1999; Baltsavias 1999c).
Airborne SAR interferometry is able to generate DEMs to a vertical RMSE better than
1 m (e.g. Wimmer et al. 2000 and it is being adopted for water-scale DEM production in
the US (Allen and Birk 2000). Data acquired by InSAR utilises the phase information of
two SAR images over the same area and generate the interferogram from which heights can
be derived (Rosen et al. 2000). GPS ground based survey (e.g. Brasington et al. 2000)
allows position on the Earth´s surface to be measured accurate to within 3-4 cm, though
GPS signals are obscured by tall buildings and heavy tree canopy (Goodchild 2003).
Finally, ALS is an active system, capable of delivering very dense (1 point per square
meter) and accurate point clouds (0.15-0.25 m in elevation and 0.3-1 m in planimetry
for flying heights below 2 km) of the terrain in a relatively short time. ALS works by
scanning a landscape in multiple passes. In each scan, pulses of laser light are emitted
from an airborne platform and their return time is measured, thus enabling the range
from the point of emission to the landscape to be determined (e.g. Wehr and Lohr 1999).
The product of airborne laser scanning is a cloud of points in 3D space. Although the
flight times for data collection are slightly longer than with photogrammetric methods,
the laser system can be used any time of the day, can provide restricted penetration
under dense vegetation coverage and has faster product delivery times due to the purely
digital nature of the data. LiDAR, InSAR, GPS survey and photogrammetry have their
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relative advantages and disadvantages, and their integration may be needed to improve
terrain modelling and to generate cartographically accurate floodplain and in-channel
representation (Ackermann 1999; Baltsavias 1999b; Kraus 2003). This research will be
particularly focus on LiDAR possibilities for scale research.

2.5.1

Airborne LiDAR technology

The advent of commercial GPS in the 1980s promoted the use of lasers for digital data
acquisition. Precise ranging can be used to obtain range images that combined with
positional information on the laser emission point allow the calculation of a 3D surface
representation. The most appealing characteristic of ALS is that current systems provide
3D point clouds with accuracies measured in centimetres and point spacing measured in
decimetres, which in addition to the highly automated obtention of the information has
provoked a worldwide expansion in the commercial use of ALS (Baltsavias 1999b).
The concept behind ALS is to obtain numerous scans of a landscape from single flight lines
and then aggregate these scans to obtain a discrete model of the landscape. The airborne
laser system (ALS) functional block diagram is mainly composed of (Lindenberger et al.
2003) a LiDAR transceiver for laser beam generation and a scanner for its distribution over
the ground; DGPS (Differential Global Positioning System) and IRS (Inertial Reference
System) units for sensor position and orientation measurement.
The measurement scale of topographic data will depend on the spatial and geometrical
characteristics of each observation in combination with the spatial coverage of the whole
sampling scheme (Atkinson and Tate 2000). LiDAR measurement scale will depend mainly
on the distribution and density of measured points i.e. how the points fit the mathematical
abstraction or idealization of the earth physical surface, how the points cover the surface
and in a lesser extent on the measurement accuracy, provided this is smaller than the
terrain roughness (Lindenberger et al. 2003).
In an ALS system, the position of a reflection point (x, y, z) from an emitted laser pulse is
calculated with the data obtained from the LiDAR transceiver, the scanner and the DGPS
and IRS, i.e. the distance from the laser scanner to the reflection surface is calculated by
multiplying the speed of light with half the return time of the laser pulse (Baltsavias 1999a;
Lohmann and Koch 1999; Wehr and Lohr 1999), the beam direction relative the scanner
(scan angle) and the position and orientation of the laser scanner system. These data are
collected with the exact time of the measurement specific of the system and stored and
three-dimensional coordinates are calculated. An array of range measurements, typically
linear, is called a scan.
The characteristics of the geometry of the point will depend on the range measurement
principle (pulsed laser or continuous wave laser) and the sensor laser beam diameter on the
ground, i.e. laser footprint diameter (large or small). Continuous wave lasers emit light
continuously and the phase difference between the transmitted and the received signal is
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measured whereas pulsed lasers calculate the distance using the time-of-flight between the
emitted and the received pulse. In current ALS, almost only pulsed lasers are used (Wehr
and Lohr 1999). For pulsed lasers, the laser footprint diameter, pulsing frequency (Hz)
and reflection properties of the target will influence the distance measurement process.
The laser is emitted as a beam of a few mm, but it becomes a cone of light that can
hit several targets on its way. Therefore a number of reflection returns and a number of
measurements can be collected. The first reflected pulses are assumed to contain more
hits of vegetation than the last pulse. Therefore, first pulse returns are used in orthophoto
production and forestry and vegetation inventory applications, while last pulse returns are
used for bare earth measurement applications. The reflectance of each returned pulse can
also be collected (Axelsson 1999) and the intensity of reflectance to the laser beam may
be used to generate a low resolution monochromatic image of the landscape. Intensity is
defined as a ratio of strength of reflected and emitted light, influenced by the reflectance of
the object and the bundle incident angle (Coren et al. 2005). This intensity information
can be used in some classification approaches (e.g. Song et al. 2002; Nobrega and O’Hara
2006).
The sampling scheme will determine the measurement scale as ALS provides a cloud of
points in a 3D reference frame. The cloud of points is large and dense, often containing
millions of points resultant of the aggregation of all the scans, which require the automation
of any data processing.
The density and distribution of this cloud of points for a specific coverage is determined by
the interaction with flying parameters. In general, low altitude provides a high measurement density (several measurement per m2 ) of points and high accuracy in coordinates
(0.1 to 0.3 m) whereas high altitudes result in a less dense cloud of points which are commonly used for the generation of a DTM for larger areas with lower resolution. The scan
angle (the angle subtended by the two furthest ends of a scan) and the flight height will
determine the swath width on the ground. The swath width and the aircraft speed provide
the coverage rate. Thus, a maximum coverage rate will be reached when the maximum
suitable values of flying height, scan angle and aircraft speed are used. The scan angle
ranges from 1o to 65o . Flying height normally ranges from 100 to 1 km, although new
systems can be used at heights up to 3 km. Density can be calculated with frequency
and scan angles, whereas for point distribution the aircraft speed must also be taken into
account. A high point density will be reached with high pulse frequency for a coverage
rate, but the use of very high pulsing frequencies at high flying altitudes present difficulties to obtain a good return detection. A new generation of laser scanners with increased
measurement density (0.1 m) is being developed. These approaches use an array of detectors not a single one (Steinvall 2003). Currently, point spacing can range anywhere
from 0.1 m to 5 m (Wehr and Lohr 1999). A full-waveform digitising LiDAR systems with
large footprints (10-25 m diameter) for earth topography and vegetation height and cover
survey has also been developed (Hug et al. 2004). The large footprint ensures that both
the top of vegetation cover and ground are collected with one pulse emitted. The returned
waveform gives a vertical resolution of 0.5 to 3 m (Means 2000).
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Applications to flow modelling

Over the past years ALS have been widely used for DTM generation (Kraus and Pfeifer
1998); estimation of forest variables (Holmgren 2003; Goodwin et al. 2006); floodplain
vegetation monitoring (Straatsma and Middelkoop 2006); geomorphology (McKean and
Roering 2004), glaciology (Arnold et al. 2006); hydraulic modelling (Marks and Bates
2000; Cobby et al. 2001; Charlton et al. 2003; French 2003); extract tidal channels (Lohani
et al. 2006); shallow water bathymetry measurement (Millar et al. 2006; Guenther et al.
2000); mapping sand dune morphology (Rango et al. 2000), geoarchaeological prospection
in alluviated landscapes (Challis 2006).
LiDAR data are particularly appropriate for topographic parameterisation in hydraulic
modelling because of the spatial coverage, spatial detail and accuracy of the altimetric
information that it provides (e.g. Gomes-Pereira and Wicherson 1999; Marks and Bates
2000) but could also be useful for describing landscape roughness of earth´s surface (Davenport et al. 2004; Siska et al. 2005).
Particularly interesting for this research apart from the LiDAR derived DTM application is
the derivation of vegetation models from LiDAR data, i.e. the representation of penetrable
vegetation (such as tree and bushes) and related properties such as height and density
values (Menenti and Ritchie 1994; Hu and Tao 2003; Straatsma and Middelkoop 2006;
Elberink and Maas 2000; Zhan et al. 2002; Hu and Tao 2003). This could lead to new
approaches towards a definition of flow resistance parameters within hydraulic modelling,
particularly when floodplains are dominated by vegetation (Horritt 2005). Up to now,
ALS have been used for the parameterisation of roughness for hydraulic models (i) using
exclusively vegetation heights from laser data (Cobby et al. 2003; Mason et al. 2003)
or (ii) using vegetation heights, spatial patterns and density to determine a roughness
coefficient (Straatsma 2007; Asselman 2002).
Mason et al. (2003) used an upscaling of the Manning’s n roughness coefficient for representing distributed vegetative roughness in floodplain flow model using LiDAR-derived
vegetation height data using some laboratory generated flow resistance equations for short
∼ 1 m (Kouwen and Li 1980) and tall and intermediate vegetation (Kouwen and FathiMoghadam 2000). The study proved that a distributed approach lead to significant difference in predicted water levels, though spatial scale issues in the mesh discretisation
stage where not considered for roughness parameterisation although it is known to determine subgrid scale performance of any hydraulic model (Yu and Lane 2006b). Asselman
(2002) used frequency distributions of vegetation heights to obtained the vegetation characteristics (vegetation height, type and blockage area) required for the computation of
hydraulic roughness using established equations. They could not relate vegetation heights
and density for low floodplain vegetation as these physically based approaches require an
improvement in the estimation of vegetation heights (Mason et al. 2003; Asselman 2002).
For short vegetation (shorter than 1.5m) vegetation heights are difficult to characterise
due to the noise in the currently available laser scanning data (Straatsma and Middelkoop
2006).
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In addition as Yu and Lane (2006a) points out, Mason et al.’s (2003) approach assume that
(i) vegetative roughness relationship from flume experiments can be applied to reality; (ii)
the prime control on Manning’s n is vegetative roughness (not taking into account the
effect of other processes like turbulence or secondary circulation) and (iii) the required
value of n is determined by the surface and not the discretisation scale of the model.
The new ALS that record the full echo-waveform may potentially overcome this problems
for short vegetation height estimation (Töpel 2005; Straatsma and Middelkoop 2006). The
use of ALS in combination with infrared digital orthophotographs or multi-spectral images
may improve land cover classification and look up tables (e.g. Velzen et al. 2003) that
relate land cover and roughness coefficients may be used for its definition (Brügelmann
and Bollweg 2004).

2.5.3

Implications for this research

The data acquired by ALS is a cloud of points in a three-dimensional reference frame, where
each point is a sample from a scanned landscape. The resulting digital surface models
(DSMs) reflect both the ground earth and the features above it that the laser encounters.
Thus, when raw LiDAR data are first acquired, it must be preprocessed, which includes
modelling of systematic errors, classification, feature detection and extraction, quality
control and packaging.
The classification process basically aims to separate points with the desired information
from the irrelevant information for an application. Filtering is the common name given
to a classification procedure meant to distinguish between samples that have come from
above ground measurements and those that have come from the bare earth (e.g. Petzold
et al. 1999), and its importance resides in the fact that the quality of filtered data for
the bare earth has a direct impact on the quality of the resultant DTM of the ground
surface and hence of any derived product (e.g. slope). Ground surface can be defined
as the continuous and smooth surface that has nothing visible below it (Haugerud and
Harding 2001) and objects above which may infer the laser beam can include vegetation
and artificial objects like buildings, bridges or viaducts. The main difficulties in the filtering algorithm performance will reside in the morphological terrain type and roughness
and the coverage of the terrain with vegetation and man-made objects (Lindenberger et al.
2003). Classification algorithms for DTM generation may use order statistics (point neighbour classification), morphological classification methods, weighting functions or wavelets
(e.g. Vosselman 2000; Lindenberger 1993; Masaharu and Ohtsubo 2002; Kraus and Pfeifer
1998; Briese et al. 2002; ThuyVu and Tokunaga 2002) using raw LiDAR altimetric data.
In addition, some algorithms are based on raster laser height data which allow the use
of mathematical morphology on gridded data or filter techniques from digital image processing like median filter, smoothing, removal of noise (e.g. Arefi et al. 2003; Wack and
Wimmer 2002). Several algorithms using different approaches have been developed to
automatically or semi automatically detect and extract bare earth in ALS point clouds,
(see Sithole (2005) for a full review). Different algorithms generate different results with
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significant differences (e.g. Huising and Pereira 1998; Haugerud and Harding 2001; Tao
and Hu 2001) in accuracy mainly when terrain contains steep slopes and discontinuities.
The most successful results from automatically filtering of laser points can be reached
with a combination of different algorithm approaches although a human inspection of
automatical classification results will always be necessary.
LiDAR data are commonly processed and modelling techniques are used to reconstruct
the ground surface (with ground filtered data) or an object feature based on geometric properties of its shape. The ground surfaces are approximated as piece-wise smooth
patches or TINs (Axelsson 2000; Elmqvist 2001; Tao et al. 2001; Masaharu and Ohtsubo
2002). Issues like the terrain relief, the type of coverage (e.g. high density vegetation) and
measured point density may affect the accuracy of the modelled DTM (Tao and Hu 2001;
Sithole 2002; Sithole and Vosselman 2003).
Following Hu and Tao (2003), aside from systematic and accidental errors in LiDAR systems, the error sources influencing the quality of the final DTM are: (1) misclassification of
ground points as non-ground points; (2) misclassification of non-ground points as ground
points; (3) representation errors when converting into a model data structure (e.g. vector
or raster); and (4) interpolation errors when scaling data. The last two are already contemplated in the previous section x, whereas errors in ground classification are the main
sources in LiDAR processing resulting in a DTM of poor quality (Hu and Tao 2003). From
the first two error sources, the second will lead to worse results, whereas the first will lead
to a lost of terrain detail and a ground gap around the region when not enough terrain
points are identified. Sithole (2002) analyses two kinds of sources for these errors, a first
group due to the intrinsic scale of the terrain, its topographic variability and arrangement
of objects above and a second group factor due to the characteristics of the measurement
scheme (e.g. point density, outliers, data gaps, etc.).
The scale of collected topographic data depends upon the acquisition source and the technical parameters used to obtain altimetric data. LiDAR data provide a suitable source
to understand scale effects due to the high density of the measured cloud points and the
observation characteristics. A sensitivity analysis of the effects of LiDAR measurement
scale upon observed geographic pattern detections can be implemented acting upon technical parameters of the flight design step for data acquisition (Goodwin et al. 2006) or
once data are already available, by modifying the 3d cloud of raw points (Gueudet 2004;
Raber 2003). For instance, Goodwin et al., (2006) modifies aircraft altitude and found
variation in the ease of tree pattern detection. A more feasible approach is to modify
already measured data. For instance, Gueudet (2004) applied decimation techniques to
LiDAR measured data to modify the resultant density rate of data, thus measurement
scale and assess this effect upon LiDAR-derived DEMs used in flood modelling.
In this research, LiDAR raw data will be used for two main purposes: (i) to modify
measured scale acting upon the roughness content of the selected points classified from
the 3d cloud points to represent ground earth for DTM generation and (ii) to use pulse
returns from surface obstacles to calculate differences with defined ground surface, and to
define roughness coefficients using this obstacle height according to the DTM topographic
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content and the model structure used for topographic representation scale. In this way
roughness, varies with topographic content and representation scale (mesh resolution).
These approaches do not pretend to validate the DTM generation or roughness coefficient
computation with the hydraulic models used but the final purpose is to assess scale effects
of a physically based distributed and spatial and process dependent roughness computation
approach, and the manipulation of LiDAR raw data within GIS allow this.

2.6

Chapter summary

This chapter provides the rationale guideline of this PhD with a global view of the geospatial scale issue in hydraulic modelling. The chapter is divided in three main sections in
correspondence with the different GI processing stages previous to the final geospatial
parameterisation of the hydraulic model.
The first section (§2.3) tackles the spatial scale issue at the incorporation to the model
step. The section describes the Navier-Stokes equations simplifications according to the
dimensionality of the model (§2.3.1) which is finally determined by the application of the
model. The geospatial parameterisation and modelling scale requirements according to the
dimensionality of the approach are then reviewed in section 2.3.2.1 where discretisation
methods are also briefly described. The subscale performance of the model is reviewed
(§2.3.2.2) through roughness parameterisation methods to model the subscale flow effects
which meaning depend not only on the spatial scale but on the dimensionality of the model.
Implications of this interaction between the spatial scale and subscale parameterisation
and the dimensionality of the hydraulic model are detailed at the end of the section where
it is remarked that any assessment of this subgeospatial scale effects upon derived flow
results must consider this dependencies and alternative approaches are required.
The next section (§2.4) deals with the scale at the topographic representations stage. The
section deals in section 2.4.1 with the scale of represented topographic data according
to the data structure model used. Scaling methodologies in order to match cartographic
sources at different scales or fulfil the spatial scale requirement of the application are
then reviewed in section 2.4.2. Two final sections are dedicated to the generation of scale
dependent topographic variability using fractals (§2.4.3) and the assessment of the scale
effects upon derived flow results (§2.4.4). Finally, the implication for this research are
detailed at the end of the section, where it is pointed towards: (i) the use of GIS methods
to modify the spatial scale of a DTM, (ii) the controlled generation of roughness content in
DTMs using multiscaled topographic data, (iii) the use of scale analysis to document the
scale-dependent properties of geographic information and (iv) the artificial generation of
roughness as topographic variability, using scaling properties of the surface at fine scales
and measured surface properties, within topographic models.
In the last section (§2.5), the implications of the measurement scale of topographic collected data in hydraulic modelling are tackled. The main cartographic sources used in
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hydraulic modelling applications and its spatial scale characteristics are also reviewed in
this section. Airborne LiDAR technology is briefly described in section (§2.5.1) and its
applications to flow modelling reviewed in section (§2.5.2). The main implications for this
research are detailed at the end of the section where it is remarked the possibilities that
LiDAR data provides in order to modify measured scale acting upon the vertical scale of
the relief within the DTM spatial scale and the use of pulse returns from surface obstacles
to generate roughness height models according to the spatial scale and the vertical relief
scale of the topographic parameterisation.
With this in mind, the next chapters will deal with the geospatial scale and its derived
effects in hydraulic modelling.

Chapter 3

The effects of the topographic data source
on one-dimensional hydraulic modelling

3.1

Introduction

Flood risk estimation at floodplain sites can be carried out by hydraulic modelling that
enables flood prone areas to be determined from stage-discharge relationships. With recent advances in technology reducing computation times, both one dimensional and two
dimensional models are now widely used for this task. Other recently developed tools for
hydraulic modelling are geographical information systems (GIS) that allow one or two dimensional representation of the computed hydraulic parameters. In hydraulic modelling,
the most critical factor is the topography of river channels and floodplains which can influence both flood hydraulics and the resultant areal extent of the simulated flood (Nicholas
and Walling 1997; Horritt and Bates 2001b; Werner 2004; Néelz and Pender 2006; Horritt
et al. 2006). The low relief of river floodplains determines that errors in the hydraulic
results may produce large differences in the delineation of the flooded area (Bates and
Roo 2000). The potential effects of these errors in risk assessment, flood management and
flood hazard classification highlights the importance of optimising the topographic data
quality. Currently, the use of digital terrain models (DTMs) for hydraulic modelling is
conditioned by their availability or by economic factors (Hollaus et al. 2005; Cobby and
Mason 1999; Gomes-Pereira and Wicherson 1999). It is, therefore, important to estimate
the range of errors associated with the use of different types of DTMs in order to assess
the cost effectiveness of the DTM relative to the specific requirements of the hydraulic
modelling task at hand.
DTM precision and accuracy are determined by the way in which the data have been
obtained and treated. Terrain data can be collected by a topographic survey or with
photogrammetric or remote sensing techniques. Models obtained with GPS or conventional
survey techniques have high accuracy and are suitable and easy to implement over small
areas (Brasington et al. 2000). The final data quality achieved depends on the accuracy
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of the survey equipment and the density and distribution of the measured points. The
quality of the models obtained with photogrammetric techniques (Lane et al. 1994) or from
remote sensing imagery (Marks and Bates 2000) depends on the spacing and quality of the
image. These methods produce lower resolution for point data but greater homogeneity
and uniformity over larger areas.
To date, research regarding DTMs and hydraulic modelling has considered the effect of
spatial resolution on raster based flood models (Werner 2001; Horritt and Bates 2001a)
and finite element models (Omer et al. 2003; Horritt 2000; Hardy et al. 1999), as well
as the impact of the altimetric data source for raster based flood inundation modelling
(Wilson and Atkinson 2002; Wilson and Atkinson 2003). This chapter will focus on the
assessment of different sources of altimetric data in a digital elevation model on a triangular
discretisation for a one dimensional hydraulic flood model. One dimensional hydraulic
models are widely used by hydraulic engineers for flood hazard delineation reports. Onedimensional models are founded on the assumption that stage and discharge vary only in
the longitudinal direction. Flow is considered to vary gradually, allowing the pressure to
be considered as hydrostatic, and fully turbulent. River geometry is defined through a
serie of cross sections perpendicular to flow direction. The differences between each DTM
were quantified in terms of the hydraulic model output, namely: discharge; water surface
elevation; the areal extent of inundation on the floodplain and sensitivity to roughness
coefficient variations. In total, seven generated DTMs were analysed, the DTMs based on
three original data sources: 1) a GPS survey; 2) high-resolution laser altimetry data LiDAR
(Light Detection And Ranging); and 3) vectorial cartography (1:5000). Selection criteria
were established for the different topographic models in order to assess their generation
and treatment in relation to the time-cost ratio for each methodology. Depending on the
task at hand, the most effective solution for the choice of a particular topographic data
source will not be unique and will be determined by the purpose and the requirements of
the hydraulic study.

3.2
3.2.1

Methodology
Study area and terrain models

The hydraulic modelling was carried out on a 2 km reach of the Ter River near Sant Julià
de Ramis, 5 km downstream of Girona in NE Spain (Figure 3.1a). At this study reach the
Ter River has a mixed meandering-braided river morphology, with a mixed bedrock and
gravel bed channel, gravel bars and riparian vegetation. The main floodplain land-use is
arable agriculture, with crops and poplar groves predominant. In total seven DTMs were
generated (Table 3.1) using three different altimetry sources: 1) a GPS survey including
bathymetry; 2) a digital elevation model obtained from high-resolution laser altimetry data
LiDAR and; 3) vectorial cartography (1:5000 scale) from 5m contour intervals. These
three basic topographic data sources were combined with surveyed GPS points and/or
bathymetric data in different combinations to produce the seven TIN models of the terrain.
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Figure 3.1. (a) The location of the study reach at Sant Julià de Ramis in the Ter valley. (b) A
map of the reach illustrating the GPS survey points, including those taken for the bathymetry.
The cross-sections are numbered according to distance (m) from the downstream end of the
modelled reach.

The high resolution survey was carried out in July 2002 using a Trimble 4700 kinematic
differential Global Positioning System (GPS) in RTK (Real Time Kinematic) mode based
on a radiolink between the rover and the reference system that allows the position of the
rover system to be fixed in real time (Fix and Burt 1995). The use of a high resolution
ground survey based on GPS has the advantage of obtaining precise (2-3 cm) digital
topographic data, the availability of data in real time (necessary for the bathymetry)
and speed of measurement (Brasington et al. 2000). Cross-sections were systematically
surveyed at 100m intervals and following the geomorphology of the channel (Keim et al.
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1999) (see Figure 3.1b). Where satellite visibility was poor, additional data was recorded
using a Sokkisha set 3B Sokkia EDM, with a resolution of 3” (seconds), an accuracy of 1”
and a range of 1.500/2000 m), with the base station located at points previously calibrated
using the GPS, establishing new control polygonals.
Table 3.1. Summary information for the digital terrain models generated.

TIN terrain models
GPS Survey + bathymetry
MDT LiDAR 1 m
Contours 1:5000
MDT LiDAR 1 m optimised with bathymetry
MDT LiDAR 1 m optimised with bathymetry and GPS points
Contours 1:5000 optimised with bathymetry
Contours 1:5000 optimised with bathymetry and GPS points

Nodes

Triangles

3485
154943
1386
157323
172916
3768
5423

6869
307100
2413
311860
345436
7177
10041

The river channel bottom was surveyed using a Navisound 50 echosound device (resolution
1 cm, depth range: 0.2-650 m), mounted in a small boat, connected to the rover GPS in
RTK mode (AS 1993). The base station provided horizontal and vertical positioning control. Both the echosound and the rover were connected to a PC laptop that collected and
stored, using a navigation software (Trimble Hydropro v.1.5), both planimetric (x, y) data
from the GPS and depth (z) data from the echosound. Channel bathymetry was measured
at previously determined transversal cross-sections where satellite visibility, water depth
and the channel morphology permitted. The DTM from high resolution altimetry laser
data (LiDAR) was supplied by the Instituto Cartográfico de Cataluña (ICC). The device
used was an Optech ALTM 3025 mounted on an airborne platform flying at a height of
2300m which reaches a vertical resolution of ±10 − 15 cm. The result of the processed
data is a 1 m resolution DTM, with a vertical and horizontal accuracy of ± 0.15-0.20 m
and ± 0.30-1.0 m, respectively. In order to analyse the influence of mesh resolution the
1 m DTM was generalised into meshes of 2, 3 and 4 m cell sizes using a bilinear interpolation algorithm (Jensen 1996). The third source of cartography was a digital contour map,
1:5000 in scale with 5 m contour intervals, supplied by the ICC (BT-5M).

3.2.2

Hydraulic modelling

Hydraulic computations were obtained using the HEC-RAS (HEC 1998b) 1D model for a
gradually varied flow regime, solved by the standard step-backwater method (Chow et al.
1988). The use of a GIS tool allowed the management of the geometric input data for
the hydraulic model, the delineation of the flood extent, the spatial analysis of the results
and the production of flood risk maps. The ArcView HEC-GeoRAS extension was used
to create the file of geometric input data that could be imported into HEC-RAS. The file
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maintained the location of the cross-sections as xyz coordinates of the terrain model. The
station-elevation data (z) of the cross-sections was extracted from the terrain TIN at the
edge of each triangle along each cut line (HEC 2002). This means that the definition of
the cross-sections directly depends on the resolution of the TIN and the topographic data
source. HEC-GeoRAS also enabled the import of the hydraulic modelling results into
the GIS, where the intersection between the computed water level and the cross-section
enabled the graphical georepresentation of the flooded areas to be made over the digital
terrain model (Tate et al. 1999). This approximation represented the variation of the water
slope between two sections more accurately than other interpolation techniques such as
geo-statistical methods or neighbourhood analysis (Werner 2001). A map showing the
Manning’s n roughness coefficients for the different channel and floodplain elements was
produced from the 1:5000 orthoimage of the area (Figure 3.2) and field notes, establishing
the values shown in Table 3.2 (HEC 1998a; Martin-Vide 2002).
Water surface profiles were calculated for flows of 50 m3 s−1 to 3000 m3 /s, at 50 m3 /s
increments, with a subcritical flow regime defined. The boundary conditions were established as critical at the most downstream section where the river narrows as it passes
between the Muntanya de Sant Julià and Muntanya de Congost hills (Figure 3.1b). The
flood model consisted of three steps: (1) the extraction of the geometric data of the river
and floodplains (Figure 3.2) from datasets and the TIN model of the terrain from the GIS;
(2) analysis of the performance of the hydraulic calculations in HEC-RAS, and (3) delineation of the flooded area in the terrain model for each modelled discharge and generation
of a raster model of the flood with water depth data at each cell.

Landuse
Crops
Riparian Vegetation
Poplar Groves
Gravel Bars
Channel
stream
flowpath
cross-section
banks

0 50 100

200

300

Meters
400

Figure 3.2. Geometric input data for the HEC RAS model: river thalweg, river banks and
Manning polygonal segmentation according to land use and flowpaths.
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Table 3.2. Manning’s n coefficients for the different floodplain land uses.

3.2.3

Description

Value

Gravel bars
Channel (sand and gravel)
Poplar groves
Crops
Riparian vegetation

0.03
0.026
0.055
0.04
0.065

Data analysis

The accuracy of the topographic models was evaluated through comparing the DTM
results with 250 GPS ground points, defined as control points. The error of the surfaces was
considered to be the height difference between the GPS control point and the interpolated
point in each DTM. Statistics of the errors, root mean squared error (RMSE), standard
deviation, and mean, maximum and minimum difference, were calculated to assess the
accuracy of the DTMs.
The GPS-based hydraulic model results (discharge and water surface elevation) were used
as the reference data as they were considered the most accurate due to the centimetric
resolution obtained for the surveyed cross-sections from which the hydraulic model bases
the computations. The results of the hydraulic model at each cross-section, for each of
the seven terrain models, were compared with the reference data. The variation introduced by each of the DTMs for the calculation of the water surface elevation for each
cross-section was analysed for discharge simulations of 500, 1000, 1500, 2000, 2500 and
3000 m3 /s. These discharges approximate the 2, 5, 25, 50, 100 and 500 year return periods,
respectively, according to flood frequency analysis at an upstream gauge station.
In order to assess the impact of the DTMs on the calculation of the flooded area, the
area was expressed as a percentage of the inundated domain that was estimated with the
reference terrain model obtained by the optimisation of the laser based model with GPS
ground points and bathymetry of the channel. Laser-based DTM results at different grid
sizes (2, 3 and 4 m) were compared with the DTM grid cell size closest to the original
point density of the raw data (1 m), which produces the most accurate topographic surfaces
(Beham 2000; Smith et al. 2003).
The sensitivity of the hydraulic results to variations in the roughness coefficient (Manning’s n) for each terrain model was analysed. Twenty-two simulation cases have been
studied, using each of the seven terrain models and four different mesh resolutions, with
two variations in Manning’s n for each one. The quantification of the sensitivity of the
hydraulic model to these variations was calculated by multiplying these values by the fac-
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tors 0.75 and 1.25. The hydraulic results were compared with the results obtained with
the initial coefficients for each terrain model. In this way, the influence of the roughness
coefficient modification, dependent on the terrain model used, was determined. The mean
variation of the water level results for each cross-section was calculated and represented
as a function of the different discharges used (namely 500, 1000, 1500, 2000, 2500 and
3000 m3 /s).

3.3
3.3.1

Results
Accuracy of the topographic models

Table 3.3 shows the error statistics calculated for each DTM of the study reach. The
RMSE of the LiDAR based model is 0.3 m at the ground points, this being within the
accuracy usually obtained with this type of data. However, the RMSE at the low flow
zone is larger (1.6 m) due to the fact that the laser does not penetrate the water surface.
The DTM based on contour intervals has an error of 2.7 m and 6.3 m for the terrain and
the river bed, respectively. This large error is explained by a lack of contour lines for the
channel zone that does not provide sufficient topographic detail of either the river or the
adjacent floodplain areas. The study of the accuracy of the laser based DTMs at different
mesh resolutions (2, 3 and 4 m) shows a RMSE of 0.41, 0.46 and 0.54 m, respectively.
This indicates that even with a lower resolution the terrain is still well defined. Figure
3.3 provides an example of the effect different DTMs have on the resultant cross-sectional
profile. The different surface topographies produced will influence the hydraulic modelling
results for the study reach.

Table 3.3. Statistics of the errors (m) of the terrain models and bathymetry respect to the GPS
control points.

Statistics
Number of points
Maximum Error
Minimum Error
Medium Error
Standard Deviation
RMSE

DTM (ground)
LiDAR Contours
272
3.992
0.002
0.257
0.370
0.302

281
5.765
0.004
2.043
1.853
2.756

DTM (low flow channel)
LiDAR
Contours
119
4.231
0.010
1.281
0.967
1.603

119
9.260
4.440
6.272
0.985
6.349
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3.3.2

Hydraulic modelling and rating curves

All the cross-sections evaluated show similar rating curve patterns (Figure 3.3), however,
the contour-based DTM results in much higher calculated water surface elevations than
those obtained with the other topographic sources. The results are improved when this
DTM is combined with ground data and bathymetry. Similarly, the rest of the topographies also improve their results as surveyed topographic data are added to the model. In
each case, the lowest water surface elevations are those obtained from the high resolution
GPS survey, whilst it becomes higher as the cartographic resolution decreases. It can be
observed that the improvement of the hydraulic results using the laser-based model, as
measured points of the channel and the floodplains are added, is progressive while the
contour-based improvement is much more marked. At cross-sections with shallow water
depths the rating curves present very little difference between the GPS and laser based
models.
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Figure 3.3. (a) The geometry of cross section 1326 (see location in Figure 2) indicating
important discrepancies between the profiles depending on the DTM used. (b) Rating curves
related to cross section 1326.

Figure 3.4 presents the RMSE data for the estimation of the water surface elevation. The
graph shows the changing errors for each DTM for different modelled discharges. The
contour-based model does not provide any detail of either the channel or the floodplain
areas, so the error in the determination of the water surface elevation is larger for small
discharges. This error decreases as discharge increases (by up to 2.1 m from 500 to
3000 m3 /s. The RMSE for laser based cartography smoothly increases with discharge
(∼ 0.3 m from 500 to 3000 m3 /s), probably due to the inaccuracy introduced by the
filtering of altimetric data when the DTM is built. In general, the results of each model
improve when topographic measured data are added. In the case of the contour-based
model the improvement is around 4.5 m (∼ 2 m with bathymetry added and ∼ 4.4 m with
bathymetry and ground GPS points added). The improvement for the laser based model
is of 0.3 m in its root mean-squared error. The RMSE for the estimation of the water
surface elevation for different grid cell sizes is less than 0.1 m. This indicates very similar

3. Topographic Data Source on 1D Hydraulic Modelling

39

water surface elevation results irrespective of the mesh resolution selected using a laser
based source cartography.
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Figure 3.4. Histogram showing the root mean square error (RMSE) in the estimation of the
water surface elevation analysed for each terrain model with respect to the GPS based model.

3.3.3

Relative sensitivity of the topographic data source to variations
in the roughness coefficient

Figure 3.5 shows that the contour-based model results (water surface elevation) are the
least affected by roughness coefficient variations (∼ 0.32 m for a factor of 0.75; ∼ 0.36 m
for a factor 1.25), with lower variation for small discharges (0.27 m for 500 m3 /s). This
influence increases as GPS data and bathymetry are incorporated to the model and leads
to greater water level variations (-0.56 and 0.58 for 0.75 and 1.25 factors, respectively).
Laser based models produce larger variations than the contour based results (∼ 0.5 m) but
it is maintained when terrain data are added. For each topographic model, the smaller
variations are for the lowest discharges (500 m3 /s). In general, it can be noted that for
any discharge, the more detailed the terrain model represented, the greater sensitivity of
the hydraulic results to roughness coefficient variations. The analysis of the laser based
models at different resolutions shows variations of between 0.4 and 0.6 m for the eight
simulations generated, indicating little significant difference between them. These values
are close to the variations registered with the higher resolution DTMs.
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Figure 3.5. Histogram showing the effect of modifying the Manning’s n coefficient on water
surface elevation. The mean variation (m) in water surface elevation is shown for each DTM at
different discharges.

3.3.4

Quantifying the effect of the topographic data source on the delineation of flooded area

Figure 3.6 represents the calculated flooded areas, for each simulation case, for a modelled
flood with a discharge of 1000 m3 /s. The results show a clear tendency of increasing
flooded area as the resolution of the topography decreases. The clearest case is that of the
contour based model in which the channel is not well defined, either in terms of depth or
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area, so the water extends further over the floodplain.
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Figure 3.6. The flooded area and error bars calculated for each terrain model with a discharge
of 1000 m3s-1.

Error bars of the flooded area (Figure 3.6) and the quantification of the percentage variation (Table 3.4) illustrate the large differences between the estimation of the flooded
areas with a GPS or laser based terrain model and that obtained with a contour based
model, highlighting the latter’s unsuitability for the accurate estimation of flooded area.
The behaviour of the optimised laser based model is very similar. GPS topography shows
variations of up to 8% for large discharges (1500 - 2000 m3 /s). This can be due to the
way in which ground data were acquired as cross-sections and important points of the
terrain. Therefore, there are data missing between cross-sections, so that the flooded area
is determined by the interpolation between the cross-section data. This can introduce a
certain error in the representation of floods on alluvial floodplains.

Table 3.4. Variation of the flooded area for each terrain model expressed as a percentage of the
flooded area estimated with the reference terrain model that was obtained by the optimisation of
the laser based model with GPS ground points and bathymetry of the channel.

Q [m3 /s]

GPS

LiDAR

C

LiDAR+Bat

C+Bat

C+Bat+GPS

500
1000
1500
2000

4.895
2.700
8.636
8.244

0.094
0.037
0.047
0.197

62.824
55.133
37.661
38.133

0.026
0.016
0.002
0.040

32.725
32.252
18.459
13.879
C. contours

5.273
0.157
3.647
4.015
Bat. bathymetry
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Figure 3.7 presents an orthoimage of the area illustrating the different flooded areas produced by different DTMs for a discharge of 1000 m3 /s. The largest flooded area is that
resulting from the contour based model, indicating that some infrastructures and houses
would be prone to inundation during a flood of this magnitude, whereas the more accurate
DTMs (the GPS and laser based models) predict that these areas would remain above the
floodwaters.
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Figure 3.7. Orthoimage of the study reach showing the delineation of flooded area for a
discharge of 1000 m3s-1 calculated using different terrain models.

Figure 3.8 shows the percentage variation of the flooded area considering three different
mesh resolutions. The graph shows a clear increment of the variation in the flooded area
with the enlargement of the grid cell size. A maximum variation of 7.3% with a 4 m cell
size occurred for a discharge of 500 m3 /s. This data is close to the variation obtained with
the use of a GPS or an optimized contour based cartography (5% and 5.3% respectively).
The variation is reduced as the discharge is increased, with differences of 2.6% between
discharges of 500 and 3000 m3 /s. These variations are mainly due to the different mesh
resolution at the intersection perimeter between the TIN of the terrain and the water
surface elevation model, having less influence at coarser resolutions in floodplain areas
due to the low relief.

Variation percentage of the inundated domain
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Figure 3.8. Percentage variation in flooded area with mesh resolutions of 2, 3 and 4 m for
different discharges.

3.4

Discussion

Laser based models can be highlighted as a new and suitable source for the parameterisation of channel and floodplain topography, especially due to its specific use in hydraulic
modelling, in agreement with other recent studies (Marks and Bates 2000; French 2003;
Charlton et al. 2003; Hollaus et al. 2005). This source of data provides high resolution altimetric data, uniformly distributed across the studied area. It also facilitates
the incorporation of new sections, based on surveyed data, to one-dimensional models.
Furthermore, with the increasing tendency over recent years for the use of two and threedimensional models, this kind of well distributed spatial information is fundamental. The
DTM and its resolution determines the quality of the inundation predictions at the intersection of the water elevation with the DEM. The results of the mesh resolution sensitivity
analysis of LiDAR data in this study also indicate that there is not such an important
dependence on the mesh resolution using the one-dimensional approach. In the case where
floodplain flow processes are important, a wide floodplain of complex morphology may,
therefore, require a 2D or more complex approach (Bates et al. 2005; Horritt and Bates
2002). A bi-dimensional definition of the hydraulic parameters of the model, in particular
the extent of the flooded area, would depend mainly on the cartography and the mesh
resolution.
By analysing the time-cost ratio (Table 3.5) and the accuracy obtained for the different
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hydraulic modelling results (Table 3.6), some selection criteria can be set up for determining the type of DTM to be used. The 1:5000 contour-based DTM has a low cost,
however the ineffectiveness for its use in hydraulic modelling has been illustrated for the
Ter study reach. The model improves as GPS points and bathymetric data are added,
making it more expensive but also introducing the uncertainty of the interpolation between cross-sections, characteristic of the GPS-based models. Laser-based models appear
to be economically viable for large areas and provide very precise results, even when using
them as the only source of topographic data (water surface elevation, RMSE = 0.85 m;
percentage error of flood inundation extent = 0.2 m2 ). However, the incorporation of
surveyed points to the laser based model can improve the model further as the RMSE of
the water surface elevation is reduced.
Digital terrain and surface models obtained from laser altimetry constitute an optimal
solution, with its specific treatment for the improvement of hydraulic modelling an ongoing focus of research (Horritt et al. 2006; Bates et al. 2003; Raber et al. 2003; Cobby
et al. 2003). However, depending on the task at hand, the most effective solution for the
choice of the topography will not be unique and will be determined by the specific purpose
and requirements of the hydraulic study.
Table 3.5. Summary of the aproximate cost per hectare of each cartographic source. Prices
exclude value-added tax, December 2006. Minimum area 1 Ha (0.01 km2 )

Cartography
GPS survey
LiDAR model
Contour line model
Bathymetry

Aprox. cost per Ha, e

Rate of execution

RMSE, m

8.60
12
0.17
300

5 Ha/Day
7500 Ha/Hour
/
1 Ha/Day

0.1
0.3
2.7
0.2

Table 3.6. Summary of the errors in water surface elevation (RMSE) and flooded area
(% inundation extent) for each DTM

Model
GPS
LiDAR
Contours
LiDAR + Bathymetry
LiDAR + Bathymetry + GPS
Contours + Bathymetry
Contours + Bathymetry + GPS
∗ For a 2000 m3 /s discharge

RM SE ∗ , (m wse)

Error∗ (% ie)

0
0.85
2.98
0.61
0.72
1.62
0.21

8.2
0.2
38.1
0.04
0
13.9
4.1
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Conclusions

In this paper different methodologies have been applied for the management and analysis
of different topographic sources for its incorporation in hydraulic flood modelling. For
each case, accuracy and errors have been quantified for the use of these terrain models
with the HEC-RAS hydraulic model. The main conclusions of this paper are:
1) The results of the hydraulic modelling depend mainly on the DTM quality. The 1:5000
contour based DTM overestimates the water surface elevation, while the GPS-based DTM
produces more realistic results. The contour-based DTM produces an RMSE for water
surface elevation of 4.5 m when compared with the results of the model using the GPS
based DTM. This RMSE is reduced by incorporating surveyed points within the model
(by 2 m when adding bathymetry and by 4.4 m when adding bathymetry and GPS points).
Laser altimetry data produces a RMSE of 0.3 m that can be explained by the filtering
methodology used to obtain the DTM.
2) Contour based models calculate higher water surface elevations than the other topographic data sources. The lowest values are calculated with GPS based models, increasing
water surface elevation occurs as the topographic resolution decreases.
3) The RMSE calculated for the determination of the water surface elevation obtained
from the contour based model decreases by upto 2.1m as the discharge increases from 500
to 3000 m3 /s. For laser-based models the RMSE increases smoothly with discharge (0.3 m
from 500 to 3000 m3 /s)
4) The hydraulic models based on high resolution DTMs show the greatest sensitivity to
changes in the Manning’s n roughness coefficient. The highest influence has been observed
with the LiDAR data (∼ 0.5 m) and the lowest using the contour-based DTM (∼ 0.3 m),
when compared with the original results.
5) The estimation of the flooded area shows variations of up to 50% for a contour-based
model when compared to the laser optimized DTM. The GPS-based model generates
variations of upto 8% due to the interpolation between cross-sections in representing the
floodplain, while optimised laser and contour based models vary by less than 1%.
6) Different grid cell sizes from LiDAR data produce no significant differences in the determination of the water surface elevation with an RMSE lower than 0.1 m. With changing
mesh resolution, the cross-sections change their shape and calculated water elevations
should change. However, due to the low relief of the domain, a good representation of the
topography can be achieved with a lower mesh resolution as long as elevation terrain data
are sufficiently accurate.
7) The sensitivity analysis between DTMs of different mesh resolutions to changes in the
Manning´s roughness coefficient shows differences of about 0.4 and 0.6 m. These values
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are close to the variations registered with the DTMs based on high resolution cartography
(laser and optimised contours ∼ 0.6 m).
8) The generalization of the laser topography produces a clear increment in the variation
of the flooded area with the decrease of the mesh resolution. Variations of up to 7.3% are
produced with a 4 m cell size mesh (for a discharge of 500 m3 /s). This variation is reduced
as discharge increases, with differences of 2.6% (500 and 3000 m3 /s). This indicates that
a coarser resolution will have less consequence in floodplain areas.

Chapter 4

Interactions between topography and roughness in a two-dimensional hydraulic model

4.1

Introduction

Two-dimensional methodological approaches are currently used to address planning and
operational issues in water supply networks, collection systems and river management,
reflecting increasing awareness of flood inundation hazards over the last few decades.
Two-dimensional models solve a form of the Navier-Stokes equations, in conjunction with
a number of approximations, including representation of processes such as turbulence and
boundary friction (§A.1). Equations are solved numerically at every computational node
which constitutes the mesh in which the geographical domain is discretised. These models
assumes that given appropriate boundary conditions, the water depth and two depthaveraged horizontal components of the flow velocity at each computational node can be
obtained at each time step.
Two-dimensional hydraulic models vary in the form of the two-dimensional flow equations
used as well as the way the associated equations are solved. Examples include quasi-2D
cell inundation codes (e.g. Cunge 1975), simple raster based inundation codes (e.g. Horritt and Bates 2001b; Aronica et al. 2002) or full 2D finite element codes (e.g. Bates
1998; Aronica et al. 1998). In applying hydraulic modelling to complex natural reaches,
the suitability of the discretisation method will depend on the purpose of the model. A
compromise must be reached between computational cost and the density of the discretisation deemed necessary to represent the scale of the flow process of interest. On the
one hand, this has led to development of nested modelling strategies (Bates et al. 2005)
where levels of process complexity may vary in space (and potentially in time) within
the model according to the level of detail required for each process. On the other, the
complexity required in the hydraulic model has been varied according to the hydraulic
complexity of the processes being represented. An example of a nested approach couples raster-based two-dimensional floodplain flow models with one-dimensional hydraulic
47
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models. The depth-averaged form of the Navier-Stokes equations is simplified through
ignoring the associated inertial terms (e.g. Bradbrook et al. 2004) coupled with a 1D
simulation of the channel flow using some form of the 1D St. Venant equations (§A.2).
This approach is valid only for shallow inundation depths on the floodplain where the flow
is predominantly driven by the local water surface slope and the momentum effects are
less important (Bradbrook 2006). However, diffusion-wave models allows explicit incorporation of topographic data and hence application over large areas, at higher resolutions
and for longer time periods (Yu 2005). These models take advantage of 1D computational
efficiency in the channel and reduce computational cost with the form of the 2D treatment
on the floodplain. Topographic representation is crucial for such topographically-driven
models and uncertainties in representation of topography and roughness will influence
results more than hydraulic simplifications (Molinaro et al. 1994).
There are two main interrelated spatial scale issues in any two-dimensional approach
related to the parameterisation of the terrain surface within the numerical mesh: (1) the
scale of topography included; and (2) the consequent subgrid scale parameterisation.
Topographic parameterisation is commonly implemented by providing the model with input data that characterise the topographic surface. Such topographic data are commonly
measured. Ideally, the topographic variability of the surface should match the measurement and the representation scales. However, scaling procedures (e.g. interpolation, resampling, generalisation) are commonly required to fulfil model requirements in relation
to topographic parameterisation and deal with possible scale discrepancies. Uncertainties
in topographic parameterisation due to scaling effects may be introduced and will be extremely difficult to quantify and to identify. For instance, a typical operation of averaging
altimetric information may smooth the topographic content of the mesh when a coarser
scale is required because of computational restrictions. Topographic representation in a
DEM is determined by (Table 4.1): (i) the mesh resolution (m) and (ii) the topographic
content of the mesh elements (4z). The mesh resolution is the size of the modelling cell at
which topographic data will be represented by a unique averaged value. The topographic
content is the range of topographic data within the mesh cell area which will be averaged.
Both are modified by scaling methods and hence both impact upon 2D flow results (e.g.
Horritt et al. 2006). The main problem to identify both impacts is that when modifying
mesh resolution, topographic content is also modified. The importance of mesh resolution for flow results is critical especially in raster-based models where calculations are not
independent of the discretisation and are ultimately based on the underlying DEM (Yu
and Lane 2006a; Werner 2004; Marks and Bates 2000; Bates and Roo 2000; Horritt and
Bates 2001b). However, the topographic content impact has not been previously assessed
given the difficulty to separate it from mesh resolution impact. This topographic content
depends on topographic variability and therefore, in practise, will rely on the measurement
scale.
LiDAR (§2.5.1) has become in the last years in a widely accepted source of topographic
floodplain representation for hydraulic modelling purposes (Brügelmann and Bollweg 2004;
Hollaus et al. 2005; Haile and Rientjes 2005). LiDAR measurement principles are well
established (Ackermann 1999; Wehr and Lohr 1999) but the processing of raw data and
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the accuracy of resultant modelled data are not so (Gomes-Pereira and Wicherson 1999;
Hodgson and Bresnahan 2004). LiDAR accuracy depends on different issues like system
characteristics, observation angle, type of land cover, slope of the terrain. In LiDAR applications in river hydraulics, previous research has addressed the influence not only of
mesh resolution of processed laser data but of any characteristic element that modify the
measurement scale like the raw point density scheme or flying height in the measurement
scale (Yu et al. 2004; Hirata 2004) and its particular impact upon flood modelling (Raber
et al. 2003; Omer et al. 2003; Gueudet 2004; Haile 2005). The suitability of LiDAR for
topographic and roughness representation within computational hydraulics has also been
investigated (Marks and Bates 2000; French 2003; Mason et al. 2003; Asselman 2002).
One of the main difficulties in the use of LiDAR data is the uncertainty introduced in
the DEM, namely the measurement errors due to the difficulty of separating bare earth
from the rest of measured data. Particularly, low vegetation is very difficult to differentiate
from ground data (Asselman 2002; Straatsma and Middelkoop 2006). Filtering procedures
are commonly used to classify bare earth from the rest of the points. Different classification procedures or criteria will lead to different modelled ground surfaces for a certain
mesh resolution. Points classified as terrain will determine the topographic content of the
ground model which in combination with mesh resolution determine the spatial scale of
the elevation model. Thus, high resolution laser altimetry data cannot only be extremely
useful for the topographic parameterisation of a 2D hydraulic model but also may provide
insight into the main set of problems related to scale in spatial parameterisation. LiDAR
data can be used to control the topographic content introduced into a DEM generated for
a fixed mesh resolution. In this way, the assessment of spatial scale effects in hydraulic
models can be performed by modifying both the topographic content of the DEM and the
mesh resolution.
The scale dependence of the model on topographic parameterisation will determine the
consequent spatial subscale parameterisation requirements (see Table 4.1). The interacting
effects among both are rarely considered but likely to be complex. The complexity resides
in the fact that subscale effects (§2.3), may have a non-linear impact on flow results
(Horritt et al. 2006; Nicholas 2005) and require a distributed surface parameterisation.
Accordingly, hydraulic model response should be evaluated in a spatially distributed way
(Lane et al. 2005).
Since roughness is conceptually defined by reference to the surface, parameterisation of
roughness using a roughness height approach (z0 ) within a two-dimensional hydraulic
model (§A.4) should be related to the elements over the bed surface, and ought to be
spatially variable and scale-dependent in relation to both mesh resolution and the topographic content of topographic parameterisation (Table 4.1). Therefore, the spatial scale
of discretisation in the hydraulic model should act as a threshold for the relative topographic and roughness parameterisation. The roughness height (z0 ) should be determined
by the topographic content (4z) of the discretised mesh, which conversely depend on the
mesh resolution (m) of topographic and roughness parameterisation .

Roughness height
(z0 )

DRM

DEM

Topographic content
(surface roughness)
(4z)

Effects of subscale
topographic parameterisation

DEM/DRM

Mesh resolution
(m)

Effects of explicit
topographic representation

Parameterisation
models

Spatial
components

Scaling
effects

Modification of the roughness height (z0 )
contained in the DRM (m) as a function
of the (4z) contained in the DEM (m),
(see figure 4.8.b)

Modification of the vertical threshold
that control the incorporation of
surface roughness (4z) in the DEM
(see figure 4.8.a)

Interpolation
Resampling

Scaling
procedure

Table 4.1. Scaling procedures in topographic and roughness parameterisation

z0 [0.02 - 5.57m]
n [0.035 - 0.249]

4z
[ref, ±5cm, ±10cm,
±25cm, ±50cm]

m [1, 2, 4, 8m]
m [1, 2, 4, 8m]

Range
values
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Hence, topographic and roughness parameterisation are connected through a three-way interaction where mesh resolution, topographic content and the roughness parameter ought
to physically interact spatially with each other in the modelling parameterisation approach
according to spatial scale. This three-way interaction must be recognised in any methodology designed to parameterise the hydraulic model in a spatially distributed way, in order to
assess the scale dependency of topographic and roughness parameterisation in a physically
realistic way as this chapter pretends in a two-dimensional approach (Table 4.1).
The use of LiDAR to characterise vegetation is under active research (Weltz et al. 1994;
Cobby et al. 2001; Menenti and Ritchie 1994; Hu and Tao 2003; Straatsma and Middelkoop 2006; Elberink and Maas 2000; Zhan et al. 2002) Up to now, LiDAR data have
been used for the parameterisation of roughness for hydraulic models (i) using exclusively
vegetation heights from laser data (Cobby et al. 2003; Mason et al. 2003) or (ii) using vegetation heights, spatial patterns and density to determine a roughness coefficient
(Asselman 2002). Mason et al. (2003) upscaled the Manning’s n roughness coefficient to
represent distributed vegetative roughness in floodplain flow model using LiDAR-derived
vegetation height data using some laboratory generated flow resistance equations for short
∼ 1m (Kouwen and Li 1980) and tall and intermediate vegetation (Kouwen and FathiMoghadam 2000). The study proved that a distributed approach leads to significant difference in predicted water levels, although the spatial scale issue in the mesh discretisation
stage was not considered for roughness parameterisation although it is known to determine subgrid scale performance of any hydraulic model (Yu and Lane 2006b). Asselman
(2002) applied frequency distributions of vegetation heights to obtain a characterisation
of vegetation (vegetation height, type and blockage area) required for the computation
of hydraulic roughness using established equations but the procedure had limitations to
relate vegetation heights and density for low floodplain vegetation. These physically based
approaches require an improvement in the estimation of vegetation heights (Mason et al.
2003; Asselman 2002) which for low vegetation (shorter than 1.5m) is difficult due to the
noise in currently available laser scanning data (Straatsma and Middelkoop 2006). In
addition, it must be noted here that these two approaches only address momentum effects
and not blockage effects of roughness upon the flow and still use inappropriate process
laws (e.g. Mason et al’s use of the Manning equation). The above review identifies two
key issues to be further developed. First, a methodology is required that accounts for the
scale interactions between mesh resolution, topographic content and roughness parameterisation. The second is a need to understand the distributed scale effects on the flow
when using a distributed spatial and temporal variable friction parameterisation. It must
be noted here that a precise characterisation of flow resistance values is out of the scope
of this study, and it would require detailed field record of hydraulic variables (discharge,
depth, velocity, etc.) during a flood.
This chapter aims to explore scaling effects associated with the parameterisation of topography and roughness (i.e. surface at different scales) and possible interactions between its
components (mesh resolution, topographic content of the DEM and roughness parameterisation) within a 2D raster-based diffusion-wave model.
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Aim and objectives

The main aim of this chapter is the assessment of the spatial scale dependence of a raster
based 2D diffusion wave modelling on topographic representation and parameterisation
and its interactions with a distributed spatially and temporally variable roughness parameterisation using laser altimetry data. The specific objectives are:
(1) To parameterise a distributed roughness variable which is scale dependent on the mesh
resolution and the surface roughness of the DEM. The parameterisation will be carried
out on the basis of a LiDAR-derived vegetation height model and it will be applied in a
raster based 2D diffusion wave model.
(2) To perform a sensitivity analysis on the model results to mesh resolution due to
interpolation and resampling procedures of topographic data.
(3) To look for possible interactions between topographic and roughness parameterisation
in relation to model results.
(4) To assess the use of geostatistical methods to document scaling effects in hydraulic
modelling results and model performance.

4.3
4.3.1

Methodology
Hydraulic modelling

In this study, a hybrid 1D-2D hydraulic model (TopHydro-1D2D) based on a 2D diffusion
wave flood inundation have been used (Yu 2005; Yu and Lane 2006a; Yu and Lane 2006b).
The model presents a model graphic user interface (GUI) coded in an object-oriented programming language (Java) with a front end for visualization. The diffusion wave model
solves the 2D Saint-Venant equations by ignoring the inertial terms in the momentum
equation. The governing equations are solved in a raster-based environment. The topographic domain is discretised in a regular mesh and flux between cells is calculated based
on topographic properties using a diffusive wave approach. The model is topographically
driven, and recognizes any change in topographic modelling scale in terms of small-scale
flow characteristics and routing, water surface elevation and large-scale inundation extent.
A tightly-coupled approach has been used where river flow is calculated separately from
the floodplain flow in an existing 1D river flow model. One-dimensional river flow and
two-dimensional floodplain flows are solved simultaneously (§A.3). This means at one
time step, both the one and two-dimensional models run.
The study area and LiDAR data were described in section (§3.2.1). For a more detailed

4. Interactions between topography and roughness in a 2D hydraulic model

53

study of the possible interactions between surface and hydraulic roughness parameterisation a rectangle of 100 meters by 50 meters was selected (Figure 4.1).
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Figure 4.1. Ortophoto with the location of the modelled reach (large rectangle) and the
detailed rectangle on the floodplain of the Ter River, near Sant Julià de Ramis (Girona, Spain)
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Model boundary conditions
River geometry for flood inundation modelling typically includes surveyed river crosssection data and floodplain topography. Input data for flood inundation include roughness
coefficients for the river channel and floodplain and hydrometric data in the river channel.
Boundary conditions at the upstream and downstream sections and for every time step
were obtained for the 1D hydraulic modelling described in chapter (§3.2.2). The onedimensional model was run for a subcritical flow regime, water surface elevation data and
mean velocity values were obtained for the hydrograph shown in Figure 4.2.
2000
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Figure 4.2. Hydrograph used as input to run the hydraulic model

Model geometry
The geometry dataset required by the model is the floodplain topography as a raster
model DEM and the 1D river geometry. The river channel domain has been previously
delimited by a vector polygon cover in which the topography of fourteen cross-sections
was available as they had been previously surveyed by GPS (§3.2.1). The intersection of
the river domain and the cross-section vector covers were rasterised as a structured mesh
within ArcGIS for the meshes resolutions used in the research namely 1, 2, 4 and 8 m
mesh and introduced in the model as ASCII files.
The channel was represented in the model with a simple cross section geometry. Each crosssection requires (see Table 4.2): an identification number; channel width and depth, lowest
bed elevation, a mean Manning’s n coefficient. Initial boundary conditions include a mean
velocity value and the water depth for an initial discharge of 25 m3 /s. Water depth and
mean velocity values were obtained from 1D simulation for an initial discharge of 25 m3 /s.
The channel width and depth were both calculated with cross-section GPS coordinates.
The bed elevation of the lowest point within the cross-section was obtained from GPS
elevation data and Manning’s n coefficients were obtained through a calibration process
using water depths with the 1D HEC-RAS model (chapter 3). Values of the required data
used are summarized in table 4.2.
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Table 4.2. Model geometry and boundary conditions estimated for an initial discharge of 25
m3 /s

XS
ID

width
[m]

length
[m]

bed elevation
[m]

Manning’s n

mean velocity
[m2 /s]

depth
[m]

0
1
2
3
4
5
6
7
8
9
10
11
12
13

41.86
53.01
56.18
48.96
43.04
41.93
71.42
73.79
66.48
55.13
61.84
91.80
90.67
50.02

31.38
90.05
151.64
88.12
159.17
96.00
135.08
52.49
61.73
124.05
125.66
157.86
25.28
25.00

44.88
44.91
44.88
44.90
44.85
44.90
44.91
44.89
44.88
44.84
44.86
44.81
44.37
44.39

0.000
0.100
0.105
0.043
0.020
0.088
0.072
0.026
0.040
0.072
0.091
0.015
0.087
0.030

0.69
0.49
0.46
0.44
0.46
0.68
0.66
0.56
0.73
0.52
0.54
0.51
0.85
1.44

1.43
1.40
1.41
1.36
1.40
1.26
1.21
1.19
1.12
1.09
1.00
0.99
1.29
1.09

Flow boundary conditions are defined using a depth and an estimated flow velocity downstream and upstream of the modelled river reach respectively (§4.3). These boundary
conditions are obtained from the previous 1D model simulation and are introduced in the
model as ASCII files. The model was run for the whole floodplain area for each of the fifty
DEMs and the associated digital roughness models (DRMs). Two-dimensional velocities
and water surface elevation ASCII files were obtained for each simulation.

Table 4.3. Inflow data.

Time [h]
0
1
2
3
4
5
6

Discharge [m3 s−1 ]

Depth [m] downstream

Velocity [ms−1 ] upstream

50
1000
2000
1000
1000
1000
1000

1.09
4.93
7.26
4.93
4.93
4.93
4.93

0.69
2.81
3.18
2.81
2.81
2.81
2.81
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Surface modelling

LiDAR data processing

The initial separation of raw LiDAR data into ground and non-ground points (filtering)
used the TerraScan software (TerraSolid 2001). This software runs in Bentley’s Microstation. From the variety of methods used nowadays to classify ground points (Sithole
and Vosselman 2003), TerraScan uses a progressive TIN densification algorithm (Axelsson
1999; Axelsson 2000; Axelsson 2001). In this method, a sparse TIN is initially derived
from neighbourhood minima 4.3. Using this initial approximation to the bare earth, an
iterative process densifies the point cloud. In each iteration a point is added to the TIN if
it meets a certain criteria in relation to the triangle that contains the points. The ground
surface is allowed to fluctuate within certain values as points will be added to the TIN if
they are within data derived thresholds. Both TIN and thresholds are recalculated after
each point included. The parameters that define the criteria thresholds are the minimum
distance to the nearest triangle node and the angle between the triangle normal and the
line that joins the point and triangle nodes. At the end of each iteration the TIN and
the data derived thresholds are recomputed with the newly identified ground points now
included in the computations. New thresholds are computed based on the median values
estimated from the histograms at each iteration. These histograms are derived for the angle points make to the TIN facets and the distance to facet nodes. The addition of points
lifts the model upwards and follow the real ground surface more closely. The iterative
process ends when no more points are below the threshold. Classified ground points in
this way are used in this research to generate the reference DEM and LiDAR raw data are
incorporated to this reference DEM model to generate DEMs with additional topographic
information (§4.3.2.2).
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Figure 4.3. Schematic view of Axelsson’s progressive TIN densification algorithm. Taken from
Sithole (2005)
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DEM generation methodology

The methodology used for the generation of DEMs in this study, considers both surface
representation and the level of topographic information content. This is addressed through
progressive addition of an increasing amount of surface roughness to an initial smoothed
DEM at a certain mesh resolution. The initial DEM is generated with LiDAR data
(measured with a point density of ∼ 1 m) initially classified as ground data (§4.3.2.1).
Ground points were then interpolated into a raster model of 1 m cell size. A low pass
filter was used to generalise the model and remove or reduce local detail. The ’low pass’
filter operates by moving a window of 3x3 across the entire raster and the new value for
the cell at the middle of the window is a weighted average of the values in the window.
The resultant DEM will be a smoothed generalised version of the topographic surface for
ref
), (see figure 4.4).
a mesh resolution of 1 m (DEM1m
Additional topographic information, obtained from the full set of raw LiDAR data (Figure
4.5.a), is progressively incorporated to this reference DEM. LiDAR data is classified to be
incorporated in the DEM following a vertical variability threshold criteria, i.e. when the
distance between the reference DEM and the point is within the vertical (e.g. ±25 cm)
threshold, the point is selected to be incorporated in the DEM, (Figure 4.5.b). Four
vertical variability thresholds are used, ±5 cm, ±10 cm, ±25 cm, ±50 cm, which provides
four different sets of data containing topographic data with different elevation values.
This classification procedure was implemented in ArcMap, where selected LiDAR points
within the distance criteria are added to the reference DEM points within a TIN model
structure in order to keep the exact location of the points in the model. The resultant TIN
with additional topographic information was then interpolated into a raster model (see
figure 4.5.c). Four different mesh resolutions (m) are used (1, 2, 4 and 8m). Therefore,
ref
five DEMs are generated for each mesh resolution (m), the reference one (DEMm
) and
±5cm , DEM ±10cm , DEM ±25cm ,
four with additional topographic content (± 4 z), (DEMm
m
m
±50cm ). A total of twenty DEMs are generated in this way (DEM 4z ).
DEMm
m
Each of these DEMs is then resampled into a coarser mesh resolution. (e.g. the 1 m-DEM
is resampled into a 2 m-, 4 m- and 8 m-DEMs) using a bilinear interpolation algorithm
(e.g. Schowengerdt 1983). This method determines the new value of a cell based upon
a weighed distance average of the four nearest input cell centres and is commonly used
to solve discrepancies between the resolution of available DEM and the required by the
hydraulic model. In total, 50 scaled DEMs were generated (see Table 4.4).
Therefore, variations in flow results due to variations in the mesh resolution of the DEM
(interpolated and resampled) and due to variations in elevations at a given mesh resolution
can be assessed separately. DEMs with different topographic content at a given mesh
resolution show the same general trend and similar mean values, but the level of detail of
the DEMs is modified with the addition of topographic data (see figure 4.6). The impact
of this increment in topographic content will be assessed upon flow results as well as the
impact of the resolution of the DEM.
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Figure 4.4. Reference DEM modelling process. (a) Ground classified points, (b) Ground DEM
interpolated, (c) Smoothed reference DEM
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Figure 4.5. Generation of DEMs with additional topographic information. (a) Reference DEM
with raw LiDAR data; (b) In brown, LiDAR data within a vertical threshold of ±4z and
classified to be incorporated into the reference DEM to construct the DEM ±4z , in blue those
LiDAR points further than the ± 4z and therefore not incorporated in the DEM; (c) Final DEM
with additional topographic content of ±25 cm, (DEM ±25cm )

60

4. Interactions between topography and roughness in a 2D hydraulic model

51.5

A

ref

D

05cm

51

D

10cm

D

D25Cm

Elevation (m, asl)

50.5

D50cm

50

49.5

49

48.5

48

47.5

47
0

5

10

15

20

25

30

35

40

45

50

Distance (m)
51.5

B

Elevation (m, asl)

51

50.5

50

Dref
05cm

D

49.5

10cm

D

25cm

D

D50cm

49
0

10

20

30

40

50

60

70

80

90

100

Distance (m)
Figure 4.6. Profiles from the scaled DEM for a resolution of 1 m. (a) A profile of 50 m in a
direction perpendicular to the flow. (b) A 100m profile in a parallel direction to the flow.
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Table 4.4. Generated DEMs with different topographic content and different mesh resolutions

LiDAR Points

Interpolated DEMs

Resampled DEMs

LiDAR ground
points

DEM1m
DEM2m
DEM4m
DEM8m

DEM1−2m
DEM2−4m
DEM4−8m

DEM1−4m
DEM2−8m

DEM1−8m

LiDAR ground
points ±5cm

±5cm
DEM1m
±5cm
DEM2m
±5cm
DEM4m
±5cm
DEM8m

±5cm
DEM1−2m
±5cm
DEM2−4m
±5cm
DEM4−8m

±5cm
DEM1−4m
±5cm
DEM2−8m

±5cm
DEM1−8m

LiDAR ground
points ±10cm

±10cm
DEM1m
±10cm
DEM2m
±10cm
DEM4m
±10cm
DEM8m

±10cm
DEM1−2m
±10cm
DEM2−4m
±10cm
DEM4−8m

±10cm
DEM1−4m
±10cm
DEM2−8m

±10cm
DEM1−8m

LiDAR ground
points ±25cm

±25cm
DEM1m
±25cm
DEM2m
±25cm
DEM4m
±25cm
DEM8m

±25cm
DEM1−2m
±25cm
DEM2−4m
±25cm
DEM4−8m

±25cm
DEM1−4m
±25cm
DEM2−8m

±25cm
DEM1−8m

LiDAR ground
points ±50cm

±50cm
DEM1m
±50cm
DEM2m
±50cm
DEM4m
±50cm
DEM8m

±50cm
DEM1−2m
±50cm
DEM2−4m
±50cm
DEM4−8m

±50cm
DEM1−4m
±50cm
DEM2−8m

±50cm
DEM1−8m

62
4.3.2.3

4. Interactions between topography and roughness in a 2D hydraulic model
Roughness parameterisation

Roughness elements on a floodplain comprise both ground surface irregularities (particle
size and metric landforms) and vegetation elements and other obstructions (logs, stumps,
etc.). A spatially distributed approach to roughness parameterisation must therefore be
based on a map of these roughness elements over the floodplain at different scales as far
as the characteristic complexity of the terrain is well reflected in the topographic parameterisation. As this is not always possible due to scale, data or modelling constrictions,
surface roughness at certain scales must be incorporated through roughness parameterisation in the hydraulic model. The amount of roughness introduced in each parameterisation
scheme may then interact as both schemes (topographic and roughness) are scale dependent. The rationale behind this study aims to assess these interactions: for instance,
whether the removal of the natural terrain variability from the surface (upscaling the
topographic surface) can be compensated at the same representation scale by the incorporation of this variability through the roughness hydraulic parameterisation of the model?.
Therefore, the definition of the roughness parameterisation must physically interact with
the topographic content introduced through the topographic parameterisation at a given
mesh resolution.
In this study, roughness parameterisation was carried out using the Katul et al. (2002)
approach, which predicts flow resistance from surface roughness measures and water depth
using a mixing layer analogy rather than the standard rough-wall boundary layer theory.
The mixing layer theory with its inflectional profile yields mean flow velocities at high
relative roughness, providing analytical linkage between depth, roughness, and velocity
for h/z0 < 7 where h is water depth and z0 roughness height.
The approach makes use of the turbulent flow structure within and above rigid vegetation canopies. The structure of the flow near extensive and porous roughness elements
resembles a mixing layer with an inflection near the mean height of the roughness element
(D), Figure 4.7, (Raupach et al. 1996 cited by Katul et al. 2002 ) whereas rough-wall
boundaries do not posses an inflection point (Katul et al. 2002).

Figure 4.7. Onset of free shear turbulent flows in shallow streams, after (Katul et al. 2002)
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The theory acknowledges that the mean velocity within the roughness element is small,
while above the roughness element the mean velocity is large. Inflectional profiles are
reproduced using a mean velocity equation given by:

U
z−D
= 1 + tanh(
)
U0
Ls

(4.1)

where D is the mean height of the roughness elements; Ls is a characteristic energetic
eddy size (i.e., mixing length) produced at z = D and U0 is the mean reference velocity
at z = D. Following Katul et al., (2002), the depth-averaged velocity can result, for
Ls ∼ αD:

U
1
=
u0
h

Z
0

h

h
cosh( α1 − αD
)
z−D
αD
[1 + tanh(
)]dz = 1 +
ln(
)
1
αD
h
cosh( α )

By letting: u0 = Cu u∗ ; ξ =

(4.2)

h
D;

cosh( α1 − α1 ξ)
1
f (ξ, α) = 1 + α ln(
)
ξ
cosh( α1 )

(4.3)

U
= Cu f (ξ, α)
u∗

(4.4)

it can be expressed as:

and a relation with Manning’s n can be explicitly established:

h1/6
n= √
gCu f (ξ, α)

(4.5)

Values of α = 1 and Cu = 4.5 are recommended for a range of h/D of between 0.2 and 7.
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LiDAR
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Z0±25cm

Z0ref
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DEM±25cm
DEMref

Z0ref

(B)
LiDAR
points
Dref
Z0ref
DEMref
Figure 4.8. (a) Selection criteria for the incorporation of a LiDAR point within the topographic
or roughness parameterisation procedure. (b) Cell roughness calculation of averaged roughness
height (D) for a representation scale.

In this study, D, the mean height of the roughness element is set to the averaged value
of the roughness height (z0 ) data located within a cell of the model mesh (Figure 4.8.b).
Thus, the definition of D, and therefore n, will depend on the mesh resolution of the
scheme. Therefore, the modelling scheme of the 2D hydraulic model applied in this study
requires a digital roughness elevation model (DRM) with D values as the mean height
of the roughness heights (z0 ) contained within the cell (see Figure 4.8.b). The DRM
at a given mesh resolution, along with the local water depth are required to provide a
spatio-temporally varying parameterisation of surface friction in the flood model. Table
4.1 summarise the range of values (z0 and n) considered in the scaling process.
The methodology developed in this study to obtain a distributed roughness parameterisation is based on roughness height information (z0 ) of non-terrain elements derived from
LiDAR points recorded but not classified and thus not included in the terrain model generation as topographic content (4z), (see Figure 4.8.a). Therefore, using this scheme,
roughness height (z0 ) estimation will be dependent on the topography used to generated
the DEM 4.1. Where the DEM does not represent topography explicitly, the model account for it through the roughness height (z0 ).
Roughness height calculation uses LiDAR altimetric data to which the elevation of the
DEM is subtracted using a GIS routine (e.g. Cobby et al. 2001). The resultant roughness
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height (z0 ), which is the measured LiDAR data detrended from the terrain elevation
(Figure 4.9) was then interpolated to the according mesh resolution (m) of the DEM
into a DRMm . Tables 4.5 summarise the total amount of input DRMs generated to be
introduced into the hydraulic model.
Table 4.5. Generated roughness models for each DTM

LiDAR Points

Interpolated DRMs

Resampled DRMs

Detrended LiDAR
points

DRM1m
DRM2m
DRM4m
DRM8m

DRM1−2m
DRM2−4m
DRM4−8m

DRM1−4m
DRM2−8m

DRM1−8m

Detrended LiDAR
points ±5cm

±5cm
DRM1m
±5cm
DRM2m
±5cm
DRM4m
±5cm
DRM8m

±5cm
DRM1−2m
±5cm
DRM2−4m
±5cm
DRM4−8m

±5cm
DRM1−4m
±5cm
DRM2−8m

±5cm
DRM1−8m

Detrended LiDAR
points ±10cm

±10cm
DRM1m
±10cm
DRM2m
±10cm
DRM4m
±10cm
DRM8m

±10cm
DRM1−2m
±10cm
DRM2−4m
±10cm
DRM4−8m

±10cm
DRM1−4m
±10cm
DRM2−8m

±10cm
DRM1−8m

Detrended LiDAR
points ±25cm

±25cm
DRM1m
±25cm
DRM2m
±25cm
DRM4m
±25cm
DRM8m

±25cm
DRM1−2m
±25cm
DRM2−4m
±25cm
DRM4−8m

±25cm
DRM1−4m
±25cm
DRM2−8m

±25cm
DRM1−8m

Detrended LiDAR
points ±50cm

±50cm
DRM1m
±50cm
DRM2m
±50cm
DRM4m
±50cm
DRM8m

±50cm
DRM1−2m
±50cm
DRM2−4m
±50cm
DRM4−8m

±50cm
DRM1−4m
±50cm
DRM2−8m

±50cm
DRM1−8m

In this approach, it is assumed that the laser measures the range to any obstacle which
subsequently disturb the flow pattern at a specific location. Thus, momentum roughness
height (z0 or the height at which velocity becomes zero) is considered to be the difference
between the height at which the laser find the higher physical solid obstacle and the
estimated terrain height at that location.
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Figure 4.9. Detrended roughness heights for the 1m-resolution reference DEM studied
floodplain detail, (m)

4.3.3

Spatial semivariogram

The methodology used in this chapter to understand distributed scaling effects on the flow
when using a distributed spatial and temporal variable friction parameterisation makes
use of the semivariogram parameters obtained with the flow results. The semivariogram
represents the distance between sample pairings plotted against the semivariance, which
is a measured of spatial dependence between samples and describes the variability of the
measured values with location. Spatial statistics use the semivariogram function to indicate spatial correlation in observations measured at sample locations. Natural processes
with spatially correlation are those varying gradually with respect to distance. The general
form of the estimated semivariance may be given as:
2γ(h) =

1X
[g(x) − g(x + h)]2
n

(4.6)

where g stands for sample value, x denotes the position of one sample in the pair and x + h
the position of the other, and n is the number of pairs that we have.
In the ideal case, pairs of locations which are closer have smaller variance as compared
to pairs of locations which are further apart. The semivariance (figure 4.10) gradually
increases till a threshold is reached in the distance of separation (range, a) beyond which
the sample values will become independent of one another and semivariance will then
become more or less constant. Thus, this range can be used to measure the scale up to
which variability is scale-dependant, and therefore, exhibits spatial correlation. The value
of γ at which the graphs levels off is called the sill of the semi-variogram (C) and can
be used to describe the variability of this scale-dependence. The ’nugget effect’ (C0 ) or
failure of the semivariogram to pass through the origin, is indicative of high variability
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Semivariance (h)

over distances less than the sampling interval. A mathematical model may be fitted to
the variogram, and the modelled parameters (a, C, C0 ) can be used to define the spatial
structure of a surface, considering the range as the scale up to which the surface shows
spatial correlation and the sill as a measure of the difference between the samples at a
distance h for which spatial dependence exits. The sill is also coincident with the ordinary
sample variance of the samples. In this study, the sample variogram was modelled using
a Gaussian model and the parameters of the semivariogram were used to analyse scale
effects.

Sill (C)

Range (a)
Nugget (Co)
Distance (h)

Figure 4.10. Semivariogram parameters

4.4

Results

This section is structured according to the Chapter objectives (§4.2). In the first section
(§4.4.1), the distributed roughness parameterisation methodology developed is evaluated
and its interactions with mesh resolution and topographic content are assessed. In the
second section (§4.4.2), according to objective number two, scaling effect due to interpolation and resampling procedures into different mesh resolutions are evaluated. In section
4.4.3, scaling effects in the subscale parameterisation (roughness parameterisation and
topographic content of the DEM) and its interactions with mesh resolution are assessed.
Finally, section 4.4.4 shows distributed scaling effect results due to topographic and roughness parameterisation using geostatistical characterisation methods.

4.4.1

Distributed scale-dependent roughness parameterisation

In this section, the roughness parameterisation methodology developed and described in
section 4.3.2.3 is assessed and results are presented. The final aim of the study required this
roughness parameterisation to be scale-dependant on the topographic parameterisation
interacting with the mesh resolution and topographic content of the DEM in a three-way
relationship. Figure 4.11 shows for the detailed rectangle of the floodplain area, the input
data (roughness heights (4.11.a) and model derived depths (4.11.b)) required to calculate
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the distributed roughness parameter n (4.11.c).

A

B

Value

C

Value

Value
High : 5.571127

High : 7.342600

High : 0.249129

Low : 0.020000

Low : 0.283500

Low : 0.035505

Figure 4.11. (a) Input map of roughness heights for a 1 m resolution of detailed area. (b)
Model estimated depths at the second hour (c) Derived hydraulic roughness map calculated by
the model at the second hour using equation 4.5

The mesh resolution impact upon the roughness parameter (n) is shown in table 4.6. As
mesh resolution increases, the RMSD systematically increases when compared to a 1m
roughness parameterisation. Variations (RMSD) in the roughness parameter (n) are more
important as mesh resolution increases.

Table 4.6. RMSD of roughness parameter (n) due to variations in mesh resolution

Roughness Parameter (n)

RMSD

nref
2m
nref
4m
nref
8m

0.0277
0.0356
0.0420
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Table 4.7. RMSD of roughness parameter (n) due to variations in the topographic content (4z)
of the DEM and the roughness height (z0 ) of the DRM at each mesh resolution

Roughness parameter (n)

RMSD

n±5cm
1m
n±10cm
1m
n±25cm
1m
n±50cm
1m
n±5cm
2m
n±10cm
2m
n±25cm
2m
n±50cm
2m
n±5cm
4m
n±10cm
4m
n±25cm
4m
n±50cm
4m
n±5cm
8m
n±10cm
8m
n±25cm
8m
n±50cm
8m

0.0091
0.0009
0.0042
0.0022
0.0022
0.0022
0.0017
0.0002
0.0001
0.0005
0.0013
0.0019
0.0001
0.0002
0.0003
0.0005

For each mesh resolution, Table 4.7 shows the interrelated impact upon n due to variations in the topographic content (4z) of the DEM and distributed roughness heights (z0 )
introduced through the DRM. The roughness parameter vary for different mesh resolutions with a more pronounced impact, due to subscale parameterisation, in finer meshes.
The behaviour of the distributed roughness parameter n is not systematic with the linear
increment of topographic content (4z) for finer meshes (1 and 2 m), whereas for coarser
meshes the increase of topographic content in the DEM implies an increase in the variation
(RMSD) of the roughness parameter (n).
Table 4.8 shows the impact of the topographic content alone in the definition of roughness
parameter (n) using a mesh resolution of 1m and a constant value of roughness height of
0.02m (bare ground conditions). The table shows that the impact of topographic content
(4z) upon roughness parameterisation using a uniform roughness height is systematic.
An increase in the topographic content of the 1m-DEM increase the variation (RMSD) in
roughness parameter. Therefore, the model is more sensitive to interactions between distributed roughness height and topographic content in finer meshes. In short, this methodology demonstrates the three-way interaction between topography and roughness, using a
distributed scale-dependent roughness parameterisation which varies with both the mesh
resolution and the topographic content of the DEM.
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Table 4.8. RMSD of roughness parameter (n) due only to variations in the topographic content
(4z) of the 1m-DEM

4.4.2

Roughness Parameter (n)

RMSD

nref
1m
n±5cm
1m
n±10cm
1m
n±25cm
1m
n±50cm
1m

0
0
0.00001
0.00004
0.00008

Effects of explicit topographic representation. Mesh resolution

In this section, the scaling effects of different mesh resolution approaches due to interpolation and resampling procedures are assessed in relation to results for the full floodplain
area. Results explore: (i) the impact on flow results of interpolation procedures associated
with transforming a measured dataset of elevation values into a digital raster elevation
model; and (ii) the scale impact due to the resampling of a raster digital elevation model
with a certain mesh resolution into a coarser one. Both are commonly used in topographic
representation for hydraulic models.
Interpolation effects
Topographic data are commonly available at certain measurement scales which must be
subject to interpolation to adapt the discretely distributed topographic surveyed data into
a discretisation format. The mesh resolution must be commensurate with the hydraulic
model scale and derived scaling effects due to the adjustment from measurement to modelling scale are quantified in this section. Sensitivity analysis was carried out for the full
floodplain area to investigate the effect of interpolation into different mesh resolutions (1,
2, 4, and 8 m) upon depth and inundations extents. Results have been compared with
the simulation results obtained for the 1 m (modelling ≈ measurement scale) resolution
ref
DEM, (DEM1m
).
Table 4.9 shows the RMSD of input scaled DEMs (second column) compared with the
1m reference one. This RMSD accounts for varying mesh resolution approaches. Derived
effects upon depth (RMSD) and inundation extent (difference normalised percentages)
results at the 2nd and 4th simulation hour are shown. From this table (4.9), it appears
that the impacts of interpolation upon depth results (RMSD) and inundation extent (%):
(i) increase with mesh resolution; and (ii) decrease from the 2nd hour to the 4th hour of
simulation, when the flood discharge decreases from 2000 to 1000 m3 s−1 .
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Table 4.9. Scaling effect (RMSD) due to interpolation in DEM scaled models, depth derived
and inundation extent (normalised differences expressed in %) results for the full area at the 2nd
ref
and 4th hour of the simulation, compared with reference DEM (DEM1m
) simulation results.

Scaled
Models
ref
DEM1m
ref
DEM2m
ref
DEM4m
ref
DEM8m

RMSD
DEM [m]
0.0000
0.3081
0.4449
0.5616

RMSD Depth [m]
2nd hour 4th hour
0.0000
0.3318
0.5805
0.7845

0.0000
0.2226
0.3677
0.4712

Inundation extent [nd%]
2nd hour
4th hour
0.00
-7.13
-12.38
-12.38

0.00
-5.79
-9.96
-9.96

Resampling effect
Topographic data may also be available at a certain representation scale and already in a
raster based format. Scaling procedures such as resampling may be required to adapt the
topographic representation scale to the hydraulic model scale. Derived scale effects due
to the adjustment from the topographic representation to the hydraulic modelling scale,
through resampling the cell size of the DEM, are quantified in this section.
Sensitivity analysis was carried out for the full floodplain area to investigate the effect of
resampling initial DEMs at different representation scales (m1: 1, 2 and 4 m) into different
mesh resolutions (m2: 2, 4, and 8 m), see Table 4.4.
Table 4.10 shows the variations (RMSD) in flow depth and (percentage of normalised
differences) inundation extent due to resampling procedures.

Table 4.10. Scaling effect (RMSD) due to resampling in DEMs from one mesh resolution (m1)
to another (m2) upon depth derived and inundation extent (normalised differences %) results for
the full area at the 2nd and 4th hour of the simulation compared with the reference DEM
ref
(DEMm2
) and its simulation results.

Resampled
Models
ref
DEM1−2m
ref
DEM1−4m
ref
DEM2−4m
ref
DEM1−8m
ref
DEM2−8m
ref
DEM4−8m

RMSD Depth [m] Inundation extent [nd%]
2nd hour 4th hour 2nd hour
4th hour
0.3130
0.3855
0.4390
0.5428
0.5045
0.4563

0.0938
0.3630
0.4146
0.5088
0.4723
0.4270

-0.10
-0.04
-0.02
0.56
0.25
0.15

-0.13
-0.03
-0.10
0.47
0.35
-0.06
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Results have been compared with the simulation results obtained for the each final mesh
ref
resolution (DEMm2
). From table 4.10, two results follow: First, the resampling impact
upon depth is more important as the final mesh resolution is coarser, whereas the impact upon inundation extent is non-systematic with final mesh resolution. Second, the
resampling impact decreases at the 4th hour of the simulation (lower discharges).
It must also be noted that the interpolation impact, upon depth and inundation extent
results, into a mesh resolution (m) is more important than the resampling into a given
mesh resolution. Finally, the depth results are more sensitive to resampling methods than
inundation extent results.

4.4.3

Effects of subscale topographic parameterisation

In this section, assessment of the scaling impacts of subscale topographic parameterisation (due to both roughness parameterisation and topographic content) and its interactions
with mesh resolution are addressed, in terms of: (i) the subscale parameterisation impact
(due to both roughness parameterisation and topographic content) upon depth and inundation extent results at each modelling scale (1, 2, 4 and 8 m) for the full floodplain area;
then (ii) the subscale performance of the 1m model in relation to the roughness parameter
n and the topographic content of the DEM for a detailed floodplain area.
Interactions between scale and subscale parameterisation
Table 4.11 summarises the subscale parameterisation impact upon depth and inundation
extent results at the 2nd and 4th hour of the simulation. Variations (RMSD and percentage of differences normalised) are compared with the reference simulation results at each
ref
modelling scale (DEMm
).
The first result obtained from the comparison of table 4.9 with the mesh resolution impact
upon results and table 4.11 is that sensitivity to mesh resolution is more important than
sensitivity to subscale parameterisation. Thus, mesh resolution impacts cannot be compensated with subscale parameterisation, which is very relevant for hydraulic modelling.
From table 4.11, it appears that: (i) for a given mesh resolution, finer meshes are more
sensitive to subscale parameterisation (4z/n) than coarser ones and; (ii) this subscale
impact decreases at any mesh resolution from the 2nd to the 4th hour of the simulation
It must be noted that at fine mesh resolution (1 and 2 m) subscale parameterisation
impacts upon depth results are not systematic with the topographic content (4z) of the
DEM, whereas in coarser meshes (4 and 8 m) the increase of topographic content is related
to an increase in depth variations (RMSD). Variations in inundation extent due to subscale
parameterisation are not systematic. Depth derived results are more sensible to subscale
interactions in finer meshes.
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Table 4.11. Scaling effect upon depth derived results(RMSD) and inundation extent (differences
normalised %) due to subscale topographic parameterisation for the full area at the 2nd and 4th
ref
hour of the simulation, compared with the reference DEM (DEMm
) simulation results at each
mesh resolution.

Scaled
Models
ref
DEM1m
±5cm
DEM1m
±10cm
DEM1m
±25cm
DEM1m
±50cm
DEM1m
ref
DEM2m
±5cm
DEM2m
±10cm
DEM2m
±25cm
DEM2m
±50cm
DEM2m
ref
DEM4m
±5cm
DEM4m
±10cm
DEM4m
±25cm
DEM4m
±50cm
DEM4m
ref
DEM8m
±5cm
DEM8m
±10cm
DEM8m
±25cm
DEM8m
±50cm
DEM8m

RMSD Depth [m]
2nd hour 4th hour
0.0000
0.0701
0.0548
0.0592
0.0634
0.0000
0.0300
0.0678
0.0412
0.0490
0.0000
0.0141
0.0332
0.0520
0.0608
0.0000
0.0173
0.0173
0.0283
0.0447

0.0000
0.0490
0.0433
0.0433
0.0525
0.0000
0.0173
0.0387
0.0346
0.0458
0.0000
0.0173
0.0173
0.0316
0.0458
0.0000
0.0141
0.0141
0.0265
0.0387

Inundation extent [dn%]
2nd hour
4th hour
0.000
0.446
-0.470
0.030
0.136
0.000
-0.232
-0.560
-0.117
-0.240
0.000
0.073
-0.024
-0.592
-0.576
0.000
-0.062
-0.370
-0.401
-0.370

0.000
0.006
0.345
0.194
0.024
0.000
0.047
-0.362
-0.215
-0.384
0.000
-0.053
-0.023
-0.502
-0.494
0.000
0.118
0.000
-0.148
-0.325

Interactions in subscale parameterisation
Interactions in the model subscale performance between distributed roughness heights
and the 1m-DEMs with different topographic content are assessed for a detailed area
±4z
(dDEMm
) of the floodplain (see figure 4.1). Table 4.12 shows variations (RMSD) in the
DEM, roughness parameter n and depth results due to different subscale parameterisations
using a modelling scale of 1 m. From table (4.12), it can be derived that variations (RMSD)
in depth results are systematic with variations (RMSD) in roughness parameter with a
non-systematic behaviour with the topography. In order to identify the sole impact of
the topographic content of the 1m-DEM, the model has been simulated for a constant
value of roughness height. Table 4.11 summarises the variations in depth results due
to subscale parameterisation using a constant value of roughness height of 0.02 m (bare
ground conditions). Table 4.11 shows that for a constant value of roughness height: (i) the
roughness parameterisation is not globally sensible to variations in the topographic content
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of the DEM, therefore variations in depth results are due to the topographic content of
the 1m-DEM; and (ii) the RMSD of depth varies positively, increasing with the increment
of topographic content in the 1m-DEM, though in a very reduce quantity.
Therefore, flow variability of the 2D hydraulic model for a given mesh resolution (close
to measured topographic resolution) relies upon the interactions between topographic
subscale variability (4z) and roughness parameterisation (n). The latter with a stronger
and non-linear impact.
Table 4.12. Scaling effect (RMSD) due to subscale parameterisation (variation in the
topographic content of the DEM) in a 1 m model, in depth derived results, scaled DEMs, and
Manning’s n parameterisation using distributed roughness heights when compared to a reference
ref
distributed variable roughness parameterised model (DEM1m
).

Scaled models
ref
dDEM1m
±5cm
dDEM1m
±10cm
dDEM1m
±25cm
dDEM1m
±50cm
dDEM1m

RMSD DEM [m]

RMSD n

RMSD Depth [m]

0.0000
0.0022
0.0056
0.0171
0.0330

0
0.0091
0.0009
0.0042
0.0022

0
0.1828
0.0370
0.1131
0.0600

Table 4.13. Scaling effect (RMSD) due to subscale parameterisation (variation in the
topographic content of the DEM) in a 1 m model, in depth derived results, scaled DEMs, and
Manning’s n parameterisation using a fixed vegetation height of 0.02m when compared to a
ref
).
1m-reference simulation (dDEM1m

Scaled models
ref
dDEM1m
±5cm
dDEM1m
±10cm
dDEM1m
±25cm
dDEM1m
±50cm
dDEM1m

4.4.4

RMSD DEM [m]

RMSD n

RMSD Depth [m]

0.0000
0.0022
0.0056
0.0171
0.0330

0
0
0.00001
0.00004
0.00008

0
0
0.0051
0.0168
0.0322

Spatial analysis of scaling effects

Previous sections showed averaged global RMSD results due to scaling effects in spatial
parameterisation. This section conducts a spatial analysis of distributed scaling effects
due to topographic and roughness parameterisation upon hydraulic modelling results, for
the detailed floodplain area (figure 4.1). Scaling procedures are those previously described
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(§4.1). Table 4.14 summaries the semivariogram parameters (nugget, sill and range) derived (§4.3.3) to characterise the spatial structure of flow results due to different mesh
resolutions at the 2nd (2000 m3 s−1 ) hour of the simulation. This table shows how as
mesh resolution increases, semivariance values decrease, i.e. the range of variability depth
values decreases. This latter is coincident with the averaging impact related to the use of
coarser meshes. Tables 4.15 and 4.16 shows semivariogram parameters that account for
the spatial behaviour of depth and roughness parameter (n) results for five simulations
using 1m-DEMs with different subscale parameterisation approaches. Three main results
can be derived from the comparison of these tables. First, subscale parameterisation is
not able to compensate for the mesh resolution impact upon depth results. Variations in
semivariance values due to mesh resolution (Table 4.14) are more important at similar correlation scales than those produced by a subscale parameterisation (Table 4.15). Second,
from the comparison of table 4.15 and 4.16, it appears that semivariance values of depths
are systematically related to the semivariance of the roughness parameter for a modelling
scale of 1m. This implies that the range of variability of the roughness parameter determines the range of variability in depth derived results when using a modelling scale close
to the measurement scale (1m). Third, at the 1m modelling scale, depth behaviour is
more sensitive to mesh resolution in semivariance values (the range of variability of depth
values) whereas the correlation scale (range) of distributed depth results is more sensitive
to variations in the subscale parameterisation (n/4z).
Table 4.14. Semivariogram parameters, (range and sill) of depth derived results for DEMs at
different mesh resolutions at the 2nd (2000 m3 s−1 ) and 4th (1000 m3 s−1 ) hour of the simulation
for a detail floodplain area dDEM.

DEMs
ref
dDEM1m
ref
dDEM2m
ref
dDEM4m
ref
dDEM8m

C0 (ms−1 )2

C (ms−1 )2

a (m)

R2

0.01
0.01
0.01
0.001

5.026
4.029
3.343
2.973

53.694
52.828
53.694
54.04

0.98
0.98
0.98
0.98

Table 4.15. Semivariogram parameters, (nugget, sill and range) of depth derived results for
1m-DEMs at the 2nd (2000 m3 s−1 ) hour of the simulation for a detail floodplain area 1m-dDEM.

DEMs
ref
dDEM1m
±5cm
dDEM1m
±10cm
dDEM1m
±25cm
dDEM1m
±50cm
dDEM1m

C0 (ms−1 )2

C (ms−1 )2

a (m)

R2

0.01
0.01
0.01
0.01
0.01

5.026
5.576
4.988
5.029
5.029

53.694
54.040
54.213
51.962
53.174

0.98
0.98
0.98
0.98
0.98
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Table 4.16. Semivariogram parameters, (nugget, sill and range) of roughness parameter (n) for
1m-DEMs at the 2nd (2000 m3 s−1 ) hour of the simulation for a detail floodplain area 1m-dDEM.

DEMs
ref
dDEM1m
±5cm
dDEM1m
±10cm
dDEM1m
±25cm
dDEM1m
±50cm
dDEM1m

4.5

C0 (ms−1 )2

C (ms−1 )2

a (m)

R2

0.001
0.001
0.001
0.001
0.001

0.002626
0.003182
0.002586
0.002914
0.002684

22.3435
27.8860
22.3435
25.4611
23.5559

0.95
0.95
0.95
0.95
0.95

Discussion

LiDAR data have previously been used to determine roughness parameters, from simple
approaches which use LiDAR data to characterise land use areas of the floodplain and assign according roughness values (e.g. Werner et al. 2005) to physically based approaches
that generate spatially distributed roughness parameterisation based on LiDAR derived
vegetation characteristics maps and flow resistance equations (e.g. Mason et al. 2003;
Asselman 2002)(§4.3.2.3). In none of these cases was the scale dependency of roughness
parameterisation upon topography considered. Accordingly, interactions between roughness and topographic parameterisation has not been previously studied. This is indeed the
main concern of this study, not a precise roughness quantification, which would require
further calibration based on field surveys during particular flood events, or multispectral
CASI data to improve vegetation characterisation On the other hand, the utility of complex formulations of roughness with vegetation characteristics may be limited given that
the meaning of a roughness parameter depends on the dimensionality of the model (i.e.
the flow process not explicitly considerer in the hydraulic model, which the roughness
parameter has to account for).
The impact of previous stages in topographic modelling upon hydraulic modelling results
have been previously investigated, such as measurement strategies (e.g. LiDAR posting
density impact upon flood modelling (Raber 2003; Gueudet 2004); the impact of topographic representation structure (Horritt et al. 2006); and different topographic data
sources (Casas et al. 2006)). But the natural complexity of the ground surface (i.e. the
intrinsic scale of the surface), must also be considered (§1.1). Available measured surface
data commonly determine the knowledge of the intrinsic scale of the surface, and therefore
the level of variability and complexity of the terrain. A given measurement strategy can
ignore natural topographic details in a highly complex surface but described a smooth one
in a precise way. This range of topographic detail considered is dealt in this study as a
representation of the topographic information to be modelled which can be defined as the
’topographic content’ of the DEM. Interpolation into different mesh resolutions is known
to modify this topographic content (Hardy et al. 1999; Bates et al. 2003; Horritt 2004; Yu
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2005), but variations due exclusively to topographic content have not been previously evaluated for a constant mesh resolution. In the present study, LiDAR raw data are used to
modify the intrinsic scale of the terrain data included in the DEM. Therefore, the impact of
topographic information can be evaluated upon model results at different mesh resolution
approaches. The impacts of interpolation into mesh resolutions and at a given mesh resolution of variations in the topographic content are evaluated separately. In addition, this
topographic content determines the roughness height of the roughness parameterisation at
modelling resolution and both constitute the subscale parameterisation of the hydraulic
model. This provides a physically based approach to roughness parameterisation with
topography (§4.3.2.3). As such, this scale-dependent roughness parameterisation methodology provides the means for investigating scaling effects due to spatial modification in
each component and to look for possible interactions between spatial scale and subscale
approaches.
Sensitivity analysis of roughness parameterisation in relation to the mesh resolution and
topographic content of the DEM (§4.4.1) illustrate the three-way non-linear interaction
between these three components (mesh resolution, topographic content of the DEM and
roughness parameterisation) within a 2D raster-based hydraulic model. It can be inferred
that in this 2D raster based hydraulic model, the roughness parameter is sensitive to
mesh resolution, and at the same time, finer meshes (1 and 2m) are more sensitive to
subscale parameterisation (n and 4z definition). This may be due to the proximity of the
modelling and measurement scale (1m), therefore the averaging effect of measured data in
coarse meshes does not affect the measured variability of the topographic content of the
DEM and the roughness height.
Mesh resolution impacts upon flow results (depth and inundation extent) are confirmed
as dominant in spatial parameterisation (e.g. Hardy et al. 1999; Horritt and Bates 2001a)
with a relatively minor impact of resampling methods. Resampling effects do not show a
linear relation with final mesh resolution upon inundation extent, which is consistent with
other works (e.g. Haile 2005).
The relative insensitivity of 2D raster-based models to floodplain roughness (e.g. Werner
et al. 2005; Yu and Lane 2006a) is also reflected in this study in the minor impact of
subscale parameterisation (topographic content of the DEM (4z) and roughness parameters (n)) which are not able to compensate for mesh resolution impacts upon hydraulic
modelling results. Subscale parameterisation impact upon depth and inundation extent
results is more important as the mesh resolution is finer and close to the measurement
sampling interval (∼ 1 m). This can be due to the smoothing effect upon topographic
variability in coarser approaches and the higher impact of roughness parameter in fine
meshes (§4.4.1).
The impact of subscale parameterisation for a 1m mesh resolution (4.12) shows how variations in depth results are systematic with variations in the roughness parameter and
not in relation to the topographic content of the DEM. In addition, sensitivity results
due exclusively to the topographic content of the DEM for a given mesh resolution and a
constant value of roughness height of 0.02m (bare ground conditions) suggest that the sub-
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scale behaviour of this 2D raster based model is not well-reflected through the topographic
content of the DEM. Interactions between topographic content and roughness parameter
occur mainly for finer meshes though with a minor impact of the topographic content
of the DEM. Therefore, subscale flow variations must be modelled through a spatially
distributed roughness parameterisation.
Semivariogram parameters results (§4.4.4) enable the characterisation of the spatial variability of depth with mesh resolution and subscale parameterisation. Mesh resolution
analysis shows a similarity in semivariance values as mesh size increase. This is related
to the averaging impact of parameterisation models on coarse meshes. The stronger sensitivy of the model to mesh resolution than to subscale parameterisation already shown
by global analysis (RMSD) is also reflected in semivariance values (Table 4.15). However, the characteristic scale of depth results is more sensitive to variations in the subscale
parameterisation than mesh resolution. This may suggests that interactions and thus
possible compensation amongst scales and subscale approaches happens, not in the range
of depth results, as global RMSD values already showed, but indeed by modifying the
characteristic scale of flow results. This characteristic scale, controlled by the topographic
content/roughness parameter at a given mesh resolution, may be crucial for some hydraulic
modelling applications (e.g. habitat availability). Table 4.15 also shows how the semivariance of roughness parameter is related to semivariance in depth derived results. This
suggests that the variability in depth results for a mesh resolution close to measurement
scale is determined by the variability of the distributed roughness parameterisation.
The current problem of an appropriate roughness parameterisation is unsolved as, particularly in 2D schemes, the roughness parameter must account for not only floodplain
vegetation impacts on flow but all momentum losses not explicitly accounted for in the
hydraulic model. This fact makes an upscaling necessary although this remains uncertain
(Mason et al. 2003; Horritt 2006; Lane 2005). A spatial scale analysis of roughness parameterisation impacts upon flow results could improve the insight of the performance of
the model at the sub spatial scale. Data chosen to validate a model should reflect what
the model is to be used to predict (Lane et al 2005), then the required detailed variability
in model results or the spatial structure of available validation data can drive the topographic and roughness parameterisation simulation spatial scale assessment and should be
taken into account in the modelling process.

4.6

Conclusions

The spatial scale dependency of a 2D raster-based diffusion-wave model upon topographic
representation and parameterisation and its interactions with a distributed spatially and
temporally variable roughness parameterisation was assessed. This analysis was based
on laser altimetry data (LiDAR), GIS and spatial analysis methods. A methodology
to generate a roughness parameterisation model within the hydraulic model has been
developed. This method is powerful, as it explicitly recognises the three-way interaction

4. Interactions between topography and roughness in a 2D hydraulic model

79

between the discretised mesh resolution and the topographic content in the DEM with the
roughness parameterisation. Interpolation into coarser resolutions has a major impact on
depth and inundation extent predictions, whereas the model is less sensitive to resampling
methods, particularly in terms of inundation extent. Sensitivity to mesh resolution is
also more important than sensitivity to subscale parameterisation. Finer meshes are more
sensitive to subscale parameterisation and to interactions between the topographic content
of the DEM and the roughness height in roughness parameterisation. Variations in flow
results for a 1m mesh resolution are related to variations in the roughness parameter. The
subscale behaviour of the 2D hydraulic model is not well-reflected through the topographic
content of the DEM and subscale parameterisation must be modelled through a spatially
distributed roughness parameterisation. Distributed analysis of flow results confirm these
results and in addition shows how mesh resolution impacts are dominant in terms of
semivariance variations. However, the characteristic scale of depth derived results is more
sensitive to variations in the subscale parameterisation. Depth variability is linked to
variability in roughness parameterisation for a mesh resolution close to the measurement
scale.

Chapter 5

Topographic scaling effects in 3D modelling

5.1

Introduction

Topography plays an important role in the distribution and flux of water and energy within
natural landscapes (Beven and Kirkby 1979; Wood et al. 1997). The understanding of
the spatial behaviour of the flow due to this natural surface variability using hydraulic
modelling relies upon an adequate representation of these natural complexities and their
incorporation into hydraulic schemes.
In any hydraulic modelling procedure, simplifications in flow processes and surface representation must be incorporated. Sensitivity of simulated flow to the intrinsic scale of
represented topography using a 3D approach, allows the evaluation of topographic impact
at different flow locations, avoiding flow process simplifications as much as possible and
replacing parameterisation sensitivity (§4.6) with geometric sensitivity in a model (Lane
et al. 2005).
Three-dimensional hydraulic modelling solves the full three dimensional velocity vector,
using a time-averaged version of the 3D Navier-Stokes equations, the Reynolds-averaged
Navier-Stokes equations, (e.g. Ingham and Ma 2005). In these equations, velocity is a
mean value in time and a turbulence model represents the effects of time averaging on
the mean flow quantities. CFD (Computational Fluid Dynamics) techniques solve the 3D
flow through the discretisation of the three-dimensional geographic domain into a computational mesh. The non-linear Navier-Stokes flow equations are applied as differential
equations in each node of the mesh and solved iteratively using numerical approximations
(e.g. Wright 2005).
In CFD, a range of topographic scales must be included in the discretised numerical model.
One of the major problems of CFD applications is matching the spatial parameterisation
scale (i.e. computational mesh scale) and the scales of interest in the simulated flow (Lane
and Hardy 2002). In order to get an accurate and realistic representation of the variability
81
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of simulated flow, topography at the modelled scale and surface roughness at the modelled
subscale must be incorporated. This is not an easy task, not only because topographic
and roughness representation presents it own difficulties (§2.5) but because the spatial
scale of the flow is not known a priori, validation data are commonly coarser than the
required modelling scale (Horritt 2005), and the impact of complexity in topography upon
flow structure across scales remain unclear. Scaling relations are required to take decisions
about the level of complexity of spatial data required to parameterise the model.
An evaluation of the impact of natural variability in topographic representation upon flow
results using CFD presents two main problems. The first relates to the numerical scheme
in CFD which should be able to allow the incorporation of such natural variability in
the topographic model and avoid numerical instabilities and ’roughness length’ limitation
problems (§5.3.2.1). The second relates to the topographic representation itself which depends upon both the mesh resolution and topographic variability represented. Variations
in the mesh resolution also modify the topographic content of the DEM, therefore the
isolation of the topographic effect should be evaluated for a fixed mesh resolution.
In Chapter 4, it was shown how spatial subscale performance of a 2D model was determined by a distributed roughness parameterisation. It was therefore difficult to discern
scaling effects upon flow due to either topographic variability of the DEM or roughness
parameterisation since both were interrelated and the 2D model was not sensitive to topographic variability (§4.6). A 3D hydraulic model is much less sensitive to roughness
parameterisation and much more to topographic parameterisation (Lane et al. 1999). In
this respect, spatial scaling impacts due to topographic content upon the spatial structure
of flow results may be assessed more straightforwardly.

5.2

Objectives

The main aim of this chapter is the assessment of scaling effects due to topographic content
in CFD. Based on this, methodological issues concerning scale in spatial parameterisation
of 3D hydraulic schemes, 3D flow structure assessments and their relation with topographic
scale are explored.

5.3
5.3.1

Methodologies
The hydraulic scheme

Following Lane et al. (1999), three-dimensional CFD uses the full three-dimensional form
of the Navier-Stokes equations, comprising: (i) the law of conservation of mass for an
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incompressible fluid in Eulerian form:
∂u ∂v ∂w
+
+
=0
∂x ∂y
∂z

(5.1)

where u, v and w are the components of velocity in the x, y (planimetric) and z (vertical)
directions, respectively; and (ii) the Navier-Stokes momentum equations for an incompressible fluid (for the three components of the Cartesian coordinate system):

∂
∂
∂
∂
∂p ∂τxx ∂τxy
∂τxz
(ρu) +
(ρu2 ) +
(ρuv) +
(ρuw) +
−
−
−
=0
∂t
∂x
∂y
∂z
∂x
∂x
∂y
∂z
∂τyy
∂τyz
∂
∂
∂
∂
∂p ∂τxy
(ρv) +
(ρuv) +
(ρv 2 ) +
(ρuw) +
−
−
−
= 0 (5.2)
∂t
∂x
∂y
∂z
∂y
∂x
∂y
∂z
∂τyz
∂
∂
∂
∂
∂p ∂τxz
∂τzz
(ρw) +
(ρuw) +
(ρvw) +
(ρw2 ) + ρg +
−
−
−
=0
∂t
∂x
∂y
∂z
∂z
∂x
∂y
∂z
where ρ is the density of water, p is pressure, g is the acceleration due to gravity,
τij
∂vj
∂vi
= µ(
+
)
ρ
∂xi ∂xj

(5.3)

and µ is the coefficient of viscosity for a Newtonian fluid (the molecular viscosity). In
the case of the shallow flow problems that typify most geomorphological and hydrological
contexts, these equations involve some modifications: (i) as the boundary layer is likely
to extend throughout the flow depth, it may be possible to assume a hydrostatic pressure
distribution; (ii) special conditions need to be determined for both the bottom and water
surface, including the possibility of horizontal gradients of atmospheric pressure for large
scale applications, and wind stress; and (iii) the Coriolis terms have been ignored.
The Navier-Stokes equations (5.1 and 5.2) describe water velocity and are derived on
the basis of equilibrium of forces on a small volume of water in laminar flow. Thus, for
turbulent flow, the Reynold’s averaged versions of the equations are commonly used (e.g.
Olsen 1999)
In the Reynolds-averaged Navier-Stokes (RANS) equations, variables are decomposed into
time-averaged and time-varying components. The Reynolds-averaged form of the governing equations recognises that it is not possible to model every temporal scale of turbulent
flow (e.g. Lane et al. 1999; Olsen 1999). Instead of modelling the time dependence explicitly, only the time-averaged components are determined. Each variable (vi ) is split into a
slowly varying mean value (vi ) and a fluctuating component (vi0 ):
vi = vi + vi0

(5.4)

Reynolds averaging has no effect on the mass equation but introduces a number of new
terms into the momentum equations, the Reynolds shear stresses (vi vj ), defined as:
τij
δvj
δvi
= µ(
+
) + −vi vj
ρ
δxi δxj

(5.5)
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The Reynolds shear stresses represent the transport of momentum that can be attributed
to turbulence, which can never be zero in turbulent flow. The addition of a new term
makes the equations unsolvable without auxiliary relationships and a turbulence model
must be introduced to represent the effects of turbulence upon a time-averaged flow properties. This has prompted the development of various turbulence models, (reviewed in
Sotiropoulos 2005). Each involves different levels of complexity. Thus, the choice of the
turbulence model must be in accordance with the fluid flow problem and defined after an
accurate representation of the boundary conditions have been achieved (Ingham and Ma
2005).
To obtain an approximate numerical solution in CFD, the fluid body is divided into cells
with constitute the mesh of the domain. Equations for unknown variables are solved for
each cell (Olsen 1999). The idea is to split the geographic domain into small volumes
in order to replace differential equations, which are continuous functions with no general
analytical solution, with a set of algebraic equations in each node of the discretised domain which can be solved iteratively on a computer. The main techniques for this are the
finite difference, (FD), finite element (FE) and finite volume (FV) methods (Wright 2005).
Discretisation using the control volume method transforms partial differential equations
into new equations where the variable in one is a function of the variable in the neighbouring cells. In this study, a regular Cartesian mesh is generated in order to incorporate
topography at the discretisation scale. The intrinsic scale of the natural variability of the
terrain, the scale of the flow processes (dimensionality), the extent of the model domain
and the measurement scale determine the degree of discretisation, which determine the
spatial scale and subscale modelling process.
In this study, the renormalisation group (RNG) k − ε turbulence model is used. This
modification of the standard k − ε model results in greater dissipation of turbulence in
areas of high strain, reduces eddy viscosity and improve model predictions in situations
where flow separation zones might occur. (Lane et al. 1999; Rodriguez et al. 2004).

5.3.2
5.3.2.1

Spatial parameterisation
Limitations of topographic incorporation in CFD

Topography at different scales can nowadays be measured and mapped using RS and GPS
tools. It may be possible to infer them (e.g. Bates 1998) in the absence of fine scale measurements, making use of the relationship between scale and surface variability (e.g. Nikora
et al. 1998; Butler et al. 2001). Even if topographic data at fine scales were available,
computational restrictions means that 3D models so far are not able to resolve the flow
equations at the fine mesh scale that would precisely represent the natural surface layer.
The explicit incorporation of complex topographies within a CFD scheme presents some
difficulties as it commonly requires application of boundary fitted co-ordinates (BFCs),
which involve mesh deformation in the Cartesian space. Mesh deformation may change
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the magnitude of numerical diffusion in the model and lead to uncertainties as to whether
observed changes in process representation are due to topographic scale effects or grid
adjustment effects (Hardy et al. 2006).
Topography is commonly incorporated in CFD schemes at modelling scales and the specification of roughness (topographic variability below the modelling scale) is a complex
and unresolved issue. Surface roughness characterization (the amount of topography not
explicitly included in the mesh) is usually represented using a wall treatment which does
not resolve the flow field for the viscous layer adjacent to the wall (wall boundary layer)
but instead models this layer using a version of the law of the wall:

U=

1
κ

r

τ0
z
ln( )
ρ
z0

(5.6)

where κ is von Karman’s constant; z is height above the bed; and z0 is the height above
the bed at which velocity becomes zero.
This approach generates two domains: where the CFD computation begins, the wall
function stops. The topographic variability of the bottom is incorporated through the
definition of a roughness height parameter (z0 ) which is usually calculated by reference
to the grain size of elements on the bottom, and allows the shift of the velocity profile to
account for the non-represented roughness elements (Pender et al. 2005). This is usually
done based on an estimation of the local size of roughness elements but it should also reflect
the characteristics of the bottom surface not explicitly represented at the modelling scale.
Thus, this value must then be up-scaled using a multiplier to represent not only grain size
variability but those small-scale features of topography not included explicitly at modelling
scales.
The two main drawbacks of this approach are that: (1) this multiplier converts roughness
again into an effective parameter that is scale-dependent and complex to determine (e.g.
by calibration); and (2) it may not help with current needs of CFD modelling applications,
(e.g. in-stream habitat studies). Some environmental applications require a detailed vertical component of velocity (e.g. to find refuges in in-stream habitat studies, fish habitat
during high flows) but this vertical velocity is very much determined by the microtopographic characterization of the stream surface, not well represented using roughness height
parameters.
As Lane et al. (2004) point out there are both theoretical reasons and empirical evidence
that suggest that upscaling z0 does not provide a sufficient representation of the effects
of subscale topography upon flow processes in situations where the variability of bed
topography is greater than c.5−10% of the flow depth (Lane et al. 2005). This is primarily
because roughness upscaling leads to an increase in magnitude of one of the sinks within
the momentum equation in boundary adjacent cells. In addition, it ignores the effects
of subscale topography upon blockage at the bed, which leads to an effective increase in
the elevation at which velocity becomes zero, that needs to be represented in the mass
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and the momentum equations. To simulate the effects that near-bed roughness elements
introduce, realistic simulations of 3D flow structure may be possible incorporating these
blockage effects explicitly (Lane et al. 2002).
Currently, several new approaches are being developed, recognizing the need to incorporate complex topographies in the modelling process to simulate the important effect
that topography exerts on the flow. Nicholas (2005) classify this attempts in two kind
of approaches: (1) where the discretised model of the surface includes subscale variability explicitly by adding a random elevation perturbation (Nicholas 2001); and (2) where
equations are modified in order to represent drag on subscale elements and account for
the fact that each cell may contain fluid and bed material. An important drawback of the
first approach is that it does not address the effects of topographic variability on mesh
deformation (Lane et al. 2004). In addition, this added variability should consider the
spatial correlation of any natural surface (Mark and Aronson 1984). Within the second
type, a porosity treatment approach (Olsen and Stoksteth 1995) modifies the effective
flux through the bottom topographic cells, through an explicit treatment of the effects of
blockages upon mass conservation.
In the porosity treatment, the net effect on the flow of roughness is represented by the
inclusion of a form drag term in the momentum equation and, subsequently, mass and
momentum equations may be modified to include blockage terms that account for the
proportion of the cells occupied by the roughness elements (Hardy et al. 2006).

5.3.2.2

Porosity solution

In this study, a mass flux scaling algorithm based upon a porosity approach (Olsen and
Stoksteth 1995) within a regular Cartesian mesh is adopted to incorporate topography in
the 3D finite volume scheme.
This approach has previously been developed and validated (Lane et al. 2002; Lane
et al. 2004; Hardy et al. 2005) for the inclusion of complex topography (individual gravel
particles) in high resolution (spatial resolutions of 0.002 meters) CFD applications. The
methodology has also been extended to consider greater spatial scales (Hardy et al. 2006)
where the importance of the quality and resolution of the topographic boundary condition
has been noted. This approach has been shown to reflect feature variability in the surface
border cell and to replicate the effect of this on flow patterns (Lane et al. 2004; Hardy
et al. 2005). The methodology partially blocks the border cell that represents the bed
topography, retains a hexahedral shape and avoids instability and diffusion problems (Lane
and Hardy 2002; Lane et al. 2004; Hardy et al. 2006).
The original method is based upon a numerical porosity treatment which used a structured
grid and specifies cell porosities to block out bottom topography (a value of one will be
assigned for water cells, zero for cells that are all terrain and values among 0 and 1
for partially blocked cells) with appropriate drag terms introduced into the momentum
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equations. The methodology used (fully described in Hardy et al. 2006) uses a five term
porosity algorithm which includes the four vertical faces of the cell and a cell volume.
This is achieved by a porosity value representing a blockage in each cell being introduced
into the finite volume equation by modifying the effective cell face area and reducing the
amount of flux which can pass through each cell.
Assuming the steady-state case, this modification is represented by:

AΓ
f orupwind
∆
δ
AΓ
f orlinear
a = ρuA −
∆
∆

a = min((ρuA), 0) −

(5.7)
(5.8)

where d is the distance between the relevant face and the cell centre and ∆ is the distance
between the cell centre and the next adjacent node. As the area of the face appears
in both terms in these expressions, the modification of face area can be considered as
multipliers of the a terms. Therefore, for the transient case, where a includes an extra
term of the form V ρ/∆t, the multiplier applies only to those terms containing A. This
is represented schematically for a simple two-dimensional case in figure 5.1 and simplified
for diagrammatical purposes with face areas replaced by edge lengths.

Figure 5.1. A schematic diagram illustrating the porosity method in two dimensions showing
the cartesian grid and the bed topography (diagonal line). Taken from Hardy et al. (2006)

In this application, a Cartesian mesh is used, meaning that the grid is rectangular, and
therefore Ae and Aw are replaced by ∆y and Ah and Al are replaced by ∆x. The bed
topography cuts through the cell in question, reducing the flux through the east (e) face
to 30% and west (w) face to 60% and completely blocking the south (l) face. The north
(h) face is not affected. Therefore, the two-dimensional finite volume equation becomes:
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ap ϕp + 0.3aE ϕE + 0.6aW ϕW + aH ϕH = QP

(5.9)

The value of ap is modified through the continuity condition:

aP + 0.3aE + 0.6aW + aN = 0

(5.10)

For the application of this method, the DEM must be on the same resolution as the
computational mesh. A computational sequence is then applied to every (i, j) location
of cells to calculate the blockage term. Initially, the cells which contain the interface
between the bed and water are found using the mean of the four elevations at each of
the cell corners and all cells below this height are assigned a volume porosity of zero,
allowing no flux through the cell and effectively blocking it completely. The most complex
calculations occur for the cells where the surface-water interface is located.
Initially porosity values are calculated for the two vertical faces on the downstream and
left sides of the cell which is based on the elevations at the cell corners. This porosity is
calculated by taking the mean of the two elevations and subtracting the elevation of the
base of the cell;

FP = 1

1 ze + zw
zcell
∆z
2

(5.11)

where ∆z is the vertical extent of the bed at the edges of the face and zcell is the elevation
of the cell base. Elevations are given with respect to the lower extent of the computational
domain. If one or more of the bed elevations is above the elevation of the top of the cell
then the bed will ’cut through’ and a porosity is applied to restrict the flux through the
top of the cell. Here linear interpolation between adjacent elevations is used to find where
the bed and water interface is located along the cell edge (s). The porosity value for the
face is then found by calculating the area of the triangular or trapezoidal part (s) of the
face area. The assumption introduced here is that the change in bed elevation between
adjacent data points is linear.
The model described in Hardy et al. (2006) still requires a wall function to model any
variation in the bed at a scale smaller than that of the mesh. The ’roughness height’ in
these wall functions should represent the effect of the grains smaller than the grid cells
on the flow itself. No wall function will be used in this study in order to evaluate the
sensitivity of the model only to the topographic content of the DEM incorporated in the
CFD scheme through the porosity calculations.
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DEM generation

The intrinsic scale of a natural surface is not known. A priori, it can only be approached
through the measurement scale which is already a modelled representation of the natural surface. The topographic representation scale is determined by two components: the
computational mesh resolution (m) given that topography will be represented by a unique
averaged value for that area (z m ); and the range of topographic values (measured) (4z)
within the mesh cell area which will be averaged (z 4z
m ). Both determine the scale of represented topography. Thus, setting the mesh scale also modifies the topographic content of
the DEM, if the modelling scale is coarser than measurement scale. In addition, the mesh
resolution impact upon hydraulic modelling is well known (e.g. Hardy et al. 1999; Horritt
et al. 2006) and difficult to discern from the associated impact of adapting topography to
modelling scales (e.g. through interpolation procedures where natural surface variability
will be lost as meshes are coarsened). In order to evaluate only topographic variability
impacts upon flow results, the computational mesh scale must be fixed and as similar as
possible to the measurement scale. The mesh resolution impact upon 3D model results is
approached in the next chapter 6.
The generation of DEMs with different topographic content follows the methodology already described in the previous chapter (§4.3.2.2) and is based on the progressive incorporation of LiDAR data measured at a sampling interval close to the model scale, within
a certain vertical distance criteria from an artificially smooth ground model. Elevation
data incorporated into the DEM modify the topographic scale of the DEM, progressively
introducing ’topographic content’ without modifying the mesh scale. Porosity terms are
then calculated for these DEMs with constant mesh resolution and different topographic
content. Accordingly, variation in the flow structure will be due to topography and topographic scaling effects can so be documented. The problem of topography in CFD below
the scale of the mesh when this information is not available and mesh resolution impact
will be addressed in the next chapter using this same methodological scheme.

5.4
5.4.1

Numerical experiments
Application

The CFD model used in this chapter solves using a finite volume solution, the full threedimensional Navier-Stokes equations (§5.1 and 5.2) in a Cartesian coordinate system, with
a Renormalized Group Theory (RNG) k-e turbulence model. Model application followed
the methodology reported by Lane et al. (2004) and Hardy et al. (2005). Hydraulic
simulations are run for the detailed floodplain area (100 x 50 m) already selected in
previous chapter (Figure 4.1. A total of five 1 m-DEMs with different topographic contents
cm
cm
cm
(DEM1refm , DEM1±5mcm , DEM1±10
, DEM1±25
,DEM1±50
) are used. The vertical
m
m
m
mesh resolution is 0.25 m.
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Numerical scheme

The following numerical scheme description is taken from Hardy et al. (2006). The
governing full three-dimensional Navier-Stokes equations are discretised using a finitevolume approach to obtain a numerical solution. This is the discretisation of the volume
occupied by a fluid so that the corresponding discretised form of the equation may be solved
iteratively. The interpolation scheme used is hybrid-upwind, where upwind differences are
used in high convection areas P eclet number > 2) and central differences are used where
diffusion dominates (P eclet number < 2). The Cell Peclet number defined as:
P e = ρkuk

A
D

(5.12)

where A is the cell face area, u is the velocity component perpendicular to the face, and
D is the diffusive component perpendicular to the face.
The pressure and momentum equations are coupled by applying SIMPLEST, a variation
of SIMPLE algorithm of Patankar and Spalding (1972). This takes an initial estimate
of the pressure field to solve the momentum equation, determines the consequent mass
conservation errors, solves a pressure correction equation, adjust pressure and velocity
fields and then applies this corrected pressure to the momentum equation. This is repeated
until the mass conservation and the momentum errors are acceptably small. With this
coupling convergence can proceed either smoothly or with damped oscillations to the final
solution. To achieve relaxation either: (i) realistic maximum and minimum values may
be imposed on the solution; or (ii) relaxation may be used to limit the amount of change
allowed in any variable at a given iteration. Weak linear relaxation was used for the
pressure correction, while weak false time step relaxation was used for the other variables.
The convergence criterion was set such that the residuals of mass and momentum flux
were reduced to 0.1% of the inlet flux.

5.4.1.2

Boundary conditions

Inlet conditions were taken from 2D velocity flow results previously obtained (§chapter 4).
Two-dimensional model provided distributed water surface elevation and flow results for
the U-, and V-component of the flow and inlet conditions. These were interpolated . At
the free surface, the method applied by (Bradbrook et al. 2000) has been adopted, which
uses a symmetry plane at the surface across which all normal resolute are set to zero. The
bed was represented by the porosity algorithm while no-slip conditions were specified at
the walls. The standard RNG theory κ − ε turbulence model is not modified at the side
walls or the bed. The computational domain was regular in the x, y directions with a
grid resolution of 1 m. In the z direction the grid resolution was increased 0.25 to allow
inclusion of topography data using the porosity treatment, the maximum extent of the
domain was set at 7 m. Thus, the computational grid was sized at 100 x 50 x 28 cells.
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Results

Topographic impacts are evaluated using two methods. Numerical results are analysed for
the velocity magnitudes (the resolved components of U, V and W) and individual velocity
(downstream U-, cross-stream V- and vertical W-) components at different depth locations
(10%, 25%, 50%, 75% and 100%), where: (i) the RMSD is calculated between velocity
results obtained using DEMs with different topographic content with those obtained using
a reference smooth surface, (ii) the spatial structure of the flow is analysed by looking at
the characteristic scale of the flow and the range of velocity values at each location and by
the calculation of the fractal dimension using the semivariogram method to document the
degree of complexity of the velocity surface. Table 5.1 summarises the RMSD values at
different flow depths (10%, 25%, 50%, 75% and 100% calculated from the surface bottom)
for the velocity magnitudes and individual velocity components.
Table 5.1. RMSD calculated at different depths (expressed as percentages from the bottom) for
each velocity results, magnitude (v) and components (U-, V- and W-), using 1 m-DEM scaled
models, compared to those results obtained using the reference DEM at the same depth locations

RMSD

±5cm
DEM1m

±10cm
DEM1m

±25cm
DEM1m

±50cm
DEM1m

v10%depth
v25%depth
v50%depth
v75%depth
v100%depth
U10%depth
U25%depth
U50%depth
U75%depth
U100%depth
V10%depth
V25%depth
V50%depth
V75%depth
V100%depth
W10%depth
W25%depth
W50%depth
W75%depth
W100%depth

0.02150
0.02150
0.02150
0.02150
0.02150
0.02140
0.02140
0.02140
0.02140
0.02140
0.00420
0.00410
0.00410
0.00410
0.00410
0.00130
0.00100
0.00061
0.00030
0

0.00860
0.00830
0.00830
0.00840
0.00840
0.00850
0.00820
0.00820
0.00830
0.00830
0.00550
0.00550
0.00550
0.00550
0.00550
0.00078
0.00053
0.00033
0.00017
0

0.00560
0.00260
0.00260
0.00260
0.00260
0.00570
0.00260
0.00260
0.00260
0.00260
0.00230
0.00210
0.00200
0.00200
0.00200
0.00120
0.00066
0.00026
0.00012
0

0.01540
0.01420
0.01420
0.01420
0.01420
0.01550
0.01420
0.01420
0.01420
0.01420
0.00250
0.00210
0.00200
0.00200
0.00190
0.00200
0.00120
0.00059
0.00027
0
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Figure 5.2 presents these calculations and shows that the effect of topographic content
is more important in percentages closer to the bed, though it is noticeable throughout
the vertical profile. Additional topographic content in the 1m-DEMs of ±5 cm, ±10 cm,
±25 cm and ±50 cm produced RMSDs of 0.0046, 0.0101, 0.0378 and 0.0415 m when
compared with a smooth reference surface, corresponding to variations of 51.03, 20.41,
13.29 and 36.55% in the RMSD in relation to the mean velocity value (0.04213 ms−1 )
at 10% of the flow depth. The impacts of topographic content upon variation of the
flow velocity are not linear. For topographic perturbations of ±05 cm, ±10 cm, ±25 cm,
increasing topographic content decrease RMSD in velocity. However, this trend reverses
between ±25 cm and ±50 cm.
The RMSDs for individual velocity components, U- (downstream), V- (cross-stream) and
W- (vertical), have also been calculated (Figures 5.3, 5.4, 5.5). From this figures it can
be derived that the impact of the topographic content for the U- and V- components of
velocity is maintained along the vertical profile with a higher impact at the 10% of the flow
depth, as it is for the final velocity magnitude. However, variations in the vertical component of the velocity due to topographic variability decrease towards the surface. At each
flow depth, there is a breakpoint change in the model performance using the DEM ±25cm
where the RMSDs in velocity components are the lowest (Table 5.1). Finally, the similarity between the RMSD calculated for the velocity magnitude (v) and the downstream
component (U-) should be noted.
The predictions have also been assessed through application of semivariogram functions
to model predictions as per section 4.3.3. It used a spherical function for lag intervals
close to measurement scale (∼ 1.6 m). These have been calculated at different flow depths
for the velocity magnitude (Table 5.2) and individual components (Tables 5.3, 5.4, 5.5).
The two main points to derive from these tables is: (i) the depth dependence of velocity
variability due to the topographic content, noticeable in variance and characteristic scale
values and (ii) the spatial characteristics of velocity variability due to topography.
First, the impact of topography in velocity variability (tables 5.2, 5.3 and 5.5) is reduced
towards the surface. Semivariance values decrease towards the surface. This implies that
differences in flow structure due to topographic variations will be more important close to
the bottom (particularly at the 10% of the flow depth). At the same time, characteristic
scales are longer towards the surface. Thus, topographic variability impact is reduced and
velocity results are more correlated in space.
The second point to note is the non-systematic behaviour of velocity variability with
topographic content at each flow depth analysed, nor in semivariance nor in characteristics
scales. Velocity variability (semivariance) is larger for the U-component of velocity and
the longer characteristic scales are those of the V-component of velocity.
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0.025

RMSD velocity (ms )

0.020
1
-

0.015
0.010

v10% depth
v25% depth
v50% depth
v75% depth
v100% depth

0.005
0.000

DEM±5cm

DEM±10cm

DEM±25cm

DEM±50cm

DEMs

Figure 5.2. Bars with RMSD calculated at different depths (expressed as percentages from the
bottom) for each velocity results using 1m-DEM scaled models, compared to those results
obtained using the reference DEM at the same depth locations

RMSD U- (downstream) velocity (ms )

0.025
1
-

0.020
0.015
0.010

U10% depth
U25% depth
U50% depth
U75% depth
U100% depth

0.005
0.000

DEM±5cm

DEM±10cm

DEM±25cm

DEM±50cm

DEMs

Figure 5.3. Bars with RMSD calculated at different depths (expressed as percentages from the
bottom) for each u- velocity results using 1m-DEM scaled models, compared to those results
obtained using the reference DEM at the same depth locations
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RMSD V- (cross-stream) velocity (ms )

0.025
1
-

0.020
0.015
0.010

V10% depth
V25% depth
V50% depth
V75% depth
V100% depth

0.005
0.000

DEM±5cm

DEM±10cm

DEM±25cm

DEM±50cm

DEMs

Figure 5.4. Bars with RMSD calculated at different depths (expressed as percentages from the
bottom) for each v- velocity results using 1m-DEM scaled models, compared to those results
obtained using the reference DEM at the same depth locations

RMSD W- (vertical) velocity (ms )

0.025
1
-

0.020
0.015
0.010

W10% depth
W25% depth
W50% depth
W75% depth
W100% depth

0.005
0.000

DEM±5cm

DEM±10cm

DEM±25cm

DEM±50cm

DEMs

Figure 5.5. Bars with RMSD calculated at different depths (expressed as percentages from the
bottom) for each w- velocity results using 1m-DEM scaled models, compared to those results
obtained using the reference DEM at the same depth locations
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Table 5.2. Semivariogram parameters (nugget (C0 ), sill (C), range (a) and R2 ) and fractal
dimension (D) and its R2 of simulated velocity results (composed velocity (v) for DEMs with
different topographic content at 10, 25, 50 and 75% of flow depth.

Results

C0 (ms−1 )2

C (ms−1 )2

a (m)

R2

D

R2

ref
v10%depth
±5cm
v10%depth
±10cm
v10%depth
±25cm
v10%depth
±50cm
v10%depth

1.10E-05
1.90E-05
1.60E-05
2.10E-05
2.10E-05

3.10E-05
5.80E-05
4.30E-05
4.60E-05
5.50E-05

5.95
7.05
6.62
11.25
5.89

0.931
0.969
0.927
0.927
0.961

2.911
2.881
2.895
2.876
2.912

0.657
0.829
0.826
0.964
0.805

6.00E-06
1.30E-05
1.00E-05
8.00E-06
1.00E-05

2.00E-05
4.30E-05
3.20E-05
2.50E-05
3.30E-05

11.90
11.14
20.18
16.65
10.93

0.948
0.945
0.960
0.939
0.953

2.818
2.818
2.782
2.803
2.834

0.953
0.952
0.986
0.972
0.952

6.00E-06
1.40E-05
9.00E-06
8.00E-06
1.10E-05

2.00E-05
4.10E-05
3.20E-05
2.40E-05
3.10E-05

13.16
12.77
21.41
19.47
12.51

0.947
0.943
0.971
0.951
0.952

2.818
2.821
2.781
2.802
2.834

0.969
0.966
0.993
0.983
0.970

7.00E-06
1.40E-05
9.00E-06
8.00E-06
1.10E-05

1.90E-05
4.10E-05
3.10E-05
2.40E-05
3.00E-05

14.00
13.88
21.71
19.91
13.56

0.948
0.943
0.974
0.956
0.953

2.820
2.823
2.781
2.803
2.836

0.973
0.971
0.995
0.986
0.976

ref
v25%depth
±5cm
v25%depth
±10cm
v25%depth
±25cm
v25%depth
±50cm
v25%depth
ref
v50%depth
±5cm
v50%depth
±10cm
v50%depth
±25cm
v50%depth
±50cm
v50%depth
ref
v75%depth
±5cm
v75%depth
±10cm
v75%depth
±25cm
v75%depth
±50cm
v75%depth
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Table 5.3. Semivariogram parameters (nugget (C0 ), sill (C), range (a) and R2 ) and fractal
dimension (D) and its R2 of simulated velocity results (U- component) for DEMs with different
topographic content at 10, 25, 50 and 75% of flow depth.

Results

C0 (ms−1 )2

C (ms−1 )2

a (m)

R2

D

R2

ref
U10%depth
±5cm
U10%depth
±10cm
U10%depth
±25cm
U10%depth
±50cm
U10%depth

1.20E-05
2.20E-05
1.50E-05
2.30E-05
2.40E-05

3.40E-05
6.50E-05
4.70E-05
4.90E-05
6.00E-05

5.75
6.72
6.00
10.25
5.80

0.920
0.964
0.920
0.921
0.960

2.916
2.890
2.900
2.882
2.917

0.636
0.806
0.803
0.956
0.770

6.00E-05
1.20E-05
1.00E-05
9.00E-06
1.10E-05

2.00E-05
4.40E-05
3.30E-05
2.50E-05
3.30E-05

11.01
10.95
20.41
17.24
10.89

0.947
0.944
0.959
0.938
0.951

2.818
2.819
2.782
2.802
2.835

0.952
0.951
0.986
0.973
0.951

6.00E-06
1.40E-05
9.00E-06
8.00E-06
1.10E-05

2.00E-05
4.20E-05
3.20E-05
2.40E-05
3.10E-05

13.20
12.67
21.54
19.73
12.59

0.947
0.943
0.971
0.952
0.951

2.818
2.821
2.780
2.801
2.834

0.969
0.966
0.993
0.984
0.970

7.00E-06
1.40E-05
9.00E-06
8.00E-06
1.10E-05

2.00E-05
4.10E-05
3.20E-05
2.40E-05
3.00E-05

14.03
13.90
22.09
20.04
13.62

0.948
0.943
0.974
0.957
0.952

2.819
2.823
2.781
2.802
2.835

0.973
0.971
0.995
0.987
0.976

ref
U25%depth
±5cm
U25%depth
±10cm
U25%depth
±25cm
U25%depth
±50cm
U25%depth
ref
U50%depth
±5cm
U50%depth
±10cm
U50%depth
±25cm
U50%depth
±50cm
U50%depth
ref
U75%depth
±5cm
U75%depth
±10cm
U75%depth
±25cm
U75%depth
±50cm
U75%depth
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Table 5.4. Semivariogram parameters (nugget (C0 ), sill (C), range (a) and R2 ) and fractal
dimension (D) and its R2 of simulated velocity results (V- component) for DEMs with different
topographic content at 10, 25, 50 and 75% of flow depth.

Results

C0 (ms−1 )2

C (ms−1 )2

a (m)

R2

D

R2

ref
V10%depth
±5cm
V10%depth
±10cm
V10%depth
±25cm
V10%depth
±50cm
V10%depth

0.00
0.00
0.00
1.00E-06
2.00E-06

5.00E-06
1.40E-05
1.70E-05
6.00E-06
9.00E-06

13.92
35.37
32.66
20.31
18.21

0.992
0.998
1.000
0.989
0.985

2.754
2.649
2.563
2.748
2.775

0.872
0.963
0.994
0.954
0.933

0.00
0.00
0.00
0.00
0.00

4.00E-06
1.10E-05
1.70E-05
5.00E-06
8.00E-06

15.78
25.8
36.12
22.22
19.54

0.994
0.997
0.998
0.991
0.991

2.656
2.546
2.443
2.615
2.664

0.862
0.946
0.984
0.929
0.916

0.00
0.00
0.00
0.00
0.00

3.00E-06
1.00E-05
1.60E-05
4.00E-06
7.00E-06

17.51
28.38
37.63
24.11
21.2

0.995
0.998
0.997
0.996
0.995

2.600
2.472
2.378
2.525
2.566

0.870
0.948
0.981
0.926
0.908

0.00
0.00
0.00
0.00
0.00

3.00E-06
1.00E-05
1.60E-05
4.00E-06
6.00E-06

18.23
29.25
39.02
25.21
22.17

0.995
0.999
0.996
0.997
0.996

2.587
2.445
2.360
2.500
2.538

0.879
0.952
0.982
0.932
0.913

ref
V25%depth
±5cm
V25%depth
±10cm
V25%depth
±25cm
V25%depth
±50cm
V25%depth
ref
V50%depth
±5cm
V50%depth
±10cm
V50%depth
±25cm
V50%depth
±50cm
V50%depth
ref
V75%depth
±5cm
V75%depth
±10cm
V75%depth
±25cm
V75%depth
±50cm
V75%depth
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Table 5.5. Semivariogram parameters (nugget (C0 ), sill (C), range (a) and R2 ) and fractal
dimension (D) and its R2 of simulated velocity results (W- component) for DEMs with different
topographic content at 10, 25, 50 and 75% of flow depth.

Results

C0 (ms−1 )2

C (ms−1 )2

a (m)

R2

D

R2

ref
W10%depth
±5cm
W10%depth
±10cm
W10%depth
±25cm
W10%depth
±50cm
W10%depth

0.00
1.00E-06
1.00E-06
0.00
0.00

7.00E-06
1.40E-05
9.00E-06
8.00E-06
1.40E-05

6.38
6.46
6.32
6.05
5.65

0.989
0.985
0.986
0.991
0.985

2.773
2.758
2.775
2.801
2.819

0.698
0.691
0.689
0.698
0.657

0.00
0.00
0.00
0.00
0.00

4.00E-06
8.00E-06
5.00E-06
4.00E-06
7.00E-06

7.08
7.09
7.08
6.82
6.43

0.988
0.985
0.987
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The fractal dimension for the velocity magnitude and individual velocity components have
been calculated using the semivariogram method (Mark and Aronson 1984). The slope of
the semivariogram represented with a logarithmic scale is 2H. The fractal dimension of the
surface, D, is 3 − H. Results are summarised in tables 5.2, 5.3, 5.4, 5.5 and represented
in figures 5.6, 5.7, 5.8, 5.9. Fractal Dimension (D) determines the level of organisation of
the surface and quantify the heterogeneity of a surface (Lam et al. 2004). A low fractal
dimension indicate a smooth, differentiable surface with high level of organisation, whereas
higher dimensions results for less organised surfaces.
Figure 5.6 shows the depth-dependence of the topographic impact upon velocity variability
in space, with higher fractal dimension at the 10% of the flow depth, i.e. the flow is more
complex close to the bottom. Simulated velocity obtained with additional topographic
content of ±10 cm results in the more organised surface with lower D values. It must be
noted that velocity results using a DEM with high topographic variability (DEM ±50cm )
results in velocity surfaces with high fractal dimension at any flow depth, i.e. velocity
results are the most complex. However, the level of velocity complexity in computed
results is not always systematically related with topographic complexity of input DEMs.
From the fractal dimension of individual velocity components, it appears that the crossstream velocity is the most organised component (D ∼ 2.754). Fractal values decrease
towards the surface of the flow, i.e. velocity results become more organised, (Figure 5.8).
The vertical component shows fractal values (∼ 2.773) variations depth-dependently, i.e.
with lower fractal dimension values towards the surface, (Figure 5.9). Downstream velocity
is less organised with higher fractal dimensions (∼ 2.916) and the impact of topography
upon velocity variability is stronger close to the bottom but the complexity of velocity is
maintained throughout the flow depth, (Figure 5.7).

velocity Fractal Dimension (D )

3.0
v
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2.6
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v10% depth
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v50% depth
v75% depth

2.2
2.0

DEMref

DEM±5cm DEM±10cm DEM±25cm DEM±50cm
DEMs

Figure 5.6. Fractal dimension calculated at different flow depths for the composed velocity
results (v) using 1m-DEMs with different topographic content
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U- (downstream) velocity Fractal Dimension (D )
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Figure 5.7. Fractal dimension calculated at different flow depths for the downstream velocity
(U-) component using 1m-DEMs with different topographic content.

V- (cross-section) velocity Fractal Dimension (D )
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Figure 5.8. Fractal dimension calculated at different flow depths for the cross-stream velocity
(V-) component using 1m-DEMs with different topographic content.
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W- (vertical) velocity Fractal Dimension (D )

W
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Figure 5.9. Fractal dimension calculated at different flow depths for the vertical velocity (W-)
component using 1m-DEMs with different topographic content.

5.6

Discussion

This chapter has presented a sensitivity analysis of 3D model predictions to the topographic content of the DEM used to parameterise it. A porosity algorithm has been used
to incorporate scaled DEMs with different topographic content into a 3D finite volume
scheme. The porosity algorithm provides the methodology required to incorporate topographic variability and avoid numerical instabilities and roughness treatments. The mesh
resolution is fixed for the numerical experiment and coincident with the measurement and
modelling scale (1 m), in order to avoid the dominant impact of mesh resolution upon
flow results (Hardy et al. 2005; Rameshwaran and Naden 2004). Horritt et al. (2006) has
considered separately the mesh resolution and the topographic representation scale so as
to parameterise the model impact upon flow results, using distributed bathymetric data
or the same bathymetry represented as cross-sections. In this study, it is the intrinsic
scale of represented topography, as topographic content of the DEM, that modifies the
scale of the topography incorporated. The topographic content is determined by the range
of elevation values that the mesh cell must account for and reflects the intrinsic scale of
topography considered.
The main finding from these analysis is the importance of the topographic data in the
spatial parameterisation of the CFD scheme, which determines the range of velocity values
and the characteristic scale of flow, i.e. the spatial flow organisation. There are two
points that emerge from these analyses. First, the impact upon magnitude and individual
velocity components due to additional topographic content in the DEM decreases towards
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the surface (figures 5.2, 5.3 and 5.5) and the structure of the flow becomes similar between
models, with similar variance values (tables 5.2, 5.3, 5.4 and 5.5). Variations in the
structural pattern of the flow due to topographic scale is reduced as flow is further from
the bottom in a systematic way and yields higher differences in variance values at 10% of
the flow depth.
Second, results show that the behaviour of the model with additional topographic content
is not systematic. On the contrary, if we look at variance values, the range is increased
initially for a small topographic content addition of ±5 cm from which it decreases to a
break point of ±10 cm or ±25 cm, depending on the depth location, i.e. provides the lowest
velocity variability. After this, the velocity variability increases as additional topography
is incorporated. Topographic contents of ±10 cm and ±25 cm correspond to the increase
of the characteristic scale of the flow. Therefore, velocity results are less variable and
more correlated in space. This might be the reason why the ±10 cm and ±25 cm model
shows the lower RMSD when compared with the reference model (Figure 5.2). Results are
more similar because the flow is smoothed, again due to this topographic variability. From
this break point, the characteristic scale is reduced again for a topographical addition of
±50 cm, thus generating a less correlated and complex flow in space. These results are
confirmed by the fractal dimension calculations (Figure 5.6) where it can be seen how
additional topographic content of ±50 cm results in the higher fractal dimensions at any
flow depth, i.e. less-organised velocity surfaces.
The non-systematic behaviour of the model with additional topographic content is more
difficult to explain. It could be a skimming flow effect as it is observed over some gravel
surfaces (e.g. Lane et al. 2004) where additional topographic content modifies the effective
level of the bottom surface and produce higher velocities close to the bottom over the higher
face of the particles. In this study, the additional incorporation of topographic content
produces an increment of flow velocity for every DEM and particularly for ±5 cm and
±50 cm. An increment of variability of the topographic content for ±10 cm and ±25 cm,
produces an interactive flow with the roughness elements, where roughness particles slow
the flow velocity and the profile is throughout affected by them, though the velocity is
still faster in relation to a reference simulation.
Figure 5.11 confirms this graphically with the plot of some vertical profiles of the velocity
magnitude at some locations along the downstream direction, (see Figure 5.10). The
profiles are located at x= 25, 45, 65 and 75 and shows how the ±10 cm and ±25 cm
presents lower velocity values whereas ±5 cm and ±50 cm presents higher velocities,
sometimes even higher close to the bottom, reducing the velocity up to a point from
which the flow is stabilised towards the surface. In any case, the ±5 cm and ±50 cm
model shows the vertical profiles with more variability along the depth. This is consistent
with skimming flow described by Hardy et al. (2006) and Lane et al. (2004).
Figure 5.11 shows how the vertical profile throughout is affected by the topographic content
of the DEM, whereas traditional roughness height approaches in CFD impact only the
bottom part of the flow (Lane et al. 2004). This is important if the purpose of the
model requires the impact of the topographic variability upon 3D flow results as is the
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case in environmental applications. In addition, this study shows how a spatial structure
analysis of velocity results provides the range of velocity displacements due to a certain
topographic specification and thus can be subsequently used to assess any decision about
the topographic scale of the model.
In this chapter, the full effects of additional topography at modelling scales cannot be
continuously followed as a small perturbation of ±5 cm perturbs flow results significantly.
It is not known if the addition of roughness at even finer scales would progressively perturb
flow results. Topographic content in this chapter is generated with measured surface data
at the measurement scale. It is not possible to generate variability in the flow due to
topography at scales below the measurement one. Measured topographic data limit the
level of detail of flow variability in this model results. A possible way to control subscale
roughness could be through introducing roughness to the topographic surface using another
kind of surface characteristic at finer scales, such as grain size data. This issue will be
developed in the next chapter.
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Figure 5.10. Topographic profile along the downstream direction of the flow
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Conclusions

In this chapter, a sensitivity analysis of topographic variability in spatial parameterisation
within a 3D hydraulic scheme was performed. Represented topography has been scaled
in a set of DEMs with constant mesh resolution (close to the measurement scale) and
different topographic content according to a vertical threshold that determine the topographic variability to be included in the DEM. Scaled topographies are incorporated in
the CFD scheme using a porosity algorithm approach. Sensitivity analysis of flow results
is performed globally and spatially through geostatistics looking at the structural pattern
and fractal dimension of the velocity at different flow locations of the simulated domain.
Comparison (RMSD) of velocity results with different topographic contents and a reference DEM showed the importance of topographic scale in the spatial parameterisation of a
CFD scheme. Spatial analysis of velocity results shows spatially how the bed topographic
detail does influence the organisation of the flow by the impact of topography upon the
range of velocity values simulated, the characteristic scales of the flow and the fractal
dimension which indicate the varying complexity of the flow organisation depending on
the topographic content of the DEM. Finally, the impact of topographic detail in the
behaviour of the model is found to be non-linear. An increase in topographic complexity
does not systematically correspond to an increase in the complexity of velocity results.
On the contrary, spatial analysis of velocity results and vertical velocity profiles shows
how additional topographic content may result in an increment in velocity close to the
bottom together with the increase of the complexity of the flow (i.e. increase of the fractal
dimension with the decrease the characteristic scale of the flow). Then a larger increment
in topographic complexity produce a good level of organisation (low fractal dimension);
and still a higher level of topographic complexity produces again a complex organisation
of velocity results with high velocities. This might suggest a periodical effect by which,
for a certain amount of topographic content, the effective level of the bottom surface is
modified and a skimming flow is produced close to the bottom which increases the velocity,
flow complexity and velocity variability throughout the vertical profile.

Chapter 6

Downscaling effect of reconstructed topography on 3D hydraulic model results

6.1

Introduction

Many environmental studies now recognize the importance of the complex variability of
river topography for both sediment entrainment and transport (Hardy 2006; Oost et al.
2004) and in-stream ecology (e.g. habitat for fish spawning) (Crowder and Diplas 2000).
However, it is only recently that methods for handling the associated boundary complexities have been developed in computational fluid dynamics (Bates et al. 2005). For instance,
flow over and around individual gravel particles and clusters (Strom et al. 2004; Papanicolaou and Schuyler 2003) and complex flow patterns at the extremely small scales at which
physical habitat may be structured; can now be modelled (Clifford et al. 2005; Crowder
and Diplas 2006; Leclerc 2005). In turn, this is prompting CFD to develop new ways to
describe the associated topography in such models, that does not require time-demanding
and expensive survey. One of these methods to incorporate complex topographies into a
CFD scheme is a mass flux scaling algorithm based upon a porosity approach within a
regular Cartesian mesh (§5.3.2.3). The algorithm allows the incorporation of microtopography (grain size scale) into fine computational meshes (§5.3.2.1) without distorting the
grid cell size. This avoids stability problems and account for the surface derived variability in flow structure. This approach has previously been developed and validated (Lane
et al. 2002; Lane et al. 2004; Hardy et al. 2005) for the inclusion of complex topography
(individual gravel particles) in high resolution (spatial resolutions of 0.002 meters) CFD
applications. The methodology have also been extended to consider greater spatial scales
(Hardy et al. 2006) which have shown the importance of the quality and resolution of the
topographic boundary condition.
However, the collection of high resolution topographic data is one of the current limitations of CFD environmental applications (Hardy et al. 2006; Horritt 2005). The important
mesh refinement required to simulate flow patterns at significant scales of application de107
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termines the measurement and representation scale of topography, which should ultimately
be commensurate with the CFD analysis scale. This problem is especially critical in the
description of the bed surface. Some methodologies have been developed to improve data
availability including: (i) airborne LiDAR bathymetry (ALB) for measuring the depths
of relatively shallow coastal waters with 4m sounding density and vertical accuracy of
±15cm (Irish et al. 2002); (ii) multispectral scanners which allow 1m resolution imagery
(Lyzenga et al. 2006; Isoun et al. 2003) or (iii) the application of multibeam echo sounding
(Dartnell and Gardner 2004) for centimetric resolution of the bed surface. Without this
new developments a dense coverage of bathymetric data at fine spatial scales cannot be
easily obtained.
In the case of gravel-bed rivers, bed surfaces are highly irregular due to clast size and the
presence of bed forms occurring at different roughness scales (Lawless and Robert 2001;
Butler et al. 2002; Lane et al. 2004). These irregularities exert a significant effect on
flow variability as depth is unusually shallow in relation to the height of bed forms (Hardy
2006). The ideal situation would be to have a high resolution model of the bed surface at
all those roughness scales (e.g. grain scale, bedforms, reach scale), but this is not feasible
(in cost nor in time investment) at the river-reach scale. In practice, an irregularly set
of distributed elevation points and grain size data are measured at coarser spatial scales
than those modelled. In hydraulic modelling, these discrepancies between measurement
and modelling scales may leave the problems of spatial parameterisation and validation
of the model unresolved (Horritt 2006; Schumann et al. 2000). The introduction at
modelling scales of a topographic variability set to account for the roughness not sampled
at the measurement scale would eliminate this gap in spatial parameterisation (Nicholas
2005; Lane et al. 2004).
The downscaling process commonly used to provide a topographic values at a fine modelling scale using measured data at coarser scales usually involves some kind of interpolation. However, any interpolation method (e.g. kriging, IDW, spline) downscales the mesh
resolution of the topographic representation but not the intrinsic topography, i.e. no natural topographic variability is added to the DEM below the measurement scale (Herzfeld
1999; Atkinson 2005). Geostatistical methods make use of the spatial structure of measured data and provide a complete coverage of values at the downscaled mesh resolution
but again topographic variability between measurement sampling locations cannot be generated, though it is known that nature increases its geographic variability with the scale
of observation (Mandelbrot 1983; Klinkenberg 1992; Fisher and Tate 2006). In addition,
geostatistical methods involve smoothing, due to the averaging process of the neighbour
data in the interpolation process (Atkinson and Tate 2000).
Fractal geometry principles can be used to generate surfaces of different complexities
through its fractal dimension, D, which is an indicator of the complexity of the surface
(Voss 1988) (see section 2.4.3). Fractal methods have already been used in both the
analysis of surface roughness and in topographic generation (Xu et al. 1993; Lam and
Cola 1993; Lavallee et al. 1993; Tate 1998; Goodchild and Mark 1987) since the fractal
dimension can explain the increasingly detailed features which appears at different spatial
scales of natural surfaces (Barnsley 1989; Herzfeld and Overbeck 1999). In gravel bed
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river surfaces, fractal analysis has already been applied (e.g. Robert and Richards 1988;
Robert 1991; Nikora et al. 1998; Butler et al. 2001). For instance, Butler et al. (2001)
used 2D fractal analysis of water worked gravels to produce characteristic gravel scaling
relationships, finding two structures at different scales, a isotropic and smoother at sub
grainscale and an anisotropic and more complex at grain size scale. These characteristics
can be used to create gravel grain size structures with the same scale-dependent statistical
properties and so represent the effects of gravel grain size variability upon flow structure
more realistically, although the exact detail is not reproduced (Lane et al. 2004). A
fractal-based characterization of the grain-size roughness variability may then provide a
way of representing the effects of microtopography not measured upon flow structure in a
correlated way.
In this study, topographic downscaling to the computational scale is attempted by the
representation of measured features of the reach morphology (riffle-pool morphology) coupled to the reconstruction of microtopography using measured grain size data and fractal
methods, as it is suggested by Lane et al. (2004). Reconstructed microtopography in
this way will respond to topographic properties at different scales in nature (Mark and
Aronson 1984) which combined with topography at modelling scales can be used to spatially parameterise the CFD mesh. In Chapter 5, a max flux scaling algorithm (Hardy
et al. 2006) based upon a porosity approach was used to incorporate complex floodplain
topography in a 3D finite volume scheme. In this chapter, the same approach is used to
assess the impact of reconstructed microtopography with natural variability at unsampled
scales upon flow results. Mesh resolution impacts are also evaluated.

6.2

Objectives

The main aim of this chapter is the reconstruction of correlated grain size scale topography
(microtopography) at unsampled scales and its combination with topography at computational scales to parameterise spatially the CFD model. This is particularly interesting
in CFD applications where derived flow variability is needed but surface data at fine scale
is not available. Scaling effects due to the incorporation of microtopography into different
computational mesh scales upon flow results is also a principal question.
To achieve this, three specific objectives will be tackled:
* Reconstruction of correlated microtopography at modelling scales finer than that of
measurement, using grain size data and its combination with topographic data at
the mesh resolution of the hydraulic model.
* Assessment of topographic effects upon 3D flow results due to reconstructed microtopography and mesh resolutions.
* Relating topographic and velocity variability looking at the spatial performance of
the model at correlation scales of the flow.
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Methodology
Study area and initial data

Reconstruction of grain-size microtopography and its effects on hydraulic variables requires a high detailed textural analysis and field survey. Such detail data was available at
Solfatara Creek near Norris Junction in Yellowstone National Park, Wyoming (see Whiting and Dietrich 1991, for detailed filed description). This stream comprises a sinuous,
clear-flowing gravel bed channel averaging 5.2m wide and 0.4m in depth with a water
surface slope of ∼ 0.001. The bed surface is composed of spatially sorted fine to medium
gravel and coarse sand. The median size (D50) of the bimodal bulk distribution is 8 mm,
and D84 and D16 are 16.1 and 0.7 mm, respectively. The largest grains are found along
the left bank and over the bar top. Along cross-sections, depth was measured at 0.25 m
intervals, with 0.2 m intervals near the bank. Cross-sections were taken at 1.5 m intervals
downwards the channel. The bed sediment size was determined at 0.4 to 0.6 m intervals
across the sections by scraping 200-300 gr samples from the bed with a miniature sediment
sampler. Sediment samples were dried in the laboratory and sieved at half-phi intervals.
The bed topography is controlled by the upstream bend and the downstream bar. Bed
elevation data were obtained subtracting depth from water surface elevation data at each
station. Equation 6.1 is used to calculate diameters of grain data in millimetres from
φ-values.
φ = −log2 (d)

(6.1)

The river reach covered by the survey is about 15m long, with 0.2 and 0.7m of minimum
and maximum flow depth. In total, the field and laboratory database gathered from this
survey comprises:
(1) Distances between stations along each of the 11 cross-sections from a defined channel
centreline and distance to the banks;
(2) 257 depth data for each station with an accuracy of 1 cm;
(3) 257 data of water surface elevation data for each station with an accuracy of 0.5 mm;
(4) The graphical location (physical map) of the cross-sections;
(5) 257 data of flow velocities with an accuracy of ±0.3 cm/s or ±1.2 per cent; and
(6) 94 samples of grain size data (φ5, φ16, φ25, φ50, φ65, φ75, φ84, φ100) at about 0.4 m
intervals within cross-stations, (see for further details Whiting and Dietrich 1991; Whiting
1997).
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Figure 6.1. Initial data location of Solfatara Creek reach; (a) Elevation data; (b) velocity data;
(c) grain-size data location

6.3.2
6.3.2.1

Spatial Parameterisation
Geostatistical methods

Geostatistical methods for interpolation are based on the principle of least-square optimisation introduced in a probabilistic framework (Matheron 1963; Journel and Huijbregts
1978) and consists on two steps, (1) the analysis of the spatial structure of measured data
(variography) and (2) the interpolation process.
In the first step, an experimental variogram is calculated according to:
n

γ(h) =

1 X
[z(xi ) − z(xi + h)]2
2n

(6.2)

i=1

where z(xi ), z(xi + h) are measurements at locations xi , xi + h respectively, inside a region
D, and n is the number of pairs separated by the vector h.
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The experimental variograms are calculated as the squared differences between measurement values and averaged in bins, using the stationary concept by which the correlation
between any two locations depends only on the vector h that links them, not on their
exact location. An analytical variogram model is then fitted to the experimental variogram. The variogram model describes the type of transition from the strong covariation
of closely neighbouring samples to the weaker covariation typical of samples farther apart,
i.e. low variogram values for short lags gradually increasing to high variogram values for
long lags. The variogram model is characterised by its function type, which must meet
certain mathematical requirements (Herzfeld and Zahner 2001).
The model variogram is used as a weighting function in the interpolation process, with
weights related to the spatial separation between known and unknown data location. For
that purpose, variogram models are fitted to the data.
The model variogram parameters are used in ordinary kriging to compute the weights
assigned to observations. The value z0 = z(x0 ) at a node x0 is estimated by:

Z0∗ =

N
X

λi Zi

(6.3)

i=1

where λi are real numbers and zi = z(xi ) at locations xi (i = 1, ..., n) are the sample values
in a neighborhood of the grid node x0 . The unbiasedness and minimum variance in the
estimation error constraints requires that the weight coefficients must sum to one in case
the expectation is independent of location (equation 6.4).

N
X

λi = 1

(6.4)

i=1

Geostatistical interpolation is based on a continuous model of stochastic spatial variation and provides an estimate of the uncertainty associated with the interpolated value.
The method aims to minimize the residual variance and allow confidence intervals to be
calculated and spatial structure to be accounted for.
Following Siska et al. (2005) two major error groups can be distinguished in geostatistical
interpolation: (i) an estimation (prediction) error that arises through the use of interpolation procedures, defined as the difference between the actual -true- value and the
estimated - predicted- value and (ii) the kriging variance or kriging standard error (the
square root of kriging variance) that is inherent to the kriging system and is available for
any interpolated value. Maps of the estimation variance can be used as a guide to the
reliability of the estimations, but the reliability of kriging depends on how accurately the
variation is represented by the chosen spatial model.
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Fractal surface generation method

The mathematical theory of fractals for surface simulation is based on numerous iterations
of a simple rule, producing complex shapes. By introducing small random deviations in
every iteration, the resulting shape becomes irregular. Terrain data can be analysed
and fractal parameters extracted. These fractal parameters, which characterize a certain
feature can be used to control the surface generation process. Fractal based methods
for surface simulation mainly start from fractional Brownian Motion (fBM), such as: the
mid-point displacement, iterated function systems and multifractal algorithm for terrain
generation. In this study the mid-point displacement methodology is used. Following Russ
(1994), the methodology keeps the four corner points of the area fixed, whereas the centre
of each square is displaced up or down from the average
of the four corners. This produces
√
a finer grid consisting of points with spacing 1/ 2 of the original, which is oriented 45o
to the original. Displacing the centre of these squares produces a finer grid aligned with
the original and 1/2 the spacing. The displacement is an amount taken from a Gaussian
random number distribution with mean value < h >. This mean value of the displacement
< h > is reduced for each iteration according to < h >= wH, where w is the size of the
square and H is a coefficient between 0 and 1. The surface that results will have a fractal
dimension (Fd) of 3 − H

6.3.2.3

Topographic modelling

Topographic parameterisation uses measured elevation data geostatistically interpolated
into computational modelling scales (5, 10 and 20 cm). Experimental variograms were
computed with elevation data and a model was fitted visually using Geostatistical Analyst ArcGIS Module. The spatial structure of the terrain was considered anisotropic
(different structures in different directions). This were applied because there is a strong
anisotropy in gravel bed rivers and because within the study reach a predominant terrain
direction is observed. A spherical model with a nugget effect was fitted where the major
range in the direction of maximum continuity (α = 84.2o ) is 11.118 m and 4.1834 m is the
minor range in the perpendicular direction. The nugget value is 0.0079985 and the partial
sill 0.064738 m (for a lag of 0.93795 m; Number of Lags: 12). The Nugget occurs when
sampling locations are close but measurements are different. There is a relation between
the nugget and microstructures (variations at scales too fine to detect in the available
scale). Prediction errors of the geostatistically simulated surface are summarised in Table
6.1. These statistics provide the assessment of the strength of the geostatistical simulation
through the analysis of the following prediction errors: (i) the mean prediction error of
the interpolation process should be close to zero which means unbiased predictions; (ii)
the root-mean-square prediction error (computed as the square root of the average of the
squared difference between observed and predicted values) means how close predictions are
to measured values; and (iii) average standard errors must be close to the root-mean-square
prediction errors, to confirm that the variability in prediction is correctly assessed. Geostatistically interpolated surface of elevation data have been rasterised into three different
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mesh resolutions: 5, 10 and 20 cm which are the modelling spatial scale of computational
meshes used for this study.

6.3.2.4

Microtopographic modelling

In this section, the methodology is described that reconstructs microtopography using
grain size data whose sampling locations are spatially distributed within the reach area
(Figure 6.1.c). A mean value of d16 and d84 is used to simulate geostatistically the
distribution of particles at modelling scale. This smoothed microtopographic surface due
to interpolation is perturbed with fractal methods within a variability threshold given by
the difference of grain size diameters (see Figure 6.2). The spatial structure of the grain
size data was considered anisotropic and a spherical model with a nugget effect was fitted,
where the major range in the direction of maximum continuity (α = 83.6o ) is 12.075 m and
4.9407 m is the minor range in the perpendicular direction. The nugget value is 4.6996 mm
and the partial sill 26.127 mm (for a lag of 0.94 m; Number of Lags: 12). Prediction errors
of geostatistically simulated grain size surface are summarised in table 6.1.

~10mm
d84
d16
~15mm

~5mm

Figure 6.2. Maximum variability of fractally generated microtopographic perturbation.

The grain size surface (G) was geostatistically generated with the average of grain size
diameters (d16(mm) and d84(mm)), therefore artificial microtopographic variability must
range within the difference between grain size diameters values (Figure 6.2). Grain size
data are spaced ∼ 1.5 m along the reach and ∼ 0.5 m within each cross-section. Following
the Nyquist rule, by which the lowest detectable periodicity is twice the sampling interval,
the model will provide explicitly first order representation of microtopography and its
variability at scales greater than 3x1m. Scales below that need to be reconstructed. In
addition, one of the problems of fractals when simulating real surfaces is that self-similarity
is exhibited for a small range of scales (Atkinson 2002). In this study, the channel domain
is divided into squared areas (2x2 m) where microtopographic variability is generated
locally. 32 (8x4) windows are needed to cover the whole squared domain (15.37x7.59 m),
see figure 6.3. Variations in microtopography will be estimated for those scales that go
from the grain size to computational mesh scales (5 cm, 10 cm and 20 cm),
The generation of grain size (i.e. microtopographic) variability (4G) as fractal surfaces
using the midpoint displacement algorithm requires three input parameters: (1) the size
of the area; (2) the maximum perturbation value divided by two (h); and (3) the fractal
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dimension of the surface (D). The size of the area will depend on the number of iterations
following the rule 2n + 1. For this study 8 iterations results in a square of 257 cells.
Each fractal square of two by two meters will have 257x257 cells of 7.782 mm each one.
The randrange (h) which defines the overall perturbation of the surface is calculated
locally as half the value of the maximum difference (M axDif /2) between d84(mm) and
d16(mm) within the square, figure 6.2. The algorithm will perturb the surface upwards
and downwards with the h parameter. Finally, the fractal dimension (D) defined by the
Hurst coefficient determines the complexity of the artificial surface.
Table 6.1. Prediction errors of geostatistically interpolated surfaces of topography (Z) and grain
size data (G)

Prediction Errors
Mean
Root-Mean-Square
Average Standard Error
Mean Standardized
Root-Mean-Squared Standardized

Z (m)

G (mm)

-0.00159
0.15540
0.12320
-0.00707
1.27900

-0.00545
3.09900
3.15400
-0.00075
0.99420

A2

A3

A4

A5

A6

A7

A8

B1

B2

B3

B4

B5

B6

B7

B8

C1

C2

C4

C5

C6

C7

C8

D1

D2

D4

D5

D6

D7

D8

D3

Legend

Meters

grain size data (mm)

0

0.5

1

2

3

4

Figure 6.3. Area distribution of fractal scale-dependent squares.
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Figure 6.4. Fractally simulated microtopographic variability for different dimensions for a 2m
squared area of the domain; (a) Fd = 2.5; (b) Fd = 2.3
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For this study, there is no available data to derive grain size structure below modelling
scales, therefore two different fractal dimensions are used and a sensitivity analysis will
be performed. Following Butler et al.’s (2001) results, low fractal dimensions are obtained
at grain scales (∼ 25 mm) due to the smoothing effects of water working at this scale
on particle surfaces. Accordingly, grain size variability will be generated for 2.3 and 2.5
fractal dimensions. Figure 6.4 shows two 2x2 meter surfaces generated for different fractal
dimensions. Higher fractal dimension (figure 6.4.a) increases the complexity of generated
surface for a constant value of randrange, (h). The midpoint displacement algorithm is
applied to simulate microtopographic variability which varies locally with the variability
of grain size data within each square. Squares are merged to generate the surface (4G)
of the whole domain for each fractal dimension and grain size variability data is extracted
for each point of the computational meshes (4G5 cm , 4G10 cm , 4G20 cm ).

6.3.2.5

DEM generation

The methodology developed in this study to parameterise spatially the computational
mesh rely on the combination of topography and microtopography (grain size scale). The
downscaling procedures are summarised in table 6.2. Elevation and grain size data are
interpolated into mesh scales using geostatistical methods. Grain size variability below
measurement scales are generated on the base of a fractal Brownian motion (fBm) using
a variation of recursive midpoint displacement (Russ 1994). Microtopography is therefore
composed of a grain size surface generated by interpolation at modelling scales (G) and
an additional surface artificially generated of grain size variability at scales not measured
(4G). Topography and microtopography are then combined at modelling scales (m)
according to equation 6.5 to obtain the downscaled DEMs with natural variability below
measurement scale included, that can be used to spatially parameterise the computational
mesh.
DEM = Z ± (G + 4G)

(6.5)

Spatial parameterisation is accomplished by the straight overlaid to the CFD mesh of the
generated DEMs. These DEMs combines topography Z, microtopography G and microtopographic variability 4G at modelling scales (5, 10 and 20 cm), i.e. topography (Z5 cm ,
Z10 cm and Z20 cm ) is perturbed with the incorporation of reconstructed microtopography
d
and its variability ±(G + 4G)±F
m . Table 6.3 summarise the 15 DEMs generated and how
they constructed at modelling scales (Zf = Z ± (G + 4G)). DEMs are merged within a
regular Cartesian mesh and introduced into a finite volume CFD scheme by the application of a porosity algorithm (5.3.2.3). The algorithm block each finite volume element on
a cell-by-cell basis depending on whether it is water or bed.

Modelling scale

Parameterisation
spatial scale

Parameterisation
models
Topographic
(M)

Microtopographic
(G)

Microtopographic
variability
(4G)

Spatial
components

Elevation
(Z)

Grain size
(G)

Grain size
variability
(4G)

Artificial generation of
grain size variability
below sampling scales
using fractals

Interpolation
(kriging)

Interpolation
(kriging)

Scaling
procedure

Range
values

calculated as the maximum difference of grain-size
between d16 and d84 (mm)

4G [6.3 - 20.2mm]

G ∼ [0.4-20.5mm]
calculated with the mean grain-size
of d14(mm) and d84(mm)

M [5, 10, 20cm]

Table 6.2. Scaling procedures in CFD spatial parameterisation
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CFD simulation

The 3D CFD methodology used in this chapter follows the scheme already described
in previous chapter (§5.4.1.1). Boundary conditions were defined at the upstream and
downstream cross-sections. At the upstream cross-section, inlet conditions are provided
by measured data of distributed water surface elevation and u-, and v- component of
the flow. Starting conditions at the free surface were defined using the method applied by
Bradbrook, Lane and Richards (2000). The bed was represented by the porosity algorithm
while no-slip conditions were specified at the walls. The standard renormalisation group
(RNG) theory κ − ε turbulence model is not modified at the side walls or the bed. The
computational domain was regular in the x, y directions with mesh resolutions of 5, 10
and 20 cm. The domain extent of the area is contained within a 14.4 x 5.3 m rectangle. In
the z direction the grid resolution was increased to the double to allow inclusion of spatial
data using the porosity treatment. The maximum extent of the domain depth (∼ 0.7 m)
was set at 28, 14 and 7 mesh cell. Thus, the computational meshes dimensions are of 286
x 106 x 28 for the 5 cm mesh; 143 x 53 x 14 for the 10 cm mesh and 72 x 27 x 7 to the
20 cm.

Table 6.3. Summary of scaled DEMs

Scaled DEMs

Composition

DEM5cm
+2.3
DEM5cm
−2.3
DEM5cm
+2.5
DEM5cm
−2.5
DEM5cm

Z5cm
Z5cm ± (G5cm + 4G+2.3
5cm )
Z5cm ± (G5cm + 4G−2.3
5cm )
Z5cm ± (G5cm + 4G+2.5
5cm )
Z5cm ± (G5cm + 4G−2.5
5cm )

DEM10cm
+2.3
DEM10cm
−2.3
DEM10cm
+2.5
DEM10cm
−2.5
DEM10cm

Z10cm
Z10cm ± (G10cm + 4G+2.3
10cm )
Z10cm ± (G10cm + 4G−2.3
10cm )
Z10cm ± (G10cm + 4G+2.5
10cm )
Z10cm ± (G10cm + 4G−2.5
10cm )

DEM20cm
+2.3
DEM20cm
−2.3
DEM20cm
+2.5
DEM20cm
−2.5
DEM20cm

Z20cm
Z20cm ± (G20cm + 4G+2.3
20cm )
Z20cm ± (G20cm + 4G−2.3
20cm )
Z20cm ± (G20cm + 4G+2.5
20cm )
Z20cm ± (G20cm + 4G−2.5
20cm )
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Spatial structure analysis

The notion of surface roughness is used to encompass all the spatial structures of a natural surface at several scales. This surface roughness should account for the energy loss
and hydraulically complex processes that occur at the channel bed. A simple aspatial
global statistic like the RMSE fails to describe the spatial pattern of this surface variability when comparing two surfaces with different roughness (Atkinson and Tate 2000), and
does not provide information on the contributing factors implied in the overall surface generation process. Following Herzfeld et al. (2003) mathematical approach, if roughness is
considered as the spatial derivative of surface elevation (or microtopography), differences
between topographic relief and surface roughness is only one of scale since, mathematically, the later is a property of the derivative of the former (Herzfeld 1999). Herzfeld
et al. (2003) obtained the spatial derivative, building differences of elevations over given
distances resulting in a local slope equation:

limx→x0

z(x0 ) − z(x)
x0 − x

(6.6)

A more valuable function for surface roughness estimation can be obtained from the spatial
variability of local differences in attribute values, which results from the knowledge of the
spatial structure of the element. This spatial variability of local differences can be formulated as the differences between values averaged over all points that have the same common
distance. The variogram function used in geostatistics matches this concept (equation 6.2)
and is formally equivalent to the first-order vario function. The difference between both
is that the variogram is defined in the stochastic framework and the vario-function theory is set in a discrete-mathematics framework; vario-functions of first-order always exist,
whereas the variogram require statistical assumptions to ensure their existence (Herzfeld
et al. 2006). The discrete-mathematic framework is suitable for parameter extraction and
to explore spatial scaling effects.
In this study, characterisation parameters according to Herzfeld et al (2006) will be used.
These parameters include firstly: (i) the maximum vario-function value (pond parameter)
which is related to the absolute variance (in spatial statistics). This parameter captures
the overall spatial variability of the surface within the scale range of study and can be
considered as a direct indicator of surface roughness. A measure of surface roughness z0
can be related with the pond parameter by the root-mean squared error of the double
value of the pond within a spatial range considered. Then, (ii) the scale at which this
occurs, i.e. the distance at which maximum variability is reached, is also extracted. And
finally, (iii) the fractal dimension is calculated using the semivariogram method (Mark
and Aronson 1984). In this chapter, geostatistical techniques are used to address data
and model scale issues. Some first-vario function parameters will be used to assess spatial
scaling effects upon associated flow patterns.
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Results

This section is divided according to the objectives of this chapter. Downscaling effects
are evaluated looking at global aspatial statistics like the RMSD whereas the spatial scale
assessment is approached using the extraction of parameters from the vario functions constructed with simulated results, like the characteristic spatial scale of flow results, the
maximum overall roughness of the data or the fractal dimension (§6.3.4). Parameters
are extracted from the vario function and no model derived parameters are used, as the
modelling process includes an estimation error that for structure analysis purposes is not
required (as it is for modelling purposes) (Herzfeld 1999). Spatial structure is evaluated at different significant scales of the simulated flow to explore modifications due to
the incorporation of microtopography into different mesh resolutions. Scale relationships
are established using vario values at concurrent lag scales between topography and flow
variability.

6.4.1

Reconstruction of microtopography at modelling scales

In this section, scaling effects due to the incorporation of microtopography on the spatial
structure of the DEMs are evaluated using geostatistics . The spatial variability of grain
size (4G) is also evaluated with the vario function at three mesh resolutions (5, 10 and
20 cm). Vario function are calculated for each DEM and extracted parameters are summarised in Table 6.4. Vario function parameters include: the distance at which the vario
function reaches the maximum value (scale max.); the maximum vario value (max. vario)
and a microtopographic variability value (4Gvar) derived from the maximum vario value,
calculated as the root square of the double vario value, in order to understand dimensions;
the fractal dimension and its level of adjustment (R2 ). Table 6.4 shows how, as mesh
resolution is coarser, the scale increases and vario values (i.e. the range of elevation data
at this scale) decrease. This reflects in the DEM structure the averaging effect of interpolation into larger mesh cell sizes and its low correlation (shorter characteristic scales).
For each mesh resolution, the scaling effect due to the incorporation of microtopography
is only reflected in maximum vario values as the scales at which this remains constant.
This suggests that the characteristic scale of the DEM is controlled by mesh resolution.
Microtopography modifies the range of elevation values (vario) in the DEM for characteristic scales, with larger values with the addition of a microtopographic scheme and smaller
when the scheme is removed. The fractal dimension shows the level of organisation of generated surfaces. According to this, the 10 cm DEM is the most organised one. Additional
microtopography increase the complexity of the surface and the removal of increase the
level of organisation. Figure 6.5 represents the vario function for ranges below 3 m and
a lag interval equal to the mesh resolution respectively. From this figure (6.5), it can be
stated that: (i) finer meshes are more sensitive to grain size variability; and (ii) within each
mesh resolution, fractal dimension determines the correlation of the surface. Figure 6.5
shows how lower fractal dimension results in surfaces with longer characteristic scales and
lower range of variability values which implies a smoother surface. It must also be noted
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that characteristic scales, for maximum grain size variability values, are below 3 m which
is the minimum distance at which any measured feature could be detected (calculated by
the Nyquist rule).
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Figure 6.5. Vario function of microtopographic variability generated artificially with grain size
data for two different fractal dimensions, (2.3 and 2.5); (a) for a 5 cm modelling scale; (b) for a
10 cm modelling scale; (c) and for a 20 cm modelling scale.
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Table 6.4. Parameters from the vario functions of DEMs (topographic parameterisations) at
different mesh resolutions with different microtopographic schemes (fractal dimension)

DEMs
DEM5cm
−2.5
DEM5cm
+2.5
DEM5cm
−2.3
DEM5cm
+2.3
DEM5cm
DEM10cm
−2.5
DEM10cm
+2.5
DEM10cm
−2.3
DEM10cm
+2.3
DEM10cm
DEM20cm
−2.5
DEM20cm
+2.5
DEM20cm
−2.3
DEM20cm
+2.3
DEM20cm

6.4.2

scale max (m)

max vario (m2 )

4Gvar (m)

D

R2

3.975
3.975
3.975
3.975
3.975
4.050
4.050
4.050
4.050
4.050
4.100
4.100
4.100
4.100
4.100

4.73E-02
4.61E-02
4.85E-02
4.61E-02
4.85E-02
4.72E-02
4.60E-02
4.84E-02
4.60E-02
4.84E-02
4.70E-02
4.58E-02
4.83E-02
4.58E-02
4.83E-02

0.308
0.304
0.311
0.303
0.312
0.307
0.303
0.311
0.303
0.311
0.307
0.303
0.311
0.303
0.311

2.468
2.465
2.469
2.466
2.471
2.373
2.371
2.376
2.371
2.375
2.387
2.382
2.388
2.384
2.386

0.980
0.980
0.980
0.980
0.980
0.980
0.980
0.980
0.980
0.980
0.980
0.980
0.980
0.980
0.980

Spatial parameterisation impact upon 3D flow

In this section objective number two is approached, where the impacts of reconstructed
microtopography on 3D modelling results at mesh resolutions of 5, 10 and 20 cm are
evaluated. The methodological steps includes: (1) the evaluation of velocity deviations
due to the incorporation of reconstructed microtopography, (2) a sensitivity analysis of
microtopography and mesh resolution impact upon velocity results at different flow depths,
and finally (3) the comparison of simulated and measured velocities.
Spatial structure of flow deviations due to grain size microtopography
The spatial distribution of flow departures (differences) between simulated velocity results
using topographic data and those simulated with additional grain size microtopography
were analysed using a mesh resolution of 5 cm. Figure 6.6 represents vario functions of
velocity deviations at different flow depths (20, 40, 60 and 80%). The figure reflects how
the maximum impact due to microtopography upon velocity deviations happens at the
20% of the flow depth (with larger vario values) decreasing towards the surface. It must
be noted that the range of deviations in velocity close to the bottom surface is larger when
the grain size scheme has been removed (4v −2.5 and 4v −2.3 ).
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Figure 6.6. Vario function of spatial structure of flow deviation due to microtopography at 5cm
modelling scale at different depth locations of the flow; (a) for 20% depth; (b) for 40% depth; (c)
for 60% depth; (d) for 80% depth.
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This might reflect the effect of deeper flow in velocity variability. In addition, larger deviations in velocity (∼ 0.014 ms−1 ) are generated with the substraction of microtopography
to topography with more complex variability schemes (D=2.5) This variation implies the
5% of the global mean flow at the 20% of the flow depth (∼ 0.285 ms−1 ) . An important
point to remark here is that characteristic scales (∼ 0.5 m) of maximum vario values
in velocity deviations happen at scales below measurement scales. This suggests that a
correlated variability in velocity, at those spatial scales not measured, has been generated.
Sensitivity analysis of microtopography upon flow results
The downscaling impact of spatial parameterisation upon flow results is assessed: (1)
globally through the RMSD of velocity magnitude and individual components; and (2)
spatially, looking at spatial flow structure. Globally, computational mesh scale impact is
calculated at different flow depths, through the comparison of the flow velocity results using a 10 cm and 20 cm mesh with those obtained using a 5 cm mesh. Table 6.5 summarises
these RMSD values, where it can be noted the stronger impact of mesh resolution towards
the surface of the flow. Microtopographic impact is presented in Table 6.6 where, at each
modelling scale, velocity results obtained with DEMs with microtopographic schemes are
compared with those of reference without grain size information. The table quantifies the
stronger impact close to the bottom (20% of the flow depth) and the behaviour is not
systematic with mesh resolution. The 5 cm scale is the most sensitive to microtopography
whereas the 10 cm model show the lowest variations. Changes in the mesh resolution
and microtopography, imply the ∼ 60% and ∼ 3.6% of the simulated mean velocity using the 5 cm model (∼ 0.3ms−1 ), respectively. Spatially, vario functions are calculated
for velocity results using different spatial parameterisations (§table 6.3). Figure 6.7 plots
vario functions calculated at different flow depths for each mesh resolution. It is apparent
from this figure how once the vario value reaches a maximum, the function fluctuates with
a frequency interval smaller towards fine meshes. This reflects the increment of spatial
variability in flow velocities in fine mesh resolutions. From this figure it can also be stated
that the 10cm is the most sensitive approach to flow depth, where vario values differs more
between depths. Table 6.8 summarise extracted parameters from the vario functions of
simulated flow velocity, (maximum scale and vario values and fractal dimension). This
table shows the depth-dependence of the mesh resolution impact upon velocity results.
Shallow depths are less sensitive to mesh resolution variations. This is reflected in the
larger difference in vario values and fractal dimension for different mesh resolutions at
20% of flow depth. Mesh resolution modifies the variability of simulated values and its
characteristic scale, therefore the level of organisation is also modified. Velocity complexity
is not systematic with mesh resolution. In this model, at any flow depth, the 10 cm simulation shows the lower fractal dimension, therefore the more organised simulation results.
At depth locations close to the surface (20% and 40%), the 5 cm approach shows higher
variability in simulated velocity results whereas the 20 cm results in the most complex
simulation, i.e. the less correlated. From this it can be derived that the heterogeneity of
velocity values close to the bottom is better reflected with fine scales. However, the length
of the characteristic scale (also modified by the mesh resolution) also determines the level
of organisation of the flow. It must be noted here that the 10 cm DEM presents the lowest
fractal dimension, therefore it is also the most organised surface.
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Table 6.5. RMSD of velocity magnitude (v) and individual components (U, V and W) using a
mesh resolution of 10 and 20 cm compared with the 5 cm model results at different flow depths

RMSD (m/s)
v10cm
v20cm
U10cm
U20cm
V10cm
V20cm
W10cm
W20cm

20%depth

40%depth

60%depth

80%depth

0.1844
0.1970
0.1806
0.1947
0.0447
0.0436
0.0125
0.0123

0.2100
0.2161
0.2059
0.2140
0.0480
0.0458
0.0093
0.0086

0.2211
0.2272
0.2191
0.2265
0.0469
0.0458
0.0066
0.0066

0.2263
0.2293
0.2258
0.2298
0.0480
0.0470
0.0038
0.0042

The microtopographic impact is also summarised in table 6.8 which quantifies how the
addition of microtopography modifies vario values but not the flow structure, (as characteristic scales remain constant at each mesh resolution). This might suggests that computational mesh scale controls the structure of the flow whereas microtopography impacts
upon the range of velocities and the level of organisation of velocities at each depth. Microtopographic impact is stronger close to the bottom with higher differences in fractal
dimension results. The behaviour of the model is systematic with microtopography, an
additional microtopographic scheme derive in an increment of the fractal dimension, i.e.
an increase of velocity complexity. Maximum variations due to microtopography happen
at the 20% of the flow depth for the 10 cm scale model.
Table 6.6. RMSD of simulated flow results at 5, 10 and 20 cm modelling scales with different
microtopographic schemes compared with plain topographic models at different flow depths

RMSD (m/s)
−2.5
v5cm
+2.5
v5cm
−2.3
v5cm
+2.3
v5cm
−2.5
v10cm
+2.5
v10cm
−2.3
v10cm
+2.3
v10cm
−2.5
v20cm
+2.5
v20cm
−2.3
v20cm
+2.3
v20cm

20%depth

40%depth

60%depth

80%depth

0.01050
0.01030
0.01060
0.01080
0.00640
0.00700
0.00670
0.01250
0.00940
0.00790
0.00930
0.02240

0.00620
0.00560
0.00630
0.00720
0.00380
0.00340
0.00390
0.01050
0.00630
0.00580
0.00630
0.02280

0.00610
0.00540
0.00610
0.00740
0.00290
0.00300
0.00250
0.01020
0.00530
0.00460
0.00520
0.02370

0.00810
0.00610
0.00770
0.00880
0.00220
0.00290
0.00200
0.01030
0.00410
0.00340
0.00390
0.02420
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Table 6.7. RMSD of simulated flow results at 5, 10 and 20 cm modelling scales with different
microtopographic schemes compared with plain topographic models at different flow depths

RMSD (m/s)
−2.5
U5cm
+2.5
U5cm
−2.3
U5cm
+2.3
U5cm
−2.5
U10cm
+2.5
U10cm
−2.3
U10cm
+2.3
U10cm
−2.5
U20cm
+2.5
U20cm
−2.3
U20cm
+2.3
U20cm
−2.5
V5cm
+2.5
V5cm
−2.3
V5cm
+2.3
V5cm
−2.5
V10cm
+2.5
V10cm
−2.3
V10cm
+2.3
V10cm
−2.5
V20cm
+2.5
V20cm
−2.3
V20cm
+2.3
V20cm
−2.5
W5cm
+2.5
W5cm
−2.3
W5cm
+2.3
W5cm
−2.5
W10cm
+2.5
W10cm
−2.3
W10cm
+2.3
W10cm
−2.5
W20cm
+2.5
W20cm
−2.3
W20cm
+2.3
W20cm

20%depth

40%depth

60%depth

80%depth

0.01030
0.01010
0.01030
0.01060
0.00610
0.00690
0.00640
0.01230
0.00910
0.00780
0.00900
0.02220
0.00440
0.00390
0.00440
0.00440
0.00390
0.00500
0.00400
0.00540
0.00430
0.00420
0.00420
0.00500
0.00440
0.00360
0.00410
0.00420
0.00410
0.00500
0.00410
0.00500
0.00430
0.00480
0.00430
0.00460

0.00610
0.00550
0.00620
0.00710
0.00360
0.00350
0.00370
0.01040
0.00630
0.00550
0.00620
0.02260
0.00270
0.00190
0.00250
0.00250
0.00200
0.00210
0.00210
0.00240
0.00320
0.00270
0.00320
0.00340
0.00400
0.00240
0.00350
0.00370
0.00170
0.00170
0.00170
0.00190
0.00240
0.00210
0.00240
0.00180

0.00620
0.00540
0.00610
0.00750
0.00300
0.00310
0.00250
0.01020
0.00530
0.00450
0.00510
0.02360
0.00300
0.00180
0.00260
0.00270
0.00150
0.00160
0.00150
0.00200
0.00260
0.00220
0.00260
0.00300
0.00360
0.00200
0.00320
0.00330
0.00091
0.00094
0.00093
0.00110
0.00160
0.00150
0.00160
0.00160

0.00860
0.00620
0.00790
0.00920
0.00250
0.00300
0.00210
0.01020
0.00420
0.00330
0.00400
0.02410
0.00390
0.00210
0.00320
0.00360
0.00140
0.00140
0.00150
0.00190
0.00220
0.00170
0.00220
0.00270
0.00220
0.00130
0.00200
0.00190
0.00042
0.00043
0.00041
0.00057
0.00093
0.00072
0.00091
0.00061
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Figure 6.7. Vario function of flow structure at three different modelling scales, 5, 10 and 20 cm
at different depths of the flow; (a) for a 5 cm modelling scale; (b) for a 10 cm modelling scale; (c)
and for a 20 cm modelling scale.
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Table 6.8. Parameters from the vario functions of flow velocity at different mesh resolution and
microtopographic information, at 20%, 40%, 60% and 80% of the flow depth.

DEMs
20% flow depth
v5cm
−2.5
v5cm
+2.5
v5cm
−2.3
v5cm
+2.3
v5cm
v10cm
−2.5
v10cm
+2.5
v10cm
−2.3
v10cm
+2.3
v10cm
v20cm
−2.5
v20cm
+2.5
v20cm
−2.3
v20cm
+2.3
v20cm
40% flow depth
v5cm
−2.5
v5cm
+2.5
v5cm
−2.3
v5cm
+2.3
v5cm
v10cm
−2.5
v10cm
+2.5
v10cm
−2.3
v10cm
+2.3
v10cm
v20cm
−2.5
v20cm
+2.5
v20cm
−2.3
v20cm
+2.3
v20cm

scale max.
(m)

max. vario
((m/s)2 )

4Gvar.
(m/s)

D

R2

4.223
4.223
4.223
4.223
4.223
4.841
4.841
4.841
4.841
4.841
4.884
4.884
4.884
4.884
4.884

2.535E-02
2.507E-02
2.495E-02
2.510E-02
2.497E-02
1.944E-02
1.985E-02
1.890E-02
1.995E-02
1.929E-02
1.849E-02
1.878E-02
1.860E-02
1.868E-02
1.888E-02

2.252E-01
2.239E-01
2.234E-01
2.241E-01
2.235E-01
1.972E-01
1.992E-01
1.944E-01
1.997E-01
1.964E-01
1.923E-01
1.938E-01
1.929E-01
1.933E-01
1.943E-01

2.497
2.497
2.498
2.497
2.498
2.455
2.454
2.459
2.454
2.457
2.594
2.590
2.597
2.590
2.597

0.890
0.890
0.892
0.889
0.892
0.913
0.913
0.913
0.913
0.913
0.911
0.913
0.911
0.912
0.911

4.223
4.223
4.223
4.223
4.223
4.841
4.841
4.841
4.841
4.841
4.286
4.286
4.286
4.286
4.286

3.049E-02
3.069E-02
3.025E-02
3.067E-02
3.025E-02
2.741E-02
2.759E-02
2.699E-02
2.775E-02
2.725E-02
2.316E-02
2.335E-02
2.307E-02
2.330E-02
2.330E-02

2.470E-01
2.478E-01
2.459E-01
2.477E-01
2.460E-01
2.341E-01
2.349E-01
2.323E-01
2.356E-01
2.335E-01
2.152E-01
2.161E-01
2.148E-01
2.159E-01
2.159E-01

2.427
2.425
2.428
2.425
2.429
2.428
2.426
2.431
2.426
2.430
2.449
2.443
2.450
2.445
2.448

0.896
0.896
0.896
0.896
0.896
0.920
0.920
0.920
0.920
0.920
0.905
0.906
0.904
0.906
0.904
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DEMs
60% flow depth
v5cm
−2.5
v5cm
+2.5
v5cm
−2.3
v5cm
+2.3
v5cm
v10cm
−2.5
v10cm
+2.5
v10cm
−2.3
v10cm
+2.3
v10cm
v20cm
−2.5
v20cm
+2.5
v20cm
−2.3
v20cm
+2.3
v20cm
80% flow depth
v5cm
−2.5
v5cm
+2.5
v5cm
−2.3
v5cm
+2.3
v5cm
v10cm
−2.5
v10cm
+2.5
v10cm
−2.3
v10cm
+2.3
v10cm
v20cm
−2.5
v20cm
+2.5
v20cm
−2.3
v20cm
+2.3
v20cm
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scale max.
(m)

max. vario
((m/s)2 )

4Gvar.
(m/s)

D

R2

4.473
4.473
4.473
4.473
4.473
4.841
4.841
4.841
4.841
4.841
4.286
4.286
4.286
4.286
4.286

3.241E-02
3.286E-02
3.213E-02
3.286E-02
3.216E-02
3.264E-02
3.273E-02
3.244E-02
3.283E-02
3.271E-02
2.734E-02
2.751E-02
2.722E-02
2.746E-02
2.746E-02

2.546E-01
2.564E-01
2.535E-01
2.564E-01
2.536E-01
2.555E-01
2.559E-01
2.547E-01
2.563E-01
2.558E-01
2.338E-01
2.346E-01
2.333E-01
2.343E-01
2.344E-01

2.426
2.424
2.427
2.424
2.427
2.407
2.407
2.409
2.407
2.409
2.427
2.424
2.428
2.424
2.426

0.898
0.898
0.898
0.898
0.898
0.916
0.916
0.916
0.916
0.916
0.893
0.895
0.892
0.895
0.893

4.223
4.223
4.223
4.223
4.223
4.841
4.841
4.841
4.841
4.841
4.286
4.286
4.286
4.286
4.286

3.081E-02
3.132E-02
3.057E-02
3.135E-02
3.055E-02
3.671E-02
3.662E-02
3.653E-02
3.670E-02
3.666E-02
3.132E-02
3.146E-02
3.125E-02
3.145E-02
3.130E-02

2.482E-01
2.503E-01
2.473E-01
2.504E-01
2.472E-01
2.710E-01
2.706E-01
2.703E-01
2.709E-01
2.708E-01
2.503E-01
2.508E-01
2.500E-01
2.508E-01
2.502E-01

2.442
2.439
2.443
2.439
2.443
2.397
2.397
2.397
2.397
2.397
2.423
2.420
2.424
2.420
2.424

0.893
0.893
0.892
0.893
0.893
0.917
0.917
0.917
0.917
0.917
0.908
0.908
0.908
0.908
0.908
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Efficacy of the spatial scale parameterisation using coarser measured velocity
data
In this section, simulated flow results are compared with measured velocity data (§6.3.1).
The RMSD, the percentage of differences normalised (%dn) and a RMA regression is
calculated for sampling locations and results are summarised in table 6.9. This table
shows that the 10 cm computational mesh provides the lower RMSD value (0.2027 m/s).
Additional microtopographic data reduce this value to 0.2011 m/s. The analysis of the
percentages (%dn) results that the 10 cm scaled simulated flow is also the best model,
with a value of 17.3. The RMA regression however, produce the best adjustment for the
5 cm scale with an additional microtopographic scheme of grain size data and a fractal
variability of dimension 2.3 added, with an R2 of 0.3981. The maximum differences due
to microtopographic schemes are produced in the 5cm scale model. These validation data
used here correspond to a coarser scale (4x ∼ 1.5 m, 4y ∼ 0.25 m) therefore an adequate
validation of the spatial scale approach is difficult to derive. In addition, variations in the
RMSD due to microtopographic variations do not reduce the RMSD obtained for each
mesh resolution approach. It may be that, in this case, validation data are not sufficient
to resolve the topographic effects. To assess the spatial parameterisation approach in
flow structure, the variability of simulated velocity is regressed against the variability in
2 ). Table 6.9 also shows regression results
measured data at concurrent length scales (Rvar
and shows the 10cm modelling scale as the one with better adjustment (i.e. the best
spatial performance) in the variability of velocity values at each lag and the removal of
microtopography with a complex variability, (D=2.5) .

Table 6.9. Comparison between simulated and measured data at the 40% of flow depth.

DEMs
DEM5cm
−2.5
DEM5cm
+2.5
DEM5cm
−2.3
DEM5cm
+2.3
DEM5cm
DEM10cm
−2.5
DEM10cm
+2.5
DEM10cm
−2.3
DEM10cm
+2.3
DEM10cm
DEM20cm
−2.5
DEM20cm
+2.5
DEM20cm
−2.3
DEM20cm
+2.3
DEM20cm

RM SD (m/s)

%dn

R2

2
Rvar

0.2096
0.2114
0.2076
0.2118
0.207
0.2027
0.204
0.2012
0.2042
0.2011
0.2158
0.2172
0.2149
0.2171
0.215

21.4081
21.5194
20.9877
21.7425
20.7995
17.2996
17.3349
18.2254
17.4176
17.9073
23.3028
23.5968
23.1306
23.5099
23.1451

0.389
0.379
0.3974
0.3784
0.3981
0.3872
0.3802
0.3939
0.3796
0.3931
0.3713
0.3708
0.3737
0.3707
0.3738

0.9953
0.996
0.9949
0.9959
0.9953
0.997
0.9973
0.9964
0.9967
0.9968
0.9948
0.9954
0.9945
0.9954
0.9949
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Topographic and flow variability relationship

In this section, topographic and derived velocity vario values are related at concurrent
ranges of analysis below the characteristic scale of the flow <∼ 4.5m (mindist. scale,
see table 6.8). This relation describes the behaviour of the hydraulic model with spatial
parameterisation and it is plot in figure 6.8. This figure represents topographic against
velocity vario values, i.e. describes topographic variability effect upon flow variability, at
concurrent lags within the characteristic scale of the flow (full waveform scale), for each
mesh resolution (5, 10 and 20 cm) at different flow depths (20%, 40%, 60% and 80%).
This figure confirms the topographically driven behaviour of the hydraulic model at concurrent distances, given that the wider range of elevation values in a DEM within a certain
distance produces an increment in the range of velocity values presents within that distance. It is apparent from this figure that this variability relation changes with mesh
resolution. Therefore, the topography-velocity variability relation is: (i) scale dependent
on mesh resolution (e.g. the slope of the relation is larger at the 20% of the flow depth
for the 5 cm model, therefore it can inferred that the impact of topographic content is
better reflected in the range of derived velocities in finer meshes); and (ii) this dependency
is stronger towards the bottom of the flow (i.e. slopes between model resolutions at each
depths differs more at the 20% and 40% of flow depth).
Given that, for instance, this relationship quantifies within a range how a certain topographic content in the DEM produces more variability in velocity values as computational
scale is finer, this relationship could be used to take decisions about the spatial parameterisation of the hydraulic model. For instance, if model application requires velocity
variations of ±0.1 m/s (vario value = 0.005 m2 /s2 ) at the 20% of the flow depth. Figure
6.8.a shows that those variations will be reached using a mesh resolution 5 cm, with a
topographic variability of 0.14 m (topographic vario ∼0.01 m2 ). However, using a 10 cm
mesh resolution approach, this variability in velocity will occur with a topographic variability of 0.017 m2 in the mesh. These relations show that to obtained a velocity variability
within a certain range of analysis, as the mesh resolution is coarser additional topographic
variability must be included in the DEM. The graph also shows that a given topographic
variability obtained through different cell sizes derive in different variability results. The
computational mesh resolution is likely to produce a certain variability in flow results,
however topographic variability can modify this velocity variability according to results
requirements. Therefore, topographic data scale decisions must be taken accordingly to
the behaviour of the model with the mesh resolution approach. Additional microtopography at fine scales also modifies this relationship. Figure 6.9 provides the impact of
microtopography at the 20% for the flow depth in this topographic-velocity variability
relationship where again topographic vario values at each mesh resolution are represented
against the simulated flow vario values at common lags. Figure 6.9 confirms the impact
of the removal of microtopography in an increment of velocity values for the same scale.
It can also be noted that the 10 cm model is the most sensitive to the microtopographic
scheme, particularly for correlation scales from 2.3 to 4 m which in this hydraulic scheme
correspond to a topographic variability of 0.03 m2 .
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Figure 6.8. Spatial relationship between topographic and flow vario values at correspondent
lags distances; (a) at 20% depth; (b) at 40% depth; (c) at 60% depth; (d) at 80% depth.
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Figure 6.9. Scale relationship between topography and flow vario values at correspondent lags
(h) distances due to different microtopographic contents at 20% flow depth (a) for a 5 cm model
scale; (b) for a 10 cm model scale; (c) for a 20 cm model scale.

136

6.5

6. Reconstructed topography on 3D hydraulic model results

Discussion

Recent development of new methods to incorporate complex topographies in high-resolution
CFD, shows the current limitations that the measurement of topography at different spatial scales (e.g. grain scale, bedforms) to commensurate the CFD analysis scale (computational mesh scale). This chapter provides a downscaling method to reconstruct microtopography (grain size scale) correlatedly for those scales ranging from the coarse measurement scale down to the selected CFD high resolution modelling scale. This microtopography is then combined with topography generated with elevation data at modelling
scales and the resultant DEM is used to spatially parameterise the CFD scheme. The
spatial parameterisation in this way account explicitly and in a spatially distributed way
for the impact of microtopography upon computed flow results. The use of the porosities
to incorporate topography into the model, avoiding the use of a limited ’roughness height’
approach to simulate microtopographic impact upon flow results (Lane 2005) as well as
BFC mesh instabilities (Hardy et al. 2007). Figure 6.10 shows the microtopographic
impact all throughout the vertical profile.
The downscaling of topography by the reconstruction of boundary roughness at unsampled scales in gravel-bed rivers has already been attempted by Nicholas (2001) using a
scale-independent estimate of surface variance at those scales between grain size and mesh
discretisation scale. A random bed elevation model was incorporated into a boundary fitted
coordinate scheme to simulate vertical profiles of hydraulic variables for two-dimensional
longitudinally uniform flows (the downstream and the vertical components). This methodology successfully introduced roughness at those scales into the BFC scheme but neglected
the correlated nature of gravel-bed rivers at different scales. Problems with 3D environmental applications were described (Nicholas 2005). In this study, the reconstruction of
microtopography at scales not measured makes use of grain size data and fractal geometry
to generate the natural variability existing across scales (from coarse measurement to modelling scales). This procedure overcomes some of the common limitations of interpolation
methods which are not able to generate topographic details at fine scales.
Herzfeld (1999) already applied fractals to analyse and simulate surfaces and processes with
scale-dependent properties, with a specific application to sea floor morphology. The study
successfully combines the simulation of scale-dependent surface processes at fine scales with
simple interpolation methods for larger scale features. In the present study, Butler et al.’s
(2001) characterisation of gravel-bed river surfaces is used to simulate microtopography
at unsampled scales with natural characteristica. The midpoint displacement algorithm is
applied for two different level of complexities (2.3 and 2.5) given the low fractal dimensions
found by Butler et al. (2001) at grain scales (∼ 25 mm) which relates to the smoothing
effects of water flowing at this scale on particle surfaces.
DEMs at different mesh resolutions (5, 10 and 20 cm) were generated from the same topographic source (4x ∼ 1.5, 4y ∼ 0.25) which will manifest the impact of computational
scale approach due only to mesh scale. This avoids the smoothing impact of interpolation
upon topography with the subsequent lost of ’topographic content’ in spatial modelling.
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In this study, microtopography was generated at the grain scale (∼ mm) and interpolated
into modelling scales (∼ cm). Characteristic scales of this artificial surface generated is below ∼3m which is the minimum distance at which any measured feature could be detected
(calculated by the Nyquist rule). Artificial microtopography variability surfaces generated
with low fractal dimension (2.3) successfully results in surfaces with lower vario values and
longer characteristic scales, i.e. smoother surfaces (Figure 6.5). Mesh resolution modifies
the simulation structure in both characteristic scale and vario values, whereas microtopography is only reflected in differences in vario values (i.e. the rank of elevation values)
at correlation scales (∼ 4 m), which is quantified in (4z ∼ 5 cm). The addition of microtopography increases variability of elevation values in relation to a plain DEM generated
only with elevation data. Conversely, a removal of microtopography decreases elevations
variability. This is important in order to assess the blockage impact of microtopography
in spatial parameterisation upon flow results.
The impact of these topographies upon the velocity magnitudes can be characterised by
their spatial patterns using geostatistics. The use of a structural function to characterise
the flow provides not only the magnitude of variation of the attribute due to the scaling
process but the scales at which these happen (Lam et al. 2004). Vario functions also
provides a clear visual impact of the analysed attribute, for instance, the complexity of
velocities represented by each modelling scale in figure 6.7 is visually reflected in the
frequency intervals of the fluctuations of vario values once the maximum scale is reached,
which reflects the final complexity of the surface (Herzfeld et al. 2003). The spatial
structure of flow deviations due to the explicit incorporation of microtopography in the
spatial parameterisation of a 5cm-model (Figure 6.6) suggests the scales at which this
deviation happens, namely 4v ∼ 0.014ms−1 at scales of ∼0.5 m at the 20% of flow depth.
A point to remark is that the maximum deviations in velocity due to topography at
fine scales are scale-dependent and occur at correlation scales of ∼ 0.7 m. Therefore, the
scale of reconstructed microtopography is below the initial measurement scale. This result
proves the impact upon flow of reconstructed microtopography with natural characteristica
below measurement scale. Deviation figures confirm the maximum impact of grain size
topography at the 20% of the flow depth. This is consistent with results from other
roughness modelling approaches for which turbulent kinetic energy maxima are located at
∼ 20% flow depth above the channel bottom (Lane et al. 2004; Carney et al. 2006).
The topographic impact (mesh resolution and microtopography) upon velocity results are
shown to be depth-dependent (Table 6.6, 6.7 and 6.8). The RMSD quantifies it at the 20%
of the flow depth as the ∼ 60.6% and ∼ 3.6% respectively in relation to the mean velocity
of the 5cm simulation results (∼ 0.3 ms−1 ). The RMSD is greater towards the surface
as the mesh resolution modify velocity structure and differences between mesh resolution
simulations are larger close to the surface (Figure 6.11). The 5 cm model provides the
widest range of velocity values at 60% of the flow depth, and decreases towards the surface
(figure 6.7) whereas coarser modelling scales do not reflect this interaction between depth
and surface complexity upon flow variability and higher vario values are only related to
the surface of the flow. This variations in the spatial structure of the 5 cm simulation
results might be related with the greater impact of the downstream component at the
60% of flow depth, longer characteristic scales confirm this.
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The spatial analysis of the mesh resolution impacts, (Figure 6.11), shows how mesh resolution modifies the characteristic scale of velocity results as well as the variability of velocity,
and therefore the organisation of velocity results (D). These variations are not systematic
with mesh resolution. Indeed the 10 cm model shows the highest level of organisation in
terms of velocity results. It must also be noted that the 10 cm-DEM also presented the
lowest fractal dimension (Table 6.4). Thus, any kind of relation could be derived. The
spatial assessment of the mesh resolution impact allows us to assess if this change in flow
scale due to the mesh resolution approach is important or not for the final application. A
difference in the characteristic scale (full waveform of the flow) of 0.9 m (table 6.8) can
be important when, for instance, physical habitat is being studied (Crowder and Diplas
2000; Clifford et al. 2005). The longest characteristic scales are found in the 10 cm scale
model (∼ 4.84 m), which implies smoother and more correlated flow behaviour. However
the variability in velocity values is greater at finer computational scales, which implies a
more heterogeneous velocity layer, though less correlated.
Microtopographic impact is also depth-dependent and it is reflected in velocity variability
values as the characteristic scale remains constant for a given mesh resolution. Results
show a stronger impact close to the bottom (Table 6.8). The behaviour of the velocity is systematic with topographic variability. The addition of microtopography slightly
increases the complexity of velocity and the removal of microtopography reduces the fractal dimension, therefore the level of organisation of velocity results is higher (Table 6.8).
This is coincident with the impact of the addition and removal of microtopography in
topographic models (Table 6.4).
The comparison of measured flow velocity data at the 40% of the flow depth with simulated
results is not conclusive in assessing the efficacy of the spatial scale approach of the model,
given that the measured velocity data scale is much coarser than modelling scale. Different
methods result in different optimum spatial schemes (see table 6.9), though it is the 10 cm
simulation the most similar to validation data. It must be noted what little difference
parameterising topography makes in relation to the validation data but not with respect
to other resolutions. If the measured data scale were closer to modelling scale, any of these
methods could be trusted to assess the adequacy of the spatial parameterisation approach
(mesh resolution and topographic data scale) but discrepancies between computational
and measured velocity values make of this an unresolved problem. Validation data are not
sufficient to resolve the topographic effects in this case. Point measured velocity values at
a coarser scale may fit better or worse at certain locations for a scale approach. This fit
will depend in turn on the capacity of the model to simulate the spatial distribution of the
flow (as a function of the mesh resolution and the topographic variability of the DEM, as
it has been shown). But it is not enough to validate the spatial behaviour of the flow at
higher spatial resolution.
Hardy et al. (1999) already showed why a previous sensitivity analysis was required to deal
with the spatial scale approach in hydraulic modelling. As discretisation independence is
an ideal difficult to reach in CFD (e.g. Lane et al. 2005), a sensitivity analysis is required
to assess the suitability of a certain spatial approach for the modelling purpose (Nicholas
2001). Some approaches face this problem with a sensitivity analysis (Horritt et al. 2006;
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Hardy et al. 1999) to account for mesh resolution impact or an uncertainty analysis
to account for the roughness parameterisation impact upon model results (Horritt 2006;
Pappenberger et al. 2005). In this study, regression between the rank of velocity values
present at concurrent lags in measured and simulated models (table 6.9), considering lag
units according to measured data scale i.e. 1m lag units, provide a mean for the evaluation
of the spatial performance of the model. This analysis results in the 10 cm as the model
with the most effective scale approach, i.e. simulated velocities present within different
scales match better with those velocities present at correlated distances in measured data.
This is consistent with RMSD and the percentages of differences normalised results, which
are lower for these (measurement) scales, the structure of the flow is similar and the ranges
of velocity values match better at certain scales (e.g. measurement scale). This remark
the importance of validation scale in the assessment of a model behaviour.
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Figure 6.11. Cross-section showing the velocity magnitud at the upstream bend simulated for
each mesh resolution (5, 10 and 20cm from top to bottom respectively)

The topographic-flow variability relation graphs (figures 6.8 and 6.9) confirm the importance of topography and its depth-dependent impact upon velocity behaviour. The graph
represents at concurrent distances within correlation scales (∼4.5 m in this case), the topographic values present at those scales (topographic vario values) against the velocity
magnitude of values present in the simulation (velocity vario values), and can be use to
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derive spatial model behaviour and decide measurement and modelling strategies. Mesh
resolution and topographic variability of the DEM decisions can be taken accordingly to
the characteristic scale of the flow required by the application or the spatial structure
of validation data, given that computational scale will determine the spatial structure
of simulated flow. Figures 6.8 and 6.9 also show how topographic values modify the flow
variability values scale-dependently, therefore reconstructed microtopography at modelling
scale can be used to control flow variability behaviour in CFD. This approach seems to be
able to generate velocity variability values through reconstructed microtopography within
a spatial flow structure controlled by the computational mesh scale approach.

6.6

Conclusions

This chapter has described a methodology to downscale topographic surfaces with natural
characteristics for hydraulic modelling. This approach is based upon the reconstruction
of grain size scales at unsampled locations using fractal methods to account for the natural variability across scales and its combination with elevation data at different mesh
resolutions. Results confirm that fractal geometry can be used to generate a microtopography below the topographic measurement scale (∼ 3 m) using the difference between
grain size data diameters as the grain size variability of the surface. The addition of
this microtopographic variability modifies the level of organisation but does not modify
the characteristic scale of the DEM determined by the mesh resolution. Reconstructed
microtopography perturbs the flow, particularly close to the bottom surface (20% of the
flow depth) with maximum deviations that occur below the measurement scale (∼0.5 m
in a 5 cm-model). Global and spatial assessment of simulation results shows the depthdependence of the mesh resolution and microtopography impacts upon velocity results.
RMSD assessment quantifies in ∼ 60% and ∼ 3.6% of the mean simulated velocity for the
5 cm model at the 20% of the flow depth (∼ 0.3 ms−1 ) the impact of mesh resolution and
microtopography variations respectively. Mesh resolution modifies the characteristic scale
and the variability of velocity values, therefore the spatial organisation of velocity (D),
not systematically. In this study, the 10 cm model shows the more organised velocities
at any flow depth and it is the most sensitive mesh resolution to depth and microtopographic variations. Microtopography impacts only upon velocity variability and the scale
is constant for each mesh resolution. The behaviour of velocity is systematic with microtopographic variations at any flow depth, additional microtopography increasing the
complexity of velocity results and the removal produce a more organised flow. A mesh resolution of 10 cm results in the simulation most effective in relation to measured validation
data at 40% of the flow depth. In this model, velocity variability is related to topographic
variability and this relation depends upon the mesh resolution and the microtopography
incorporated. Therefore, computational mesh scale and topographic data scales within the
DEM decisions should be taken according to their impact upon velocity spatial behaviour.
Further work is required, using high resolution validation data (∼modelling scale) at different depths, to assess the efficacy of the spatial performance of simulated flow due to
the reconstruction of microtopography.

Chapter 7

General conclusions and future research
lines

7.1

General conclusions

There is a recognized agreement about the crucial importance of the spatial scale approach
in hydraulic modelling particularly with the current widespread of its applications within
the environmental field. Hydraulic simulations together with remote sensing measurements methods constitute a powerful and leading research tool, where scale approaches
(dimensionality, computational scale, topographic data scale) determine derived results
and, consequently, its final scope. In short, any simulation is a simplification of a process of the real world, thus the degree of simplification will determine the significance of
simulated results. This rationale is indeed difficult to translate to hydraulic simulations
where scale issues as different as spatial and flow processes scale (computational scale and
dimension) are altogether considered when dealt even at parameterisation steps in common practise (e.g. roughness parameterisation). On one hand, this is partly because scale
approach consequences in modelling derived results tightly interact, as for instance, the
modelling scale-dependence of roughness parameterisation is affected by both dimensionality and spatial scale approach. On the second hand, it is partly given the numerical and
computational resource difficulties that requires a explicit parameterisation at a detailed
range of spatial and flow scales. In addition, a modelling simulation of the natural terrain upon which the flow conveys is previously required to the hydraulic modelling which
ultimately determine the spatial behaviour of the flow. Therefore, the treatment of the
intrinsic scale of natural topography at measurement and modelling stages (topographic
data and representation resolution) previous to the incorporation in the hydraulic numerical scheme will produce an impact which will be inherited and added to the resultant
global impact of the spatial scale in the flow modelling process. Geographic information
(GI) scaling methods together with current computational resources availability provides
nowadays almost unlimited possibilities to scale variations in the hydraulic model parameterisation but the meaning of scaled results are not so.
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Interactions between complex geometries and flow structure using hydraulic modelling are
scale dependent upon both hydraulic and terrain processes simplifications. Dimensionality (flow simulation scale) determines model parameterisation and, therefore, the way
sub grid scale geometry and flow processes must be introduced. In this dissertation, the
one-dimensional HEC-RAS model, a 2D raster-based diffusion-wave model and a 3D finite
volume scheme with a porosity algorithm approach to incorporate complex topography
have been used. On the other hand, the geometry is determined by topographic representation scale (mesh resolution and topographic content), which in turn depends upon the
topographic source scale. All these scaling factors interact in the hydraulic response to
the topographic modelling approach.
This thesis as corpus of research deals with these scales in hydraulic modelling from a
comprehensive and interrelated point of view. However, the structure and focus of experiments are primely concerned with spatial notions of scaling impact looking for a inclusive
scope of these scale interactions. Thus, the general comprehension of spatial scale and subscale interactions in hydraulic modelling is identified as the main research aim (§1.3) and
specific research objectives were identified in relation to the flow process scale approach
(dimensionality) wherein the spatial scale is studied. In an attempt to disentangle at
least conceptually these scale notions, scopes and interactions, Chapter Two provides the
theoretical framework for the subsequent chapters for which model dimensionality determines chapter sequence. Chapter Three deals with topographic sources in one-dimensional
model results (water elevations and inundation extent). Interactions of the topographic
source with mesh resolution and roughness parameterisation are evaluated. Chapter Four
assess interactions between topographic and roughness parameterisation in a raster-based
2D diffusion wave modelling. Topographic representation impact is divided in mesh resolution and topographic content of the DEM impact, and both are evaluated in relation to
a distributed roughness parameterisation. Chapters Five and Six assess the topographic
impact upon 3D simulated velocities. Sensitivity of simulated velocities is evaluated across
depths due to variations in the topographic content of the DEM and the microtopography
incorporated at grain size scale.
Within each chapter, interactions between the spatial scale and subscale approach at each
dimensionality determine the main focus of research and conduct the numerical experiments to assess the spatial behaviour of the model results with topography. Specific
conclusions are presented at the end of each chapter. In this section general conclusions
are summarised.
With the final aim of the understanding of these interactions upon flow results in this
research, in terms of methodological developments, it has been achieved:
* A methodology to vary topographic content of the DEM (according to a vertical
threshold that determine the topographic variability to be included in the DEM)
without modifying mesh resolution, thus topographic content impact upon hydraulic
results can be isolated.
* A methodology to generate a distributed spatially and temporally variable roughness
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parameterisation model within the 2D hydraulic model which explicitly recognised
the three-way interaction between the discretised mesh resolution and the topographic content of the DEM with the roughness parameter.
* A methodology to downscale topographic surfaces with natural characteristica below
measurement scale based upon the reconstruction of grain size microtopography using fractal-based method which successfully perturb the flow throughout the vertical
profile depth-dependently.
* The use of spatial analysis of simulated results to assess the hydraulic model response
to topographic scales through sensitivity analysis looking at the structural variability
pattern and fractal dimension of model results and through this, its adequacy for its
final application.

From the experiment results it can be concluded:
* In terms of topographic data source impact, on 1D hydraulic model results, the
topographic source (GPS, LiDAR or contours) is the most critical factor. Fine resolution topographic source (e.g. LiDAR) or an optimised model of a low resolution
model (e.g. contours optimised with GPS and bathymetry data) are more sensitive
to variations in mesh resolution or roughness parameterisation, using a . The optimisation of this low resolution sources with bathymetric and high resolution GPS
data improves model water surface elevation and inundation extent results. Low
resolution topographic sources are more sensitive to changes in flow discharge.
* In terms of mesh resolution, the generalization of the mesh resolution in 1D model
produces a clear increment in the variation of the flooded area. 2D and 3D spatial
parameterisation are shown to be driven by the mesh resolution approach whereas
in a one-dimensional model the topographic source (topographic data resolution)
and even the roughness parameterisation has a stronger impact upon computed water surface elevation. In 2D raster-based diffusion-wave model, interpolation into
coarser resolutions has the strongest impact on depth and inundation extent predictions, increasing as the mesh resolution is coarser, whereas the model is less
sensitive to resampling methods, particularly in terms of inundation extent. Mesh
resolution impact in the 3D scheme upon computed flow velocity is shown to be
depth-dependent. Mesh resolution impact modifies the characteristic scale and the
variability of velocity values, therefore the spatial organisation of velocity (D). Variations in these parameters are not systematic with mesh resolution variations. In
this study, the mesh resolution approach with the more organised velocities results at
any flow depth (10cm), it is also the topographic model with more organise elevation
values (i.e. the DEM with the lowest fractal dimension).
* In terms of roughness parameterisation using Manning’s n, the impact upon 1D
hydraulic results depends upon the topographic source used. The sensitivity to variations in roughness parameterisation is stronger using detailed topographic models
(LiDAR- and GPS-based models). Coarse topographic data (contours) is the less

146

7. General conclusions
sensitive to roughness variations. Additional GPS points increase the model sensitivity to roughness parameter variations. According to this, two-dimensional simulation
results using fine meshes (close to topographic measurement scale) using LiDAR data
are more sensitive to variations in roughness parameterisation.
The roughness variation impact (25% increment in Manning’s n parameter) upon
computed water surface elevations in a LiDAR-based 1D model is higher (∼ 0.5 m
for a discharge of 1000 m3 s−1 ) than the mesh resolution impact (RMSD ∼ 0.1 m). In
a two-dimensional model, water surface elevation results are more sensitive to mesh
resolution than to variations in a scale-dependent distributed roughness parameterisation. Using a constant mesh resolution, variations in water surface elevations are
related to variations in the roughness parameter and it can be inferred that the subscale parameterisation must be modelled through a spatially distributed roughness
parameterisation. Distributed analysis of flow results shows how mesh resolution
impacts are dominant in terms of semivariance variations. However, the characteristic scale of depth derived results is more sensitive to variations in the subscale
parameterisation. Computed depth variability is linked to variability in roughness
parameterisation for a mesh resolution close to the measurement scale.

* In terms of topographic variability, the subscale behaviour of the 2D hydraulic model
is not well-reflected through the topographic content of the DEM. However, in the
3D scheme, topographic content and microtopography impacts throughout the vertical profile of computed velocities in a depth-dependent way. Velocity variability
is related to topographic variability scale-dependently upon mesh resolution and
microtopography and this dependence is stronger towards the bottom of the flow.
Topographic content of the DEM modifies the organisation of the flow, the range of
simulated velocity values, the characteristic scales of the flow and the fractal dimension which indicate the varying complexity of the flow organisation. This impact of
topographic detail in the behaviour of the model is found not to be linear. An increase in topographic complexity do not systematically corresponds with an increase
in the complexity of velocity results. On the contrary, spatial analysis of velocity
results and vertical velocity profiles shows how additional topographic content may
result in an increment in velocity close to the bottom together with the increase
of the complexity of the flow (i.e. increase of the fractal dimension with the decrease the characteristic scale of the flow). Then a larger increment in topographic
complexity produces a good level of organisation (low fractal dimension); and still
a higher level of topographic complexity produce again a complex organisation of
velocity results with high velocities. This might suggest a random effect by which
for a certain amount of topographic content the effective level of the bottom surface
is modified and a skimming flow is produced close to the bottom which increase
the velocity, flow complexity and velocity variability throughout the vertical profile.
Microtopography impacts only upon velocity variability and the scale is constant for
each mesh resolution. The behaviour of velocity is systematic with microtopographic
variations at any flow depth, additional microtopography increase the complexity of
velocity results and the removal produce a more organised flow.
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Future research lines

Basically, the research carried out in this thesis in relation to scale and subscale parameterisation of hydraulic models with different dimensionality approaches shows the complex
relationships between scale and subscale interactions in both spatial and flow processes
ambit. Thus, the most interesting research lines to be further developed from this thesis
are:

* The extension of the structural scale analysis to the vegetation case with the development of a methodology to parameterise roughness due to vegetation cover using
LiDAR data in combination with multispectral data (e.g. CASI) to derive single
vegetation characteristics. This characterisation of individual vegetation obstacles,
such as diameter values or density distribution, may be used in CFD provided the
suitable modification of the porosity algorithm for the vegetated case. The spatial
assessment of single vegetation elements and complex variability vegetation layers
impact in the structure of 3D flow patterns could be analysed at different ranges of
scales.
* Fractal based characterisation of gravel-bed rivers could very much improve with the
availability of a high resolution detailed representation of the gravel surface features.
Ground Laser Scanning can be used to define surface structure complexities for the
purpose of a roughness geostatistical characterisation, through the extraction of vario
parameters at different scales. Fractal characterisation may then be used to assess
in accuracy the fractal generation behaviour of the roughness variability layer and
its impact in 3D flow structure.
* Provided a high-resolution description of the surface roughness and topographic
layer and a distributed set of measured velocity values, the spatial scale assessment
of velocity variability results could be attempted to effectively understand up to
which point downscaling the surface representation (i.e. increment the represented
complexity at fine scales) do modify the ranges of velocity results or at which scales in
space these happens in a rigorous way. Validation approaches with coarser data could
be further investigated and the local geostatistical characterisation of simulated flow
could be used to describe scaling effect relationships looking at the local impact of
flow perturbations. This presents a particular interest in environmental application
where particular locations of flow ranges are of particular interest within certain
influence distances.
* Finally, this scale assessment approach through the characterisation in space of a
GI element is widely applicable within any environmental application where scale
ranges and vario values determine the application of a certain modelling approach.
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Appendix A

2D hydraulic modelling

A.1

Two-dimensional equation simplifications and added terms

Following Lane (1998) depth-average of flow equations are derived from: the law of conservation of mass for an incompressible fluid in Eulerian form (5.1); and the Navier-Stokes
momentum equation for an incompressible fluid (5.2, 5.3, 5.4), derived from the Newton’s
law of motion, assuming a hydrostatic pressure distribution and constant water density
with depth.
The depth-averaged approach takes:
1
Vi =
h − zb

Z

h

zb

vi ∂z

(A.1)

where h is the water depth, zb is the bottom elevation. This leads to the depth averaged
mass conservation treatment:
∂
∂
∂h
+
[(h − Zb )U ] +
[(h − zb )V ] = 0
∂t
∂x
∂y
and momentum treatment;
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x-component momentum equation:

∂
∂
∂
∂h
∂zb 1 ∂
1
∂
τbx
2
(U ) + (U ) + (U V ) = −g
−g
+
(τxx ) +
−
∂t
∂x
∂y
∂x
∂x ρ ∂x
ρ(h − zb ) ∂y(τxy ) ρ(h − zb )
Z h
Z h
1 ∂
1
∂
+
ρ(u − U )2 ∂z +
ρ(u − U )(v − V )∂z (A.3)
b ∂x z0
ρ(h − zb ) ∂y z0
y-component momentum equation:

τby
∂
∂
∂
∂h
∂zb 1 ∂
1
∂
2
(V ) + (U V ) + (V ) = −g
−g
+
(τxy ) +
(τyy ) −
∂t
∂x
∂y
∂y
∂y ρ ∂x
ρ(h − zb ) ∂y
ρ(h − zb )
Z h
Z h
1
∂
1
∂
+
ρ(u − U )(v − V )∂z +
ρ(v − V )2 ∂z (A.4)
ρ(h − zb ) ∂x z0
ρ(h − zb ) ∂y z0
where ρ is the density of water, h is the water depth, zb is the bottom elevation, g is the
acceleration due to gravity,
τij
δvi
δvi
= µ(
+
)
ρ
δxi δxj

(A.5)

and µ is the coefficient of viscosity for a Newtonian fluid (the molecular viscosity).
Depth averaging the Navier-Stokes equations results in the introduction of two new group
of terms: (i) the bottom stresses (τbx and τby ) and (ii) the dispersion terms (the last two
ones in A.3 and A.4).
The dispersion terms are a product of vertical non-uniformity in the velocity and represent deviations from the depth-averaged velocities within a vertical profile and, physically
represents gradients of transport of momentum (Rodi 1980).
In turbulent flow, the bottom stresses are commonly assumed to be a quadratic function
of the depth-averaged velocity
2

2

τbi = Cf ρV (V i + V j )1/2

(A.6)

where Cf is a friction coefficient, the Darcy-Weisbach friction factor. This assumes that
the flow is uniform in each mesh element which is appropriate.
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The use of this expression for the bottom stress requires an acceptable description of the
roughness coefficient. Some approaches have expressed it as 1D uniform values such as
using (after Manning, 1895):

Cf = gn2 h−1/3

(A.7)

An alternative method (e.g. Dietrich and Whiting 1989) involves specification of a roughness height. In both cases, friction is used as a key calibration parameter and spatial
variations in the roughness coefficient have tended to be ignored.

A.2

One-dimensional in-channel model

Traditional one-dimensional finite-difference schemes for hydraulic modelling, and thus
implicitly flood inundation, normally solve the full or simplified form of the Saint-Venant
equations developed by de Saint-Venant in 1871.
The conservative form of the mass equation is:
∂Q ∂A
+
=0
∂x
∂t

(A.8)

1 ∂Q
1 ∂Q Q2
∂y
+
( )+g
− g(S0 − Sf ) = 0
A ∂t
A ∂x A
∂x

(A.9)

and the moment equation is:

where x is the increment over space, t is the increment over time, Q is the water volume,
A is the cross-section area, g is the acceleration due to gravity, y is the water depth, S0 is
the local bed slope and Sf is the slope of the energy grade line.
In a one-dimensional approach the following assumptions are made (Chow et al. 1988): (i)
the flow is one-dimensional and depth and velocity vary only in the longitudinal direction
of the channel, with constant velocity and horizontal depth along each cross-section; (ii)
the flow is assumed to vary gradually along the channel so hydrostatic pressure prevails
and vertical accelerations can be ignored (Chow 1959); (iii) the shape of the channel is
approximated by a straight line; (iv) the bottom slope of the channel is small and channel
bed is fixed; (v) the flow is locally uniform so that relationships such as the Manning
equation can be used to describe resistance effects; and (vi) the fluid has constant density
and is incompressible.
The full Saint-Venant equations (mass and momentum) are one-dimensional simplifications
of the three-dimensional Navier-Stokes equations. The Saint-Venant momentum equation
can be further simplified by ignoring certain terms, leading to kinematic, S0 − Sf = 0; and
∂y
diffusion wave forms ∂x
= S0 − Sf .
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2D Hydraulic model
Flow processes representation

The model takes the same structure as that of the JFLOW model developed by Bradbrook et al. (2004), but modified for specific purposes (Yu 2005). The description of the
model processes representation for the purpose of inundation over topographically complex
floodplain is taken from (Yu and Lane 2006a).
The model determines the magnitude of the flow from one cell to the other based upon a
function of the free surface height difference using Manning uniform flow equation:

Q=

AR2/3 S 1/2
n

(A.10)

where Q is the flow (m3 /s), A is cross-section area (m2 ), R is hydraulic radius (m), n is
Manning’s n, and S is energy slope.
In hydraulic analysis, it is common practice to split compound cross-sections into a series
of panels and to calculate flow conveyance in them separately (Bradbrook et al. 2004).
Bradbrook et al. (2004) note that if the floodplain is discretised in a regular structured
mesh with a cell size w, the flow across the face of each cell can be treated as a separate
panel in the same way a cross-section is usually split into panels and the flow conveyance
is calculated separately for each of them. The flow area across the face of the cell can be
calculated as:

A=w·d

(A.11)

where w is the width of the cell and d is the flow depth. The hydraulic radius is equal to
the depth of the cell as:

R=

A
w·d
=
=d
P
w

(A.12)

where P is the wetted parameter (m). Substituting A.11 and A.12 into A.10, the Manning’s n equation in a raster environment takes the form:

Q=

wd5/3 S 1/2
n

(A.13)
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Considering a regular grid cell and the four cells adjacent to it, the orthogonal directions
of the grid cells are termed i and j. Two parameters need to be derived from the configuration: the energy slope S, and the effective depth d to solve Equation A.13. The energy
slope in each orthogonal direction is given by the difference in water levels between cells
divided by the distance between cell centres:
hi,j − hi±1,j
w
hi,j − hi,j±1
Sj =
w
Si =

(A.14)
(A.15)

Water is allowed to flow out of the cell only if the slope of the source cell to the adjacent is
positive. The flow direction is determined with the vector sum of the energy slope in the
i and j directions. Outflow is only allowed in two of the adjacent orthogonal directions
defined by the vector sum of the slopes. This is similar to the approach described in
Horritt and Bates, (2001a). The vector sum of the slope values along i and j directions is
given by:

S=

q
Si2 + Sj2

(A.16)

The effective depth in each of the four directions is determined as the water level in the
source above the higher of the two ground levels along either the i and j directions, as
given by:

di = hi,j − maxbgi,j , gi±1 c

(A.17)

dj = hi,j − maxbgi,j , gi,j±1 c

(A.18)

where d is the effective depth, h is the water surface elevation and g is the ground elevation.
The effective depth in the outflow direction is then calculated as the arithmetic mean of
the two flow effective depths in the line of steepest slope:

d=

di Si2 + dj Sj2
S2

(A.19)

Substituting equations A.16 and A.19 into A.13 solves Manning’s equation partitioned in
a regular grid. The flow vector can then be solved in each of the two orthogonal directions
of the grid, giving possible flow in up to two of the adjacent cells at each time step:
h

−h

wd5/3 ( i,j w i±1,j )
Si
wd5/3 Si
Qi = Q =
=
h −h
h −h
S
nS 1/2
n[( i,j wh±1,j )2 + ( i,j wh,j±1 )2 ]1/4

(A.20)
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h

−h

wd5/3 ( i,j w i,j±1 )
Sj
wd5/3 Sj
Qj = Q
=
=
h −h
h −h
S
nS 1/2
n[( i,j wh±1,j )2 + ( i,j wh,j±1 )2 ]1/4

(A.21)

For each time step, the fluxes into and out of each cell in the calculation domain are then
given by Equations A.20 and A.21. The change of water depth in each of the cells is then
calculated from Equation A.22 at the start of each time step:

∆d =

P
P
( 4d=1 Qdini,j − douti,j −Qinf low )∆t
w

(A.22)

where ∆t(s) is time step.
The water depth of a grid cell is calculated as the average depth over that whole cell. This
can be a problem when the cell first receives water only from one front edge and only part
of the cell is wet and the averaging can anule or even result in a negative value of depth at
that time step. The model deals this with a wetting parameter (%wet) and specifying a
minimum depth below which no out flow is allowed. The wetting parameter is calculated
when the cell is first wet from:

%wet = min(1,

υ∆t
)
∆x

(A.23)

where υ is defined from the vector sum of the velocities. Water is allowed to flow out only
when the wetting parameter reaches one, this is when the cell is fully wet, and a minimum
water depth is also reached. For drying, a minimum water depth is also set and when this
is reached a drying factor df will scale the outflow.

df = P4

d
d=1 Qin i,j

w2 (d − dmin )
P
− 4d=1 Qdout i,j − Qin

(A.24)
f low

The drying factor ensures mass conservation as the floodplain dries. In this application,
the minimum value of water depth during wetting and drying is set as 0.01 m.
At each time step the model calculates implicitly the length of the next time step, using
the Courant condition, by which the time step must be less than the time for the flow to
travel the cell width, Courant and Friedrichs 1948, cited by (Yu and Lane 2006a):

∆t ≤

w
√
υ + gd

(A.25)
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√
where d is the maximum water effective depth. The gd term is not strictly necessary with
the formulation used here, as there is no explicit treatment of momentum. The maximum
value of d and v is used to determine the length of the next time step:

∆t =

w
p
M ax(υ) + gM ax(d)

(A.26)

However, the Courant condition is necessary for the stability and accuracy of the model
but not sufficient as local low points may occur. Furthermore, equation A.26 results in a
near-monotonic decrease in time step during the simulation, causing the model to become
very slow. Thus, to enhance the model performance, the time step determined from
equation A.26 is re-evaluated according to the maximum value of equation A.25 estimated
during the previous time step. The maximum Courant number is determined from:

Courant number =

(υ +

√
gd)∆t
w

(A.27)

This is evaluated for each grid cell at each time step and the maximum value is found as
the maximum Courant number for that time step. If, given the time step determined using
Equation A.26, the maximum Courant number during a time step is greater than one, the
next time step determined from equation A.26 is scaled by a factor f , which we set to 0.8.
Though this does not result in the maximum Courant number being less than one, it is
usually sufficient to guarantee stable solutions. If the maximum Courant number during a
time step is smaller than one, then the time step is further evaluated after equation A.26
using:

time stept+1 = time stept+1 (calculated with equation A.25)·0.9/M ax(Courant numbert )
(A.28)
This reduces the rate of time rate decrease and improves the performance of the simulation.
The major steps involved in the numerical solution are schematized in Figure A.1:
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Input topographic data for the floodplain as a raster based DEM
Input inflow hydrograph for the river channel
Initialise arrays for variables
Repeat for all time steps
Decide the length of this time step ∆t (Equation 4.34)
Calculate Courant number with ∆t , update it if Max C > 1

For all grid cells {(0,0) ….. (i,j) …. (row, col)}
Check wetting using (Eq 4.31)
(?%w>=1 and di,j > 0.05m)
Yes

No

Calculate water surface elevation

Q =0
i, j

Calculate energy slope at each orthogonal direction
(Eq. 4.22; 4.23; 4.24)
Calculate the maximum slope in the four directions
Calculate the flow at each orthogonal direction of
the maximum slope from equations (4.28; 4.29)
Update wetting parameter (Eq. 4.31)
End
For all grid cells {(0,0) ….. (i,j) …. (row, col)}
Calculate the net inflow of cell (I,j)
Work out the water depth change ( ∆d ) in the cell (Eq. 4.30)
Check drying (?di,j < 0.02m)
Yes

No

Scale the outflow using Equation 4.32
Recalculate the net inflow of cell (I,j)
Recalculate the water depth change ( ∆d ) in the cell
using Equation (4.30)
End
End calculation
Figure A.1. Schematic view of the numerical solution of the 2D diffusion wave model in a raster
environment, modified from Yu (2005)
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Discretisation and numerical solution

For the model to be solved numerically, the modelled domain, the floodplain and the
channel, must be represented in a regular mesh. Channel and floodplains are parameterised
as raster digital elevation models within a GIS and exported into a generic format. This
allows the term w in equation A.13 to be replaced by the DEM resolution and other terms
such as di , dj , Si and Sj , etc to be derived from w in combination with the ground elevation
(g) and water depth (d) in every grid at each time step using appropriate equations.

A.3.3

Channel-Floodplain treatment

In this study, the tightly-coupled model establishes the connectivity between the river
channel and floodplain flows through the common channel-floodplain boundary using the
1D river flow model results (§Chapter 3). The river channel and floodplain flow use the
same time step and are calculated at the same time.
The connectivity between the two domains is established between each river cell and its
adjacent floodplain cell as flow exchange, when a difference in water surface elevation
occurs among them. Flow from the river channel into the floodplain is calculated using a
weir equation:

q = 1.704(H − ∆z)3/2

(A.29)

where H is the water surface elevation of the river channel and ∆z is the ground elevation
of the river embankment on the floodplain. Inflow from the river channel occurs once the
water surface elevation of the river channel is higher than that of the adjacent floodplain
cells according to equation A.29. This flow is used in the 2D diffusion wave model to drive
the routing of floodplain flow. Flow from the floodplain to the river is simply removed
from the calculation domain as mass loss at the channel-floodplain boundary for the 2D
floodplain flow model.
Thus, in this model with a tightly-coupled solution, it is assumed that the water levels
given by the 1D model, plus the operation of the weir equation, are sufficient to drive
water on to the floodplain. Flow back to the river is calculated as lateral inflow to the 1D
model, where depth values should rise again if the 1D model calculated so.
For the outflow boundary, the model needs to decide when and how to allow water to flow
out of the calculation domain. The solution adopted by Yu and Lane (2006a) is based on
Bradbrook et al. (2004). Once the model reaches an outflow boundary, the depth in the
cells on the other side of the boundary is set to be equal to the depth in the adjacent cell.
Thus, the water slope is the bed slope across the boundary. If this results in a reverse
water surface slope, then the water depth on the other side of the boundary is reset such
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that the water surface level is the same as the adjacent cell. During the next time step, the
out flow across the boundary is calculated depending on the water surface slope across the
boundary. Mass conservation is checked at each time step to ensure that total outflow is
equal to the total inflow minus the increase in the floodplain storage during that time step
if there is water flowing out of the outflow boundary. The code has been demonstrated in
practical applications (Yu and Lane 2006a; Yu and Lane 2006b).

A.4

Roughness parameterisation in a 2D scheme

In 2D models, 3D equations are averaged over the flow depth, the bottom shear stress
appears in the momentum equation explicitly. In 3D models, the roughness boundary
condition applies only to the bed-adjacent cells, and the roughness parameter sets the
elevation from the bottom at which velocity is zero within the bottom boundary cell (i.e.
a characteristic roughness height).
Bottom shear stress in a 2D morphodynamic model, is used to compute sediment transport and channel change. It is commonly assumed that the shear stress depends on the
appropriate specification of roughness and can be expressed as a square law of the depthaveraged velocity (U) using:
τ0 = kρU 2
(A.30)
where k is expressed in terms of a roughness parameter. Thus, as in 1D model, roughness
here is also an effective parameter in order to get the correct depth-averaged velocity and
local water depth (Lane et al. 2005).
The estimation of k is usually done (1) using 1D equations for uniform flow:
k=

f
g
gn2
= 2 = 1/3
8
C
h

(A.31)

or (2) using a more physically based approach, assuming that the law of the wall holds
throughout the full flow depth. Following Lane et al., (2005), the law of the wall is given
by:
r
z
1 τ0
ln( )
(A.32)
U=
κ ρ
z0
where κ is von Karman’s constant; z is height above the bed; and z0 is the momentum
roughness height - the height above the bed at which the velocity becomes zero. The
depth-averaged value of velocity (U ) is given by integration across the water depth (h) as:
r
1 τ0
h
U=
ln(
)
(A.33)
κ ρ
e · z0
Thus:
τ0 = (

κ
h
)
ln( e·z
0

2

)2 ρU ≡ kρU

2

(A.34)
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This equation shows that flow resistance depends on relative submergence (h/z0 ), which
can vary spatially and over time (Lane et al. 2005).
When the water depth h is much larger than the characteristic roughness height (ks ),
roughness formulations such as Manning’s n and the friction factor f can be explicitly
related to the momentum roughness height (z0 ) in the log-law formulation for turbulent
boundary layers, thereby unifying roughness definition for a given surface. For instance,
following Lane et al. 2005:
κh1/6
(A.35)
n= √
h
)
gln( e·z
0
where κ is von Karman’s constant; and z0 is roughness height momentum - the height
above the bed at which the velocity becomes zero. The problem with this approach is that
when momentum roughness height (z0 ) is comparable to water depth so h/z0 is small,
i.e. when the flow is within or near the roughness layer, this equation fails resulting in
negative Manning’s n values.
The momentum roughness height (z0 ) is usually related to a characteristic roughness height
of the surface (ks ) according to Nikuradse (1933) through a multiplier (e.g. z0 = ks /30).
In this sense, the characteristic roughness height (ks ) is again an effective parameter
that results in the correct variation of vertical velocity with elevation above the river
bed. Thus, within a two-dimensional approach, traditional sub-scale treatments (uniform
’effective’ roughness parameter, upscaling roughness height) are finally determined through
a calibration procedure, subject to a high level of uncertainty (Hall et al. 2005; Horritt
2006) and based upon an incorrect treatment of the physics of the problem (Lane 2005). If
flow resistance varies in space and time, this multiplier should vary in the same way. The
two main problems common to roughness parameterisation approaches are: (i) that the
effect of roughness is only upon the magnitude of the momentum loss, whereas the effect of
blockage of topographic variability in the flow routing should also be considered (Nicholas
and Walling 1998; Yu and Lane 2006b); and (ii) they do not take into account the scale
dependency of roughness parameterisation upon the topographic parameterisation of the
model and how the meaning of a roughness parameter depends upon the dimensionality of
the model. Within a particular two-dimensional approach, the modelling scale will define
the subscale characteristics of the model and hence its parameterisation. Traditionally,
differences between process and representation of spatial and intrinsic scales within the
model have been dealt with using ’effective’ roughness parameter, which must look for
the right relation between input data and flow results. The roughness parameter must
account not only for the effects of the geographic variability of the surface produced
at scales finer than the represented on the mesh (discretisation scale), but also for the
processes not represented explicitly in the numerical solution because of the averaging of
the flow equation in time or space, such as diffusive effects in the flow due to turbulence.
This grouped subscale treatment of surface and flow processes makes the understanding
the scale impacts upon topographic and roughness parameterisation difficult.

