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Summary

Summary
The present thesis constitutes a step forward in advancing of knowledge of the
effects of climate variability on crops in the Iberian Peninsula (IP). It is well known that
ocean temperature, particularly the tropical ocean, is one of the most convenient
variables to be used as climate predictor. Oceans are considered as the principal heat
storage of the planet due to the high heat capacity of water. When this energy is
released, it alters the global atmospheric circulation regimes by teleconnection1
mechanisms. These changes in the general circulation of the atmosphere affect the
regional temperature, precipitation, moisture, wind, etc., and those influence crop
growth, development and yield. For the case of Europe, this implies that the
atmospheric variability in a specific region is associated with the variability of others
adjacent and/or remote regions as a consequence of Europe being affected by global
circulations patterns which, in turn, are affected by oceanic patterns. The general
objective of this Thesis is to analyze the variability of crop yields at climate time scales
and its relation to the climate variability and teleconnections, as well as to evaluate their
predictability. Moreover, this Thesis aims to establish a methodology to study the
predictability of crop yield anomalies. The analysis focuses on wheat and maize as a
reference crops for other field crops in the IP, for winter rainfed crops and summer
irrigated crops respectively. Crop simulation experiments using a model chain
methodology (climate + crop) are designed to evaluate the impacts of climate variability
patterns on yield and its predictability. The present Thesis is structured in two parts. The
first part is focused on the climate variability analyses, and the second part is an
application of the quantitative crop forecasting for years that fulfill specific conditions
identified in the first part. This Thesis is divided into 4 chapters, covering the specific
objectives of the present research work.
Part I. Climate variability analyses
The first chapter shows an analysis of potential yield variability in one location, as
a bioclimatic indicator of the El Niño teleconnections with Europe, putting forward its
importance for improving predictability in both climate and agriculture. It also presents
the chosen methodology to relate yield with atmospheric and oceanic variables. Crop
1
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yield is partially determined by atmospheric climate variability, which in turn depends
on changes in the sea surface temperature (SST). El Niño is the leading mode of SST
interannual variability, and its impacts extend worldwide. Nevertheless, the
predictability of these impacts is controversial, especially those associated with
European climate variability, which have been found to be non-stationary and nonlinear. The study showed how potential2 crop yield obtained from reanalysis data and
crop models serves as an alternative and more effective index of El Niño
teleconnections because it integrates the nonlinearities between the climate variables in
a unique time series. The relationships between El Niño and crop yield anomalies are
more significant than the individual contributions of each of the atmospheric variables
used as input in the crop model. Additionally, the non-stationarities between El Niño
and European climate variability are more clearly detected when analyzing crop-yield
variability. The understanding of this relationship allows for some predictability up to
one year before the crop is harvested. This predictability is not constant, but depends on
both high and low frequency modulation.
The second chapter identifies the oceanic and atmospheric patterns of climate
variability affecting summer cropping systems in the IP. Moreover, hypotheses about
the eco-physiological mechanism behind crop response are presented. It is focused on
an analysis of maize yield variability in IP for the whole twenty century, using a
calibrated crop model at five contrasting Spanish locations and reanalyses climate
datasets to obtain long time series of potential yield. The study tests the use of
reanalysis data for obtaining only climate dependent time series of simulated crop yield
for the whole region, and to use these yield to analyze the influences of oceanic and
atmospheric patterns. The results show a good reliability of reanalysis data. The spatial
distribution of the leading principal component of yield variability shows a similar
behaviour over all the studied locations in the IP. The strong linear correlation between
El Niño index and yield is remarkable, being this relation non-stationary on time,
although the air temperature-yield relationship remains on time, being the highest
influences during grain filling period. Regarding atmospheric patterns, the summer
Scandinavian pattern has significant influence on yield in IP.

2
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The third chapter identifies the oceanic and atmospheric patterns of climate
variability affecting winter cropping systems in the IP. Also, hypotheses about the ecophysiological mechanism behind crop response are presented. It is focused on an
analysis of rainfed wheat yield variability in IP. Climate variability is the main driver of
changes in crop growth, development and yield, especially for rainfed production
systems. In IP, wheat yields are strongly dependent on seasonal rainfall amount and
temporal distribution of rainfall during the growing season. The major source of
precipitation interannual variability in IP is the North Atlantic Oscillation (NAO) which
has been related in part with changes in the Tropical Pacific (El Niño) and Atlantic
(TNA) sea surface temperature (SST). The existence of some predictability has
encouraged us to analyze the possible predictability of the wheat yield in the IP using
SSTs anomalies as predictor. For this purpose, a crop model with a site specific
calibration for the Northeast of IP and reanalysis climate datasets have been used to
obtain long time series of attainable wheat yield and relate their variability with SST
anomalies. The results show that El Niño and TNA influence rainfed wheat
development and yield in IP and these impacts depend on the concurrent state of the
NAO. Although crop-SST relationships do not equally hold on during the whole
analyzed period, they can be explained by an understood and stationary
ecophysiological mechanism. During the second half of the twenty century, the positive
(negative) TNA index is associated to a negative (positive) phase of NAO, which exerts
a positive (negative) influence on minimum temperatures (Tmin) and precipitation
(Prec) during winter and, thus, yield increases (decreases) in IP. In relation to El Niño,
the highest correlation takes place in the period 1981-2001. For these decades, high
(low) yields are associated with an El Niño to La Niña (La Niña to El Niño) transitions
or to El Niño events finishing. For these events, the regional associated atmospheric
pattern resembles the NAO, which also influences directly on the maximum
temperatures (Tmax) and precipitation experienced by the crop during flowering and
grain filling. The co-effects of the two teleconnection patterns help to increase
(decrease) the rainfall and decrease (increase) Tmax in IP, thus on increase (decrease)
wheat yield.
Part II. Crop forecasting
The last chapter analyses the potential benefits for wheat and maize yields
prediction from using seasonal climate forecasts (precipitation), and explores methods
iii
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to apply such a climate forecast to crop models. Seasonal climate prediction has
significant potential to contribute to the efficiency of agricultural management, and to
food and livelihood security. Climate forecasts come in different forms, but
probabilistic. For this purpose, two methods were evaluated and applied for
disaggregating seasonal climate forecast into daily weather realizations: 1) a
conditioned stochastic weather generator (predictWTD) and 2) a simple forecast
probability resampler (FResampler1). The two methods were evaluated in a case study
where the impacts of three scenarios of seasonal rainfall forecasts on rainfed wheat
yield, on irrigation requirements and yields of maize in IP were analyzed. In addition,
we estimated the economic margins and production risks associated with extreme
scenarios of seasonal rainfall forecasts (dry and wet). The predWTD and FResampler1
methods used for disaggregating seasonal rainfall forecast into daily data needed by the
crop simulation models provided comparable predictability. Therefore both methods
seem feasible options for linking seasonal forecasts with crop simulation models for
establishing yield forecasts or irrigation water requirements. The analysis of the impact
on gross margin of grain prices for both crops and maize irrigation costs suggests the
combination of market prices expected and the seasonal climate forecast can be a good
tool in farmer’s decision-making, especially on dry forecast and/or in locations with low
annual precipitation. These methodologies would allow quantifying the benefits and
risks of a seasonal weather forecast to farmers in IP. Therefore, we would be able to
establish early warning systems and to design crop management adaptation strategies
that take advantage of favorable conditions or reduce the effect of adverse conditions.
The potential usefulness of this Thesis is to apply the relationships found to crop
forecasting on the next cropping season, suggesting opportunity time windows for the
prediction. The methodology can be used as well for the prediction of future trends of
IP yield variability. Both public (improvement of agricultural planning) and private
(decision support to farmers, insurance companies) sectors may benefit from such an
improvement of crop forecasting.
Keywords: SST, El Niño, La Niña, Tropical North Atlantic, crop model, maize,
wheat, potential and attainable yield, NAO, teleconnection patterns, winter and summer
crops, Iberian Peninsula, reanalysis dataset, crop forecasting; stochastic weather
generators.
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Resumen
La presente Tesis constituye un avance en el conocimiento de los efectos de la
variabilidad climática en los cultivos en la Península Ibérica (PI). Es bien conocido que
la temperatura del océano, particularmente de la región tropical, es una de las variables
más convenientes para ser utilizado como predictor climático. Los océanos son
considerados como la principal fuente de almacenamiento de calor del planeta debido a
la alta capacidad calorífica del agua. Cuando se libera esta energía, altera los regímenes
globales de circulación atmosférica por mecanismos de teleconexión. Estos cambios en
la circulación general de la atmósfera afectan a la temperatura, precipitación, humedad,
viento, etc., a escala regional, los cuales afectan al crecimiento, desarrollo y rendimiento
de los cultivos. Para el caso de Europa, esto implica que la variabilidad atmosférica en
una región específica se asocia con la variabilidad de otras regiones adyacentes y/o
remotas, como consecuencia Europa está siendo afectada por los patrones de
circulaciones globales, que a su vez, se ven afectados por patrones oceánicos. El
objetivo general de esta tesis es analizar la variabilidad del rendimiento de los cultivos y
su relación con la variabilidad climática y teleconexiones, así como evaluar su
predictibilidad. Además, esta Tesis tiene como objetivo establecer una metodología para
estudiar la predictibilidad de las anomalías del rendimiento de los cultivos. El análisis se
centra en trigo y maíz como referencia para otros cultivos de la PI, cultivos de invierno
en secano y cultivos de verano en regadío respectivamente. Experimentos de simulación
de cultivos utilizando una metodología en cadena de modelos (clima + cultivos) son
diseñados para evaluar los impactos de los patrones de variabilidad climática en el
rendimiento y su predictibilidad. La presente Tesis se estructura en dos partes: La
primera se centra en el análisis de la variabilidad del clima y la segunda es una
aplicación de predicción cuantitativa de cosechas. La primera parte está dividida en 3
capítulos y la segundo en un capitulo cubriendo los objetivos específicos del presente
trabajo de investigación.
Parte I. Análisis de variabilidad climática
El primer capítulo muestra un análisis de la variabilidad del rendimiento potencial
en una localidad como indicador bioclimático de las teleconexiones de El Niño con
Europa, mostrando su importancia en la mejora de predictibilidad tanto en clima como
v
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en agricultura. Además, se presenta la metodología elegida para relacionar el
rendimiento con las variables atmosféricas y oceánicas. El rendimiento de los cultivos
es parcialmente determinado por la variabilidad climática atmosférica, que a su vez
depende de los cambios en la temperatura de la superficie del mar (TSM). El Niño es el
principal modo de variabilidad interanual de la TSM, y sus efectos se extienden en todo
el mundo. Sin embargo, la predictibilidad de estos impactos es controversial,
especialmente aquellos asociados con la variabilidad climática Europea, que se ha
encontrado que es no estacionaria y no lineal. Este estudio mostró cómo el rendimiento
potencial de los cultivos obtenidos a partir de datos de reanálisis y modelos de cultivos
sirve como un índice alternativo y más eficaz de las teleconexiones de El Niño, ya que
integra las no linealidades entre las variables climáticas en una única serie temporal. Las
relaciones entre El Niño y las anomalías de rendimiento de los cultivos son más
significativas que las contribuciones individuales de cada una de las variables
atmosféricas utilizadas como entrada en el modelo de cultivo. Además, la no
estacionariedad entre El Niño y la variabilidad climática europea se detectan con mayor
claridad cuando se analiza la variabilidad de los rendimiento de los cultivos. La
comprensión de esta relación permite una cierta predictibilidad hasta un año antes de la
cosecha del cultivo. Esta predictibilidad no es constante, sino que depende tanto la
modulación de la alta y baja frecuencia.
En el segundo capítulo se identifica los patrones oceánicos y atmosféricos de
variabilidad climática que afectan a los cultivos de verano en la PI. Además, se
presentan hipótesis acerca del mecanismo eco-fisiológico a través del cual el cultivo
responde. Este estudio se centra en el análisis de la variabilidad del rendimiento de maíz
en la PI para todo el siglo veinte, usando un modelo de cultivo calibrado en 5
localidades españolas y datos climáticos de reanálisis para obtener series temporales
largas de rendimiento potencial. Este estudio evalúa el uso de datos de reanálisis para
obtener series de rendimiento de cultivos que dependen solo del clima, y utilizar estos
rendimientos para analizar la influencia de los patrones oceánicos y atmosféricos. Los
resultados muestran una gran fiabilidad de los datos de reanálisis. La distribución
espacial asociada a la primera componente principal de la variabilidad del rendimiento
muestra un comportamiento similar en todos los lugares estudiados de la PI. Se observa
una alta correlación lineal entre el índice de El Niño y el rendimiento, pero no es
estacionaria en el tiempo. Sin embargo, la relación entre la temperatura del aire y el
rendimiento se mantiene constante a lo largo del tiempo, siendo los meses de mayor
vi
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influencia durante el período de llenado del grano. En cuanto a los patrones
atmosféricos, el patrón Escandinavia presentó una influencia significativa en el
rendimiento en PI.
En el tercer capítulo se identifica los patrones oceánicos y atmosféricos de
variabilidad climática que afectan a los cultivos de invierno en la PI. Además, se
presentan hipótesis acerca del mecanismo eco-fisiológico a través del cual el cultivo
responde. Este estudio se centra en el análisis de la variabilidad del rendimiento de trigo
en secano del Noreste (NE) de la PI. La variabilidad climática es el principal motor de
los cambios en el crecimiento, desarrollo y rendimiento de los cultivos, especialmente
en los sistemas de producción en secano. En la PI, los rendimientos de trigo son
fuertemente dependientes de la cantidad de precipitación estacional y la distribución
temporal de las mismas durante el periodo de crecimiento del cultivo. La principal
fuente de variabilidad interanual de la precipitación en la PI es la Oscilación del
Atlántico Norte (NAO), que se ha relacionado, en parte, con los cambios en la
temperatura de la superficie del mar en el Pacífico Tropical (El Niño) y el Atlántico
Tropical (TNA). La existencia de cierta predictibilidad nos ha animado a analizar la
posible predicción de los rendimientos de trigo en la PI utilizando anomalías de TSM
como predictor. Para ello, se ha utilizado un modelo de cultivo (calibrado en dos
localidades del NE de la PI) y datos climáticos de reanálisis para obtener series
temporales largas de rendimiento de trigo alcanzable y relacionar su variabilidad con
anomalías de la TSM. Los resultados muestran que El Niño y la TNA influyen en el
desarrollo y rendimiento del trigo en el NE de la PI, y estos impactos depende del
estado concurrente de la NAO. Aunque la relación cultivo-TSM no es igual durante
todo el periodo analizado, se puede explicar por un mecanismo eco-fisiológico
estacionario. Durante la segunda mitad del siglo veinte, el calentamiento (enfriamiento)
en la superficie del Atlántico tropical se asocia a una fase negativa (positiva) de la
NAO, que ejerce una influencia positiva (negativa) en la temperatura mínima y
precipitación durante el invierno y, por lo tanto, aumenta (disminuye) el rendimiento de
trigo en la PI. En relación con El Niño, la correlación más alta se observó en el período
1981 -2001. En estas décadas, los altos (bajos) rendimientos se asocian con una
transición El Niño - La Niña (La Niña - El Niño) o con eventos de El Niño (La Niña)
que están finalizando. Para estos eventos, el patrón atmosférica asociada se asemeja a la
NAO, que también influye directamente en la temperatura máxima y precipitación
experimentadas por el cultivo durante la floración y llenado de grano. Los co- efectos de
vii
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los dos patrones de teleconexión oceánicos ayudan a aumentar (disminuir) la
precipitación y a disminuir (aumentar) la temperatura máxima en PI, por lo tanto el
rendimiento de trigo aumenta (disminuye).
Parte II. Predicción de cultivos.
En el último capítulo se analiza los beneficios potenciales del uso de predicciones
climáticas estacionales (por ejemplo de precipitación) en las predicciones de
rendimientos de trigo y maíz, y explora métodos para aplicar dichos pronósticos
climáticos en modelos de cultivo. Las predicciones climáticas estacionales tienen un
gran potencial en las predicciones de cultivos, contribuyendo de esta manera a una
mayor eficiencia de la gestión agrícola, seguridad alimentaria y de subsistencia. Los
pronósticos climáticos se expresan en diferentes formas, sin embargo todos ellos son
probabilísticos. Para ello, se evalúan y aplican dos métodos para desagregar

las

predicciones climáticas estacionales en datos diarios: 1) un generador climático
estocástico condicionado (predictWTD) y 2) un simple re-muestreador basado en las
probabilidades del pronóstico (FResampler1). Los dos métodos se evaluaron en un caso
de estudio en el que se analizaron los impactos de tres escenarios de predicciones de
precipitación estacional (predicción seco, medio y lluvioso) en el rendimiento de trigo
en secano, sobre las necesidades de riego y rendimiento de maíz en la PI. Además, se
estimó el margen bruto y los riesgos de la producción asociada con las predicciones de
precipitación estacional extremas (seca y lluviosa). Los métodos predWTD y
FResampler1 usados para desagregar los pronósticos de precipitación estacional en
datos diarios, que serán usados como inputs en los modelos de cultivos, proporcionan
una predicción comparable. Por lo tanto, ambos métodos parecen opciones
factibles/viables para la vinculación de los pronósticos estacionales con modelos de
simulación de cultivos para establecer predicciones de rendimiento o las necesidades de
riego en el caso de maíz. El análisis del impacto en el margen bruto de los precios del
grano de los dos cultivos (trigo y maíz) y el coste de riego (maíz) sugieren que la
combinación de los precios de mercado previstos y la predicción climática estacional
pueden ser una buena herramienta en la toma de decisiones de los agricultores,
especialmente en predicciones secas y/o localidades con baja precipitación anual. Estos
métodos permiten cuantificar los beneficios y riesgos de los agricultores ante una
predicción climática estacional en la PI. Por lo tanto, seríamos capaces de establecer
sistemas de alerta temprana y diseñar estrategias de adaptación del manejo del cultivo
viii
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para aprovechar las condiciones favorables o reducir los efectos de condiciones
adversas.
La utilidad potencial de esta Tesis es la aplicación de las relaciones encontradas
para predicción de cosechas de la próxima campaña agrícola. Una correcta predicción
de los rendimientos podría ayudar a los agricultores a planear con antelación sus
prácticas agronómicas y todos los demás aspectos relacionados con el manejo de los
cultivos. Esta metodología se puede utilizar también para la predicción de las tendencias
futuras de la variabilidad del rendimiento en la PI. Tanto los sectores públicos (mejora
de la planificación agrícola) como privados (agricultores, compañías de seguros
agrarios) pueden beneficiarse de esta mejora en la predicción de cosechas.
Palabras clave: temperatura de la superficie del mar “TNA”, El Niño, La Niña,
Atlántico Tropical, modelo de cultivo, maíz, trigo, rendimiento potencial y alcanzable,
NAO, patrones de teleconexión, cultivos de invierno y primavera, Península Ibérica,
datos de reanálisis, predicción de cultivos, generadores estocásticos de clima.
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Anomaly: It is the difference from a temporal average, or baseline. For instance in
temperature, a positive anomaly means that the temperature was warmer than
the mean value; a negative anomaly indicates that the temperature was cooler
than the mean value.
Anthesis: The flowering period of a plant, especially the period when the stigma is
favorable for the germination of pollen coming in contact with it.
Climate variability: It refers to variations in the mean state and other statistics (such as
standard deviations, the occurrence of extremes, etc.) of the climate on all
temporal and spatial scales beyond that of individual weather events.
Variability may be due to natural internal processes within the climate system
(internal variability), or to variations in natural or anthropogenic external
forcing (external variability).
Climate variability pattern: It is any recurring characteristic of the climate. Natural
variability of the climate system, in particular on seasonal and longer time
scales, predominantly occurs with preferred spatial patterns and time scales,
through the dynamical characteristics of the atmospheric circulation and
through interactions with the land and ocean surfaces. Such patterns are often
called regimes, modes or teleconnections.
Crop models: Agronomic models that simulate development and growth, commonly
including yields and other aspects of crop production by applying the
ecophysiological principles and relationships, using as inputs weather, soil
type, crop management, and genotypic crop description.
Diurnal temperature range: The difference between the maximum and minimum
temperature during a day.
El Niño: It is an interannual climate variability phenomenon that refers to a warming
(with respect to the climatological values) of the surface ocean in the
Equatorial Pacific. The opposite event, a cooling, is called La Niña.
Field crops: Originally defined as any crop grown on a larger scale.
General circulation: The large scale motions of the atmosphere and the ocean as a
consequence of differential heating on a rotating Earth that restores the energy
balance of the system through transport of heat and momentum.
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Germination: The process within a seed that leads to visible emergence of the radicle
through the seed coat. It begins with water uptake and involves formation and
activation of enzymes that convert starch, fats and protein in the endosperm
and/or cotyledons into smaller chemical components that are transported to
sites of embryo growth.
Growing season: the time of year during which plants grow and develop.
Harvest: to gather a crop when its target organ has finished growing or has reached
physiological maturity or a certain humidity. In general, the time when a crop
is collected.
Kernel: the seed of a grain plant
Mode of variability: It is a climate pattern that explains a percentage of the variability
and has identifiable characteristics, specific regional effects, and often
oscillatory behavior.
North Atlantic Oscillation (NAO): Dominant mode of winter climate variability in the
North Atlantic region, ranging from central North America to Europe. It
consists of opposing variations of barometric pressure near Iceland and near
the Azores. On average, a westerly current, between the Icelandic low pressure
area and the Azores high pressure area, carries cyclones with their associated
frontal systems towards Europe. However, the pressure difference between
Iceland and the Azores fluctuates on time scales of days to decades, and can be
reversed at times.
La Niña: See El Niño.
Potential yield: Yield of a cultivar when grown in environments to which it is adapted,
with nutrients and water non-limiting and with pests, diseases, weeds, lodging, and
other stresses effectively controlled.
Rainfed: Only supplied with rain water.
Silking: The first stage of the reproductive period. The styles and stigmas that appear as
a silky tuft or tassel at the tip of an ear of maize (female flower).
Solar radiation: Radiation emitted by the Sun. It is also referred to as shortwave
radiation. Solar radiation has a distinctive range of wavelengths (spectrum)
determined by the temperature of the Sun.
Teleconnection: Link between remote climate anomalies of atmosphere or ocean
variables, influencing in the variability of the atmospheric and oceanic
circulation.
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Teleconnection patterns: refers to a recurring and persistent, large-scale pattern of
pressure and circulation anomalies that spans vast geographical areas.
Time scale: Characteristic time for a process to be expressed. The timescale of an event
is the length of time during which it happens or develops, for example
interannual, decadal, multidecadal, etc.
Winter wheat: Wheat variety with vernalization requirements, ie. need of experiencing
cold temperatures for inducing flowering. For that reason, in the Mediterranean
it is sown usually in the fall and harvested the following summer. In areas
where this practice may be followed, winter wheat normally is preferred
because yields are higher than for spring wheat. In some areas with mild
winters, spring wheat may be sown in the fall. Although also produced during
the winter, it differs from winter wheat in not having a requirement for cold
temperatures to produce flowers and seeds.
Yield: The aggregate of harvestable products resulting from the growth or cultivation of
a crop and usually expressed in quantity per area. Commonly refers to the
amount of a crop production in a given time or from a given place.
These definitions are taken from the following sources (with some adaptations):


Glossary of Global Warming and Climate Change Terms.
http://www.agmrc.org/media/cms/Glossary_of_Global_Warming_and_Clim_43
14FBAC16B15.pdf



United State environmental protection agency.
http://www.epa.gov/climatechange/glossary.html
http://www.epa.gov/oecaagct/ag101/cropglossary.html



Farm Glossary.
http://www2.kenyon.edu/projects/farmschool/addins/glossary.htm



Farm world.
http://www.farmworldonline.com/General/Terms.asp



Macmillan dictionary.
http://www.macmillandictionary.com/thesaurus-category/british/crop-farming.



Oxford dictionary.
http://www.oxforddictionaries.com/definition/english/anthesis



American Society of Agronomy.
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https://www.agronomy.org/publications/crops-glossary#


Purdue University. Department of Agronomy.
https://www.agry.purdue.edu/ext/corn/news/timeless/grainfill.html
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Introduction
The growth and development of crops are complex processes. During their life
cycle, many of the growth stages overlap for some crops, and while one part of the plant
may be developing and or growing, another part may be dying. Growth is defined as a
continuous process of accumulation of dry matter that results from cell division and cell
expansion, thus concerns to quantitative change in the life of a plant (Sugiyama, 1995).
Development is a sequence of phenological events controlled by genetic background
and modulated by external factors (environmental mainly and in a lower extent
management actions), which determines changes in the morphology and/or function of
organs (Slafer et al., 2009). Although crop yield is the result of the integration of the
soil features, crop genetics, management and climate, the weather is the main driver of
crop growth and development, and so of crop yield. Climate variability is responsible of
more than 60 % of yield variability in most areas, especially for rainfed production
systems that rely on rainfall for water (Ray et al., 2015). An increasing interest in the
variability of agricultural production sources and management has spread through the
scientific community and society, due to its major impact on farm economies,
agricultural markets, and food security (Godfray et al., 2010).
Spain is the fourth largest cereal producer in EU (accounting for 8.2 % of the EU28’s output in 2013) (Eurostat, 2015). Grains cereal cover about 12% of Spain's
cultivated lands, and about 85% of that area is under rainfed (MAGRAMA, 2014). The
analysis in this Thesis has been focused in maize and wheat, two of the most important
crops in Iberian Peninsula (IP), used here as a reference for irrigated summer and
rainfed winter crops respectively. Wheat is generally grown in the dry areas and maize
in areas with more abundant rainfall or irrigation. Air temperature and precipitation are
the critical agrometeorological variables that limit crop growth and development of
these crops, therefore yield production. In the IP, agriculture has always been affected
by a large climate variability that is typical of Mediterranean climate (Del Rio et al.,
2007), and projections indicate that this situation will continue or even will be more
occurrence of adverse conditions and extreme agroclimatic events in the future
(Maracchi et al., 2005; Ruiz-Ramos and Minguez, 2010; Trnka et al., 2014). Therefore,
it is important to evaluate and understand how climate and crops are linked over time.
Such an assessment needs to be in a regional and local basis, therefore specifically in
the IP and regions within it, to forecast (or to project) crop yields and to design feasible
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adaptations in current and future climate. First of all, a more specific identification of
the main factors causing yield variability within the climate at different timescales
(temporal and spatial) is needed.
The climate variables are influenced by natural factors, such as ocean currents,
solar and geomagnetic activity, volcanic eruptions and vast ice masses and polar motion
(Ríos-Cornejo et al., 2014). A great number of scientists have associated climate
variability with the behavior of different teleconnection patterns which affect enormous
or regional areas such as North Hemisphere (Hurrell and Deser, 2010; Marshall et al.,
2001) and IP (Casanueva-Vicente et al., 2014; Rodríguez-Puebla et al., 2010).
Teleconnections patterns refers to a recurring and persistent, large scale pattern of
pressure and circulation anomalies that spans vast geographical areas (CPC, 2008).
Many of them span entire ocean basins and continents. They reflect an important part of
both the interannual and interdecadal variability of the atmospheric circulations. The
most important atmospheric teleconnections patterns that affect the Northern
hemisphere, and therefore the IP, are the North Atlantic Oscillation (NAO), the Arctic
Oscillation (AO), the East Atlantic pattern/ Western Russia (EA/WR), the Scandinavian
pattern (SCA) and the Western Mediterranean Oscillation (WeMO) (Fig. I.1) (CPC,
2012; Lorenzo et al., 2008). NAO is the dominant mode of winter climate variability,
ranging from central North America to Europe. It consists of opposing variations of
barometric pressure near Iceland and near the Azores (Barnston and Livezey, 1987). On
average, a westerly current, between the Icelandic low pressure area and the Azores
high pressure area, carries cyclones with their associated frontal systems towards
Europe. The EA/ WR pattern consists of four main anomaly centers. The positive phase
is associated with positive height anomalies located over Europe and northern China,
and negative height anomalies located over the central North Atlantic and north of the
Caspian Sea (CPC, 2012). SCA consists of a primary circulation center over
Scandinavia, with weaker centers of opposite sign over Western Europe and Eastern
Russia/ Western Mongolia (Barnston and Livezey, 1987). Previous works have shown
the influences of some of these atmospheric teleconnections patterns on climate
variability (temperature and precipitation mainly) in Spain (Martin‐Vide and Lopez‐
Bustins, 2006; Muñoz-Díaz and Rodrigo, 2006; Queralt et al., 2009; Rodríguez-Puebla
et al., 2010; Romero et al., 1999; Sanchez‐Lorenzo et al., 2009; Serrano et al., 1999).
For instance, Rios-Cornejo et al (2014) describes the relationships between Spanish
2
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temperature and four teleconnection patterns (NAO, AO, EA/WR and WeMO) with
influence on the IP on monthly, seasonal and annual time scales.

Figure I.1. Spatial patterns of the main atmospheric teleconnections over the Atlantic
Hemisphere. The figures represent the temporal correlation between the monthly standardized
height anomalies at that point and the monthly teleconnection pattern time series from 1950 to
2005. The dark and grey areas show significant negative and positive correlation. Source:
Lorenzo et al. (2008).

It is well known that ocean temperature, particularly the tropical ocean, is one of
the most convenient variables to be used as climate predictor. Oceans are considered as
the principal heat storage of the planet due to its high heat capacity: just a degree above
the average has cascading effects throughout the world. Thus, warming or cooling of the
tropical sea surface temperature (SST) impacts convection, which influences the global
atmospheric circulation and the feedbacks with the ocean. The energy transfer from
ocean to the atmosphere will have strong consequences on global and regional climate
in local and remote regions. Changes in the general circulation affect the regional
temperature, precipitation, moisture, wind, etc., so that influence crop development and
growth. The leading mode of SST interannual variability is El Niño phenomenon (Fig.
I.2). It is defined as a warming (or cooling) of the sea-surface in the central and eastern
equatorial Pacific (McPhaden et al., 2006). Basically, the phenomenon is characterized
by a varying shift between a neutral phase and two extreme phases: the warm oceanic
phase is named El Niño, while the cold phase is named La Niña. El Niño phenomenon
3
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has been found to impact the climate variability of the tropical and extratropical regions.
For instance, El Niño influence on the European climate variability has been found to be
non-stationary and non-linear (Brönnimann, 2007; Diaz et al., 2001; Greatbatch et al.,
2004; Knippertz et al., 2003; McPhaden et al., 2006) and seems to be modulated by
multidecadal patterns (López‐Parages and Rodríguez‐Fonseca, 2012; López-Parages et
al., 2014). Besides its scientific interest, the impact of the tropical Pacific SST on
climate variability often has social and economic implications for human population and
environment (Adams et al., 1999; Stewart-Ibarra et al., 2014). In a recent study, Cai et
al. (2014) have shown that there will be an increasing (nearly twice) frequency of
extreme El Niño events due to greenhouse warning; so, the potential future changes in
such extreme El Niño occurrences could have profound climatic and socio-economic
consequences.

Figure I.2. Patterns of sea surface temperature during El Niño (left) and La Niña (right) event.
The colors along the equator show are warmer (red) or cooler (blue) than the long-term average.
Source: International Research Institute [http://iri.columbia.edu/news/eight-misconceptionsabout-el-nino]

On the other hand, the variability of SST of subtropical North Atlantic (TNA)
region influences also in the anomalous winter rainfall in Europe (Rodriguez‐Fonseca
and de Castro, 2002; Rodríguez‐Fonseca et al., 2006) and therefore may influence crop
yield in the IP. Although numerous studies have examined the effects of atmospheric
4
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variables on crops in Europe (Brown, 2013; Iglesias and Quiroga, 2007; Kloss et al.,
2012; Rodríguez-Puebla et al., 2007), there are few that explicitly mention the
teleconnection with ocean patterns like El Nino (Gimeno et al., 2002). Thereby, further
analysis of the impact of ocean on crops in a specific area is needed to improve the crop
forecast and risk management of agricultural production in IP, a region that presents
great climate variability in spatial and temporal scales.
To evaluate and to understand the agricultural impact of climate variability
(oceanic and atmospheric) at different timescales3, long time series of yield data are
required. In the case of the IP, one problem of this approach is the limited record of
historical yield data or even the lack of them in many locations. Sometimes only
regional (sub-national) averages are available. The fluctuations from the mean of
historical data do not only reflect the influence of climate variability, but they also
reflect other factors that have influenced on yield variability, like changes in agricultural
practices, technological improvement including crop breeding, agricultural policies and
markets. On the other hand, the average of national and regional yields can be too
coarse, general, and opaque, because averaging of yield reduce the degree of yield
variability and can result in over or under-estimation of yields (Van Wart et al., 2013).
For these reasons, other type of yield data, as potential and attainable yield, can be more
appropriate to evaluate the impacts of climate variability on crops. Potential yield is
defined as the “yield of a cultivar when grown in environments to which it is adapted,
with nutrients and water non-limiting and with pests, diseases, weeds, lodging and other
stresses effectively controlled (Evans and Fischer, 1999). It is relevant for this study for
investigating the SST effects on irrigated crops, in our case maize yield, which is
mainly influenced by solar radiation, temperature and day length (Sadras and Calderini,
2009). Attainable yield is defined similar as potential yield, but crop growth is limited
by water supply. It corresponds to the best yield achieved by an adapted crop variety
when grown under rainfed, favorable conditions without growth limitations from
nutrients, pests, or diseases (Loomis and Connor, 1992). It is relevant for this study
because, in comparison with potential yield, we can isolate the effect of the precipitation
and its interaction with the other variables. In our case, we will be using rainfed wheat
yields.

3
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Crop models are mathematical representations of the main processes involved in
the development, grow, and production of a crop. There are several classifications
systems for crop simulation models. The most common system has been to classify
models as: mechanistic and empirical/or functional. In the mechanistic models, the
physical, chemical and biological laws are considered to describe the crop growth
processes from seed initiation to senescence (Graeff et al., 2012). Meanwhile, the
empirical or functional models are direct descriptions of measurement, and they define
the characteristics of a system in a simple way applying functions fitted to data without
considering the physiological processes involved in growth and morphogenesis
(Thornley and France, 2007). Crop models are suitable tools to obtain long time series
of both potential and/or attainable yields (Boote et al., 1996) when they are fed with
weather data (observed and simulated) and set to none or water limitation, respectively.
Crop models have been extensively used to evaluate crop production, nutrient and water
management; they also have been applied to assess the agronomic consequences of the
interannual weather variability and to design strategies to minimize its associated risks.
Also, crop models have shown to be a valuable tool for yield forecasting (Paz et al.,
2007; Phillips et al., 1998; Shin et al., 2010). Since the 1990’s, they have also been
applied extensively to evaluate the impact of climate change in crop production
(Guereña et al., 2001; Mínguez et al., 2007; Ruiz-Ramos and Minguez, 2010) and food
security (Hoogenboom, 2000; Olesen et al., 2007; Semenov and Shewry, 2011).
Nevertheless, there are few studies that make use of only-climate dependent yield data
(as the ones that can be generated by crop models) to assess the agricultural
consequences of the climate variability in Spain.
Crop models usually require daily weather data of radiation, maximum and
minimum temperature and precipitation. For some models, evapotranspiration
computation benefits from relative humidity and wind speed data. There are several
sources of these data: observation, reanalyses and simulations (from Global climate
models (GCMs) and Regional climate models (RCMs)). Observed data refers to current
and historical record at meteorological stations or from satellites. In the case of the IP,
one problem is the limited record of historical daily weather data in many locations,
especially of radiation data. The reanalyses data are produced by combining climate
models with observations. The reanalysis relies on models to interpret, relate, and
combine many different observations from multiple sources, creating global data sets
describing the recent history of the atmosphere, land surface and oceans (Dee et al.,
6
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2014). They are produced for all locations on Earth, and span a long time period that
can extend back by decades or more. They can be used to monitor changes in the
climate and its variability on long time scales. Simulated climate data are obtained from
climate model: GCMs and RCMs. The climate models are based on well-established
physical principles (dynamics of the ocean-atmosphere and physical processes) and
have been demonstrated to reproduce observed features of recent climate and past
climate changes (Randall et al., 2007). The GCMs have a lower spatial resolution than
RCMs, and they are not able to account the local topographies. Meanwhile, an RCM is
nested within a global model to provide more detailed simulations for a particular
location taking into account the local topographies. A key limitation of GCMs and
RCMs is the fairly coarse horizontal resolution, however, they can be downscaled
(further, in the case of RCMs) using statistical techniques (Jakob-Themeßl et al., 2011;
Murphy, 1999).
Reliable simulated data of potential and attainable yield, generated with sitespecific calibrated and validated crop models for local varieties and management, would
be appropriated to comprehend the influences of oceanic and atmospheric
teleconnections, which are relevant for predicting crop anomalies. Thus, it is possible to
design crop simulation experiments/runs to evaluate the impacts of climate variability
patterns on yield using a model chain methodology (climate + crop).
Once the relationship between the climate variability and crop yield is identified,
it would allow reaching a qualitative crop forecast. For instance, there will be high (e.g.
Argentina, (Podestá et al., 1999)) or low (e.g. northeastern Brazil, (Rao et al., 1997))
agricultural productions in an El Nino year depending of the region. Nevertheless, for
years and regions where this type of characterization it possible, one further step can be
done to quantify the climate impacts on crop yields using several methods. Therefore, a
better understanding of these relationships can improve the crop forecasts to establish
early warning systems and to design crop management adaptation strategies that take
advantage of favorable conditions or reduce the effect of adverse conditions both in the
present and in the future. The degree of predictability would depend on the geographical
location and period, and also, on the socio-economic conditions that will determine the
response capacity of the systems. For the IP, if a reliable prediction of crop yields is
provided at local scale, we will be able to develop site-specific recommendations.
In recent years, the importance of agricultural forecasting has increased, and the
quantitative forecasting of yields has become a valuable tool in the support to decision7
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making (Duveiller et al., 2012; Stone and Meinke, 2005). Crop forecasting is important
to help decisions at the farm level (sowing date, level of input use or cropping intensity,
etc.), to implement measures in advance to optimize crop productivity reducing risk
associated with climate uncertainty (i.e. choices on insurance options) and maximize
profit (Hansen et al., 2006). Moreover, crop yield forecasts are also important for
government agencies and for the private sector to evaluate the crop-area insurance
contracts, to plan logistics, transportation, storage needs, etc. (Basso et al., 2013).
Iberian Peninsula has a relative small size, a complex topography with large coasts to
Atlantic and Mediterranean Sea which produce a sharp gradient of temperature and
relative humidity, and therefore a large variety of vegetation types ranging from humid
forest to deserts (Mínguez et al., 2007). The consequence of this complexity is the high
uncertainty of the climate projection for IP. Therefore, an accurate crop forecast in IP
will benefit from an evaluation of several methods of yield forecasting. This should
enhance the reliability of crop predictions in IP, making them usable for the decisionmaking.
There are several methods of yield forecasting, which attempt to qualitatively and
quantitatively assess before harvest the effect of weather on regional crop yields.
According to Food Agriculture Organization (FAO), the existing methods, depending of
the level of sophistication, are classified in descriptive, statistical and crop simulation
methods. Each of them is effective under certain conditions, so the specific methods to
be chosen will depend on crop, location, etc. The descriptive method consists of
identifying the climatic variables (agrometeorological, large-scale variables and
teleconnection indices) that are relevant for the crop. It is a powerful method because
the climate variables do not vary independently and constitute a complex driver that
affects yield with a combined effect. For instance, El Niño is the best index used by
descriptive methods. It influences crop yield through a complex chain of interactions (El
Niño influences global atmospheric circulation, that in turn affects local weather, that in
turns affects local crop yield) (Gommes, 1998). The statistical method involves
analyzing the yield records to determine what kind of conditions has the highest
probability of producing high (low) yield. It makes use of regression and probabilistic
techniques. The main disadvantage of these methods is that the regression coefficients
are fitted for a particular dataset and performs very poorly outside the range of values
for which they have been calibrated.
8
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An alternative method of crop prediction is the crop modelling. It could be, under
certain conditions, the most accurate and the most versatile method due to its ability to
describe in simplified form crop growth and development as a function of
environmental and management conditions (Gommes et al., 2014). The requirements for
reaching a good result with this technique are the field data availability to support an
accurate calibration and validation, together with a good description of soil and
management. An important dataset to be used in yield prediction in combination with
crop models are the seasonal climate forecasts (precipitation, temperature, etc). They are
generated by a variety of methods that include the use of dynamical circulation climate
models, statistical prediction methods and combinations of both (Barnston et al., 2003;
Goddard et al., 2003; Krishnamurti et al., 1999). These methods have both atmospheric
and oceanic components. They are based on the premise that the atmospheric response
to SST variability provides the potential to produce an accurate forecast of seasonal
climate anomalies for many areas of the world (Mason et al., 1999; Palmer and
Anderson, 1994; Shukla, 1998). This kind of climate seasonal forecasts would play a
critical role in developing crop forecasting capacity in IP, since they are now available
up to 6 months in advance from a number of operational meteorological centers around
the world (like IRI, UK Met Office, AEMET, etc). Seasonal climate forecasts can be
used as inputs to crop models for running the model prior to or during the growing
season to obtain expected yield. However, seasonal forecasts are not directly suitable for
crop simulations, because of the model biases (Wang et al., 2014) and the mismatch of
spatial and temporal scales. For that reason, the weather forecasts usually need to be
statistically or dynamically downscaled to cells that are smaller than the original GCM
cell (to match the spatial scale) and temporally disaggregated into daily data (to match
the temporal scale). Therefore, to improve the crop forecasting in IP, it is also necessary
to evaluate and select the methods for linking the seasonal climate forecasts with crop
models that solve these scale problems. Despite the fact that there are uncertainties
related to the seasonal climate forecast and also to the crop model, nowadays it is
possible in some cases to provide crop yield estimates on time for decision making with
acceptable errors because the crop model error can be reduced via 1) accurate
calibration and validation of model inputs, 2) improved versions of crop models, and 3)
reduction of the climate uncertainties by using methods to perform the spatial and
temporal downscaling.
9
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The general objective of this Thesis is to analyze the variability of crop yields at
climate time scales and its relation to the climate variability and teleconnections, as well
as to evaluate their predictability. Moreover, this Thesis aims to establish a
methodology to study the predictability of crop yield anomalies. Wheat and maize crops
are used here as a reference for other field crops in Iberian Peninsula (IP), for winter
rainfed crops and summer irrigated crops respectively.
For this purpose, the specific objectives are:
1.

To analyze crop yield variability and predictability at a specific location within
the IP by:



Identifying patterns4 of oceanic and atmospheric climate variability affecting
maize and wheat yield in the IP.



Studying the multidecadal modulation of the influence of interannual modes of
variability in the maize and wheat yields.



Investigating yield predictability from sea surface temperature anomalies.



Inferring hypotheses about the eco-physiological mechanism behind crop
response to climate variability.

2.


To analyze crop yield variability and predictability of a group of locations by:
Determining the ways in which crop yield anomalies vary on time and their
main spatial patterns of variability.



Determining the global scale climate variability patterns mostly related to these
principal directions.



Investigating yield predictability in IP by projecting yield anomalies on sea
surface temperature with different time lags.



Inferring hypotheses about the eco-physiological mechanisms behind crop
response to climate variability.

3.

To assess methodologies to improve probabilistic seasonal yield forecasts in the
IP and to derive agronomical adaptations from them.

4
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Crop simulation experiments using a model chain methodology (climate + crop)
are designed to evaluate the impacts of climate variability patterns on yield and its
predictability (Fig. I.3). The present Thesis is structured in two parts. The first is
focused on the climate variability analyses and the second is an application of the
quantitative crop forecasting for years that fulfill specific conditions identified in the
first part.

Figure I.3. Schematic representation of the Thesis structure.
Part I. Climate variability analysis
The part is performed through two complementary analyses that can be described
as “from crop to climate” and “from climate to crop”, using for both of them crop
models and climate data (observed and reanalyses datasets).
"From crop to climate analysis" is focused on the use of simulated crop yield as an
integrative bioclimatic index and as an additional diagnostic tool to determine climatic
variability patterns and teleconnections in Europe. It is reasonable to think that a crop
model would be able to generate a yield index that integrates the complex nonlinear
12
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relations between the meteorological variables. This way, simulated yield could be
presented as a new indicator for studying teleconnections with Europe. This would be a
main contribution of the present work for climate variability understanding. If this is
confirmed, potential and attainable yields could be predicted from the information of the
previous state of the ocean anomalies, and yield variability should integrate the
information from the external forcing associated with climate variability.
On the other hand, “from climate to crop” analysis focuses on a better
understanding of the relationship between climate variability patterns (oceanic and
atmospheric) and yield. The identification of the main factors of the yield variability
within climate at different scales (temporal and spatial) would be very valuable for
agronomical applications aimed to mitigate and or exploit future crop production
variability. Moreover, it allows investigating the possible yield predictability and to
infer hypothesis about the eco-physiological mechanisms behind the crop response to
climate patterns (atmospheric and oceanic), with the ultimate goal of improving crop
forecasts in IP.
In IP, irrigated agriculture is necessary to ensure most of the summer production
to obtain economic outcomes (Diaz et al., 2007). Thus, assuming a proper water supply,
and for a given soil, cultivar and management, summer crops are mainly dependent on
temperature. Therefore, irrigated maize can be used as a representative crop for
investigating temperature effects of variations in SSTs. This study is done by analyzing
the impact of these SST variations on potential yield. In contrast, winter wheat is a
typical rainfed crop, highly depended on precipitation amount and its distribution within
the season crop. IP is a region that presents great climate variability in spatial and
temporal scales. The most important changes in precipitation variability take place
during fall and spring. Thereby, attainable winter wheat yield could be used for
investigating the impact of changes in SST on precipitation variability.
Parte II. Crop forecasting
Based on the knowledge of the influence of climate variability patterns on crops
in IP, this part analyzes the potential benefits for crop forecasting, exemplified here by
wheat and maize yields predictions, using seasonal precipitation climate forecasts.
Several methods to disaggregate seasonal precipitation forecasts into daily data to feed
the crop model are evaluated. Crop models are used to quantify the crop yield before
harvest. If a better prediction of crop yields might be done in IP at local scale, we would
13
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be able to develop site-specific recommendations (i.e. sowing date, level of input use or
cropping intensity, choices on insurance options.) to take advantage of favorable
conditions or reduce the effect of adverse conditions.
This Thesis is divided into 4 chapters, covering the specific objectives of the
present research work:
Part I. Climate variability analyses
Chapter 1: This chapter shows an analysis of potential yield variability in one
location, as a bioclimatic indicator of the El Niño teleconnections with Europe, putting
forward its importance for improving predictability in both climate and agriculture. It
also presents the chosen methodology to relate yield with atmospheric and oceanic
variables.
Chapter 2 and 3: In these chapters we identify the oceanic and atmospheric
patterns of climate variability affecting summer and winter cropping systems in the IP.
Also, hypothesis about the eco-physiological mechanism behind crop response are
presented.
Part II. Crop forecasting
Chapter 4: This chapter analyzes the potential benefits for wheat and maize yields
prediction from using seasonal climate forecasts (precipitation), and explores methods
to apply such a climate forecast to crop models.

14

Crop yield as a bioclimatic index of El Niño impact in Europe: crop forecast implications

CHAPTER 1. Crop yield as a bioclimatic index of El Niño impact in
Europe: crop forecast implications
Published in Agricultural and Forest Meteorology 198-199 (2014): 42-52.
doi:10.1016/j.agrformet.2014.07.012.
1.1.

Introduction
Crop yield is the result of the integration of the soil features, genetics and

management with the climate. Historical or observed crop yields also reflect the
influence of other factors and their changes, such as soil variability, management
efficiency, biotic and abiotic stresses, technology trends and even agricultural policies
and market pressures (Fig. 1.1). Therefore, a yield gap between the observed and the
potential yield (Lobell et al., 2009) typically exists. Potential yield is defined as “the
yield of a cultivar when grown in environments to which it is adapted, with nutrients
and water non-limiting and with pests, diseases, weeds, lodging, and other stresses
effectively controlled” (Evans and Fischer, 1999). It can give qualitatively new
information regarding climate variability by integrating the effects of different weather
factors during the crop cycle (Saue and Kadaja, 2009) and are adequate to assess past
and present climate and its variability (Chuine et al., 2004; Donnelly et al., 2004). Crop
models, calibrated and validated with independent field data for a given location, are
able to simulate climate-dependent time series of potential yields for a given cultivar,
soil and management, whose variability is influenced only by variability in climate.
Additionally, these time series can be long enough for conducting variability analysis,
contrary to commonly available observed crop yield data.
Large-scale teleconnections, such as those related to El Niño, are known to
influence climate and crop variables in distant parts of the world, by affecting global
circulations patterns. Specifically, El Niño is the main driver of interannual climate
variability (McPhaden et al., 2006) and impacts agriculture and regional economies
(Cane et al., 1994; Gimeno et al., 2002; Legler et al., 1999; Phillips et al., 1998; Phillips
et al., 1999). Previous studies have shown that the El Niño teleconnection with
European climate variability (Brönnimann, 2007) is non-stationary (Diaz et al., 2001;
Greatbatch et al., 2004; Knippertz et al., 2003; Mariotti et al., 2002) and seems to be
modulated by multidecadal patterns (López‐Parages and Rodríguez‐Fonseca, 2012).
Although numerous studies have analyzed the effects of atmospheric variables on crops
(Brown, 2013; Porter and Semenov, 2005; Rodríguez-Puebla et al., 2007), there are few
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that show the teleconnection with El Niño in Europe (Gimeno et al., 2002), and none
that we are aware of that use crop modeling. Because the potential yield is sensitive to
climate variability, a crop model should reflect oceanic teleconnection influences. Due
to the availability of atmospheric reanalyses spanning the whole twenty century, long
simulated time series of crop yields can be obtained for detecting climate variability
oscillations, the simulated yield unrestricted by water, nutrients and biotic limitations
becoming an alternative index. Therefore, the crop model responds mainly to changes in
maximum and minimum temperature and radiation, and the variability analysis is
restricted to temperature and solar radiation effects.
This study aims to analyze potential yield with two aims: first, as a bioclimatic
indicator of the El Niño teleconnections with Europe and, second, for improving
predictability in both climate and agriculture. In addition, it aims to show that the
relationship between El Niño teleconnections and local potential yield of Northern
Spain can be extended to represent the teleconnection effects over Europe. To test this
hypothesis, a location (Lugo) representative of the teleconnection between El Niño and
Europe (Lorenzo et al., 2011; Rozas and García-González, 2012) was selected and
maize was chosen as a reference crop for representing summer crops, as it is one of the
main summer field crops in Europe.
1.2.

Datasets and methods
In this work, the maize yield simulations obtained from station data and different

atmospheric reanalyses were used to analyze the evolution of yield anomalies and their
predictability from ocean variability. The study area (Fig. 1.1) was selected because the
northwest region of the Iberian Peninsula (IP) is located in an area that is sensitive to El
Niño influences (Lorenzo et al., 2011) as part of a global pattern that also affects the
Euro-Mediterranean region (López‐Parages and Rodríguez‐Fonseca, 2012). Although
these authors focus on the impact in rainfall, they present evidence of the atmospheric
response to El Niño over Europe, which affects the sea level pressure (SLP) patterns
and, in turn, would affect minimum and maximum temperature and radiation. In
particular López-Parages and Rodríguez-Fonseca (2012) relate El Niño event to a
weakening in the SLP at the northwestern IP. The specific location is representative of
northwestern Spanish agriculture and was selected for its availability of field data for
crop model calibration and validation. In this region, the sowing of maize crop starts in
April and the growing season ends by August-September.
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Figure 1.1. Historical maize yield in Spain and locations studied. Time series of maize yield in
Spain (National, shaded area) and in Lugo, under rainfed conditions (Historical-Rainfed) and
irrigated (Historical-Irrigation). Data source: Spanish Ministry of Agriculture, Food and
Environment (MAGRAMA). Triangle (top left) indicates the location of the observed
meteorological station and crop model calibration-validation site. Circles (top left) indicate two
locations with contrasting behaviour that Lugo.
Note: Among the causes of yield variability are changes in agricultural practices, technological
improvement including crop breeding, and agricultural policies, which cause a trend that is over imposed
to climate effect (see the change of trend from 60’s after green revolution). Therefore, for a given soil and
variety, only potential yields (yields with no limitations) depend only on climate and climate variability.

The simulated time series of maize yield was computed with the CERES-maize
model (Jones et al., 1986) included in the Decision Support System for Agrotechnology
Transfer software (DSSAT v.4.5) (Hoogenboom et al., 2010). The model was calibrated
(MPE: 10.7%) and validated (MPE: 9.7%) in a location of the selected region (Lugo:
43°N, 7. 5°W) for a specific maize variety currently grown there, with eight years of
observed climate and crop data from existing field experiments (López-Cedrón et al.,
2005). The variety used was Clarica, which is a common commercial cultivar of maize
and an early maturity hybrid (FAO 300). Heat units (daily mean temperature
accumulation above a base temperature under which development does not progress
expressed in degree days, °Cd) for this variety were estimated in the calibration process
with an 180 °Cd for emergence to flowering and 630 °Cd for grain filling duration, with
base temperature of 8 °C. The soil at the experimental site was a Typic Haplumbrept
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(Soil Survey Staff, 1999) of 150 cm depth, with a sandy-loam texture. Crop simulations
were conducted to represent the potential yield (irrigated crop under optimum
management; soil nutrients and soil water content do not limit production, and the
effects of plant diseases, pests and weeds are not considered). The model requires daily
data of radiation (Rad), maximum (Tmax) and minimum temperature (Tmin) and
precipitation (Prec). Under non-limiting water conditions, the simulated processes are
mainly affected by daily solar radiation and maximum and minimum temperature.
Therefore, it is important to stress that precipitation does not influence yield in these
simulations.
The crop simulations were performed with both observed data and different
reanalyses climate datasets, which are available for different periods. The observed
climate data were obtained from the State Meteorological Agency of Spain (AEMET).
In particular, a single station located in Lugo (43.1°N, 7.45°W) was used for the
analysis. Reanalysis climate data was selected for the grid point in which the station was
included. The reanalyses climate data were obtained from various sources:
a) National Oceanic Atmospheric Administration (NOAA): Twentieth Century
Reanalysis Project (Compo et al., 2011) from 1901 to 2010 (2.5 x 2.5 lat-long
resolution), and National Centers for Environmental Prediction/ Atmospheric Research
(NCEP/NCAR) Reanalysis Project (Kalnay et al., 1996), from 1948 to 2010 (2.5 x 2.5
lat-long resolution);
b) European Centre for Medium-Range Weather Forecasts (ECMWF): The ERA 40
(Uppala et al., 2005) from 1959 to 2001 (2.5 x 2.5 lat-long resolution), ERA Interim
(Dee et al., 2011) from 1979 to 2010 (1.5 x 1.5 lat-long resolution) and ERA 20CM
(ensemble of atmospheric model integrations with prescribed observed SSTs) from
1900 to 2009 (0.5 x 0.5 lat-long resolution).
c) Japanese 55-year Reanalysis (JRA-55) Project (Ebita et al., 2011) from 1958 to 2010
(1.25 x 1.25 lat-long resolution).
A timeseries of maize yield simulated with the observed data (AEMET) was
obtained for 22 years, from 1986 to 2010, except for the years 1990, 2001 and 2002
(due to missing climate data). After, longer time series of simulated yield were obtained
with the different reanalyses datasets. The latter simulations were compared with those
obtained first with the observed climate data (AEMET).
Afterwards, the long-time series of yield were used to assess the stationarity of El
Niño-yield relationship and to infer the modulator factors by which the relation appears
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or not. To do this, long time series were time filtered to focus on the interannual-tomultiannual variability. In this work, a 10 order low-pass filter and cut off frequency of
0.2 (cut off frequency is f=2*dt/T, being dt=1, and T=10 years) are used. That is, the
original time series is split up in two components: low frequency (LF, including all
periods longer than 10 years) and high frequency (HF, including all periods shorter than
10 years) time scales (Von Storch and Zwiers, 2001). Thus, the HF varies on the
interannual time scale and LF contains all variability longer than about 10 years. The
HF anomalous maize yield time series were correlated with El Niño seasonal index for
several seasons before the harvest using 21-year moving windows correlation analysis.
Correlations were calculated for the period starting in January-February-March in the
year previous to sowing or lagged year (hereafter JFML, where L represents lag) and
finishing in July-August-September (JAS) in the year of crop cycle.
The Sea Surface Temperature (SST) was taken from Reynolds SST dataset
(ERSST, (Smith et al., 2008)) and used to calculate El Niño index. In particular, El
Niño3 index is chosen for the analysis. This is defined as the spatial average of the SST
in the tropical Pacific area between 5oN to 5oS and 90oW to 150oW. Seasonal El Niño
indices based on three month seasonal means, starting in January-February-March
(JFM) and ending in December-January-February (DJF) are defined for calculating the
lead correlations between El Niño and crop yield for determining predictability.
The Atlantic Multidecadal Oscillation (AMO) and Interdecadal Pacific Oscillation
(IPO) indices from the Climate Prediction Center of the NOAA were used to study the
multidecadal modulation of the El Niño-yield relationship.
The correlations between the anomalies of the climate variables used as inputs in the
crop model and the El Niño index were calculated, with focus on temperature. The
climate variables used as inputs of the crop model were radiation, precipitation and
maximum and minimum temperature. As simulations were run with no restriction on
water supply, the crop model only uses precipitation to calculate the amount of
irrigation water required by crop; therefore precipitation does not affect yield and no
significant correlations are expected for this variable. Then these correlations were
compared to those obtained between the El Niño index and yield anomalies to analyze
the potential of using yield as a bioclimatic indicator of the El Niño teleconnection with
Europe. The seasonal averages of the detrended climate variables corresponding to the
crop cycle were used for this analysis: May-June-July (MJJ), June-July-August (JJA)
and July-August-September (JAS).
19

Crop yield as a bioclimatic index of El Niño impact in Europe: crop forecast implications

To show that the El Niño- potential yield relationship in Lugo is representative of
ENSOs teleconnection in Europe, Principal Component Analysis (PCA/EOF) (Von
Storch and Zwiers, 2001) is used to determine the spatially coherent pattern that
maximizes the variance of the mean temperature (Tmean) in JAS over Europe. Tmean
was selected because the crop model uses Tmean to compute the thermal time, which
causes crop development to progress. Regression maps are computed projecting the JAS
Tmean over Europe onto the El Niño index in JAS and onto the maize yield anomalies
in Lugo. JAS is taken as a critical time for the crop since it corresponds to grain filling
in most of years. These maps are compared to understand the relationships between El
Niño, climate variables and yield variables. In addition, the anomalies of JAS Tmean of
two additional European locations with contrasting behaviour are compared (Athlone,
Ireland and Chagoda, Russia, Fig. 1.1) to further test our hypothesis of Lugo
representing the European response to El Niño.
Throughout the study, when not specified, a 95% confidence level of significance
is used, determined by a non-parametric Monte Carlo test with 100 permutations.
1.3. Results and discussions
1.3.1. El Niño index and yield relationships
Extended simulated series of crop yield anomalies using different reanalyses
datasets show significant agreement with simulated yield using observed climate for the
available years (Table 1.1). The best agreement corresponds to the ERA Interim
(r=0.82). Thus, simulations done with reanalyses could be used as an alternative
methodology to obtain long time series of potential yield in order to assess the influence
of climate on crops. In this work, the simulations have been done with all the available
global reanalyses and ERA20 CM. The latter database is the result of a long
atmospheric integration with prescribed observed sea surface temperature and it could
be very useful to assess the ocean influence on crops. When the long time series of yield
simulations done with reanalysis and the ERA-20CM ensemble of AGCM were used,
multidecadal changes in the amplitude of the anomalies were observed (Fig. 1.2).
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Table 1.1. Performance of reanalyses datasets in generating simulated yield anomalies.
Correlations between standardized yield anomalies simulated with inputs from observed data
(AEMET) and also with several atmospheric reanalyses datasets (20 Century, NCEP, JRA-55,
ERA 40 and ERA Interim) and the ERA-20CM ensemble of AGCM integrations for the
common period to available observations (AEMET station, 1986-2010, except 1990, 2001 and
2002 due to missing data). N is the number of years employed, r is the Pearson correlation and
P denotes significance levels.

Reanalyses datasets
20 Century
NCEP
JRA-55
ERA 40
ERA Interim.
ERA 20CM

Observed dataset: AEMET station
N
22
22
22
14
22
21

r
0.63
0.58
0.59
0.50
0.82
0.07

P
0.0016
0.0051
0.0035
0.0667
0.0001
0.7468

Note: as it can be seen the relation with ERA20CM is spurious. This is due to the fact that
ERA20CM is not a reanalysis but a long atmospheric simulation with prescribed observed
SSTs. The low correlation indicates that, as the atmospheric inputs used for the crop model are
forced by the ocean, lower correlations with AEMET station (period 1986-2010) indicate that
during that period no relation of crop yield with ocean variability occurred.

Figure 1.2. Maize yield anomalies. The HF anomalies of the crop yield obtained from
simulations performed with observations (AEMET), several reanalyses atmospheric datasets
(20th Century, NCEP, JRA-55, ERA 40, ERA Interim) and the ERA-20CM ensemble of
AGCM integrations. The simulation periods correspond to the extent of the datasets.

We found a non-stationary significant relationship between El Niño and the maize
yield along the record that exhibits multidecadal periodicity (Fig. 1.3), a result that
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agrees with Lopez-Parages and Rodríguez-Fonseca (2012). For the first half of the
twentieth century, the only reanalysis dataset available shows significant correlations
between El Niño and the simulated yield. Moreover, an El Niño-to-La Niña transition is
related to an increase of crop yield, whilst the opposite transition (La Niña-to- El Niño)
is related to a decrease of maize yield. For the 1960s-1980s, an opposite relationship is
described: a La Niña-to-El Niño phase is related to an increase of crop yield and viceversa. From the 1950s, there is consensus among all reanalyses datasets, but the
correlations are lower using the 20th Century dataset.
This absence of stationarity in El Niño influence is consistent with previous
results obtained directly with climate variables and with the multidecadal modulation
(Brönnimann, 2007; Diaz et al., 2001; Greatbatch et al., 2004; Knippertz et al., 2003;
López‐Parages and Rodríguez‐Fonseca, 2012; Mariotti et al., 2002; Zanchettin et al.,
2008). The highest correlation between El Niño and maize yield is found around 1960s1970s. This is also consistent with some authors (Rodó et al., 1997; Rozas and GarcíaGonzález, 2012), who found that ENSO influence was intensified in the second half of
the twenty century virtually affecting the whole IP.
During the period 1960-1980 simulated yield was associated with La Niña-to-El
Niño transitions. There is a strong significant correlation of simulated yields with El
Niño 3 index of the preceding growing season (lag year). This suggests that the yield of
summer crops in IP could be influenced by either the preceding (lag year before harvest)
or the subsequent (year where harvest takes place) ENSO phase; therefore both of them
must be considered. This is consistent with Handler (1990), who found a negative
correlations (r < -0.35) with SSTs for the winter preceding the growing season (DJFL)
of maize yield in USA, and a positive correlation (r > 0.35) with SSTs for the
subsequent fall (SON). Our results show that yield predictability could span up to one
year before the crop season, the predictor being the warming or cooling of the sea
surface over the El Niño region during the summer-to-winter seasons of the year before
the crop cycle (L, lag season). This result can be relevant for predictability issues in
agricultural planning and management, such as insurance coverage, changes in sowing
dates and choice of species and varieties. Reducing the risk associated with increased
climate variability has a high potential for increasing productivity and quality while
protecting the environment (Ogallo et al., 2000).
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Figure 1.3. Stationarity of the El Niño-yield relationship and of crop predictability. The 21-year
moving window correlations between yield anomalies in the NW of the IP (simulated with
several reanalyses datasets and AGCM- ERA 20CM) and El Niño3 for seasons before the
harvest date (from January-February-March of the year preceding the harvest year or lag season,
L, (“JFML”) to July-August-September of the crop cycle year “JAS”). The x-axis represents the
midpoint of the 21-year windows for which correlation is calculated, and the y-axis shows the
season of El Niño. The shaded areas show periods with 95% significance correlations according
to a Monte Carlo test. Each plot corresponds to crop simulations performed with a reanalysis
dataset.
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1.3.2. Yield as a bioclimatic index
An important feature of the present results is that the link between crop yield and
El Niño is stronger than the one obtained between the same El Niño index and the
atmospheric variables used as inputs in the crop model (Fig. 1.4). El Niño also shows a
significant impact on the maximum and minimum temperature (Tmax and Tmin)
corresponding to July-August-September (JAS), a period when grain filling takes place
at this location most years (Fig. 1.4a; for period 1935-1955 which show the opposite El
Niño-yield relationship than period 1960-1980 Fig. 1.4b). However, in most cases the
El Niño-yield relationship produces the highest correlation values, and significant
correlation peaks are obtained for the indexes corresponding to the crop cycle season
(JJA, JAS). In addition, the curves representing the El Niño-yield and El NiñoTmax/Tmin (JAS) relationships show an opposite sign of correlation because the yield
and Tmax/Tmin (JAS) relationships are opposite in this case. This is explained by an
ecophysiological mechanism: given all the other variables as constant, shorter grain
filling implies lower crop yield as the crop has less time for accumulating biomass in
the harvestable fraction (Andrade et al., 1993; Echarte et al., 2013; Muchow et al.,
1990). Thus, higher Tmax and Tmin temperatures during grain filling result in lower
yields because they imply a shortening of the grain filling period (Badu-Apraku et al.,
1983; Wheeler et al., 2000). Few studies have compared these relationships for other
parts of the world, and their results support what we obtained, for the first time, for
Europe. For instance, Cane et al. (1994) showed that the correlation between El Niño
and observed maize yield in Zimbabwe was stronger than that between El Niño and
rainfall. Therefore, simulated yield acts as an integrated bioclimatic indicator of the
relationship among the atmospheric variables that feed the crop model (Saue and
Kadaja, 2009) diminishing the dependence of the results on the climate dataset selected.
Simulated yield enhances the detection of teleconnections, because the crop model
considers the interaction between climate variables during the crop cycle that occur on a
daily basis, such as the diurnal amplitude of temperatures.
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Figure 1.4. Simulated crop yield as the best indicator of the teleconnection with El Niño. The
correlations between different climate variable anomalies in JAS, JJA, MJJ and crop yield and
Niño3 index from the previous year. Seasons of the year before the crop cycle are represented
by “L.” (a) Period 1960-1980, which shows the strongest significance correlation in all
reanalyses datasets used to simulate crop yield in Fig. 1.3 (hereafter, consensus period). (b) The
same as in (a) but for the period 1935-1955, which shows the opposite EL Niño-yield
relationships than 1960-1980. The dots represent the seasons with a 95% significance
correlation according to a Monte Carlo test.
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However, some limitations appear in this analysis, as for example, the use of
reanalysis precipitation data for rainfed crop simulations with "active" soil water
dynamics. The spatially averaged precipitation at low resolution, which is interpreted by
the crop model as point data, can lead to odd responses. Thus, this approach may be
restricted to analyses of temperature dynamics related to SSTs. Nevertheless, the
atmospheric patterns influenced by El Niño have a large-scale structure affecting broad
areas with no local influence due to orography or other regional factors. Moreover, in
the case of the IP, where summer rainfall (i.e. during the cropping season) is not an
important contributor to crop yields, this limitation may be less important.
El Niño-local potential yield (Lugo) relationship presented here can be
representative of El Niño impact over Europe. This is confirmed analyzing the Tmean
behaviour over Europe for the period 1960-1980. First, Tmean is related with the SST
anomalies at El Niño 3 region and also with potential yield anomalies in our study
location in Europe (Lugo). The leading mode of Tmean in JAS presents a dipolar
structure in Europe with a positive center over northern Europe and a negative over the
IP and Atlantic (Fig. 1.5a). The Tmean in JAS over Europe is significantly associated
with El Niño 3 and the yield in Lugo, being strongly negative over IP and the
Mediterranean region (Fig. 1.5b, c). Anomalies of Tmean in JAS in other two
contrasting locations of Europe (Athlone, Ireland and Chagoda, Russia) present the
similar amplitude in anomalies than Lugo (Fig. 1.5d). Time series of Tmean anomalies
in Lugo-Spain present the same evolution that Athlone-Ireland (r= 0.46 using NCEP
data) and the opposite evolution that Chagoda- Russia (r=-0.46 using ERA 40 data).
This implies that the variability in a specific region (or point) is associated with the
variability of others adjacent regions as a consequence of Europe being affected by
global circulations patterns which, in turn, are affected by El Niño.
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Figure 1.5. El Niño teleconnections in Europe. JAS regression maps, for the period consensus
period 1960-1980, between: (a) PC1 and EOF1 of Tmean in JAS. (b) El Niño 3 in JAS and
Tmean in JAS, (c) Yield in Lugo and Tmean in JAS. (d)The standardized anomalies of the
Tmean in JAS obtained from three points of Europe and El Niño 3 index. Significant areas are
in contours.

1.3.3. Multidecadal modulations
The results of this work also put forward that the relation between El Niño and
maize potential yield does not equally hold on during the whole analyzed period, and
this absence of stationarity is modulated by the slowly variant component of the ocean.
The origin of the modulation is suggested when the evolution of the correlation between
El Niño and yield is compared with the AMO and IPO indices (Fig. 1.6a, b, same
analysis for Tmean of JAS in Fig. 1.6c, d). The correlation curve between El Niño3 in
JASL (lag, one year before harvest) and yield evolves in phase with the AMO index
(Fig. 1.6a). The correlations are significant with all reanalyses datasets, but negative
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with the ERA Interim (Supplement Table A.1). Moreover, the correlation curve between
El Niño3 in JAS and yield evolves in opposite phase with the IPO index (Fig. 1.6b and
Supplement Table A.2). Significant correlations between El Niño and yield appear
when AMO and IPO are in the same phase, and the highest significant correlation
occurs in the 1970s-1980s when both indices were negative (Fig. 1.6a, b). This implies
that for that decade, the predictability of the crop yield in this European region could
have been achieved from the 12 months before the crop harvest when these two
phenomena were active. A similar modulation has been found for the El Niño-rainfall
relationship (López‐Parages and Rodríguez‐Fonseca, 2012), which seems to be
modulated by both the AMO and the IPO, being stronger over central Europe and
Mediterranean. Also, Zanchettin et al. (2008) found a multidecadal modulation of
ENSO impacts on European wintertime rainfalls, being in this case most significantly
during positive (warm) phases of the IPO.
1.3.4. Driving Mechanism
In this section, a driving mechanism to explain El Niño impact on yield is posed.
To this aim, two periods of 21 years are analyzed in detail (Fig. 1.7): 1960-1980,
because it is the consensus period among all reanalyses datasets for the El Niño
influence on crop yield; and 1935-1955, selected because it shows an El Niño-yield
relationship opposite to that of the consensus period. In 1960-1980 (Fig. 1.7a), high
(low) maize yield anomalies are associated with a La Niña-to-El Niño (El Niño-La
Niña) transition from JFML (year before crop cycle) to the JAS seasons, while in 19351955 (Fig. 1.7b) high (low) maize yield anomalies are associated with an El Niño-La
Niña (La Niña-to-El Niño) transition (significant correlation using 20th Century
reanalysis). When this occurs, a La Niña-like pattern appears during the lag year
previous to the harvest, whilst an El Niño pattern appears during the crop cycle season
(Fig. 1.8a). In the other period, high maize yield anomalies are associated with opposite
transitions, illustrating the non-stationarity of the El Niño impacts (Fig. 1.8b).
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Figure 1.6. Multidecadal modulation of the El Niño impact on maize yield and Tmean. The 21year moving window correlations between: (a) yield anomalies in the NW of the IP simulated
with different reanalyses datasets and the Niño3 Index for the season one year before the harvest
date (JASL). (b) The same as in a but with El Niño3 Index of the season when the harvest date
takes place (JAS). (c) Tmean anomalies in the NW of the IP corresponding to different
reanalyses datasets and the Niño3 Index for the season one year before the harvest date (JASL).
(d) The same as in c but with El Niño3 Index of the season when the harvest date takes place
(JAS). The green lines represent the standardized AMO of JASL (a, c) and the IPO of JAS (b,
d). The dots represent periods with a 95% significance correlation according to a Monte Carlo
test. The blue arrows highlight the period of the observed data.
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Figure 1.7. Non-stationarity El Niño 3 and yield relationship. The correlations between the
yield anomalies in the NW of the IP, obtained with several datasets (reanalysis and AGCMERA 20CM) and Niño3 from JFML to JAS for two periods (a) 1960-1980. (b) 1935-1955. The
filled dots represent significant correlations.

The ecophysiological coherence of the El Niño-yield relationship is confirmed as
follows. JAS temperature is the atmospheric variable (crop model inputs) that has the
highest correlation with the simulated yield and Tmean of JAS was used to represent the
grain filling temperature at this location. Regardless of the correlation sign between the
yield anomalies and El Niño index from the previous year (El Niño3 of JASL) (Fig.
1.9), the agronomic consequences are consistent: positive anomalies of mean daily
temperatures are related to shorter grain filling (r= -0.99 for both NCEP during 19601980 and 20th Century during1935-1955) and therefore to negative yield anomalies,
and vice-versa. The non-stationarity of the El Niño-yield relationship implies that in
different periods, positive (or negative) anomalies of grain filling are related to the
opposite states of El Niño events (Fig. 1.9 a, b). The results are not explained by this
mechanism only when the Tmean of JAS does not represent the Tmean of the grain
filling period, because the beginning of the grain filling is displaced to late July and
early August (“0” items in Fig. 1.9; all cases verified in Supplement Table A.3 for
1960-1980 and in Table A.4 for 1935-1955). During 1960-1980, the El Niño-yield link
was not fulfilled in only one year (excluded in Fig. 1.9, and analyzed in Supplement
Table A.5; same analysis for 1935-1955 in Supplement Table A.6) when a transition
occurred between weak events.
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Figure 1.8. Regression maps between yield and SST. The yields resulting from the
several datasets (reanalysis and AGCM-ERA 20CM) and the SST anomalies of JASL (left) and
JAS (right) for two different periods: (a) 1960-1980. (b) 1935-1955. Significant areas are
shaded.

The advantage of using crop yield as a bioclimatic index of the El Niño
teleconnection with Europe is confirmed using the ERA-20CM ensemble of AGCM
integrations, an atmospheric simulation with observed SSTs prescribed during the entire
twentieth century, corroborating the determinant role of the ocean in the connection and
modulations found. Although the ERA-20CM does not present a good fit in the base
period with the yield anomalies simulated with observed data (see note at Table 1.1),
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similar correlations that take place from 1950 between El Niño and yield were found, in
agreement with the available reanalysis datasets (Fig. 1.3 and 1.4).

Figure 1.9. El Niño impact and its ecophysiological coherence for the consensus period 19601980 and 1935-1955. (a) The years in which the Niño3 (JASL)-yield correlation is negative.
Yield simulated with NCEP reanalysis. (b) The years in which the Niño3 (JASL)-yield
correlation is positive. Yield simulated with 20th Century reanalysis. The right y-axis represents
the crop variable anomalies, Tmean in JAS and El Niño3 in JASL. The left y-axis equals 1
when crop anomalies show the expected behaviour according to Tmean, and equals 0 otherwise.

Additionally, as the El Niño-yield relationship is not completely linear,
nonlinearities must be studied. Phase diagrams can illustrate this, showing how different
attractors could be acting in different periods modulated by the AMO: larger anomalies
are observed in the first and last thirds of twentieth century. In addition, in the central
third, La Niña seems to influence crop yield more than El Niño, while in the first and
last thirds of twentieth century, the driving event was El Niño (Supplement Fig. A.1).
1.4.

Conclusions
The present work has shown how yield simulations done with reanalyses can be

used as an alternative methodology to obtain long time series of potential yield, in order
to assess the influence of temperature on crops. This study, using all available global
reanalyses datasets, demonstrates for the first time that the simulated climate-dependent
yield obtained from a crop model can be used as an integrated bioclimatic indicator that
captures the existing El Niño teleconnections with Europe better than the atmospheric
variables do. Our results can be extended to Europe and the non-stationarities between
El Niño and European climate variability are clearer using this index.
Some limitations appeared when using precipitation reanalysis data; therefore this
approach may be restricted to analyses of temperature dynamics related to SSTs. This
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limitation may be less important in IP, where summer rainfall is not an important
contributor to summer crop yields. In any case, the present results are relevant for
investigating temperature effects of SSTs.
The relationship found between El Niño and crop yield in Europe is not stationary
and nonlinear and can be explained by an understood and stationary ecophysiological
mechanism. The positive anomalies of temperatures and negative anomalies of grain
filling are related to the opposite states of the El Niño events over the last century,
allowing for some predictability up to 12 months before crop harvest (El Niño3 of JASL
is the best predictor) during some decades. The predictability degree through the
decades would depend on 1) the high frequency modulation, as predictability increases
in transitions from El Niño to La Niña and vice-versa and 2) the low frequency
modulation, as predictability seems to be enhanced when both AMO and IPO are in the
same phase. Nevertheless, further analysis is needed to assess the influence of global
warming. The importance of these findings for improving crop forecasting is evident,
and such an improvement may have a positive impact on both public (improvement of
agricultural planning) and private (decision support to farmers, insurance companies)
aspects.
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CHAPTER 2. El Niño influence on potential maize yield in Iberian
Peninsula
Published in International Journal of Climatology (2015): doi: 10.1002/joc.4426.
2.1.

Introduction
Variability of agricultural production has a major impact on farm economies,

agricultural markets, and food security (Godfray et al., 2010). Climate variability and
changes on frequency of extreme events have a direct influence on the quantity and
quality of agricultural production; in many cases, with adverse effects (Salinger et al.,
2005). Therefore, a comprehensive consideration of the potential impacts of climate on
agriculture is necessary (Rosenzweig and Liverman, 1992). Climate science may also
benefit from such assessment. Potential crop yield can provide new qualitative
information regarding climate variability by integrating the effects of weather factors
during the crop cycle (Capa-Morocho et al., 2014; Saue and Kadaja, 2009). This
potential yield is defined as the yield of a cultivar when grown in environments to
which it is adapted, with unlimited supplied of nutrients and water, and stressful factors
such as pests, diseases, weeds, lodging, and other stresses effectively controlled (Evans
and Fischer, 1999). In contrast, former research on the subject used the historical or
observed crop yield that includes the influence of other factors such as soil variability,
management efficiency, biotic and abiotic stresses, technology trends, and even
agricultural policies and market pressures (Lobell et al., 2009).
Assessment of climate risk causing production losses has been accomplished by
crop modelling (Hammer et al., 2000; Meinke and Hammer, 1995; Potgieter et al.,
2005). Crop models have been important tools for impact and predictability applications
(Shin et al., 2010). They allow for obtaining long time series of potential and attainable
crop yield for many countries unlike to available time series of 1) observed, historical
crop yields, and 2) simulated yields with observed weather data, whose length is
constraint by the availability of the historical meteorological records. Further extension
of the potential yield time series could be important to study the stationary and
multidecadal modulation of crop yield by teleconnection patterns such as El Niño
(Capa-Morocho et al., 2014). This kind of relationships could benefit crop forecasting,
and improving such prediction is currently needed to establish early warning systems
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and design crop management adaptations that take advantage of favorable conditions or
reduce the effects of adverse conditions in present and future climate.
Climate variables are determinant factors for yield formation and therefore are
essential inputs for crop simulation models. Consequently, a comprehensive evaluation
of crop potential yield simulated with various climate data sources is necessary to
improve the current practice of crop yield forecasting and projection (Shin et al., 2010),
whenever the reliability of available climate datasets is evaluated. For such
improvement, the crop models calibrated in a specific site for local varieties, fed with
long-term reanalysis climate datasets, are powerful tools for generating only-climate
dependent time series of historical potential yield at regional level.
In a former study, the variability of potential yield of summer crops in the
Northwest (NW) of Iberian Peninsula (IP) was studied using auxiliary reanalysis data
(Capa-Morocho et al., 2014). Apart from the reliability study, the results showed the
influence of the sea surface temperature (SST) on the local crop yield variability,
detecting a relation between crop development and growth and El Niño phenomenon
with one year in advance. Moreover, the statistical relation between simulated potential
yield and anomalous SSTs in the Equatorial Pacific was stronger than that between the
NW-IP atmospheric climate data and SST, i.e. between the climate variables used to run
the crop model and SST.
These results could be a major finding to improve crop predictability if they could
be extended to the whole IP and other European regions. For this reason, in the present
work the analysis is extended to the whole Iberian Peninsula by running the crop model
at five contrasting locations spread across main Spanish agricultural areas. The aims of
this study are to confirm the El Niño-yield relationship in IP, and to further investigate
the spatial configuration of the teleconnection. For that purpose, several steps are
needed: 1) to assess the reliability of reanalysis datasets for obtaining long series
potential crop yield in IP, 2) to define the leading mode of potential yield variability
using the five selected locations to determine the regions in the IP with a similar
behaviour, 3) to compare it with the spatial configuration in crop yields associated with
El Niño, 4) to analyze the variability pattern of atmospheric climate variables to infer
hypothesis about the eco-physiological mechanism behind crop response.
The paper structure is as follows: in section 2 the data and methods used in this
study are described; section 3 provides the results including crop simulations with
observed data versus reanalysis data; the leading mode of spatial distribution of yield
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variability and temperature variability in IP; relationships between yield, temperature
and El Niño index, and the spatial configuration of the teleconnection. Some specific
aspects are discussed. In section 4 a general discussion is given, followed by concluding
remarks in section 5.
2.2. Data and methods
2.2.1. Study sites
Five sites (Fig. 2.1) have been selected for study, covering the main agricultural
areas of Spain: Lugo in NW, Lérida in Northeast (NE), Madrid in Central Spain,
Albacete in Southeast (SE), and Córdoba in South (S). These sites are representative
agricultural locations with contrasting altitudes, temperature and precipitation regimes
(Table 2.1); and they are selected because crop data from field experiments and weather
station data are available to calibrate the crop model and evaluate reanalysis data (see
references in Table 2.1).

Figure 2.1. The study area. Locations in the IP where the crop model is calibrated and validated
and crop simulations are conducted.
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Table 2.1. Main features of studied locations and field data (crop varieties, management, soil type) retrieved for CERES-maize model calibration and
validation. References of field experiments are included.
Location
Longitude
Latitude
Altitude (m)
Tmax (oC)*
Tmin (oC)*
Tmean (oC)*
Annual precipitation (mm)*
Cimate Classification
(Kottek et al. 2006)

Lugo
7.45°W
43.10°N
452
17.52
6.36
11.94
1103
Warm
temperate,
summer dry, warm
summer (Csb)

Lérida
0.60°E
41.63°N
190
21.44
8.74
15.09
351
Warm temperate, fully
humid, hot summer
(Cfa)

Madrid
3.72°W
40.30°N
617
20.87
9.30
15.08
372
Warm
temperate,
summer
dry,
hot
summer (Csa)

Albacete
1.85°W
38.95°N
704
20.80
7.94
14.37
366
Arid, summer dry, cold
arid (Bsk)

Córdoba
4.78°W
37.88°N
90
25.13
11.4
18.27
624
Warm
summer
summer
(Csa)

Clarica
(FAO 300)
20/04
Typic Haplumbrept

Eleonora
(FAO 700)
01/04
Petrocalcic Calcixerept

G-98 Pioneer
(FAO 700)
10/04
Typic Calcixerept

Prisma
(FAO 700)
15/04
CalcixerollicXerochrepts

Helen
(FAO 700)
21/03
Xerofluvent

1998, 1999, 2000, 2001,
2002, 2003
8
López-Cedrón et al.
(2005)

2003, 2004, 2005

2007, 2008, 2009, 2010

1999, 2003

9
Lizaso et al. (2010)

6
Gabriel and Quemada
(2011)

7
Maturano (2002)

2005, 2006, 2007, 2008,
2009, 2010
16
Gabaldon-Leal et al.
(2015)

Crop modelling
Variety
Sowing date
Soil
Calibration and validation field data
Years
Number of data
References
*Baseline: 1986-2010
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2.2.2. Crop modelling
Simulated yields are computed with CERES-maize model (Jones et al., 1986),
which is included in Decision Support System for Agrotechnology Transfer (DSSAT
v.4.5.) (Hoogenboom et al., 2010). CERES-maize is a dynamic eco-physiological model
that integrates the effects of crop genotype, soil profile, weather data, and management
options. The crop model requires daily data of maximum and minimum surface
temperature (Tmax and Tmin), precipitation (Prec) and incoming solar radiation (Rad).
It computes plant growth and development processes on a daily basis in a specific
location from sowing to crop maturity. The crop model uses mean temperature (Tmean)
to compute the thermal time (sum of temperatures above a base temperature that makes
crop development to progress). As a result, the impact of weather, soils, and
management decisions on crop yield can be estimated (Phillips et al., 1998; Shin et al.,
2010).Irrigated maize is chosen as a reference for representing summer crops because it
is one of the main summer field crops in IP. Sowing date is usually April (end of March
in the most Southern location, Córdoba) (Table 2.1) and harvest date is generally from
August to September. Crop varieties, management and soil profiles are set for each
location to represent current common cultivar, practices and soils respectively; as are
specified in Table 2.1. Field data for CERES-maize model calibration and validation
was done using crop data from previous experimental sites at the plot scale (GabaldonLeal et al., 2015; Gabriel and Quemada, 2011; Lizaso et al., 2010; López-Cedrón et al.,
2005; Maturano, 2002). The experiments included between 2 and 6 years of data on
maize phenology (sowing, anthesis or flowering and maturity dates), yield and biomass
for several treatments of nitrogen fertilization levels and/or different sowing dates per
year, depending on the experiment (number of treatments for each location is in Table
2.1). Genetic coefficients were calibrated first to match correctly crop phenology and
later to approximate measured grain yield and crop biomass.
Once calibrated and validated, the simulation experiment is set to obtain potential
yields: yield under non-limiting water and nitrogen conditions. Thus, the simulated
processes are affected by the main environmental variables: daily solar radiation and
maximum and minimum temperature. Therefore, it is important to stress that
precipitation does not influence yield in these simulations. The crop model only uses
precipitation to calculate the amount of irrigation water required by crop. Thus, the
analysis considered only temperature and radiation effects on potential yield.
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2.2.3. Weather and climate data
Crop simulations are conducted with both observed and reanalysis climate
datasets. Observed climate data corresponds to weather stations from the State
Meteorological Agency of Spain (AEMET), selecting the closest station to each
location that in turn spans different periods (Table 2.2). Reanalysis climate data are
obtained from various sources:
a. National Oceanic Atmospheric Administration (NOAA): Twentieth Century
Reanalysis Project (Compo et al., 2011) from 1901 to 2010 (2.5o x 2.5o lat-long
resolution), and National Centers for Environmental Prediction/ Atmospheric
Research (NCEP/NCAR) Reanalysis Project (Kalnay et al., 1996) from 1948 to
2010 (2.5o x 2.5o lat-long resolution),
b. European Centre for Medium-Range Weather Forecasts (ECMWF): The ERA
40 (Uppala et al., 2005) from 1959 to 2001 (2.5o x 2.5o lat-lon resolution), and
ERA Interim (Dee et al., 2011) from 1979 to 2010 (1.5o x 1.5o lat-lon
resolution), and,
c. Japanese 55-year Reanalysis (JRA-55) Project (Ebita et al., 2011) from 1958 to
2010 (1.25 o x 1.25 o lat-lon resolution).
The Sea Surface Temperature (SST) is taken from Reynolds SST dataset (ERSST,
Smith et al. (2008)) and use to calculate El Niño index. In particular, El Niño3 index is
chosen for the analysis because it provides higher correlations than other Niño indices
in a previous study (Capa-Morocho et al., 2014). This is defined as the spatial average
of the SST in the tropical Pacific area between 5oN to 5oS and 90oW to 150oW. Seasonal
indices based on the mean of three consecutive months of El Niño3, starting in JanuaryFebruary-March (JFM) and ending in December-January-February (DJF) are defined
for calculating the lead correlations between El Niño and crop yield with the aim of
assessing predictability.
Table 2.2. Periods of available observed climate data from AEMET stations at the locations of
study in the IP. Missing years are indicated.

Location
Lugo
Lérida
Madrid
Albacete
Córdoba

Period
1986-2010
1960-2010
1960-2010
1961-2010
1969-2010

Missing years
1990, 2001 and 2002
1970, 1978, 1986 and 1990
1969, 1970, 1971, 1983 and 1984,
1969, 1986, 1987, 1988, 1991 and 1998
1982, 1983, 1984, 1985, 1986 and 1991
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2.2.4. Methodology and methods for variability analysis
The methodology comprises several steps: 1) to test the applicability of
reanalysis data, 2) to generate longer time series of simulated potential maize yield, 3)
to extract the high frequency component of simulated yield variability to focus on the
interannual variability, 4) to determine the spatial pattern of yield variability that
maximizes the variance of yield over IP, 5) to identify the climate variables among
those used as inputs in the crop model with significant influence on yield, 6) to
determine the spatial pattern that maximizes the variance of the climate variables over
IP identified in the former step, 7) to identify relationships among El Niño3 index,
simulated yield at each location, and the atmospheric variables with significant
influence on yield, 8) to assess the stationarity of El Niño-yield and El Niño-climate
variables (with significant influence on yield) relationship, 9) to study the atmospheric
dynamical mechanism of the El Niño influences, and 10) to infer hypothesis about the
eco-physiological mechanism behind crop response. The specific methods for each step
are described below.
The applicability of the reanalysis datasets for the purposes of this study is tested
by comparing the anomalies of the simulated crop yield done with reanalysis data with
those obtained with observed weather data (AEMET).
Once the reliability of reanalysis datasets is verified, these are used to generate
longer time series of simulated potential maize yield with CERES model. From these
time series, the standard anomalies are calculated subtracting the mean value for each
data and dividing it by the standard deviation. Afterwards, time series are time filtered
to focus on the interannual variability. In this study a 10 order low-pass butterworth
filter (Butterworth, 1930; Roe and Steig, 2004) and cut off frequency of 0.2 (cut off
frequency is f=2*dt/T, being dt=1, and T=10 years) is used. Consequently, the original
time series are split up in two components: low frequency (LF) and high frequency
(HF) time scales (Von Storch and Zwiers, 2001). While the HF varies at interannual
time scales, the LF contains all variability with periods longer than 10 years.
HF time series of yield anomalies are used to study the spatial pattern of yield
variability in IP. Thus, Principal Component Analysis (PCA/EOF (Von Storch and
Zwiers, 2001) is used to determine the spatial pattern that maximizes the variance of
yield over IP. The EOF analysis (Empirical Orthogonal Functions) discriminates the
principal spatial directions in which the variance of a variable is maximized. To
determine them, the time covariance matrix is computed: Cov = (1/(nt-1))*Y*Yt, being
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Y a matrix of crop yield, Yt the transpose of Y matrix and nt the number of years
considered in the analysis. The diagonalization is performed, being the EOFs the
principal eigenvectors and the explained variance associated with each EOF the
resultant normalized eigenvalues. In the time domain, the Principal Component (PC) are
attached to the corresponding EOF, providing the amplitude score of each EOF spatial
pattern for each time step, giving the simplified representation of the amplitude of the
EOF along time (Hannachi, 2004)
Correlations analyses are used to identify the climate variables among those used
as inputs in the crop model (Tmax, Tmin, Prec, Rad) with significant influence on yield
(hereafter the climate variable with significant influences on yield are abbreviated with
“CVx”). For this purpose, the seasonal averages of the detrended climate variables
corresponding to the crop cycle are used for this analysis: May-June-July (MJJ), JuneJuly-August (JJA) and July-August-September (JAS). Afterwards the same Principal
Component Analysis is used to determine the spatial pattern that maximizes the
variance of the “CVx” variables over IP. The IP region is delimiting approximately
from 35 oN to 45 oN and from 11oW to 5.6 oE.
Regression maps are used to identify relationships between El Niño3 index or the
time series of simulated yield at each location, and the time series of climate variable
anomalies (CVx) of each grid-point in IP. El Niño3 index corresponding to JAS is used
because is the season when the grain filling takes places. Although regression analysis
only reveals statistical relationships and it does not prove cause and effect, regression
maps help to study the atmospheric mechanism of influences. These maps are computed
projecting: 1) the leading Principal Component (PC1) of yield onto the the “CVx” at
each grid-point, 2) El Niño3 of JAS onto the the “CVx” at each grid-point and 3) El
Niño3 of JAS onto the yield anomalies at each location. Those locations with significant
correlations score between the time series of yield anomalies and El Niño3 index are
highlighted in the regression maps.
To assess the stationarity of El Niño-yield and El Niño- CVx relationship, the
leading Principal Components (PC1s) of yield and CVx are used. Additionally, 21-years
windows correlations scores, sliding one year, between the PC1s and the El Niño3
seasonal index before the harvest date are calculated. Seasonal indices based on the
mean of three consecutive months El Niño3, starting in January-February-March (JFM)
and ending in December-January-February (DJF) are defined for calculating the lead
correlations between El Niño and yield anomalies. Windows of 21 years are chosen for
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this analysis because this value has been used in ENSO impacts on atmospheric
variables over Europe (Lorenzo et al., 2011; López‐Parages and Rodríguez‐Fonseca,
2012). Thus, correlations are calculated for the period that starts on January-FebruaryMarch in the year previous to sowing (hereafter JFM-L, the L coming from previous
year, or lag year) and finishes on July-August-September (JAS) in the same year that
harvest takes place.
To study the atmospheric dynamical mechanism of the El Niño influences and to
infer hypothesis about the eco-physiological mechanism behind crop response, a period
with significant influences of El Niño in IP is chosen. Consequently, in this period,
correlations maps between the PC1 of yield variability in IP and SST for the spring and
summer seasons corresponding to the year before crop cycle (AMJ-L, JAS-L) and to the
year of crop cycle (AMJ, JAS) are computed. Also, regressions maps among the 400hPa
geopotential height anomalies in Europe for JAS and the PC1 of yield variability in IP,
and El Niño3 index for JAS are computed. The European region is delimiting
approximately from 30 oN to 70 oN and from 20 oW to 40 oE. These maps are obtained
projecting: 1) the CVx anomalies at each grid-point throughout the Europe for JAS onto
PC1 of yield variability in IP, 2) the 400 hPa geopotential height anomalies (Z400) of
each grid-point throughout the Europe onto PC1 of yield variability in IP, and 3) the
400 hPa geopotential height anomalies (Z400) at each grid-point throughout the Europe
onto Niño3-JAS. The atmospheric variables are considered from the reanalysis data set
used to run the crop model in each of the cases. Statistical significant areas with
significant correlations scores between the anomalies time series and PC1 or El Niño3
index are highlighted in the regression maps.
MATLAB software is used for all the analyses. Throughout the study, a 95%
confidence level of significance, which is determined by a non-parametric Monte Carlo
test with 100 permutations, is used when is not specified.
2.3. Results
2.3.1. Crop simulations with observed weather data versus reanalysis data
Time series of simulated yield obtained at each location with both reanalysis and
observed data show similar evolution of the anomalies (Fig. 2.2). Some decades exhibit
stronger variability than others, with some decadal modulations in the amplitude. In this
way, for the second half of the past century, the yield variability at higher frequencies is
stronger than in the first half of the century, reaching absolute values of the anomalies
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higher than two standard deviations at all locations after the 1950’s. Also, decadal
variability is noticed in the evolution of the time series.

Figure 2.2. Maize yield anomalies by location. Standardized anomalies of crop yield obtained
from simulations performed with observed (AEMET) and all global reanalyses atmospheric
datasets (20th Century, NCEP, JRA-55, ERA 40, ERA Interim) at five locations in IP (Figure1).
The simulation periods correspond to the extent of the corresponding datasets.
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Extended simulated series of crop yield anomalies using different reanalyses
datasets show a significant agreement with simulated yield using observed climate at all
locations for the available years. The best agreement corresponded to ERA Interim
dataset (Table 2.3), reaching values of correlation of 0.82 in Lugo. Significant
agreement is found between yield anomalies simulated with different reanalyses data at
all locations (Fig. 2.3), being the best agreement between ERA 40 and ERA interim
reanalyses (with correlation values higher than 0.79). The highest correlation values are
obtained in the North of the IP (Lugo and Lérida). Only southern locations (Albacete
and Córdoba) show two cases of no significant agreement between yield simulated with
20th Century and some reanalyses datasets. For instance, in Albacete (Southeast region),
yield anomalies simulated with 20th Century are not significant correlated with those
simulated with NCEP and ERA Interim. Meanwhile, in Córdoba (South region) yield
anomalies simulated with 20th Century are not significant correlated with yield
anomalies simulated with JRA-55 and ERA 40.
Table 2.3. Performance of reanalyses datasets in generating simulated yield anomalies.
Correlations between standardized yield anomalies simulated with inputs from observed
weather data (AEMET) and those anomalies simulated with several atmospheric reanalyses
datasets (20 Century, NCEP, JRA-55, ERA 40 and ERA Interim), for the period corresponding
to the available observations at each location (n is the number of years). Statistical significant
correlations (significance level P < 0.05) are set in boldface.

Location
Lugo
n
Lérida
n
Madrid
n
Albacete
n
Córdoba
n
1

20th Century
0.63
22
0.59
47
0.54
46
0.43
44
0.46
36

Significant levels > 90%.

NCEP
0.58
22
0.31
47
0.57
46
0.61
44
0.71
36

Reanalyses dataset
JRA 55
ERA 40
0.501
0.59
22
14
0.53
0.44
47
38
0.60
0.70
46
37
0.78
0.63
44
35
0.46
0.46
36
27

45

ERA Interim
0.82
22
0.311
30
0.72
30
0.71
27
0.68
26
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Figure 2.3. Correlations between the time series of yield anomalies simulated with several
datasets (reanalyses and AEMET observations). No statistical significant correlations are
indicated with white crosses.

2.3.2. Leading mode of yield variability and temperature in IP.
The analyses of the spatial distribution of IP yield variability, computed using
different reanalysis datasets, exhibit a leading mode that is clearly separated from the
second one. The leading mode explains ca. 50% of the total variance of yield in IP
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(Table 2.4). Regarding the time evolution of the pattern, the amplitude of the
standardized leading principal component (PC1s) is not stationary over time (Fig. 2.4a):
the time series of standardized PC1s show that yield variability associated with the
leading mode was lower during the first part of the last century (from1912 to 1950) than
that of the rest of the century, up to the 1990's.
The first empirical orthogonal functions (EOF1s) of yield in IP (Fig. 2.4b)
computed using the longest reanalyses datasets (20th Century and NCEP, with 110 and
63 years respectively) show a similar behavior of yield through IP, appearing the
highest values of yield anomalies in the northern region. This means that in the years
with positive values (weight) in the PC1, the yield would increase throughout the IP
appearing larger yield anomalies in the northern locations than in the southern ones.
Meanwhile, for the years with negative values (weight) in the PC1, the yield would
decrease throughout the IP appearing smaller yield anomalies in the northern locations
than in the southern ones.
Table 2.4. Explained variance (%) of the leading mode of the yield anomalies at IP and of the
atmospheric variables of JAS at IP.

PC1

th

Yield
Tmax
Tmin
Tmean
Rad
Prec

20 Century
47.65
60.96
63.17
63.93
46.08
37.60

NCEP
50.99
62.03
58.56
63.39
39.89
44.77

Reanalyses dataset
JRA-55
ERA40
51.61
57.23
65.21
62.25
66.80
65.52
66.87
65.52
25.10
41.04
37.69
31.88

ERA Interim
59.71
57.98
64.28
62.09
34.88
27.38

EOF1s computed using shorter data reanalysis (JRA-55, ERA 40 and ERA
Interim reanalysis, with 53, 43 and 32 years respectively) show a dipolar pattern of
yield behavior: a center of yield anomalies over southern region with opposite behavior
than the center of yield anomalies over the North and center of IP. This means that for
years with positive values in the PC1, the yield decrease in the southern location and the
yield increases in the remaining locations, and viceversa for years with negative values
in the PC1 (increase in the southern location and decrease in the remaining locations).
However, the correlation between the low center over the southern region and their PC1
(shown in small circles Fig. 2.4b) is no significant, except when using the ERA Interim
dataset. It suggests that for the last decades, between 1980 and 2010, there was a dipole
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behavior of yield in IP, indicating a possible non stationarity of the yield variability
pattern, if the reliability of the different reanalysis is assumed.

Figure 2.4. Leading mode of yield variability. (a) Standardized leading Principal Component
(PC1) of simulated yield anomalies in IP. These time series represent the weights along time of
the yield anomalous pattern associated with their respective EOF. (b) Leading Empirical
orthogonal functions (EOF1) of simulated yield at five locations in IP. The numbers are the
yield anomalies at each location per standard deviation in the PC1. Each plot corresponds to
crop simulations performed with a different reanalysis dataset. The value in the top of each
figure represents the explained variance associated to EOF1. In the EOF figures, locations with
positive correlations between the PC1 and the time series of yield anomalies are showed in dots
and locations with negative correlations are showed in circles. Locations with significant
correlation are set in boldface and big dots and circles.
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The climate variables used as inputs in the crop model during the growing season
with the strongest impact on yield variability are identified. In most locations, the
climate variables with the strongest impact on yield variability are maximum and
minimum temperatures (Tmax, Tmin) in July-August-September (JAS, Table 2.5). This
period is the expected one as JAS roughly coincides with the maize grain filling period
in IP. The yield anomalies are negatively correlated to Tmax and Tmin of JAS at all
locations, and all correlations are significant at all locations but Córdoba (Table 2.5),
where they are significant only for 20th Century, NCEP and ERA Interim. Therefore, the
yield increases when Tmax, Tmin in JAS decreases, and vice versa (yield decreases
when Tmax, Tmin increases). The crop model calculates the mean temperature (Tmean)
from Tmax and Tmin used as input, because Tmean is used to compute the thermal
time, which causes crop development to progress from one phenostage to another.
Therefore, there is also an influence of Tmean and it is included in the analysis.
Thus, considering only temperatures, the spatial pattern that maximizes the
variance of Tmax, Tmin and Tmean in JAS in IP is determined. The EOF analysis
obtains a leading mode (pattern) of temperature variability that explains over 50% of the
total variance of temperature throughout the IP (Table 2.4). Figure 2.5 shows the result
of regressing the respective leading principal component (PC1) of IP temperature
anomalies (Tmax, Tmin and Tmean) onto each of the temperature field, in order to
characterize the spatial pattern of the EOF. These regression maps represent the
amplitude of changes in temperatures: a positive structure of temperature anomalies
over all IP, with the maximum anomalies over Northeast region. This means that the
years with positive (negative) weight in the PC1 of temperature in IP are associated
with warmer (cooler) temperatures than normal ones (Tmax, Tmin, Tmean) through IP.
All reanalyses datasets used for the analysis show the same pattern of temperature
variability with the center of higher variations in the same region but with different
intensity; the greatest temperature variability is observed in the Tmax. In addition, the
highest (intensity) temperature variability is found using reanalyses data from NOAA.
Comparing the leading temperature variability pattern (Fig. 2.5) with the leading
yield variability pattern (Fig. 2.4b), it is shown how the center of higher variability for
both temperature and yield is the northern region of the IP.
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Table 2.5. Correlations between yield simulated with several atmospheric reanalyses datasets
(20 Century, NCEP, JRA-55, ERA 40 and ERA Interim) and reanalysis variables of JulyAugust-September (JAS) used as inputs in crop model (Tmax, Tmin, Rad, Prec) for the period
available of each reanalyses (n is the number of years). Statistical significant correlations
(significance level P < 0.05) are set in boldface.

Reanalysis (n)
Location
20th Century (110)
Lugo
Lérida
Madrid
Albacete
Córdoba
NCEP (63)
Lugo
Lérida
Madrid
Albacete
Córdoba
JRA-55 (53)
Lugo
Lérida
Madrid
Albacete
Córdoba
ERA 40 (43)
Lugo
Lérida
Madrid
Albacete
Córdoba
ERA Interim (32)
Lugo
Lérida
Madrid
Albacete
Córdoba

Tmax

Climate variables
Tmin
Rad

Prec

-0.52
-0.31
-0.68
-0.46
-0.28

-0.56
-0.57
-0.71
-0.52
-0.35

-0.16
0.20
0.01
0.07
0.19

0.10
-0.28
0.07
-0.03
-0.15

-0.65
-0.68
-0.66
-0.41
-0.40

-0.71
-0.66
-0.63
-0.58
-0.46

0.06
0.06
-0.13
0.08
0.07

-0.05
0.06
0.07
0.01
0.02

-0.50
-0.80
-0.62
-0.68
-0.24

-0.60
-0.88
-0.74
-0.70
-0.27

0.12
-0.35
-0.34
-0.12
0.14

0.05
0.37
0.31
0.45
-0.02

-0.55
-0.71
-0.76
-0.72
-0.25

-0.64
-0.76
-0.73
-0.74
-0.24

-0.10
-0.17
-0.19
0.01
0.05

0.04
0.28
0.23
0.02
-0.01

-0.62
-0.69
-0.63
-0.74
-0.45

-0.71
-0.79
-0.64
-0.77
-0.36

0.06
0.26
0.01
0.10
-0.18

-0.07
-0.36
-0.14
-0.09
0.16
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Figure 2.5. Leading mode of temperature variability over IP. Regression maps between
temperature anomalies (Tmax, Tmin and Tmean) at each of the spatial grid points and PC1 of
Tmax, Tmin and Tmean during JAS for different reanalysis datasets (ºC per std in the PC1 of
temperature anomalies in IP). Statistical significant areas, according to a Monte Carlo
correlation test at 95% confidence level, are shaded.
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2.3.3. Relationships between yield, temperature, and El Niño index: Stationarity.
Taking into account the relation found in Capa-Morocho et al. (2014) between El
Niño and anomalies yield in Lugo, the influence of El Niño is analyzed for the whole
IP. Considering all the available periods of reanalyses datasets (ranging from 32 to 110
years), the regression maps between 1) the leading PC of yield and Tmean, 2) Tmean
anomalies and El Niño3 index and 3) El Niño3 index and anomalies yield are
represented in Fig. 2.6. In this way, a mechanism linking yield variability and El Niño
can be found through El Niño influence on Tmean. Results of regression between PC1
of yield variability in IP and Tmean anomalies at grid points in IP for JAS (Fig. 2.6a)
show the same spatial pattern of relationship with all datasets used and therefore for all
available periods. This spatial pattern indicates that the PC1 of yield is negatively
associated with the Tmean anomalies at grid points in IP. This suggests that the Tmeanyield relationship is stationary over the time. This means that yield increases in IP when
the Tmean decreases in IP whatever the period. In contrast, when Tmean increases the
yield decreases. The highest variations in both yield and temperature appear in the
Northeast of IP. This spatial pattern indicates that there are higher influences of
temperatures on yield in the northern region than in the rest of IP. Moreover, the spatial
regression pattern between Tmean and the PC1 of yield presents a similar pattern that
the EOF1 of Tmean in JAS (Fig. 2.5c), with the maximum values over Northeast
region. This is confirmed by the significant correlation of the PC1s of temperatures with
the PC1s of yield over IP (Table 2.6), with correlation values ranging between -0.64 and
-0.84.
Table 2.6. Correlation between PC1 of simulated yield and PC1 of atmospheric variables during
JAS over IP. Statistical significant correlations (confidence level P < 0.05) are set in boldface.

Climate variables
Tmax
Tmin
Tmean
Rad
Prec

20th Century
-0.72
-0.76
-0.75
-0.46
-0.05

Reanalyses dataset
NCEP
JRA55
ERA 40
-0.70
-0.71
-0.78
-0.65
-0.64
-0.75
-0.73
-0.70
-0.80
-0.15
-0.26
-0.23
0.13
0.27
0.27
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-0.79
-0.84
-0.83
0.10
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Figure 2.6. Spatial regression maps obtained projecting: (a) PC1 of yield variability in IP onto
Tmean anomalies at grid points of IP for JAS (ºC per std in the PC1 of yield anomalies). (b) El
Niño3 index onto Tmean anomalies at grid points of IP for JAS (ºC per std in the El Niño3
index). Statistical significant areas, according to a Monte Carlo test at 95% confidence level, are
shaded. (c) El Niño3 for JAS onto yield anomalies at each location (yield anomalies per std in
the El Niño3 index). Locations with positive correlations between yield anomalies and El Niño3
are showed in dots and locations with negative correlations are showed in circles. Locations
with significant correlation are set in boldface and big dots and circles.
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Moreover, taking into account all the available periods of reanalyses datasets,
results of regression between El Niño3 and Tmean anomalies at each grid-point of IP
(Fig. 2.6b) and regression between El Niño3 and yield anomalies at each location of IP
(Fig. 2.6c) show that El Niño3 index is not always significantly associated with both
Tmean or yield, whatever period and location in IP (Fig. 2.6b, c). Only some areas (Fig.
2.6b) or locations (Fig. 2.6c) and some reanalyses show significant influences of El
Niño (shaded areas in Fig. 2.6b and big dots and circles in Fig. 2.6c). This result
suggests the non-stationary behavior of El Niño on its influence over IP atmospheric
variables and yield, in a way that, when using long time series, the relation could be
opposite for some sub-periods and, thus, could be compensated when doing the
regression. For this reason, when using shorter time series, the relation is stronger in
some areas.
To further check the stationarity of El Niño influence on yield, 21-year window
moving correlations between 1) PC1s of yield and El Niño3, and 2) PC1s of Tmean in
IP for JAS and El Niño3, are computed for the different available reanalyses datasets
(Fig. 2.7). Results reveal important changes in the correlations during the second half of
the twenty century, especially during the summers when the crop is growing and the
SSTs from the previous year. The evolution of these correlations exhibits a clear
multidecadal modulation for both yield and Tmean (Fig. 2.7), and there is a consensus
among all reanalysis datasets used. An opposite effect of El Niño phenomenon is
observed on the yield in IP (Fig. 2.7a) and the Tmean in IP (Fig. 2.7b) throughout the
whole century. At the beginning of the century (i.e. just before 1940) and after 1980s, a
positive correlation between PC1 of yield (Fig. 2.7a) and El Niño3 for the year previous
to the crop cycle is found, whereas this correlation is negative for El Niño
corresponding the crop cycle year. In contrast, the correlation between PC1 of Tmean
and El Niño3 is negative for previous seasons to crop cycle and positive for those El
Niño indexes corresponding to crop cycle (Fig. 2.7b). However, between the 1960s and
1980s the yield and Tmean correlations are opposite to the relationships listed above:
for instance, the PC1 of yield had a negative correlation with El Niño3 for the previous
seasons to the crop cycle and positive for the El Niño3 of the year when the crop cycle
takes place. Therefore, this would suggest that both high yield anomalies and low
Tmean anomalies can be associated to transitions of the El Niño-to-La Niña or the La
Niña-to El Niño depending on the period. Consequently, there may be an opposite
relationship between El Niño-yield anomalies and El Niño-Tmean anomalies, and the
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influences of El Niño on yield and Tmean are no stationary. This result agrees with
López-Parages and Rodriguez-Fonseca (2012) in which opposite teleconnection pattern
is found in the Euro Mediterranean atmospheric variability as a response to an El Niño
depending on the time period considered. More recently López-Parages et al. (2014)
have posed a possible dynamical mechanism that could explain why ENSO
teleconnections with Europe can be or not effective and how the internal multidecadal
variability of the coupled atmosphere-ocean system can play an important role.
2.3.4. Atmospheric mechanism and teleconnection
The period with the stronger influence of El Niño on the leading mode of yield
variability and also on the JAS Tmean in IP is 1960s-1980s (Fig. 2.7). For 1960s-1980s,
the correlation map between the PC1 of yield in IP and SST anomalies in the tropical
region for AMJL, JASL AMJ, and JAS seasons resemble a transition between La Niña
pattern and El Niño pattern over the Pacific (Fig. 2.8), because there are significant
changes in the correlations during the spring-summer seasons of both: the year previous
to crop cycle and the year of crop cycle. Therefore, during these decades, high yield
anomalies in IP are associated to La Niña-El Niño transitions and low yield anomalies
are associated to El Niño-La Niña transitions. This is a novel result, as previous works
done by López-Parages and Rodriguez-Fonseca (2012) and López-Parages et al. (2014)
don't consider lag in the analysis.
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Figure 2.7. Stationarity of the El Niño-yield and El Niño-Tmean relationships. 21-year moving
window correlations (sliding 1 year) between: (a) PC1 of yield anomalies in IP (simulated with
several reanalyses datasets) and El Niño3 for seasons before the harvest date (from JanuaryFebruary-March of the year preceding the harvest year or lag season, L, (“JFML”) to JulyAugust-September of the crop cycle year “JAS”). (b) The same as a but with PC1 of JAS
Tmean anomalies. The x-axis represents the midpoint of the 21-year windows for which
correlation is calculated, and the y-axis shows the El Niño season. The shaded areas show
periods with 95% significant correlations according to a Monte Carlo test. Each plot
corresponds to crop simulations performed with a different reanalysis dataset.
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Figure 2.8. Spatial distribution of the correlation between seasonal anomalous SST (corresponding to one year before the crop season: AMJL, JASL, and to
the cropping year year: AMJ, JAS) and the PC1 of maize yield anomalies for 1960-1980. Statistical significant areas, according to a Monte Carlo correlation
test at 95% confidence level, are shaded.
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To analyze the relationship between PC1 of yield in IP and Tmean anomalies in
Europe, it is important to characterize the atmospheric anomalous patterns that is related
to El Niño and how it can influence on Tmean. In this way, 1) PC1 of yield and 400 hPa
geopotential height (Z400) anomalies and 2) El Niño and Z400, are presented in Fig. 2.9
for the 1960-1980 period and JAS season. This level (400 hPa) is representative of the
middle troposphere and it is the closest available level (common to all reanalyses) to the
one for which the north Atlantic teleconnection patterns are defined (500hPa). The
results show a similar dipolar structure for the different regression maps done with the
PC1 of yield and reanalysis (Fig. 2.9a and b): a center of action which spans IP and
western -Mediterranean opposite in sign to the center of action which spans Scandinavia
and northeastern Europe. The regression maps indicate that positive yield anomalies in
IP are associated with both negative Tmean anomalies in IP and positive Tmean
anomalies in Scandinavia and northeastern Europe, and vice versa for negative yield
anomalies. Besides, a similar spatial pattern of regression appears between PC1 of
maize yield in IP and Z400 anomalies in Europe (Fig. 2.9b). This means that positive
yield anomalies in IP are associated with both negative geopotential height anomalies in
IP and positive geopotential height anomalies in Scandinavia and northeastern Europe.
The atmospheric pattern is part of a large scale pattern (not shown) coming from the
Pacific and obtained in López-Parages et al. (2014). This configuration resembled
Scandinavian pattern in positive phase, which is associated with positive height
anomalies over Scandinavian Peninsula (Bueh and Nakamura, 2007; CPC, 2012).
Moreover, the correlations between the Scandinavian index for JAS and the PC1 of
yield in IP are significantly positive using NCEP (0.39), JRA-55 (0.45), and ERA 40
(maximum value, 0.52). This means that positive yield anomalies in the IP are
associated with a positive phase of Scandinavian pattern and vice versa for negative
yield anomalies.
The spatial pattern of regression between El Niño3 and Z400 anomalies in Europe
(Fig. 2.9c), presents a similar dipolar structure than the Z400 anomalies-PC1 yield
relationship: a negative center of action over IP and a weak positive center of action
over the North of Europe, being only significant in IP region. This configuration also
resembles the Scandinavian pattern in positive phases. Consequently, this suggests that
El Niño events are associated to a positive phase of Scandinavian pattern, which exerts
an influence on Tmean and, thus, on the crop yield in IP. Therefore, there is an evidence
of the atmospheric response to El Niño over Europe, which affects the geopotential
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height patterns, and in turn affects minimum and maximum temperature in IP, and
finally influences on maize yield variability.

Figure 2.9. Spatial distribution of regression for 1960-1980 between: (a) PC1 of maize yield
anomalies in IP and JAS Tmean in Europe. Contours: ci = 0.2 ºC per std in the PC1. (b) PC1
of maize yield anomalies in IP and Z400 for JAS. Contours: ci = 0.2 hPa per std in the PC1 (c)
El Niño3 and Z400 for JAS. Contours: ci = 0.2 hPa per std in the El Niño3 index. Statistical
significant areas, according to a Monte Carlo correlation test at 95% confidence level, are in
contour.
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2.4. Discussion
In this study we have used a site-specific calibrated and validated crop model and
a number of atmospheric reanalysis datasets to generate long time series of simulated
potential yield. Observed field (crop) data were only used here to calibrate and validate
the crop model, as our study relies on the simulated potential yield as a mean to isolate
climate influence. We have found a good agreement between simulated yields with
observed weather data and those obtained with the reanalysis datasets. Consequently,
the evidence from this study suggests that simulations done with reanalyses could be
used as an alternative methodology to obtain long time series of potential yield. This
allows us to explore associations between maize yield anomalies in IP and SST
anomalies in the past. In some locations, the correlations between 20th Century dataset
and the remaining reanalysis datasets (NCEP, JRA-55, ERA 40 and ERA Interim) show
low values, probably because the 20th Century dataset uses only surface pressure
reports, observed monthly SST and sea-ice distributions as boundary conditions
(Compo et al., 2011). Meanwhile, the rest of reanalyses used here consider more data in
the assimilation process: i.e. snow, albedo, soil wetness, vegetation resistance, etc.
(Kalnay et al., 1996). Nevertheless the use of 20th Century is reasonable because our
interest is in the role of SST variability on the leading PC of yield and this reanalysis
has been developed assimilating observed SST along the twenty century. For this reason
the lower correlations that we obtain appear in those locations where the SST variability
does not determine the changes in the yield. It is the case of Cordoba, where the SST is
not related with the leading PC of yield (Fig. 2.4), or at Albacete where it has been
compared with a reanalysis (ERA Interim) that spans a period that does not present a
relation with El Niño. Except for NCEP in Albacete (Fig. 2.3) the rest of reanalysis
present significant correlation with 20th century. Thus the yield evolution along the
twenty century obtained simulating with the 20th Century reanalysis offers some
understanding on the decadal variability and modulations of crop yield in IP along the
twenty century. The present study was conducted for an irrigated crop; however, some
limitations appear in the use of reanalysis precipitation data for rain-fed crop
simulations with active soil water dynamics. The spatially averaged precipitation at low
resolution, which is interpreted by the crop model as point data, can lead to odd
responses (Capa-Morocho et al., 2014).
The present study has found how most of the variability of maize yield in Spain
can be explained by a homogeneous pattern with the same behavior through the
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peninsula. We have found a stronger association between El Niño and the leading mode
of variability of maize yield in IP than the previously reported one (Gimeno et al.,
2002), probably due to the use of potential yield instead of historical and statistical
yields, which were affected by other factors than weather. For instance, Gimeno et al.
(2002) characterized the empirical influence of El Niño- Southern Oscillation (ENSO)
on the main Spanish crops using historical yield data from FAO records, obtaining a
weak response to ENSO phases, and being only significant for lemon and tangerines
yields. The use of potential yield has allowed us to isolate the influence of the main
environmental variables in irrigated summer crops: daily solar radiation and maximum
and minimum temperature.
Nevertheless, the relation between maize yield and El Niño found here is nonstationary, which means that it does not hold on during the whole record, confirming the
El Niño-yield relationship found by Capa-Morocho et al. (2014) in the Northwest of IP.
Our results show also an agreement with the studies showing multidecadal changes in
the impact of ENSO on climate variables in Europe (Brönnimann, 2007; Diaz et al.,
2001; Greatbatch et al., 2004; Knippertz et al., 2003; López‐Parages and Rodríguez‐
Fonseca, 2012; Mariotti et al., 2002). This non-stationarity may help to explain why the
El Niño- yield relationships were weak when the study period was long, due to the
compensations pointed in the results section. Moreover, multidecadal changes in the
impact of ENSO in Europe seem to be modulated by multidecadal patterns, such as
Atlantic Multidecadal Oscillation (AMO) and Interdecadal Pacific Oscillation (IPO)
(López‐Parages and Rodríguez‐Fonseca, 2012; Zanchettin et al., 2008). López-Parages
and Rodríguez-Fonseca (2012) show that under negative phases of the AMO, the
general circulation of the atmosphere favors the Rossby wave propagation that are
originated by anomalous divergence in the Equatorial Pacific, which in turn is triggered
by El Niño. Nevertheless, when the AMO is in positive phases there is not ENSO
teleconnection. This result is in agreement with ours, as we have found an enhancement
of ENSO influence on yield on AMO negative periods. This fact would open a window
of opportunity of crop yields predictability under negative phase of AMO. Nevertheless,
further analysis is needed to verify this hypothesis.
The highest correlations with the PC1 of yield in IP were found for El Niño3 of
JAS, season where grain filling takes place. On the other hand, there was a significant
correlation with El Niño3 index of 1 year in advance, being the best predictors El Niño3
index corresponding to the spring (AMJL) or summer (JASL) seasons of the year before
61

El Niño influence on potential maize yield in Iberian Peninsula

the crop cycle. This suggests that yields of summer crops in IP could be influenced by
either the preceding or/and the simultaneous phase of El Niño regarding the crop cycle.
This kind of relationship has been also detected in other regions of the world. For
instance, Handler (1990) found a significant correlation between SST anomalies in the
eastern Pacific at varying lag time and state averaged yields of maize throughout the
continental USA; specifically, a negative correlation (r < -0.35) with SSTs for the
preceding winter (DJFL) to the growing season and a positive correlation (r > 0.35) with
SSTs for the subsequent fall (SON) were found. Moreover, several authors invoke a lag
in ENSO-European precipitation relationships (Bulić and Kucharski, 2012; Mariotti et
al., 2002; Rodó et al., 1997; Van Oldenborgh et al., 1998). The highest correlations
between El Niño and PC1 of maize yield in IP have been found for the period 1960s1980s, in agreement with Rozas and Garcia-Gonzalez (2012), who found a significant
correlation with ENSO and oak latewood growth in Norwest IP during the period 19521980. Also, Rodó et al. (1997) found that the correlation between ENSO and Iberian
rainfall has increased towards the end of the last century, maybe because El Niño
phenomenon was registered more frequently and there were more transitions between
the different events during the second half of that century. When we focus on the period
1960- 1980, the relationship between El Niño (index of the crop cycle) and PC1 yield is
consistent throughout the whole IP: low yields are associated with a La Niña event and
the high yields are associated with an El Niño event. El Niño-yield association is weak
only at the Southern locations. In other parts of the world, the same El Niño-maize yield
relationship has been reported. For instance, Cadson et al. (1996) showed that maize
yield in the Midwest of the USA tended to be higher during an El Niño (summer
months) and lower during La Niña (summer months). They attributed the effect of El
Niño (La Niña) event on maize yield to more (less) precipitation in July, August and
September and low (high) temperatures.
The influences of the El Niño phenomenon on summer crop yield could be
explained by the ocean surface thermodynamic effect on the atmospheric circulation,
triggering teleconnections and consequently affecting the atmospheric variability in IP.
Tmax and Tmin are the climate variables that have significant influence on irrigated
maize yield in IP. The correlation with precipitation is no significant probably because
the crop is provided with adequate water supply throughout the crop cycle. Therefore,
precipitation does not influence yield in these simulations. The crop model only uses
precipitation to calculate the amount of irrigation water required by crop. Several
62

El Niño influence on potential maize yield in Iberian Peninsula

authors (Andrade et al., 1993; Echarte et al., 2013; Muchow et al., 1990; Porter, 2005)
have shown that temperature is the main determinant of the rate at which a plant
progresses through the phenological stages towards maturity, affecting the cycle
duration and thereby crop yield. The critical period, providing that flowering has taken
place successfully, is the grain filling that occurs in IP around JAS. Negative anomalies
of mean daily temperatures in this season are related to longer duration of grain filling,
which means more assimilates (carbohydrates) allocated to the grain. This is a wellknown ecophysiological mechanism: given all the other variables constant, longer grain
filling implies higher crop yield as the crop has more time for doing photosynthesis and
accumulating biomass in the harvestable fraction (Badu-Apraku et al., 1983).
Consequently, positive anomalies of grain filling duration are statistically related with
positive anomalies of yield.
In addition, and still for 1960-1980, our results show that the Scandinavian pattern
influences positively the yield and negatively the JAS Tmean of IP. This is in agreement
with the Climate Prediction Center of NOAA (CPC, 2012), which shows that the
positive phase of the Scandinavian pattern in summer is associated with above-average
temperatures across Scandinavia and with below-average temperatures across IP and
Mediterranean area. The Scandinavian pattern has a vigorous center over Scandinavian
Peninsula and an oppositely signed center over Spain and the adjacent Mediterranean
and Atlantic (Barnston and Livezey, 1987). Moreover, this result agrees with Toreti et
al. (2010), who have found a significant negative correlation between the Scandinavian
pattern and the summer temperatures in Italy, also in the Mediterranean area as IP.
Therefore, El Niño is associated with a positive phase of the Scandinavian pattern,
which produces positive yield anomalies in IP. Conversely, yield anomalies in IP are
negative when the Scandinavian pattern is in negative phase, which happens in years of
La Niña events.
Our results have important implications for crop forecasting, as we show that there
is potential for characterizing the next crop season one year in advance depending on
the events of El Niño phenomenon during the period when the forecast is performed. It
is evident that an improvement of crop forecasting would benefit both public
(agricultural planning) and private (decision support to farmers, insurance companies)
sectors, helping to take advantage of favorable conditions or reducing the effect of
adverse weather. Also, reducing the risk associated with increased climate variability is
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required for increasing productivity and quality while protecting the environment
(Ogallo et al., 2000).
2.5. Conclusions
Crop models are sensitive tools to detect climate variability and can reflect its
effects on critical phases in crop development, whenever that reliable site-specific crop
model calibration and validation with field data is accomplished. The present study
shows the utility of reanalysis data for obtaining long potential crop yield, only-climate
dependent, for the Iberian Peninsula, as well as the need to be cautious in the use of
reanalysis data in periods of early 20th century.
Crop simulations performed with reanalysis data confirm the El Niño-yield
relationships detected using the shorter- observed climate datasets at all locations.
Our results highlight that a good percentage of maize yield variability can be explained
with oceanic and atmospheric patterns. Most of the variability of irrigated maize yield in
Spain can be explained by a homogeneous pattern with the same behaviour through the
peninsula. Crop simulations show that there is a significant correlation between maize
yield and El Niño Index. Nevertheless, the effects of El Niño on maize yield and Tmean
in IP are non-stationary. El Niño event has a different impact on yields depending on
the period and upon the phase change of El Niño that may occur between the spring and
summer seasons.
The highest correlation between El Niño and yield took place in the period 19601980 (minimum of the AMO). For these decades, low yields were associated with an El
Niño to La Niña transitions and high yields were associated with a La Niña to El Niño
transitions. For these events, the regional associated atmospheric pattern resembles the
Scandinavian one, which influences directly on the maximum and minimum
temperatures experienced by the crop. This atmospheric pattern is part of the ENSO
teleconnection pattern associated with El Niño.
The potential usefulness of this study is to apply the relationships found to crop
forecasting on the next cropping season, suggesting opportunity time windows for the
prediction. The methodology can be used as well for the prediction of future trends of
IP yield variability. Both public and private sectors may benefit from such an
improvement of crop forecasting.
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CHAPTER 3. Sea surface temperature impacts on winter cropping
systems in the Iberian Peninsula
3.1

Introduction
The variability of weather conditions is the main driver of yield variability in most

of areas, especially for rainfed production systems (Hoogenboom, 2000; Olesen et al.,
2007; Ray et al., 2015). Previous works have shown the influences of climate variability
and extremes on regional agricultural yields and crop performance in IP using historical
yield data (Iglesias and Quiroga, 2007; Rodríguez-Puebla et al., 2007). Recent works
have used crop models and climate data (observed, reanalysis, outputs from General
Circulation Models “GCM” and Regional Circulation Models “RCMs”) to isolate the
climate variability effect and to obtain long time series of yield (Capa-Morocho et al.,
2014 and 2015). Crop models are suitable tools to simulate potential and attainable
(water limited) yield, which for a given soil, are only influenced by climate variability
by integrating the effect of different meteorological variables during the crop cycle
(Capa-Morocho et al., 2014; Saue and Kadaja, 2009). Potential yield is defined as the
yield of an adapted crop cultivar when grown under optimal management (without
limitation of water and nutrients) and the absence of biotic stress (pests, diseases,
weeds) (Evans and Fischer, 1999). Attainable yield in relation to water or water limited
yield potential is defined similar as potential yield, but crop growth is also limited by
water

supply,

and

hence

influenced

by

soil

type

and

field

topography

(http://www.yieldgap.org/glossary). A yield gap between the observed and the potential
or attainable yield typically exists (Lobell et al., 2009).
Wheat is the main cereal grain grown in the European Union (Eurostat, 2015) and
globally the second most widely cereal crop after rice (FAO, 2014). In most
Mediterranean regions, it is grown under rainfed conditions and yields are waterlimited. Previous studies have shown that the wheat yields in the Mediterranean are
strongly dependent on seasonal rainfall amount and its temporal distribution during the
growing season, particularly during December-January-February and March-April-May
(Acevedo et al., 1999; Austin et al., 1998; McAneney and Arrúe, 1993; RodríguezPuebla et al., 2007). The winter precipitation affects the soil water reserve and therefore
strongly influences the crop production in rainfed areas of the Iberian Peninsula (IP)
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(Abeledo et al., 2008). In addition, the lack of rainfall between grain filling and maturity
results in a reduction of their potential yield (Rajala et al., 2009).
Precipitation in the IP is characterized by a strong interannual variability
(Vicente-Serrano et al., 2011), whose major source is the North Atlantic Oscillation
(NAO) (Serrano et al., 1999; Zorita et al., 1992). The NAO is one of the most prominent
and recurrent patterns of atmospheric circulation variability over the mid and high
latitudes of the Northern Hemisphere (Hurrell et al., 2003). NAO influences total and
extreme precipitation in IP mainly during the winter months (Muñoz-Díaz and Rodrigo,
2006; Queralt et al., 2009). Previous studies have suggested that sea surface temperature
(SST) in the tropical Atlantic may affect the NAO variability with some months in
advance through atmospheric bridge mechanisms or Rossby waves (Okumura et al.,
2001; Robertson et al., 2000). In addition, the variability of SST in subtropical North
Atlantic region has been linked to the anomalies rainfall in winter in the IP (Rodriguez‐
Fonseca and de Castro, 2002; Rodríguez‐Fonseca et al., 2006). These relationships have
encouraged us to analyze the possible predictability of the wheat yield variability in the
IP.
It is well known that SST is one of the most convenient variables to be used as
predictor of climate variability due to the high thermal inertia of the ocean. The
warming or cooling of the tropical SST impacts convection, which influences the global
atmospheric circulation. Thereby, it influences global and regional climate and crop
production. Several studies have revealed the tropical Pacific SST impacts on wheat
yields in many parts of the world (Hsieh et al., 1999; Iizumi et al., 2014; Podestá et al.,
1999; Potgieter et al., 2002; Travasso et al., 2003), and it has been used for crop
forecasting purposes (Hammer et al., 2000; Mauget et al., 2009; Ramirez-Rodrigues et
al., 2014). Nevertheless, there are few studies that relate tropical SST with crop
production variability in Europe and even less in IP (Capa-Morocho et al., 2014;
Gimeno et al., 2002). Recently, we found a non-stationary relationship between El Niño
3 and maize yield anomalies in IP using reanalysis datasets and crop simulations (CapaMorocho et al., 2015).
The objective of this study is to evaluate the variability of rainfed wheat
development and yield in IP and its predictability using a model chain methodology
(climate + crop) to generate reliable long time series of attainable yield. For that
purpose, several steps are needed: 1) to evaluate the performance of simulated yield in
comparison with historical data; 2) to assess the reliability of reanalysis datasets for
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generating long series of attainable crop yield in IP, 3) to investigate possible links
between yield anomalies and several indexes of SST anomalies, and 4) to propose
mechanisms to explain the yield-sea interactions involved in the established connections
by analyzing the variability pattern of atmospheric climate behind crop response.
3.2

Data and methods

3.2.1 Study site
The study area is in the Northeast (NE) of IP and it is representative of one of the
most important Spanish cropping systems, in which the wheat, other cereals and field
crops are grown under rainfed conditions (Fig. 3.1a). Two locations in this area were
selected because of the availability of field data for crop model calibration and
validation: Agramunt (41.79 °N, 1.10 °E, altitude 337 m) and Gimenells (41.65 °N,
0.39 °E, altitude 258 m). These locations are 80 km apart within the province of Lérida
(Cartelle et al., 2006). These sites are located within the same climatic region: “Cfa”
warm temperature, fully humid and hot summer according to Köppen-Geiger climate
classification (Kottek et al., 2006). However, they have different soil types and therefore
different soil water storage capacity. In Agramunt, the soil was a Xerofluvent Typic
(Soil Survey Staff, 1999) of 1.40 m depth, with a silty- clay texture; meanwhile in
Gimenells it was a Petrocalcic Calcixerept (Soil Survey Staff, 1999) of 1 m depth, with
a loam texture. In both locations, the sowing of wheat crop starts in late November and
the growing season ends by June.
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Figure 3.1. Historical rainfed wheat yield and locations of study. (a) Yearly time series of
historical wheat yield in Lerida region (solid line) and Spain (National, dashed line). Data
source: Spanish Ministry of Agriculture, Food and Environment (MAGRAMA). The right xaxis represents the midpoint of the 21-year windows for which standard deviation is calculated.
Black circle (top left) indicates the location of the observed meteorological station. Triangles
(top left) indicate locations in the Iberian Peninsula where CERES-wheat model was calibrated
and validated and crop simulations were conducted. (b) Time series of the historical rainfed
wheat yield variability (right y-axis, expressed as % of expected yield) in Lerida region and
rainfed wheat simulated (left y-axis) using observed daily weather data in Agramunt and
Gimenells.
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3.2.2. Crop simulation
Wheat yield response to weather inputs was simulated with CERES-Wheat crop
model v 4.5 (Ritchie and Otter, 1985), which is included in the Decision Support
System for Agrotechnology Transfer (DSSAT) (Hoogenboom et al., 2010). CERES
requires daily data of maximum and minimum temperature (Tmax, Tmin), precipitation
(Prec) and incoming solar radiation (Rad) to simulate plant growth and development
processes on a daily basis from sowing to crop maturity. The crop model also use daily
mean temperature to compute the thermal time, which is defined as the sum of
temperatures above a threshold temperature that makes crop development to progress
(Hodges, 1991).
The CERES-wheat model is calibrated and validated in the two studied locations
for a winter wheat variety currently grown in the area, Soissons, which is a common
commercial cultivar of wheat with high yield potential in IP. For this purpose, three
years of data (2003, 2004, 2005) on crop phenology (sowing, anthesis and maturity
dates), yield and biomass from existing field experiments including several nitrogen and
water treatments are used (Abeledo et al., 2008; Cartelle et al., 2006). Once the wheat
model is calibrated and validated, the simulation experiment is set to obtain attainable
wheat yields (yields limited only by weather and water) and for representing local
planting management, ie. sowing date at 20th of November, sowing density/rate of 380
seeds m-2 and rows at 0.15 m apart.
3.2.3. Weather and climate data
CERES-wheat is run with observed daily data and several reanalysis climate
datasets, which are available for different periods. The observed climate data are
obtained from the State Meteorological Agency of Spain (AEMET) for the period 19602010 (50 years) from the station located in Lérida (41.73°N, 0.54°E). These weather
data records are used for both locations.
Reanalysis climate data are selected at the grid point in which the station is
included. The reanalysis climate data are obtained from various sources:
a) National Oceanic Atmospheric Administration (NOAA): Twentieth Century
Reanalysis Project (Compo et al., 2011) from 1901 to 2010 (2.5 x 2.5 lat-long
resolution), and National Center for Environmental Prediction/National Center for
Atmospheric Research (NCEP/NCAR) Reanalysis Project (Kalnay et al., 1996), from
1948 to 2010 (2.5 x 2.5 lat-long resolution);
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b) European Centre for Medium-Range Weather Forecast (ECMWF): The ERA 40
(Uppala et al., 2005) from 1959 to 2001 (2.5 x 2.5 lat-long resolution).
c) Japanese 55-year Reanalysis (JRA-55) Project (Ebita et al., 2011) from 1958 to 2010
(1.25 x 1.25 lat-long resolution).
The SST data used in this study comes from Reynolds SST dataset (ERSST)
(Smith et al., 2008), removing the linear trend. Given that NAO affects the European
precipitation, the Hurrell North Atlantic Oscillation (NAO) index provided by the
Climate Analysis Section, NCAR (Hurrell, 1995) is used. This index is based on the
difference of normalized sea level pressure (SLP) between Lisbon (Portugal) and
Stykkisholmur/Reykajavik (Iceland).
3.2.4. Methodology
Time series of attainable wheat yield simulated with the observed data (AEMET)
are obtained from 1961 to 2010 and compared to the historical regional rainfed wheat
yields from government records of Spanish Ministry of Agriculture (MAGRAMA).
Historical wheat yield is influenced by non-climatic factors such as agricultural
practices, technological improvement and the agricultural policies of the European and
local governments (Fig. 3.1a). Therefore, to compare historical and simulated wheat
yield, the trend is removed from historical data, assuming that the residuals are
associated with natural climate variability. As trend represents variations of low
frequency, a Butterworth low-pass filter with 10 year cut off is used to obtain the trend.
The selection of the cut off period was based on similar studies (Baigorria et al., 2008;
Koide et al., 2013). Residuals of the wheat yield data are calculated as deviations from
the trend divided by the trend. The result is referred to as % Expected Yield [%
Expected Yield = (observed value-trend)*100/trend]. The evolution of the historical
rainfed wheat yield variability in NE region (Lerida province), expressed as the time
series of % Expected Yield, is then compared to the corresponding anomalies of
simulated rainfed wheat yield using observed daily weather data and the soils of the two
studied locations.
Then, time series of simulated yield are obtained using several reanalysis datasets
as input weather variables. From these time series, the standard anomalies are calculated
subtracting the mean value for each data and dividing it by the standard deviation.
Afterwards, time series are time filtered to focus on the interannual variability (high
frequency, HF) (Von Storch and Zwiers, 2001). For this purpose, reanalysis-based time
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series of simulated wheat are time filtered using a Butterworth low-pass filter with 10
year cut off (cut off frequency is 0.2, f=2*dt/T, being dt=1, and T=10 years)
(Butterworth, 1930). Then, the simulations are compared with those obtained using the
observed climate data (AEMET) to test the reliability of yield simulations based on
reanalysis data, with the aim of using them to generate long time series of simulated
attainable wheat yield.
Due to the fact that wheat yields are strongly dependent on seasonal rainfall, the
time series of HF yield anomalies are correlated with the SLP anomalies during the crop
cycle using correlation maps to identify the large-scale atmospheric pattern/connection
with significant influence on wheat yield. Afterwards, the atmospheric index
corresponding to the crop cycle (identified in the previous step) is correlated with yield
anomalies using 21-year moving windows correlation analysis in order to analyze the
stationarity of this relationship along the study period. Windows of 21 years are chosen
for this analysis because is a common window that has been used in other works as
those about El Niño impacts on European rainfall (López-Parages and RodríguezFonseca, 2012; Lorenzo et al., 2011) and on crop yield (Capa-Morocho et al., 2014,
2015).
To evaluate the impact of SST anomalies on wheat yields, the time series of HF
yield anomalies are correlated with the global SST anomalies to identify the regions
with significant influences on wheat yield in IP. Then, the selected regional SST index
corresponding to seasons before the harvest (identified in the previous step) are
correlated with yield anomalies using 21-year moving windows correlation analysis to
analyze the stationarity of these relationships. For determining predictability,
correlations are calculated for the period starting in January-February-March of the
sowing year (hereafter JFML, where L represents the sowing year) and finishing in
May-June-July (MJJ) in the following year, i.e. the year of the harvest. Finally, for the
significant connections found, we identify the climate variables used as inputs in the
crop model with significant relation with the SST indices to infer hypothesis about the
eco-physiological mechanism behind the crop response. Correlation maps were
computed between yield, SST indices and climate variables with significant influence
on yield to understand the relationships between them.
The linear trends of all the study variables have been removed. Throughout the
study, when not specified, a 95% confidence level of significance is used, determined
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by a non-parametric Monte Carlo test with 100 permutations (Von Storch and Zwiers,
2001).
3.3

Results and discussions

3.3.1. Simulation of observed yields
The historical regional wheat yield for Lerida during 1961-2010 shows a similar
evolution with the national yield (r = 0.61). Nevertheless, Lerida's standard deviation is
higher than national one (Fig. 3.1a). The last decade exhibits stronger variability than
the previous ones. Among the causes of historical yield variability are changes in
agricultural practices, technological improvement including crop breeding, and
agricultural policies, which cause a trend that is over imposed to the climate effect.
These historical averaged data usually underestimate local variability and can result in
over or under-estimation of yields (Van Wart et al., 2013). Therefore, the yield
estimates at local level are essential in farmer’s decision-making.
Although for a given soil and variety under rainfed conditions, attainable yields
should be used to assess the effect of climate variability, historical yields can be used to
partially evaluate the performance of crop models previously calibrated and validated
with local data. In our case, CERES calibration and validation were done with a
RMSPE of 13.2% and 7.4% respectively, where RMSPE is the root mean square
percentage error, defined as the root mean square error normalized by the average of
observed values. When the crop model was used to simulate 1961-2010 period, time
series of simulated yields obtained at Agramunt and Gimenells with observed weather
data show similar evolution and significant correlation (0.57 at Agramunt and 0.58 at
Gimenells) with the historical yield deviations from %Expected Yield (Fig. 3.1b).
Higher yield values are observed at Agramunt than at Gimenells: the 50 years mean of
simulated rainfed wheat yield is 3313 kg ha-1 at Agramunt and 2682 kg ha-1 at
Gimenells. This difference might be related to soil properties (such as rooting depth and
texture), which affect soil water storage capacity and can thus significantly alter the
rainfall effect on rainfed wheat (Eitzinger et al., 2003). Nevertheless, the HF anomalies
calculated at Agramunt and Gimenells show a similar variability (r = 0.98, Fig. 3.1b).
Considering these results, the average of the HF yield anomalies at both locations is
used to investigate possible links between yield anomalies and SST anomalies.
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3.3.2. Simulated yields using reanalysis datasets
Extended simulated series of crop yield anomalies using different reanalysis
datasets show significant agreement with simulated yields using observed climate for
the available years (Fig.3.2a and 3.2c). The best agreement corresponds to the JRA-55
(r = 0.73). The longest time series of yield simulations (20th Century) shows
multidecadal changes in the amplitude of the anomalies with lower amplitude during the
first part of the twenty century than for the last decades, after removing the linear trend
of the simulated yield time series (Fig. 3.2b). Figure 3.2b suggests the influence of
global warming in atmospheric variables used as inputs in the crop model, which in
turn, have shown stronger interannual variability in last decades.
These present results put forward an alternative way of using reanalysis for
obtaining long time series of yield when observed daily data are missing or only
available for short periods. Some limitations appear in this analysis, as for example, the
use of reanalysis precipitation data for rainfed crop simulations that include soil water
dynamics. Although the SST-precipitation relationship is robust across all of the
reanalysis and observations (Kumar et al., 2013), the spatially averaged precipitation at
low resolution, which is interpreted by the crop model as point data, can lead to
unrealistic responses. Coupling of GCM outputs with plot level crop models can cause
systematic errors due to scale incoherence that may cause yield overestimation for
rainfed crops in dry latitudes (Baron et al., 2005). In our case, the atmospheric patterns
influenced by oceanic patterns have a large-scale structure affecting broad areas with no
local influence due to orography or other regional factors, and the effects of scale
mismatching are attenuated.
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Figure 3.2. Performance of reanalysis datasets in generating simulated yield anomalies. (a) HF
mean anomalies of wheat yield in Lerida obtained from simulations performed with
observations (AEMET) and several atmospheric reanalysis (20th Century, NCEP, JRA-55,
ERA 40). (b) The 21-year moving window standard deviation of wheat yield simulated using
observed and reanalysis climate datasets. (c) Taylor diagram of correlation coefficient, rootmean square and standard deviation between wheat yield anomalies simulated with observed
data (AEMET) and yield anomalies simulated with reanalysis datasets. The simulation periods
correspond to the extent of the datasets.
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3.3.3. Atmospheric climate variables and wheat yield relationship
In both locations, the climate variables used as inputs in the crop model during the
growing season with significant impact on yield variability are Tmin during DecemberJanuary-February (DJF), Tmax from February-March-April (FMA) to May-June-July
(MJJ) and the seasonal Prec during the whole crop cycle (from DJF to AMJ)
(Supplement Table B.1). Within them, the observed and reanalysis climate variables
with the strongest impact on yield variability are: Tmax in MAM and AMJ; and Prec in
FMA and MAM. Only observed data (AEMET) and 20th Century reanalysis shows a
significant influence of Tmin in DJF. The yield is positively correlated to Tmin and
Prec (yield increase for mild nights in winters and wet winters and springs) and
negatively correlated to Tmax (yield increase with low Tmax in spring and early
summer). Previous studies have shown that the rainfed wheat yields in IP are strongly
dependent on seasonal rainfall amount and temporal distribution of rainfall during the
growing season (Acevedo et al., 1999; Austin et al., 1998; McAneney and Arrúe, 1993;
Rodríguez-Puebla et al., 2007). Wheat yields are particularly sensitive to rainfall and
temperature during initial stages/process (root growth, leaf initiation and emergence,
and spikelet initiation that occurs in winter) (Abeledo et al., 2008) and when flowering
(anthesis) occurs (April-May) (Rajala et al., 2009). Plant emergence and population
establishment depends on soil moisture and temperature (Angus et al., 1980), which in
turn are determined by air temperature and precipitation. Drought or high temperatures
during the early period of grain development reduce the number of florets that produce
harvestable grains and the weight of these grains at maturity, and therefore the yield
(Nicolas et al., 1984; Saini and Westgate, 1999; Shah and Paulsen, 2003; Tashiro and
Wardlaw, 1990). In addition, high temperatures accelerate development of the grain,
causing a short duration of grain filling and thus yield reduction (Gibson and Paulsen,
1999; Wiegand and Cuellar, 1980).
HF yield anomalies time series are correlated with the SLP anomalies during the
crop cycle because wheat yields are strongly dependent on seasonal rainfall amount,
which in turn is linked to changes in SLP. These correlations are used to identify the
large-scale atmospheric pattern/connection with significant influences on wheat yield.
When calculating the correlation maps between SLP anomalies of DJF and yield (for
both observed data and reanalysis datasets), a spatial structure resembling the North
Atlantic Oscillation pattern in negative phase emerges (Fig. 3.3). The NAO is an
atmospheric variability pattern associated with positive SLP anomalies over subpolar
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region near Iceland and negative SLP anomalies over subtropical region near Azores in
negative phase (Wanner et al., 2001).This result indicates that an increase (decrease) of
wheat yield is related to a negative (positive) phase of the NAO in the previous winter
(sowing season).
To check the stationarity of the NAO index influence on yield, 21-year window
moving correlations between Hurrell NAO index and yield anomalies are computed,
using the yield simulated with observed and the different available reanalysis datasets
(Supplement Fig. B.1). The Hurrel NAO index (Hurrell, 1995) is used in this analysis
because the structure of the correlation maps in Fig. 3.3 resembles a NAO pattern but
with the centers of action displaced to the East. Results reveal important changes in the
correlations along the twenty century, especially during winter and spring when the crop
is growing. All reanalysis datasets used show a significant negative effect on yield in IP
of the NAO index in winter between the 60’s and 70’s; and a negative significant effect
of NAO index in spring after 80’s.
Several studies have shown the relevance of the NAO to the winter surface
climate over the European sector (Hurrell, 1995; Pozo-Vázquez et al., 2001; Trigo et al.,
2004; Zorita et al., 1992). The positive NAO phase is associated to negative anomalies
of temperature and precipitation during winter (Castro‐Díez et al., 2002; Queralt et al.,
2009; Rodríguez-Fonseca and Serrano, 2002). As negative anomalies of winter Tmin
and Prec influences negatively yields in IP, it is suggested that positive NAO phase
exerts a negative influence on the crop yield in IP through its negative influence on
temperature and precipitation in sowing date and initial stages/process of wheat. Our
results are in agreement with Gouveia et al. (2008), who have shown that a good year
for wheat yield in Portugal is usually characterized by negative values of NAO during
late winter. In addition, Rodriguez-Puebla et al. (2007) have found a negative
correlation between historical records of wheat in Spain and the NAO index in May.
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Figure 3.3. Correlation maps between yield and SLP anomalies of December- January-February
(DJF). (a) The yields simulated with observed data (AEMET) and the SLP anomalies of DJF
(left) from the several reanalysis datasets (20th Century, NCEP, JRA 55 and ERA 40). (b) The
same as (a) but for yields simulated with each reanalysis dataset (20th Century, NCEP, JRA 55
and ERA 40). Significant areas are dotted. The simulation periods correspond to the extent of
the datasets.
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3.3.4. Sea surface temperature (SST) and yield relationships
3.3.4.1. Tropical North Atlantic (TNA) oceanic impact
As stated in the introduction, many studies have associated the TNA SST
anomalies with the NAO. For this reason, yield anomalies are correlated with the
seasonal North Atlantic SST anomalies including the tropical region. Due to the large
thermal inertia of the ocean, the SST of the previous month to sowing is used. The
correlation maps between the wheat yield anomalies and the North Atlantic SST
anomalies corresponding to the season from SONL (previous year to harvest) to JFM
(year to harvest) for the period 1960-2000 show that during winter months, the positive
(negative) yield anomalies in the NE of IP are linked to a warming (cooling) of the
subtropical and subpolar North Atlantic, and a cooling (warming) of the Northwestern
Atlantic SST (Fig. 3.4). This structure resembled a Tropical North Atlantic (TNA)
pattern, which is already strongly evident from SON of the sowing year using observed
data and JRA 55 reanalysis.
Considering the above results, 21-year window moving correlations between TNA
index and yield are computed, using the yield simulated with both the observed and the
reanalysis datasets. The TNA index is defined as the standardized average of the
monthly SST anomalies over the subtropical North Atlantic region between 5.5°N to
23.5°N and 57.5°W to 15°W. The results put forward that the relation between TNA
index and attainable wheat yield does not equally hold on during the twenty century
(Fig. 3.5). For all reanalysis datasets, significant positive correlations appear in the late
60s and 90s, but not in the beginning of the twenty century, especially with the TNA
index from fall to winter of the sowing year (previous year to harvest date). Lower
correlations are obtained using the 20th Century dataset, which only show significant
correlations with TNA index of the growing season in the last decades.
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Figure 3.4. Correlation maps between yield and SST. The yields result from several datasets
(observed and reanalysis) and the SST anomalies of SON, OND, NDJ, DJF and JFM for 19602000. Significant areas are dotted.
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Figure 3.5. Stationarity of the TNA-yield relationship and of crop predictability. The 21-year
moving window correlations between mean yield anomalies in the NE of the IP (simulated with
observed “AEMET” and reanalysis datasets) and TNA index for seasons before the harvest date
(from January-February-March of the year preceding the harvest year or lag season, L,
(“JFML”) to May-June-July of the crop cycle year (“MJJ”). The x-axis represents the midpoint
of the 21-year windows for which correlation is calculated, and the y-axis shows the season of
TNA index. The shaded areas show periods with 95% significance correlations according to a
Monte Carlo test. Each plot corresponds to crop simulations performed with observed or a
reanalysis dataset.

Driving mechanism
To formulate a hypothesis about the mechanism by which the TNA SST
variability influences rainfed wheat yield in the IP, the period 1960-2000 is analyzed
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because it is the period with the stronger influence of TNA in the twenty century (Fig.
3.5). For this purpose, the atmospheric variables (SLP, Prec, Tmin) of the DJF season in
Europe, which influences significantly wheat yield, are correlated with the TNA index
of the same season (Fig. 3.6). The spatial pattern of the correlation between the TNA
and SLP anomalies in the North Atlantic (Fig. 3.6a) presents a dipole structure that
resembles the NAO pattern in negative phase, but with the centers of action displaced to
the East. This means that a warming (cooling) of the TNA induces a cyclonic
(anticyclonic) anomaly of the circulation over IP area and an anticyclonic (cyclonic)
anomaly over Scandinavian Peninsula. This result agrees with several studies, who have
found that the tropical Atlantic SST may affect the NAO variability through the
atmospheric bridge and waves in response to the shifting of the intertropical
convergence zone (Okumura et al., 2001; Robertson et al., 2000; Rodwell et al., 1999;
Watanabe and Kimoto, 1999) ), weakening of the trades and WES (Wind-EvaporationSST) feedback mechanism.
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Figure 3.6. Correlation maps between the TNA index of DJF and the atmospheric variables: (a)
for SLP, (b) for Tmin and (c) for Tmax in Europe in DJF for the period 1960-2000. DJF
corresponds to the sowing season.

Also, during winter season a warming (cooling) of the TNA are associated to
positive (negative) Pre and/or Tmin in the IP and Mediterranean areas and negative
(positive) anomalies in the Scandinavian Peninsula and Denmark (Fig. 3.6b and 3.6c).
This result agrees with Rodriguez-Fonseca et al. (2006) and Hatzaki and Wu (2015),
who have suggested that TNA- winter precipitation relationship in IP is related to a
NAO structure.
Consequently, this study suggests that the positive TNA index is associated to a
negative phase of the NAO, which exerts a positive influence on Tmin and Prec during
winter, thus, on the crop yield in IP. This is explained by the ecophysiological
mechanism mentioned in the section 3.3: higher Tmin and Prec during the initial stages
of crop growth result in higher yields because they affect the soil moisture and
temperature. Therefore, there is an evidence of the atmospheric response to the TNA
index over Europe, which affects the SLP patterns, and in turn affects winter
temperature and Prec in IP, and thus finally influences wheat yield variability.
3.3.4.2. El Niño impact
The relationship found in Capa-Morocho et al. (2014, 2015) between El Niño and
maize yield anomalies in the IP is tested here for wheat yield. The El Niño 3 index is
defined as the spatial average of the monthly SST anomalies in the tropical Pacific area
between 5°N to 5°S and 90°W to 150°W. The moving window correlation of 21 years
between El Niño index and wheat yield anomalies simulated with observed data and
several reanalysis datasets are presented in Fig. 3.7. A non-stationary significant
relationship between El Niño and the rainfed wheat yield over time is found. For the
first half of the twentieth century, the only reanalysis dataset available shows significant
correlations between simulated yield and El Niño of winter and spring, when the crop is
growing, during the periods 1900-1920 (negative) and 1930-1950 (positive). From the
1960s, observed and all reanalysis datasets showed similar relationships, but the
correlations are lower using the 20th Century dataset. For the 1960-1980, a La Niña to
El Niño transition is related to an increase of crop yield, whilst the opposite transition
(El Niño to La Niña) is related to a decrease of wheat yield. In contrast, for the 19812001, an opposite relationship is detected: an El Niño to La Niña phase is related to an
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increase of crop yield and vice-versa (e.g. the transition El Niño to La Niña 1983-1984
and 1987-1988). Moreover, it is interesting to notice that wheat yield anomalies exhibit
a strong (high correlation) relationship with El Niño of prior spring to harvest year
(March-April-May, MAML), when an El Niño(a) phenomenon is finishing (e.g. 1985
and 1989 when a la Niña event is finishing, and 1992 when an El Niño event is ending).
This absence of stationarity of El Niño influence in Europe is consistent with previous
results obtained for crops (Capa-Morocho et al., 2014 and 2015) and climate variables
(Greatbatch et al., 2004; Knippertz et al., 2003; López‐Parages and Rodríguez‐Fonseca,
2012; Mariotti et al., 2002; Zanchettin et al., 2008).

Figure 3.7. Stationarity of the El Niño-wheat yield relationship and of crop predictability. The
21-year moving window correlations between mean yield anomalies in the NE of the IP
(simulated with observed data “AEMET” and several reanalysis datasets) and El Niño 3 for
seasons before the harvest date (from January-February-March of the year preceding the harvest
year or lag season, L, (“JFML”) to May-June-July of the harvest year (“MJJ”). The x-axis
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represents the midpoint of the 21-year windows for which correlation is calculated, and the yaxis shows the season of El Niño. The shaded areas show periods with 95% significance
correlations according to a Monte Carlo test. Each plot corresponds to crop simulations
performed with observed or a reanalysis dataset.

For 1960s-1980s and 1981-2001, the correlation map between the wheat yield

anomalies in the NE of IP and SST anomalies in the tropical region for the preceding
spring to harvest year (MAML) resembles a La Niña and El Niño pattern over the
Pacific, respectively (Fig. 3.8a and b). All reanalysis datasets and the observed data
showed the same relationships during 1981-2001, but the correlations are lower using
the 20th Century and ERA 40 reanalysis datasets.

Figure 3.8. Correlation maps between yields simulated with observed and several reanalysis
datasets and the SST anomalies of MAML for two different periods: (a) 1960-1980, and (b)
1981-2001. Significant areas are dotted.

Driving mechanism
In this section, a driving mechanism to explain El Niño impact on yield is
analyzed in detail for the period 1981-2001, because it is the period when all datasets
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agree in the El Niño influence on crop yield in IP. The atmospheric variables (SLP,
Prec, Tmax) of MAM season in Europe, which influence significantly wheat yield, are
correlated with El Niño index of the preceding spring (MAML) (Fig. 3.9). The spatial
pattern of the correlation between El Niño index and SLP anomalies in the North
Atlantic (Fig. 3.9a) presents a dipolar structure: an increase (decrease) of the tropical
Pacific SST anomalies induces a cyclonic (anticyclonic) anomaly of the circulation over
IP area and an anticyclonic (cyclonic) anomaly over Scandinavian Peninsula. This
dipolar structure resembles the NAO pattern in negative phase. This could imply that
spring NAO might be part of the link between yield anomalies in IP and El Niño. This
result agrees with several studies that have found that the NAO may strengthen the
relationship between the rainfall and El Niño-Southern Oscillation (ENSO) (Knippertz
et al., 2003; Wu et al., 2012; Wu and Lin, 2012; Zanchettin et al., 2008). For instance,
Wu and Lin (2012) found that ENSO was significantly correlated with NAO in summer
after mid-1970s.

Figure 3.9. Correlation maps between Niño 3 index of MAML and atmospheric variables in
Europe in MAM from 1981-2001: (a) for SLP, (b) for Prec and, c. for Tmax. Significant areas
are dotted.

Also, during spring season an increase (decrease) of the tropical Pacific SST
anomalies is associated with positive (negative) Prec and/or negative Tmax anomalies
in the IP and Mediterranean areas, and with negative (positive) anomalies in the
Scandinavian Peninsula and Denmark (Fig. 3.9b and 3.9c). However, the El Niño
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influence on Tmax over Scandinavian Peninsula is not significant. This result agrees
with Rodo et al. (1997) who suggested that the correlation between ENSO and Iberian
rainfall has increased towards the end of the twenty century.
Consequently, El Niño index of MAML (preceding spring to harvest year) could
be associated to a negative phase of spring NAO, which exerts an influence on spring
Prec and Tmax and, thus, on the wheat yield in IP. This is consistent with the crop
ecophysiological mechanism already described: high temperatures and drought during
flowering (around late April and May) reduce the number of florets that produce
harvestable grains and therefore the yield (Nicolas et al., 1984; Saini and Westgate,
1999; Shah and Paulsen, 2003; Tashiro and Wardlaw, 1990). Moreover, high
temperatures accelerate crop development causing a short duration of grain filling and
thus yield reduction (Gibson and Paulsen, 1999; Wiegand and Cuellar, 1980).
In addition, during these decades, the TNA has a significant influence on wheat
yield variability. The Figure 3.10 shows the moving window (21 year) correlation plot
between TNA in MAM and El Niño 3 index for seasons before the harvest date (from
JFML to MAM of the crop cycle year). The result shows a positive correlation between
spring TNA and El Niño 3 holding on over the whole twenty century, being highly
significant with El Niño 3 corresponding to fall and winter during 1960s and 1990s.
Several authors have suggested that the tropical Atlantic may be a key factor in
propagating the ENSO signal into higher latitudes (Latif and Grötzner, 2000; Saravanan
and Chang, 2000). According to Saravanan and Chang (2000), the response to ENSO
anomalies is delayed by several months over the Atlantic being the most significant
influence over the Atlantic/European region found during the boreal spring season.
Tropical Pacific and Atlantic SST are communicated to the atmosphere through
atmospheric-heating processes, leading to changes in SLP, temperature and Prec over
IP, and therefore on rainfed wheat yield (Fig. 3.11). It is shown that El Niño events and
the TNA appear to impact rainfed wheat in IP and these impacts are likely also
dependent on the concurrent state of the NAO. In addition, the winter and spring TNA
during 1981-2001 is tied to the strengthened connection between El Niño and wheat
yield in IP.
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Figure 3.10. Stationarity of the TNA-El Niño 3 index. The 21-year moving window
correlations between TNA index of March-April-May (MAM) and El Niño 3 index for seasons
before the harvest date (from January-February-March of the year preceding the harvest year or
lag season, L, (“JFML”) to MAM of the crop cycle year). The x-axis represents the midpoint of
the 21-year windows for which correlation is calculated, and the y-axis shows the season of El
Niño 3 index. The shaded areas show periods with 95% significance correlations according to a
Monte Carlo test.

Figure 3. 11.Yield, TNA, El Niño and NAO relationships. Wheat development and atmospheric
variables with significant influences on rainfed wheat yield.
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3.4

Conclusions
Extended simulated reanalysis-based series of crop yield anomalies in the NE of

IP show significant agreement with simulated yield using observed climate.
Nevertheless, the use of observed weather data for model input provides more precise
wheat yield simulations than reanalysis datasets, which should be handled with care for
yield variability studies. Winter and spring rainfalls are the most important contributor
to winter wheat yields in IP. The results put forward that the relation between attainable
wheat yield in IP and variations of SST in TNA and El Niño regions does not equally
hold on during the whole analyzed period and can be explained by an understood and
stationary ecophysiological mechanism: a decrease (increase) on Tmin and Prec during
winter, a decrease (increase) on Prec and increase (decrease) on Tmax during spring are
related to decreases (increases) of wheat yield.
Significant positive correlations between the TNA and yield anomalies appear
from 1960 to 2000, especially with the TNA index from fall to winter of the sowing
year (the year before the harvest). The positive (negative) TNA index is associated to a
negative (positive) phase of NAO, which exerts a positive (negative) influence on Tmin
and Prec during winter, thus, yield increases (decreases) in IP. The TNA of DJF is the
predictor that better allows some predictability up to 6 months before crop harvest. The
highest correlation between El Niño and yield took place in the period 1981-2001. For
these decades, high (low) yields were associated with an El Niño to La Niña (La Niña to
El Niño) transitions or to finishing El Niño events. For these events, the regional
associated atmospheric pattern resembles the NAO, which influences directly on the
Tmax and Prec experienced by the crop during flowering and grain filling. The El Niño
3 of MAM corresponding to the preceding year to harvest is the best predictor that
allows some predictability up to 13 months before crop harvest.
The co-effects of the two tele-connection patterns help to increase (decrease) the
rainfall and decrease (increase) Tmax in IP, thus on increase (decrease) wheat yield.
Results from this study could have important implications for predictability issues in
agricultural planning and management, such as insurance coverage, changes in sowing
dates and choice of species and varieties.
Appendix B. Supplementary data
Supplementary material related to this article can be found in Annex B.
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CHAPTER 4. Crop yield forecast in the Iberian Peninsula: Linking
seasonal climate forecasts with crop simulation models
4.1

Introduction
Agricultural production is vulnerable to climate variability and its extremes.

Seasonal climate prediction has significant potential to contribute to the efficiency of
agricultural management, and to food and livelihood security (Apipattanavis et al.,
2010; Cantelaube and Terres, 2005; Hansen, 2002; Meza et al., 2008). Translating
seasonal climate forecast into agricultural production forecasts and economic outcomes
could help to establish early warning systems and to design crop management
adaptation strategies that take advantage of favorable conditions and/or reduce the effect
of adverse conditions (Hansen et al., 2006; Ines et al., 2011).
In Europe, the European Commission's Joint Research Centre (JRC) regularly
issues forecasts at national and European levels for the main crop yields. These are
based on methodologies using satellite remote sensing and mathematical models which
simulate crop growth (De Boissezon, 1995; Van der Velde and Bareuth, 2015).
However, crop forecast at local level is necessary in farmer’s decision-making. In
Iberian Peninsula (IP), statistical or regression methods have been explored to forecast
crop yield using historical data series of agronomical and climate variables (Aguilera
and Ruiz-Valenzuela, 2014; Rodríguez-Puebla et al., 2007).
Another approach for establishing crop yield forecasts and designs of crop
management adaptation strategies is by linking climate forecast with crop models
(Hansen et al., 2006; Hansen and Indeje, 2004; Ines et al., 2011; Shin et al., 2010).
However, this is not always a straight forward approach because of the frequent
mismatch in spatial and temporal scales of seasonal forecast and the required inputs for
crop simulation models. Climate prediction centers around the world routinely generate
seasonal climate forecasts at the global, regional and national scales (e.g., IRI,
NOAA/CPC, UK Met office, European Center for Medium-Range Weather Forecasts
(ECMWF), among others), employing a variety of methods that include the use of
dynamical circulation models, statistical prediction methods and combinations of both
(Barnston et al., 2003; Goddard et al., 2003; Krishnamurti et al., 1999). Current
seasonal forecast system is based on the premise that the atmospheric response to sea
surface temperature (SST) variability provides the potential to produce an accurate
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forecast of seasonal climate anomalies for many areas of the world (Mason et al., 1999;
Palmer and Anderson, 1994; Shukla, 1998). Despite the limited predictability that
exhibits the atmosphere in middle latitudes (due to the strong contribution of internal
variability), the use of seasonal climate predictions from ensembles of global climate
coupled models have shown to have some skill at European scales (Palmer et al., 2004)
and have been used to estimate crop yield in Europe (Cantelaube and Terres, 2005).
Moreover, the correct prediction of El Niño phenomena has increased the predictability
of climate fluctuations in several part of the world (Neelin et al., 1998). In Spain, Sordo
et al. (2008) has reported some traces of seasonal skill induced by ENSO events. In
addition, recent studies have confirmed the influence of El Niño on Iberian Peninsula
climate variability (Greatbatch et al., 2004; Knippertz et al., 2003; Lorenzo et al., 2011;
López‐Parages and Rodríguez‐Fonseca, 2012; Mariotti et al., 2002) and its impact on
crop yield (Capa-Morocho et al., 2014 and 2015). Thus, it is reasonable the use of the
predictions from dynamical models to apply them in crop forecast in the Iberian
Peninsula.
Seasonal climate forecasts are issued as expected climate anomalies or tercile
probability shifts averaged in space (at the scale of the general circulation model grid
cells) and in time (over 3-month seasons) (Hansen and Indeje, 2004; Mason et al.,
1999). On the other hand, crop simulation models typically operate on a daily time step
in a specific location from sowing to crop maturity requiring daily weather data as
inputs for simulating crop growth (Hansen and Ines, 2005; Ines and Hansen, 2006;
Murthy, 2004; Nonhebel, 1994). Thus, to link seasonal climate forecast information
with crop simulation is necessary. To do this, several methods have been proposed
(Apipattanavis et al., 2010; Hansen and Indeje, 2004; Robertson et al., 2007; Semenov
and Doblas-Reyes, 2007). Research in this area suggests the need to evaluate a range of
methods for a specific region/site, which have a particular climate, soil, crops and
management, before recommending efficient methods for crop forecasting (Hansen and
Indeje, 2004). In some cases, the use of an ensemble of methods can improve the
predictability of agricultural impacts driven by climate variations at the seasonal leadtime, because of the peculiarities of the regional climate and crop sensitivity to weather
variability (Hansen et al., 2006). Therefore, it will be necessary to test several methods
before making an accurate early estimate of crop yields.
This study aims to link seasonal climate forecasts with crop models to improve
predictability of crop yields in IP. For this purpose, two methods were evaluated and
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applied for disaggregating seasonal climate forecast into daily weather realizations: 1) a
conditional stochastic weather generator and 2) a simple forecast probability resampler.
These two methods have been evaluated in a case study in which the impacts of three
scenarios of seasonal rainfall forecasts on rainfed wheat yield, on irrigation
requirements, and yields of maize at five locations in IP have been analyzed. Two
scenarios were selected to represent extreme forecasts (dry and wet) and then with
climatology (the three terciles have the same probability to occur). Moreover, the
economic margins and production risks associated with extreme scenarios of seasonal
rainfall forecasts are estimated. In addition, to test the predictability skill with an
example, we consider the precipitation forecast for AMJ of 1998, when there was an El
Niño event. In order to evaluate the performance of seasonal rainfall forecasts and their
effects on yield and total irrigation forecast in IP, a comparison with observed yield and
total irrigation data is done.
4.2

Data and methods

4.2.1. Study sites and crops
In order to evaluate the performance of seasonal rainfall forecasting in IP and its
effects on yield and irrigation requirement forecasts, the study cases of rainfed wheat
and irrigated maize are considered, which are the main winter and summer crops in IP
respectively. Locations are selected to cover the main agricultural areas of Spain and
considering the availability of experimental field data.
Five sites are selected for maize (Fig. 4.1): Lugo in the Northwest (NW), Lérida
in the Northeast (NE), Madrid in Central Spain, Albacete in the Southeast (SE), and
Córdoba in the South (S). These sites represent agricultural locations with ranges of
altitudes, temperature and precipitation regimes found in IP (Table 4.1). The study area
for wheat is in the NE of Spain, which corresponds to a representative Mediterranean
environment for growing this crop under rainfed conditions. Two locations in this area
have been selected: Gimenell and Agramunt. These locations are 80 km apart within the
province of Lerida (Cartelle et al., 2006). These sites are located within the same
climatic region, but they have different soil types and, therefore, different therefore
different soil water storage capacity.
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Figure 4.1. The study area. Dots indicate locations in the Iberian Peninsula where CERESmaize model was calibrated and validated and crop simulations were conducted. Meanwhile,
triangles show locations where wheat simulations were conducted.

Water stress is an important constraint for wheat yield in IP (Abeledo et al.,
2008). In the NE region, the sowing of winter wheat starts in November and the
growing season ends by June. Wheat yields are particularly sensitive to rainfall during
April-May-June (AMJ) when flowering occurs: a critical stage that affects the number
of wheat grains and therefore the obtained yield. In the case of maize, irrigation is
necessary to obtain economic yields in IP ((Diaz et al., 2007; Farré et al., 2000). Maize
sowing date typically ranges in IP from late March to April; the northern the latitude the
later the sowing. Maturity date ranges from August to September, also depending on the
latitude. The irrigation requirements and the consequent economic outcomes are
strongly dependent on the rainfall during May-June-July (MJJ), when flowering and the
initial stages of grain filling occur.
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Table 4.1. Location in the IP, main features of the sites used in the study and periods of available observed climate data from the closest AEMET station.

Location

Period

Longitude

Latitude

Altitude
(m)

Annual
Rainfall
(mm)*

Annual
Tmean
(°C)*

Köppen-Geiger climate
classification (Kottek et al..
2006)

Maize
Albacete

1961-2010

1.85°W

38.95°N

704

363

14.37

Córdoba

1969-2010

4.78°W

37.88°N

90

587

17.88

Madrid

1960-2010

3.72°W

40.30°N

617

401

13.84

Lérida

1960-2010

0.60°E

41.63°N

190

361

14.83

Lugo

1986-2010

7.45°W

43.10°N

452

1103

11.94

Arid, summer dry, cold arid
(Bsk)
Warm temperate, summer
dry, hot summer(Csa)
Warm temperate, summer
dry, hot summer (Csa)
Warm temperate, fully
humid, hot summer (Cfa)
Warm temperate, summer
dry, warm summer (Csb)

Wheat
Agramunt 1960-2010

1.10°E

41.79°N

337

361

14.83

Gimenells 1960-2010

0.39°E

41.65°N

258

361

14.83

*Mean of the available period at each location
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Soil Taxonomy
subgroup
(Soil Survey Staff,
1999)
CalcixerollicXerochrepts
Xerofluvent
Typic Calcixerept
Petrocalcic Calcixerept
Typic Haplumbrept

Warm temperate, fully Xerofluvent Typic
humid, hot summer (Cfa)
Warm temperate, fully Petrocalcic Calcixerept
humid, hot summer (Cfa)
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4.2.2. Temporal downscaling of seasonal climate forecast
Two methods have been applied for disaggregating seasonal rainfall forecasts into
daily weather data, to be used as inputs for the crop models: a forecast probability
resampler and a conditional stochastic weather generator. Long-term data (at least 30
years) containing solar radiation (Rad, MJ m-2 day-1), maximum and minimum
temperature (Tmax, Tmin, °C) and rainfall (Rain, mm) are required as minimum
weather data by the crop model (details in section 4.2.4). These daily data has been
obtained from the closest station (from Spanish National Meteorological Agency,
AEMET) to each study location, and spanned at different periods (Table 4.1).
4.2.2.1. Forecast probability resampler (FResampler1)
This method consists of creating weather realizations of a tercile-based seasonal
climate forecast by sampling historical records based on the forecast probabilities for
rainfall being below, near and above normal. It samples (with replacement) a block of
daily weather data that includes solar radiation, maximum and minimum temperature
and rainfall for a specific season. For example, in a given rainfall forecasts of 50%
below-, 30%, near-, and 20% above-normal for AMJ season, FResampler1 picks 50
times, blocks of daily weather data for AMJ seasons that belong to below-normal
conditions from historical records, likewise it picks 30 times blocks with near-normal
and 20 times with above-normal conditions, until all the full (tercile) forecast
distribution is sampled. In order to complete the weather data required to simulate the
entire growing season, the corresponding data from the sampled year (and of the next
year if needed) is used. A total of 100 weather realizations per rainfall forecast are
sampled (Fig 4.2a).
4.2.2.2. Conditional stochastic weather generator (predictWTD)
Another approach for linking seasonal climate forecasts to a crop model is by
means of a conditional weather generator (predictWTD). The predictWTD is
parameterized for each location using daily historical weather. The seasonal climate
forecast is converted into a theoretical forecast cumulative probability curve (Fig. 4.2b),
Then, the deviate for each percentile is converted into rainfall amount or frequency and
intensity disaggregated on a monthly basis (from seasonal values). Then, they are used
to constrain the forecast realizations generated by the predictWTD. The predictWTD
disaggregates monthly rainfall forecasts into daily realizations preserving important
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aspects of the statistical behavior of rainfall daily sequences. The remaining weather
data (Rad, Tmax and Tmin) are generated from predictWTD parameterized with
climatological parameters.
In this study, the stochastic disaggregation proposed by Hansen and Ines (2005)
and extended by Ines and Hansen (2014) to downscale the full distribution of seasonal
rainfall forecast is used. Precipitation occurrence is modeled by a second order hybrid
Markov chain. If the previous day is wet, the weather generator simulates precipitation
occurrence with a first order chain, but if the previous day is dry, a second order chain is
used. The amount of rainfall is sampled from a probability mixture of two exponential
distributions (hyperexponential distribution) (Woolhiser and Roldán, 1982). Rad, Tmax
and Tmin are sampled from Gaussian distributions conditional on the occurrence of
precipitation. Details on the algorithm and performance of the stochastic disaggregation
are given in Hansen and Ines (2005).
In this study, in order to obtain the forecast cumulative probability distribution, 11
percentiles (1st, 10th, 20th, … , 90th and 99th ) are used as targets for seasonal rainfall
amount. For each percentile, ten weather sequences were generated, i.e., 110 weather
sequences per rainfall forecast were used following Ines and Han (2014)
implementation (Fig. 4.2b).

Figure 4.2. Cumulative probability functions (CDF) of total precipitation in AMJ at a location
study (Lérida) from historical climate records and for a dry forecast (Below:70, Near:20,
Above:10) disaggregated using (a) FResampler1 and (b) predictWTD.

97

Linking seasonal climate forecast with crop simulation models

4.2.3. Climate forecast scenarios
In this study, the seasonal rainfall forecast is described as the percentage of
likelihood of three categories, above (A), near (N) o below normal (B), defined from
terciles of climatological rainfall totals. The notation for defining a scenario uses the
format A:N:B, where A, N, B are the likelihood of each category.
The rainfall seasonal forecast for 2010 is used to represent a climatological
forecast. Specifically, a seasonal forecast for April-May-June (AMJ) and May-June-July
(MJJ) are used for wheat and maize respectively, as these seasons include the flowering
and the grain filling period of each crop. Seasonal rainfall forecast for those seasons was
33:33:33 (International Research Institute for Climate and Society, IRI), which means
that there is the same chance of rainfall to be above-normal (33%), near-normal (33%)
and below-normal (33%) precipitation. This forecast represents the climatology, in
which, in particular for this case, the three terciles have the same probability to occur. In
addition, the FResampler1 and predictWTD disaggregation methods are compared by
using extreme scenarios of seasonal forecast: a “dry” forecast (70:20:10) and a “wet”
forecast (10:20:70). Daily weather series conditioned on dry, climatology and wet
forecasts are produced by both FResampler1 and predictWTD. Both methods are then
used to generate 100 (with FResampler1) and 110 (with predictWTD) weather
series/realizations per each crop for three scenarios. As an example, Fig. 4.2 shows the
cumulative probability functions (CDFs) of total precipitation in a season (AMJ) at a
location study (Lerida) from historical climate records and from a “dry” forecast
disaggregated using FResampler and predictWTD. For both methods, the CDF of
precipitation conditioned on the “dry” climate forecast are shifted to the left of the
historical CDF, as expected. The dotted line in Fig. 4.2b shows the seasonal total
precipitation used as target value to generate weather realizations with the predictWTD.
In addition, to test the predictability skill with a real example, we consider the
precipitation forecast for AMJ of 1998 when there was an El Niño event. This year is
very illustrative because the El Niño event developed during winter 1997/1998 has the
potential for improving the skill of atmospheric anomalies prediction over IP. Several
authors have suggested that an El Nino event could announce wet springs in IP
(Lorenzo et al., 2011; López‐Parages and Rodríguez‐Fonseca, 2012; López-Parages et
al., 2014; Rodó et al., 1997). The IRI’s seasonal precipitation forecast for 1998 was wet
one 45:30:25 (A:N:B, Fig. 4.3a). This forecast matched the seasonal precipitation in
AMJ observed in 1998 (Fig. 4.3b). Daily weather series conditioned on this wet forecast
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are produced by both FResampler1 and predictWTD methods and applied to a crop
model to analyze the predicted wheat yield and irrigation water requirements for maize.

Figure 4.3. (a) Seasonal precipitation forecast for April-May-June (AMJ) in 1998 provided by
the International Research Institute for Climate and Society (IRI). (b) Time series of the
historical total precipitation during AMJ in the study locations. The precipitation for AMJ in
1998 ranges from 94 to 432 mm (indicated between arrows).

4.2.4. Crop modeling
Simulated yields and irrigation requirements are computed with CERES models
for wheat (Ritchie and Otter, 1985) and maize (Jones et al., 1986), which are included in
the Decision Support System for Agrotechnology Transfer (DSSAT v.4.5, Hoogenboom
et al., 2010). CERES-maize and CERES-wheat are dynamic eco-physiological models
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of crop growth and development, which integrate the effects of cultivar genotype, soil
profile, weather data, and management options. These crop models require daily data of
maximum and minimum temperature, rainfall and incoming solar radiation. They
simulate plant growth and development processes on a daily basis at a specific location
from sowing to crop maturity. The crop models use daily mean temperature to compute
the thermal time, which is defined as the sum of temperatures above a base temperature
that makes crop development to progress (Hodges, 1991). Yields and irrigation
requirements simulated by these crop models are highly sensitive to wet/dry spell
sequences causing crop water stress during the growing season.
-

Wheat
The CERES-wheat model has been calibrated (RMSPE:13.2%, where RMSPE is

the root mean square percentage error, defined as the RMSE normalized by the average
of observed values) and validated (RMSPE: 7.4%) in two locations of the selected
region (Lerida) for a winter wheat variety currently grown in the area. For this, three
years of data on crop phenology (sowing, anthesis and maturity dates), yield and
biomass from existing field experiments including several nitrogen and water treatments
were used (Abeledo et al., 2008; Cartelle et al., 2006). Genetic coefficients were
calibrated first to match correctly crop phenology and later to approximate measured
grain yield and crop biomass. The variety used is Soissons, which is a common
commercial cultivar of wheat.
Wheat yields simulated using historic daily weather data in our study are
compared to the historical rainfed wheat yields obtained from government records of
Spanish Ministry of Agriculture (MAGRAMA, 2010). Historical wheat yield is
influenced by non-climatic factors such as changes in agricultural practices,
technological improvement and the agricultural policies of the European and local
governments. In order to compare historical and simulated wheat yield, the trend is
removed from historical data, assuming that the remaining signal is caused by natural
climate. The trend, which represents a low frequency variation, is obtained with a
polynomial fit (order of 9). Residuals of the wheat yield data are calculated as
deviations from the trend divided by the trend [% of Expected Yield = (observed valuetrend)*100/trend]. The result is referred to as % of Expected Yield. The evolution of the
historical rainfed wheat yield variability (expressed as % of Expected Yield) in NE
region (Lerida province) is then compared to the corresponding simulated rainfed wheat
using observed daily weather data at two study locations. Once the wheat model is
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calibrated and validated, the simulation experiment is set to obtain crop attainable
yields, i.e. assuming that yield is water limited but nitrogen and other nutrients are nonlimiting.
-

Maize
Field data for CERES-maize model calibration and validation have been taken

from previous experiments and studies at the plot scale that included data on crop
phenology, yield and biomass for several treatments of nitrogen fertilization levels
and/or different sowing dates per year (Table 4.2) (Gabaldon-Leal et al., 2015; Gabriel
and Quemada, 2011; Lizaso et al., 2010; López-Cedrón et al., 2005; Maturano, 2002).
Crop varieties, management and soil profiles are set for each location to represent the
corresponding current common cultivars, practices and soils (Table 4.1 and 4.2).
Once the crop model is calibrated and validated (Table 4.2), the simulation
experiment is set to obtain maize yield under non-limiting water and nitrogen conditions
(potential yield). Therefore, the simulated maize yield is not affected by rainfall and the
crop model uses rainfall only to calculate the amount of irrigation water required by
crop. Irrigation is set to be automatic, which provides the optimal amount of water to
cover the estimated crop water requirements. Irrigation is applied when the available
water in top soil (0.20 m) is = 50% of field capacity. The simulations assume
applications of irrigation of 25 mm using a sprinkler.
The performance of the weather series generated by the two disaggregation
methods is evaluated in terms of producing reliable data for crop forecasting. For this
purpose the generated weather series are used as inputs to crop models to calculate yield
and irrigation requirement probability distribution functions for different seasonal crop
forecast scenarios. Then, the results are compared to crop simulations using the
historical climate records.
Analysis of variance is performed to analyze the forecast scenarios. The
Kolmogorov-Smirnov (K-S) test is applied to assess differences among CDF (Von
Storch and Zwiers, 2001) of yields and irrigation requirements between the methods for
each conditional climate scenario.
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Table 4.2. Crop modelling data (crop cultivar, management, soil type) for CERES-maize and CERES-wheat model.
Location

Cultivar

Sowing
date

Texture

Depth
(m)

Total available
waterroot zone
(cm3/cm3)
depth used (m)

Calibration/validation
Years

Total number of
data

RMSPE (%)

References

1999, 2003

7

4.9/10.1

Maturano (2002)

2005, 2006, 2007,
2008, 2009, 2010
2007, 2008, 2009,
2010
2003, 2004, 2005
1998, 1999, 2000,
2001, 2002, 2003

16

2.1/ 9.0

Gabaldon et al. (2015)

6

5.0/ 12.9

9

5.9/ 12.0

8

10.7/ 9.7

Gabriel and Quemada
(2011)
Lizaso et al. (2010)
López-Cedrón et al.
(2005)

2003, 2004, 2005

8

7.3/ 13.2

Irrigated Maize
Albacete

Prisma (FAO 700)

15/04

Córdoba

Helen (FAO 700)

21/03

Lérida

G-98 Pioneer (FAO
700)
Eleonora (FAO 700)

Lugo

Clarica (FAO 300)

Madrid

Rainfed Wheat
Agramunt
Gimenell

Soissons
Soissons

10/04
01/04
20/04

20/11
20/11

Silt
loam
Silt
loam
Silt clay
loam
Loam
Sandy
loam

Silt clay
Loam

0.70

1.24

0.60

1.65

1.20

8.52

1.17

2.92

1.50

7.68

1.40
1.09

7.05
4.36
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4.2.5. Calculation of margins
An assessment of farmer’s gross margin is accomplished for the seasonal climate
forecasts and disaggregation methods for which simulated yields were obtained. Gross
margin was computed as the difference between gross income and total direct costs of
production. Cost and income data were obtained from government records (regional and
national sources: Ministry of Agriculture- MAGRAMA, and regional administration
from Andalucía, Castilla-La Mancha and Aragón regions). Representative values of
costs and grain prices for all locations during the period 2006-2011 were selected. Total
direct costs were those associated with production: seeds, fertilizers, agrochemicals,
machinery, field labors and others. For maize, the irrigation cost included the cost of
water and the cost of application (by sprinkler). Gross income per hectare was computed
as the product of simulated yields and grain prices. To estimate production risks under
different climate scenarios, three grain prices and three irrigation cost scenarios were
used: minimum, mean and maximum prices/costs corresponding to the period 20062011 (Table 4.3).
Table 4.3. Productions cost and grain prices values for irrigated maize and rainfed wheat in IP.
Values assumed are representative of the period 2006-2011.
Cost (€ ha-1)
Seed
Fertilizer
Phitosan
Mechanization
Others
Base cost (sum)
Irrigation cost (€/mm)
Minimum
Mean
Maximum
Grain prices (€ kg-1)
Minimum
Mean
Maximum

Irrigated Maize
Albacete Cordoba Madrid Lerida
229.1
404.9
92.4
257.1
289.1
1272.6

Lugo

Rainfed Wheat
Agramunt/ Gimenell
72.5
93.0
22.7
147.8
29.8
365.8

0.8
1
1.2

–
–
–

0.144
0.180
0.217

0.139
0.189
0.230

4.3 Results and discussion
4.3.1. Analysis of rainfed wheat yield forecasts
Time series of simulated yields obtained at Agramunt and Gimenells with
observed weather data showed similar evolution and significant correlation (0.54 at
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Agramunt and 0.51 at Gimenells) with the historical yield deviations from Expected
Yield (Fig. 4.4). High productivity values corresponded to the years 1977, 1988 and
2004 for both historical and simulated yield, while low productivity values
corresponded to the years 1983, 2005 and 2008. The last decade exhibited stronger
variability than the others. The years 2005 and 2008 were characterized by the severe
drought that affected the crops of most Spanish regions, which included Agramunt and
Gimenells (Garcia-Herrera et al., 2007; Spinoni et al., 2015). The accumulated rainfall
during the vegetative period (from December to March) was 52.2 mm and 41.2 mm in
2005 and 2008 respectively from the meteorological station used as reference for both
locations. Under these extreme conditions the crop did not reach flowering. Higher
yield values were observed at Agramunt than at Gimenells (Table 4.4): the 51 years
mean of simulated rainfed wheat yield was 3313 kg ha-1 at Agramunt and 2682 kg ha-1
at Gimenells. This difference could be related to soil properties (such as rooting depth
and texture, Table 4.2), which affect soil water storage capacity and can thus
significantly alter the rainfall effect on rainfed wheat (Eitzinger et al., 2003).

Figure 4.4. Time series of the historical rainfed wheat yield variability (right y-axis, expressed
as % of expected yield) in NE region (Lerida province) and rainfed wheat simulated (left y-axis)
using observed daily weather data in two locations in the NE region: Agramunt and Gimenells.

Box plot of simulated wheat yields using weather series generated with both
FResampler1 and predictWTD for three seasonal rainfall forecasts are shown in Fig.
4.5. There were significant statistical differences (P < 0.001) between simulated yields
conditioned on dry, climatology and wet forecasts both at Agramunt and at Gimenells
(Table 4.4). In both locations, dry (wet) forecast in AMJ led to a marked decrease
(increase) of wheat yields (Table 4.4). This is probably because anthesis occurs in May
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at both locations, and that is the most sensitive period to water stress with important
impacts on grain yields (Abeledo et al., 2008; Cartelle et al., 2006; Cossani et al., 2007).
Also, the first half of grain filling occurs during May and June, and this growth stage is
also very sensitive to water stress.

Figure 4.5. Box plot of wheat yield simulated in IP using realizations/weather conditioned on
three forecast scenarios (dry. climatology and wet forecast) in April-May-June (AMJ), produced
by a forecast tercile resampler (FResampler1) and a stochastic weather generator (predictWTD)
at: (a) Agramunt and (b) Gimenells. The height of the boxes represents the interquantile range,
the horizontal line inside the box corresponds to the median and the x marker corresponds to the
mean. The whiskers extend to the 5th and the 95th percentile of the statistics. Circles denote
outliers values beyond 1.5 times the interquartile range. The dashed line in each panel indicates
the wheat yield simulated using historical weather series in 2010 for each location.
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Table 4.4. Comparison of simulated wheat and maize yield and irrigation water needs using weather series generated with FResampler1 and predictWTD
methods for three seasonal rainfall forecasts in 2010. Forecast of April-May-June and May-June-July for wheat and maize respectively were used.

Rainfed wheat Yield (kg ha-1)
Agramunt
Gimenell
Irrigated maize
Yield (kg ha-1)
Albacete
Córdoba
Madrid
Lérida
Lugo
Irrigation water needs (mm ha-1)
Albacete
Córdoba
Madrid
Lérida
Lugo

Observed
period*

Observed
2010

FResampler1
Dry
Clim
Wet

RSD

P
Value

2820 ± 1090
2493 ± 1081

5178
4109

4735c
3556c

5215b
4147b

11152 ± 1656
13562 ± 2132
9758 ± 1562
11415 ± 1191
12057 ± 1452

9876
11446
8505
10928
12221

10885
13632
9655
11332
11889

578 ± 37
552 ± 54
361 ± 45
504 ± 55
185 ± 52

522
555
347
490
238

576a
587a
385a
522a
206a

5509a
4612a

663
854

<0.001
<0.001

4703c
3562c

5055b
3866b

11229
13733
9796
11391
12028

11377
13801
9830
11700
11981

1478
2166
1545
1186
1422

0.055
0.857
0.696
0.064
0.781

11074
13548
9748
11537
11882

566b
565b
363b
494b
190b

554c
539c
335c
452c
154c

33.0
46.5
40.0
60.5
48.4

<0.001
<0.001
<0.001
<0.001
<0.001

584a
588a
378a
525a
213a

RSD: Residual standard deviation
a-c
Within scenarios, means within rows with different letters differ (P<0.05)
*Mean of simulated outcomes using the available historical climate records at each location

predictWTD
Dry
Clim
Wet

RSD

P
Value

5326a
4381a

704
879

<0.001
<0.001

11374
13692
9919
11518
11687

11421
13546
9979
11603
11609

1128
1617
1019
948
1363

0.050
0.743
0.219
0.785
0.316

561b
566b
358b
488b
179b

538c
532c
334c
456c
143c

47.5
52.5
44.1
63.6
65.0

<0.001
<0.001
<0.001
<0.001
<0.001

Note: as it can be seen at Agramunt and Gimenells, the mean of yield simulated using historical climate records (51 years) are lower than the forecast mean
yield under dry scenario. This is due to the fact that 2010 had a high level of water available during growing seasons with consequences on yield (rainfall
from sowing to maturity: 333 mm), and that during the observed period there were some years (2005 and 2008) characterized by a severe drought that
affected the mean yield.
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Comparison between methods for disaggregating seasonal rainfall forecast for wet
scenario showed significant differences in the cumulative distribution functions (CDFs)
of wheat yield projections both at Agramunt and at Gimenells (P < 0.008). Moreover,
for climatology forecast scenario, the CDFs of simulated yield derived from both tested
methods were significantly different at Gimenells (P = 0.007). One possible explanation
for these results could be that the predictWTD generates a range of monthly
precipitation that needs to be disaggregated in daily weather data. The predictWTD
considers 11 percentiles (1st, 10th, 20th, … , 90th and 99th) as target for seasonal rainfall
amount and for each percentile ten weather sequences are generated; therefore a greater
spread of predictions using the later method would be expected when comparing with
those obtained using FResampler1, especially under when a high seasonal precipitation
amount is forecasted. This is the case of the wet forecast. Moreover, stochastic
disaggregation done by predictWTD considers several combinations of frequency and
intensity to obtain the total rainfall. By contrast, sampling the same year several times
with FResampler1 produces smaller standard deviation than with predictWTD. Still, the
mean wheat yield simulated with weather series produced by either of the two methods
for disaggregating seasonal rainfall of AMJ in 2010 were close to the yield simulated
using the observed weather data in this year (Table 4.4).
In general, both methods reproduced accurately the yield probability distribution
under different forecast scenarios; therefore both tools seem appropriate to convert
seasonal climate information into distributions of wheat yields in NE region of IP.
4.3.2. Analysis of maize yield and irrigations requeriments
There were no significant differences in the yield simulated under dry,
climatology and wet forecasts, using either of the methods for disaggregating seasonal
forecast for a fully irrigated crop (Table 4.4). Under non-limiting water and nitrogen
conditions, the yield was affected by daily solar radiation, maximum and minimum
temperatures. Temperature is used for the calculation of thermal time and, consequently,
affects crop phenology and yield. The crop model uses rainfall to calculate the amount
of irrigation water required by the crop. In addition, the standard deviation of simulated
yield among realizations was greater when FResampler1 was used than when
predictWTD was applied (Table 4.4). It may be because FResampler1 samples the same
year several times and, thus, the standard deviation may be smaller than with
predictWTD, where we generate 110 different realizations. In addition, the predictWTD
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uses a parameterized model that represents a wider range of conditions, hence sampling
more plausible realizations that those parameter ranges allow.
Irrigation requirements: forecast scenarios and disaggregating methods
Significant differences in irrigation requirements were found when dry,
climatology and wet forecasts were applied to the maize model at all locations (P
<0.001, Table 4.4). Wet (dry) forecast in MJJ led a marked decrease (increase) of
irrigation requirements (Fig. 4.6).
Comparison between the two methods for disaggregating seasonal rainfall
forecast showed no significant differences in total amount of irrigation water required
by maize in most locations (Fig. 4.6). Differences were only found in Albacete, and
Lugo for conditioned on wet forecast at both locations (P<0.007), for conditioned on the
dry forecast at Albacete (P<0.011) and for conditioned on climatology forecast at Lugo
(P<0.025). These differences may be related to the different redistribution of
precipitation within the season (several possible combinations of intensity and
frequency for disaggregating the monthly precipitation amount in daily weather data)
done by methods, and the resulting wide fluctuations in soil water content that affected
dramatically the total maize irrigation requirements. Particularly in Albacete, this was
likely due to the high variability in the redistribution of monthly rainfall generated by
predictWTD in comparison to the low variability of observed rainfall during MJJ.
Moreover, the difference of results from both methods in Lugo was probably related to
the small number of available daily weather records (25 years) used to parameterize the
generator, and also to the high seasonal precipitation amount forecasted for this
location, which variability was magnified by predictWTD as explained in the former
section. This effect had consequences in other locations as well, as a greater range of
values of irrigation water requirements were obtained using predictWTD than using
FResampler at all locations. This was because predictWTD uses a greater range of
monthly precipitation amount and more combinations of frequency and intensity than
FResampler to generate the total rainfall.
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Figure 4.6. Cumulative probability functions (CDFs) of simulated irrigation water needs at five
locations in Iberian Peninsula conditioned on three forecast scenarios (dry, climatology and wet
forecast) in May-June-July (MJJ) and produced by two methods of disaggregation seasonal
rainfall forecast. The P-value in each plot indicates the statistical significance (KolmogorovSmirnov test) between the CDFs of irrigation water needs obtained by two methods.
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Irrigation requirements and locations
Spatially, southern locations (Albacete and Cordoba) had higher requirements that
the Northwest and central locations (Lugo, Lerida and Madrid, Fig. 4.6). This result
agrees with the spatial distribution of seasonal average values (MJJ) of air temperature
and precipitation characteristic of the Iberian climate (AEMET and IM, 2011): a
gradient from NW to SE, from low values of air temperature and high values of
precipitation to high values of air temperature and lower precipitation. Moreover, this is
in agreement with Sumner et al. (2001), who reported lower probability of precipitation
in the southern region from May to September, because this area is under strong high
pressure. As a consequence, and together with higher atmospheric evaporative demand
and temperatures, more irrigation water is required by maize. With this work we
provide two methods that potentially would benefit wheat and maize yield forecasting.
4.3.3. Analysis of wheat and maize forecast using the seasonal precipitation
forecast in 1998
Considering the actual precipitation forecast for AMJ of 1998 (a wet forecast),
both methods have reproduced accurately the wheat yield and irrigation water needs
prediction (Table 4.5); so according to this example both tools seem appropriate to
convert tercile-based seasonal climate information into forecasts of agricultural
production in IP.
-

Wheat
Comparison between methods for disaggregating seasonal rainfall forecast of

1998 showed no significant differences in the cumulative distribution functions (CDFs)
of wheat yield projections both at Agramunt and at Gimenells (P > 0.019, Fig. 4.7a).
The mean wheat yield simulated with the two methods for disaggregating seasonal
rainfall of AMJ in 1998 (yield forecast) were close to the historical provincial mean and
to the yield simulated using the observed weather data in this year (difference of 96 and
-10.5 kg ha-1 respectively, Table 4.5).
-

Maize
Comparison between the two methods for disaggregating seasonal rainfall

forecast showed no significant differences in total amount of irrigation water required
by maize in most locations (Fig. 4.7b). Significant difference was only found in Lérida
(P = 0.039). These differences could be related to the different redistribution of
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precipitation amount within the season done by methods as explained in the section
4.3.2.

Figure 4.7. Cumulative probability functions (CDFs) of simulated: (a) wheat yield at Agramunt
and Gimenells conditioned on the wet precipitation forecast for AMJ in 1998 and produced by
two methods of disaggregation seasonal rainfall forecast. (b) Irrigation water needs at five
locations in Iberian Peninsula conditioned on the wet precipitation forecast for AMJ in 1998 and
produced by two methods of disaggregation seasonal rainfall forecast. The P-value in each plot
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indicates the statistical significance (Kolmogorov-Smirnov test) between the CDFs of irrigation
water needs obtained by two methods.

The mean irrigation requirements simulated with the two methods for
disaggregating seasonal rainfall of AMJ in 1998 (forecast) were close to the irrigation
requirements simulated using the observed weather data in this year in most locations
(differences between 2 and 110 mm ha-1, Table 4.5). Higher difference in the amount of
irrigation was observed at Córdoba (Southern location) with a forecast of irrigation
water requirements 110 mm ha-1 higher than when simulating with observed data. This
difference could be explained because the spring of 1998 was one of the 10 rainiest of
the 42 years of available data (from 1969 to 2010). Particularly in Córdoba, the
accumulated rainfall during AMJ of 1998 was 160.5 mm according to the
meteorological station used as reference. Under these extreme wet conditions the
irrigations requirements were less than the forecast using a seasonal precipitation
forecast of 45:30:25 (A:N:B).
Table 4.5. Comparison of simulated wheat yield and irrigation water needs for maize using
weather series generated with FResampler1 and predictWTD methods for April-May-June
(AMJ) seasonal rainfall forecasts in 1998.
Historical
Simulated Forecast
provincial
Simulated
Location
Difference
(SimFor)
mean
with
(MAGRAMA)
Observed
data
Historical
SimOb(SimOb) FResampler predictWTD Mean
SimFor
SimFormean
Wheat (Yield, kg ha-1)
Agramunt
3558
3527 ± 834 3565 ± 923 3546
12
Gimenells
2863
2868 ± 843 2924 ± 952 2896
-33
Mean
3210.5
3197.5
3244.5
-10.5
96
3221
3317
Maize (Irrigation requirements, mm ha-1)
Albacete
579
576 ± 35.1
Cordoba
424
540 ± 49.9
Madrid
353
345 ± 81.4
Lerida
525
471 ± 96.6
Lugo
238
177 ± 52.1

574 ± 46.5
527 ± 59.4
356 ± 40.8
469 ± 61.7
166 ± 57.7

575
534
351
470
171

-

4
-110
2
55
67

4.3.4. Gross Margin
Farmer income is very sensitive to both, variations in climate and in market
prices. Tables 4.6 and 4.7 show the sensitivity of farmers' gross margin to grain prices
and irrigation costs, respectively, considering: 1) three rainfall forecast scenarios, 2) two
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methods for disaggregating these forecasts, and 3) three scenarios of grain prices (Table
4.6) and irrigation costs (Table 4.7) for the case of maize. It has been observed that
there is no large difference between gross margins obtained with both methods
regardless of the grain prices (Table 4.6) and the irrigation costs (Table 4.7), although
gross margin was slightly higher using FResampler1.
Table 4.6. Mean gross margin (€ ha-1) of irrigated maize and rainfed wheat at several locations
in IP for each climate scenario and method for disaggregating seasonal climate forecast,
considering three grain prices scenarios in 2010. Mean irrigation cost is considered.

Location

Grain
Price
scenario*

FResampler1
Dry
Clim
Wet

predictWTD
Dry
Clim
Wet

Min
Mean
Max

293.8
528.3
723.7

360.6
618.9
834.1

401.6
674.4
901.7

289.4
522.4
716.5

338.3
588.7
797.3

376.1
639.9
859.6

Min
Mean
Max

129.8
306.0
452.8

211.9
417.4
588.5

276.7
505.1
695.5

130.4
306.9
453.9

172.7
364.2
523.7

244.5
461.5
642.2

Min
Mean
Max

-279.4
114.5
511.9

-219.0
187.4
597.4

-186.5
225.2
640.6

-259.9
140.9
545.3

-193.6
217.9
633.2

-163.3
249.9
667.0

Córdoba

Min
Mean
Max

105.9
599.1
1096.9

142.7
639.6
1141.1

177.9
677.3
1181.3

93.1
583.3
1078.0

135.7
631.1
1131.1

148.8
638.9
1133.6

Madrid

Min
Mean
Max

-265.3
84.1
436.6

-223.0
131.4
489.1

-189.8
165.9
524.9

-244.4
108.3
464.3

-200.5
158.4
520.7

-167.3
193.8
558.2

Lérida

Min
Mean
Max

-160.3
249.7
663.5

-124.0
288.2
704.2

-37.2
386.2
813.5

-133.9
283.5
704.8

-99.8
317.0
737.6

-56.0
363.9
787.6

Lugo

Min
Mean
Max

236.0
666.2
1100.3

271.6
706.8
1146.0

301.4
734.9
1172.4

227.2
657.1
1091.0

233.0
655.9
1082.6

258.7
678.8
1102.7

Rainfed Wheat
Agramunt

Gimenell

Irrigated maize
Albacete

*Minimum. mean and maximum grain prices during the period 2006-2011 in Spain.

In addition, the results of the impact on gross margin of grain prices for both crops
and maize irrigation costs showed that changes in market prices have a greater influence
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on the farmers’ gross margin that those produced by the forecast scenarios. However,
the precipitation variations represented by the forecast scenarios have an additional
indirect impact, as grain prices may increase (or decrease) due to an increased
(decreased) frequency of crop damages driven by weather events (FAO, 2011). Present
results showed that small variations in grain prices and irrigation costs have
considerable consequences for the agricultural sector and farm income in Spain (Tables
4.6 and 4.7). However, the seasonal climate forecast can have an additional value when
combined with the expected market prices.
Table 4.7. Mean gross margin (€ ha-1) of irrigated maize at several locations in IP for each
climate scenario and method for disaggregating seasonal climate forecast considering three
irrigation cost scenarios in 2010. Mean grain price is considered.
Location

Irrigation Cost
scenario*

FResampler1
Dry
Clim
Wet

predictWTD
Dry
Clim
Wet

Min
Mean
Max

229.9
114.5
-0.6

300.7
187.4
74.4

336.3
225.2
114.5

257.9
140.9
24.2

330.3
217.9
105.9

357.7
249.9
142.6

Córdoba

Min
Mean
Max

716.8
599.1
481.9

752.8
639.6
526.8

785.4
677.3
569.6

701.1
583.3
465.9

744.6
631.1
518.1

745.5
638.9
532.8

Madrid

Min
Mean
Max

161.2
84.1
7.3

204.2
131.4
59.0

233.0
165.9
99.1

184.0
108.3
33.0

230.3
158.4
87.0

260.7
193.8
127.3

Lérida

Min
Mean
Max

354.2
249.7
145.5

387.2
288.2
189.6

476.8
386.2
296.1

388.7
283.5
178.7

414.8
317.0
219.6

455.4
363.9
272.8

Min
707.5
745.1
765.8
700.0
692.0
Mean
666.2
706.8
734.9
657.1
655.9
Max
625.2
668.9
704.3
614.6
620.1
*Minimum. mean and maximum irrigation cost during the period 2006-2011 in Spain.

707.5
678.8
650.4

Maize
Albacete

Lugo

4.3.4.1. Wheat
- Grain prices and scenarios, interactions
Although dry and wet forecasts resulted in similar deviation magnitudes from
climatological probabilities of precipitation, higher impact was obtained under dry
forecast and especially when the grain price increases as the lines diverge in Fig. 4.8a.
For instance, in Agramunt, using mean grain prices and compared to the climatological
114

Linking seasonal climate forecast with crop simulation models

forecast, the gross margin decreased 15% for dry forecast and increased 9% for wet
forecast using the FResampler method (derived from Table 4.6). Moreover, the climate
forecast acquires a higher value when the grain price is low and the forecast scenario is
dry than a high grain price and wet forecast scenario. For instance, in Agramunt, the
mean of gross margin decreased over 53% with unfavorable conditions (low grain price
and dry forecast) and increased over 46% with favorable conditions regarding to a
climatological forecast and mean grain prices.
The impact on gross margin of considering different grain prices was more
relevant in Gimenells than in Agramunt (Fig. 4.8a), even when the same historical
weather records (used to disaggregate seasonal forecast) and management were
assumed. For instance, for dry conditions and FResampler methods, the gross margin
decreased 53% in Agramunt and 69% in Gimenells, considering the mean grain price.
This illustrates how physical properties (Agramunt’s higher water holding capacity due
to soil depth and texture) propagate its influence up to the biophysical and economic
results.
4.3.4.2. Maize
- Grain prices and scenarios, interactions.
The largest impact on gross margin was obtained considering the minimum grain
price (Table 4.6), for which the mean gross margin was negative in three out of five
locations (Albacete, Madrid and Lérida) regardless of the rainfall forecast and the
disaggregation method. On the other hand, although dry and wet forecasts resulted in
similar deviation magnitudes from climatological probabilities of precipitation, it is
observed a large impact under dry forecast regardless of grain price (Fig. 4.8b and Table
4.6). Moreover, this was more relevant in locations with low precipitation than those
with high precipitation. For instance, the impact of grain prices on gross margin for dry
forecast was larger in Albacete (a location with low annual precipitation situated in the
SE, Fig 4.8b.1) than in Lugo (a location with high annual precipitation situated in the
NW, Fig. 4.8b.2). These results point to different influences and economic risks of a
seasonal forecast depending on the region, due to differences in local climate, soil,
varieties and management; in our case, related to the lower annual precipitation of some
locations compared to others (Table 4.1). This result agrees with Apipattanavis et al.
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(2010), who found site-specific differences in the implications of the same forecast
probability for different regions.

Figure 4.8. Mean gross margin (€ ha-1) in 2010 of: (a) rainfed wheat and (b) irrigated maize
under different forecast scenario (used FResampler1 method) and grain prices. Grain prices
correspond to the period 2006-2011. Mean irrigation cost is considered. The annual rainfalls are
361 mm, 361 mm, 363 mm and 1103 mm in Agramunt, Gimenells, Albacete and Lugo
respectively.

- Irrigation cost and scenarios, interactions:
Results show that changes in irrigation cost have a greater influence on the
farmers’ gross margin that those produced by the forecast scenario (Table 4.7). Mean
gross margins were positive whatever the forecast scenario, except in Albacete where
the gross margin was negative for dry forecast and considering max irrigation cost and
FResampler method. Dry forecast had larger impacts on gross margin than wet forecast,
especially when the irrigation cost is considered maximum and for Southern/central
locations (Albacete, Córdoba and Madrid). Moreover, spatial variability on gross
margin was found: the impact of irrigation cost was more relevant in Albacete, Madrid
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and Lerida than in the other locations, as expected, because in these regions the
irrigations requirements are higher (Table 4.7).
The combination of the forecast with the expected grain price and irrigation costs
can be a good support tool for decision making. The implications of these findings are
relevant for the farming sector. Thus, smallholder farmers are more likely to invest in
measures to raise productivity when a favorable cropping forecast is provided due to
expected favorable climate. Conversely, they become better placed to handle climatic
anomalies in ways that can reduce the vulnerability and production risks from adverse
conditions, adapting their crops and farm management. Also, recent studies around the
world have shown the potential value of seasonal forecast and its application to avert
otherwise costly losses of incomes, crop and animal production and human food
security (Asseng et al., 2012; Makaudze, 2014; Shafiee-Jood et al., 2014).
4.4

Conclusions
The limited predictability that exhibits the atmosphere in mid-latitudes, and

therefore de Iberian Peninsula (IP) could be managed by a probabilistic approach based
in terciles. In this paper we have shown that it is possible crop forecast using
probabilistic seasonal climate forecast in IP. A methodology that allows translating
seasonal climate forecast into forecasts of agricultural production and economic
outcomes has been tested in the IP. Methods for disaggregating seasonal rainfall
forecast into the daily data needed to run the crop models provide comparable
predictability. The two analyzed methods,

FResampler1 and predictWTD, seem

feasible options for linking seasonal forecasts with crop simulation models for
establishing yield forecasts or irrigation water requirements. Although the conditional
stochastic weather generator (predictWTD) evidenced better ability to generate
synthetic climate series consistent with seasonal climate forecast in IP, Fresampler may
be preferred over stochastic disaggregation because fewer assumptions have to be made
(eg. intensity and distribution of seasonal precipitation.
The analysis of the impact on gross margin of grain prices for both crops and
maize irrigation costs suggests that changes in market prices have a greater influence on
the farmers’ income that those produced by weather variations. However, the
integration of market prices expected and the seasonal climate forecast can be a good
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tool in farmer’s decision-making, especially on dry forecast and/or in locations with low
annual precipitation.
These methodologies allow quantifying the benefits and risks of a seasonal
weather forecast to farmers in IP even prior to the crop growth season; therefore, we are
able to reduce the losses due to adverse weather (particularly drought) or take advantage
of favorable condition.
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General discussions
A basic hypothesis of this work is that knowledge on climate variability can lead
to better decisions in agriculture (Meinke and Hammer, 1995) and can reduce the
vulnerability of agricultural production to climate variability and its extremes. In this
Thesis, the influence of climate variability patterns on crop yields in the IP and on the
predictability of the cropping season has been studied using a model chain methodology
(climate + crop). The results produced by a crop model, site-specific calibrated and
validated (see Supplement Table C.1 and C.2 in Annex C) have proved to be a valuable
tool to study the SST-forced predictability on crop yield variability; thus, they could be
used to support management decisions in IP. Crop models play nowadays an important
role at different levels of applications: from decision support for crop management at
farm level to advancing understanding of science at research level (Mavi and Tupper,
2004). The present Thesis has shown how yield simulations done with reanalyses data
can be used as an alternative methodology to obtain long time series of potential and
attainable yield, in order to assess the influence of climate variables, specially
temperature and precipitation, on crops. Simulated yield enhances the detection of
teleconnections, because the crop model 1) depends on weather variability and 2)
considers the daily interaction between climate variables during the crop cycle. The best
agreement between simulated yield using observed and reanalyses data has
corresponded to the ERA Interim and JRA data for maize and wheat respectively. These
reanalyses have shown good performance when compared to observed temperature and
precipitation in Northern Hemisphere continents (Bosilovich et al., 2008; Dee et al.,
2014). On the other hand, the SST-precipitation/temperature relationship in different
reanalyses has demonstrated a relationship that is common across all of the reanalyses
and observations (Decker et al., 2012; Kumar et al., 2013). Nevertheless, the reanalyses
datasets presents some constraints, and their use as crop model input provide less
precise yield simulations than those using observed weather data when compared to
observed yield records. In spite of these limitations, the various reanalysis products
have proven to be quite useful for different applications when used with appropriate
care (Dee et al., 2015). Thereby, simulated yield obtained with reanalysis data should be
handled prudently. This is especially true for rainfed yield variability studies, as higher
uncertainty has been reported for the reanalysis data of precipitation compared to the
uncertainty reported for other variables (Betts et al., 2006; Bosilovich et al., 2008; Dee
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et al., 2014; Trenberth et al., 2008). Further reanalysis efforts are needed into bias
corrections and errors of precipitation data.
In the first part of this Thesis, the variability of the simulated yield in a location
situated in the Northwest of IP has been found to be related to tropical Pacific SSTs
anomalies. This Thesis has demonstrated for the first time that the simulated, only
climate-dependent yield obtained from a crop model can be used as an integrated
bioclimatic indicator that captures the existing El Niño teleconnections with Europe
better than the atmospheric variables of European climate when that are directly
correlated with El Niño. Although El Niño phenomenon is the major oceanic driver of
the interannual atmospheric variability globally (McPhaden et al., 2006), its impacts on
European climate variability are controversial, especially in IP (Brönnimann et al.,
2007; Diaz et al., 2001; Greatbatch et al., 2004; Knippertz et al., 2003). The crop model
here acts a tool able to unify in a yield index the complex nonlinear relations between
the meteorological variables, producing additional information about the impact of
climate variability: impact emerges from daily variable interaction. These findings
enhance the importance of crop models as generators of a climate variability index (the
potential yield) for analyzing the working mechanisms of climate variability and
change. It could be valuable for climate variability understanding. Moreover, it could
help to crop prediction, which always faces the difficulty of lack of linear relationships
between weather variables and yield.
Relationships found for summer crops
When extending the study to the whole IP, the shown in this study have
demonstrated how most of the variability of maize yield in Spain can be explained by a
homogeneous pattern with the same behavior through the peninsula. In addition, we
have found a strong association between El Niño and the leading mode of variability of
maize yield in IP. El Niño-maize yield relationship is not stationary and non-linear, and
this Thesis has explained the biophysical impact by an understood and stationary
ecophysiological mechanism. This mechanism, discussed below, is stationary because
the crop always reacts in the same way to the same variations of the weather variables.
The non stationary part comes from the state of the SST-based teleconnections, which
have different consequences for the regional weather variables experienced by the crop.
The results indicate that the main climate factor limiting yields in irrigated
summer crops is air temperature during the anthesis and grain filling phases. High
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temperatures impact photosynthetic processes, such as Rubisco activation (CraftsBrandner and Salvucci, 2002), reducing whole plant dry matter accumulation and their
distribution especially during grain filling (Andrade et al., 1993; Echarte et al., 2013;
Muchow et al., 1990). Under high temperatures, there is reduction of grain filling
duration and, therefore a decrease in grain yield (Badu-Apraku et al., 1983; Wheeler et
al., 2000). Thus, high temperatures shorten the growing season duration in IP, reducing
the crop yield. The yield reduction, in response to elevated temperatures, has been also
associated with decreased pollen viability (Dupuis and Dumas, 1990; Herrero and
Johnson, 1980), earlier pollen desiccation (Fonseca and Westgate, 2005), disruption of
the anthesis-silking synchrony in maize (Cicchino et al., 2010), and kernel abortion
(Cicchino et al., 2010; Hanft and Jones, 1986) for grain cereals. Moreover, elevated
temperature affects grain quality severely (Selvaraju, 2003). Therefore, in the case of
maize, positive (negative) anomalies of temperatures in the IP are related to negative
(positive) anomalies of grain filling and therefore to negative (positive) anomalies of
maize yield. This is the stationary mechanism mentioned before for the maize crop.
However, El Niño-yield (grain filling duration) and El Niño-temperature relationships
change over time allowing for some predictability up to 12 months before crop harvest
during some decades. For instance, during 1960-1980 low maize yields were associated
with an El Niño to La Niña transitions and high yields were associated with a La Niña
to El Niño transitions (non- stationary mechanism explained in the discussion figure
Fig. D1). For these decades, the regional associated atmospheric pattern resembles the
Scandinavian one, which influences directly the maximum and minimum temperatures
experienced by the crop. This atmospheric pattern is part of the ENSO (El Niño
Southern Oscillation) teleconnection pattern associated with El Niño.
Although some previous studies have shown the influence of El Niño on
precipitation in IP, especially in the Northwest during spring (Lorenzo et al., 2011;
López‐Parages and Rodríguez‐Fonseca, 2012; López-Parages et al., 2014), the present
study has shown the teleconnection with temperature in summer, confirming the impact
of El Niño in Europe. These results are relevant for investigating the European
temperature dependency on tropical Pacific SST anomalies.
The best predictor for the NW of the IP is El Niño index of JAS of the previous
year to the growing season. In addition, it has been proven here that the relation
between El Niño and maize potential yield is modulated by the multidecal slowly
variant component of the ocean. Significant correlations between El Niño and maize
121

General discussions

yield appear when Atlantic Multidecadal Oscillation and Interdecadal Pacific
Oscillation (AMO and IPO) are in the same phase, being the highest significant
correlation during the 1970s-1980s when both indices were negative. This result agrees
with López-Parages and Rodríguez-Fonseca (2012), who show that under negative
phases of the AMO, the general circulation of the atmosphere favors the Rossby waves
propagation that are originated by anomalous divergence in the Equatorial Pacific
triggered by an El Niño event. This means that the relationships found in this Thesis
between yield and anomalous SSTs would open a window of opportunity for crop yield
predictability, especially under the negative phase of AMO. Nevertheless, further
analyses are needed. In this way, sensitivity experiments under different climatology
(negative AMO and positive AMO) with El Niño-La Niña transitions and viceversa are
proposed to verify our hypothesis.

Figure D1. Schematic representation of the El Niño influence mechanism on maize yield.

Many authors have associated the precipitation in IP with the Tropical Pacific (El
Niño) and Atlantic (TNA) sea surface temperature anomalies (Brönnimann et al., 2007;
Greatbatch et al., 2004; Hatzaki and Wu, 2015; Lorenzo et al., 2011; López‐Parages and
Rodríguez‐Fonseca, 2012; Mariotti et al., 2002; Rodriguez‐Fonseca and de Castro,
2002; Rodríguez‐Fonseca et al., 2006). Also, wheat yields are strongly dependent on
seasonal rainfall amount during the growing season and some previous months
(Acevedo et al., 1999; Austin et al., 1998; McAneney and Arrúe, 1993); therefore, the
wheat yield could be related with the seasonal SSTs anomalies.
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Relationships found for winter crops
Regarding the winter crop response to SSTs, the results in this Thesis show
relationships with the Tropical North Atlantic (TNA) in winter and El Niño 3 in spring
of the previous year to harvest (explained in the discussion figure Fig. D2). The SSTswheat yield relationship seems to involve the North Atlantic Oscillation (NAO) which
in turns affects the precipitation and temperature in IP. Nevertheless, the signal seems to
be no not stationary in time. The results confirm that the relation between wheat yield
and TNA/ El Niño indices always exists but does not equally hold on during the whole
analyzed period.
Positive significant correlations between TNA and yield variability appear from
1960 to 2000, especially with the TNA index from fall to winter of the sowing year (the
year before the harvest) (the mechanism is explained in Fig. D2). The positive
(negative) TNA index is associated with a negative (positive) phase of NAO, which
leads to an increase (decrease) on Tmin and Prec in IP during winter (wet winters with
mild days), and thus, an increase (decrease) in crop yields. The precipitation and Tmax
during winter affect root growth, leaf initiation and emergence and spikelet initiation
(Abeledo et al., 2008; Acevedo et al., 1999), and mean temperature, here affected by
Tmin variation, is related to the growth and developmental rates (Loomis and Connor,
1992). The North Tropical Atlantic SST variations are related to the atmosphere through
a WES (Wind-Evaporation-Sea Surface Temperature) feedback mechanism, in which
sea surface temperature, evaporation, precipitation and atmospheric-heating processes
lead to changes in temperature, precipitation and storminess over Europe (Rodwell et
al., 1999).
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Figure D2. Schematic representation of the El Niño and TNA influence mechanism during
wheat growing season.

In this Thesis, it has been demonstrated that the wheat yield variability is strongly
correlated to the El Niño 3 corresponding to several months in advance (lead time
reaching up 2 seasons before sowing date for some situations). As in the case of El
Niño-maize yield relationship, the delayed effect of El Niño on wheat in IP might be
explained by a physical mechanism of air-sea interactions: Tropical Pacific Ocean
influences tropical atmosphere that affects the SST of the Atlantic Ocean, that in turn
affects extratropical (European) atmosphere. The El Niño-wheat yield relationship was
significant from 1960 to 1980 and 1981 to 2001 (with opposite influence during each
period), while it seems to weaken from 2000s onwards. For 1960-1980, high (low)
yields were associated with a La Niña to El Niño (El Niño to La Niña) transitions or
with the final part of the La Niña (El Niño) events, whilst the situation was the opposite
for 1981-2001. For instance, for the 1960-1980 period, when El Niño event was
finished there was an increased chance of having drought or dry conditions in IP, and
therefore, there was an increased chance of having low wheat yields. Conversely, it
meant a high chance of high (compared to the mean) rainfall in IP, so winter rainfed
crops were likely to be favored during 1981-2001 (Fig. D2). This result is in agreement
with Iglesias et al. (2011) who have shown that El Niño events produced rainy springs
in the Southwestern Europe after 1970s. Moreover, Bulić and Kucharski (2012) have
suggested a delayed ENSO impact on spring precipitation over North/Atlantic European
region. The suggested mechanism is as follows: a positive (negative) ENSO event
during winter leads to a quasi-barotropic trough (ridge) in the North Atlantic region.
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This causes anomalies in the surface heat fluxes that result in negative (positive) SST
anomalies in the central North Atlantic and anomalies of the opposite sign further to the
South that remains in spring. It enhances (reduces) moisture flux and low–level
convergence (divergence) and thus positive (negative) precipitation anomalies in IP. For
the strongest El Niño-wheat yield relationship period (1981-2001), the regional
associated atmospheric pattern resembles the NAO one, which influences directly the
maximum temperatures and precipitation experienced by the crop during flowering and
grain filling. Low precipitation and high temperatures during the early period of grain
development reduce the number of florets which produce harvestable grains and the
weight of these grains at maturity, and therefore the wheat yield (Nicolas et al., 1984;
Saini and Westgate, 1999; Shah and Paulsen, 2003; Tashiro and Wardlaw, 1990). In
addition, high temperatures accelerate development of the grain, causing a shorter
duration of grain filling and thus wheat yield reduction (Gibson and Paulsen, 1999;
Wiegand and Cuellar, 1980). Again, this ecophysiological mechanism is the stationary
part of the relationships found.
Furthermore, Niño 3 index is linked to the TNA during spring, increasing spring
precipitation over IP during 1981-2001. Some studies have suggested that the tropical
Atlantic variability due to ENSO takes place by changes in Walker and Hadley
circulations (Wang, 2002) or by propagation of the anomalies through anomalous wave
trains emanating from the equatorial Pacific (Handoh et al., 2006; Huang et al., 2002;
Münnich and Neelin, 2005; Saravanan and Chang, 2000). The Atlantic-Pacific
connection involves changes in the global climate variability (Trenberth et al., 1998).
Therefore, the co-effects of the two tele-connection patterns described here help to
increase (or decrease) the rainfall and decrease (increase) Tmax in IP, and thus to
increase (decrease) wheat yield.
The impact of the SST anomalies is highly significant for both maize and wheat in
IP. Understanding how and in what direction these anomalies trigger the
ecophysiological mechanisms that drive crop response is a key in establishing the
teleconnection of SSTs patterns. The results of this Thesis suggest the possibility of
qualitatively crop forecast in IP with various months in advance up to harvest using SST
or/and atmospheric indices. The use of El Niño categories may be a limitation for crop
forecasting due to their non-stationarity influences on Europe (Table D1). For instance,
the results presented above have drawn our attention towards two periods, because they
presented the strongest El Niño influence on crops variability in IP: 1960-1980 for
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irrigated maize and 1981-2001 for rainfed wheat. During 1960-1980, an El Niño (La
Niña) phase preceding growing season (8 months before sowing date) affects negatively
(positively) irrigated maize because the El Niño (La Niña) event increases (diminishes)
summer temperature (maximum and minimum) when anthesis and grain filling occurs.
Meanwhile, for 1981-2001, El Niño (La Niña) events preceding growing season (7
months before sowing date) produced high (low) wheat yield because the El Niño (La
Niña) event decreases (increases) the winter Tmin (during sowing season), increases
(decreases) spring precipitation and decreases (increases) maximum temperature when
anthesis and grain filling occurs. Nevertheless, the yield-El Niño relationship in IP can
be useful because the relationship change periodically and appears at multidecadal
timescales, following the multidecadal variability of ocean that modulates ENSO
teleconnection with Europe. In this way, the crop predictability seems to increase when
AMO and IPO are in the same phase, being strongest when both multidecadal indices
are negative (Table D1).
Table D1. El Niño impacts on crops and its ecophysiological coherence for different periods.
The red (blue) color shows the positive (negative) phases of SST indices (multidecadal and
interannual). Arrows show increases (↑) or decreases (↓) in agricultural and climatic variables.
Period

Crop

1935-1955

Maize

Multidecadal
indices
AMO1
IPO2
+
+

Wheat

1960-1980

Maize

Maize

El Niño to La Niña
El Niño prior to harvest
or El Niño to La Niña

-

-

Wheat

1981-2001

Niño event

El Niño to La Niña
El Niño prior to harvest
or El Niño to La Niña

-/+

+

Wheat

El Niño to La Niña
El Niño prior to harvest
or El Niño to La Niña

1

AMO: Atlantic Multidecadal Oscillation
IPO: Interdecadal Pacific Oscillation.

2
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Climate Variables

Yield

↓ summer Tmax

↑

↑ summer Tmax

↓

and Tmin
Not significant

and Tmin
↓ winter Tmin,
↑ spring Tmax,
↓ winter and
spring Prec

↓ summer Tmax
and Tmin
↑ winter Tmin,
↓ spring Tmax,
↑ winter and
spring Prec

↓

↑
↑
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Forecasting of seasonal and long term climate variability and oceanic patterns
(like El Niño) is essential for projecting crop yields accurately. Seasonal climate
forecasts are now available up to 6 months in advance from a number of operational
meteorological centers around the world: USA (International Research Institute for
Climate and Society “IRI” and Climate Prediction Center “CPC-NOAA”), Europe
(Meteorological Office “MetOffice”, and European Centre for Medium Range Weather
Forecast, ECMWF), Japan (Japan Meteorological Agency “JMA”), Australia (Bureau
of Meteorology), etc. In addition, the Spanish Meteorological Agency (AEMET)
improves the prediction for Spain generated by dynamic models (ECMWF, NCEP,
Meteo France system, Met Office system) through the application of forecast
assimilation, which combines some prediction models with historical information
(climatology) (Sánchez-García et al., 2014). As current seasonal forecast systems are
based on the atmospheric response to SST variability, the SST provides the potential to
produce an accurate forecast of seasonal climate anomalies for many areas of the world
(Mason et al., 1999; Palmer and Anderson, 1994; Shukla, 1998). In Spain, some traces
of seasonal skill induced by ENSO events have been reported (Sordo et al., 2008). The
results of this Thesis have found an influence of El Niño on crop through its impact on
climate variability in IP. Therefore, the correct prediction of El Niño phenomena may
increase the predictability of climate and crop yield fluctuations in IP. However, there is
uncertainty in climate predictions due to the lack of perfect knowledge of the initial
conditions of the climate system and the impossibility of modeling the climate system in
a perfect way (Sánchez-García et al., 2014). For this reason, the seasonal climate
forecasts are managed by a probabilistic approach.
An alternative method to regression techniques for quantitative crop prediction is
using seasonal climate forecasts applied to crop models. Crop simulation models require
daily weather data as input for simulating crop growth (Krishna-Murthy, 2003). For
crop forecasting, it is necessary to feed the crop model with daily “future” climate data.
There are some difficulties: Numerical climate models underestimate the number of
rainfall events, and therefore reduce the number of dry-spells (Shin et al., 2006). In
addition, the climate uncertainties are also related to the spatial and temporal
downscaling of the seasonal climate forecast (Baigorria et al., 2007). For that reason,
the forecast of rainfed crops is more difficult as the predictability of rainfall is limited to
the regional spatial scale. However, the crop predictability has been improved due to the
use of historical weather for disaggregating seasonal climate forecasts, because these
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data contains the climate variability of each study location. The precipitation (and other
variables) variability from the historical weather is thus incorporated in the seasonal
forecast.
In this Thesis, two methods (FResampler1 and predictWTD) for disaggregating
seasonal weather forecasts were evaluated and applied to analyze the potential benefits
for wheat and maize prediction of using tercile-based seasonal precipitation forecasts.
When seasonal climate forecast in terciles probability have to be applied for crop
forecasting, this study concludes that the use of both FResampler1 and predictWTD for
temporal downscaling seasonal rainfall forecasts provide reliable yield and irrigation
requirements predictions in the IP. In the case of yield forecast, the mean yield
simulated for maize and wheat with the two methods for disaggregating seasonal
rainfall in 1998 and 2010 (yield forecast) were close to the historical provincial mean
and to the yield simulated using the observed weather data in those years. Similar
results were found to irrigation requirements: the mean irrigation requirements
simulated for maize with the two methods for disaggregating seasonal rainfall were
close to the irrigation requirements simulated using the observed weather data in 1998
and 2010 in most locations. Moreover, seasonal climate forecast could be used to
phenology prediction of crops in IP that not have a complete crop model but have
calibrated phenological formulas. e.g. the woody crops to calculate when they will
flower.
The estimation of economic margins and production risks associated with extreme
scenarios of seasonal rainfall forecasts (dry and wet) showed that the seasonal climate
forecast can have an additional value when combined with the expected market prices
especially under dry forecast and/or in locations with low annual precipitation. The
precipitation variations represented by the forecast scenarios have an additional indirect
impact because grain prices may increase (or decrease) due to an increased (decreased)
frequency of crop damages driven by weather events (FAO, 2014). The present Thesis
has shown that that small variation in grain prices and irrigation costs have considerable
consequences for the agricultural sector and farm income in Spain.
The crop predictability decreases when the lead-time of seasonal climate forecast
increases, as expected. The uncertainty of the crop forecast has two components, one
coming from the weather forecast, and the other from the crop simulation. The climatic
component of this uncertainty decreases through the growing season, so, the relative
contribution of seasonal forecast to overall predictability tends to be greater early in the
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season, and to decrease as the season progresses (Hansen et al., 2006). On the other
hand, the crop modeling component of the uncertainty in crop prediction can be
improved via improved calibration of model inputs, data assimilation, or the
incorporation of new observations (assimilation of soil moisture data and of leaf area
index) into the crop model at a given time step to correct variables describing the state
of the crop system (Hoefsloot et al., 2012). Thereby, nowadays it is theoretically
possible to provide crop yield estimates in IP on time for decision making with
acceptable errors. In spite of this, and to foster the transition from theory to practical,
everyday application, it is still necessary to consider an ensemble or a variety of
methods and approaches for crop forecasting. An optimal method, valid for all
geographical locations, crops and climatic situations, is not yet identified.
Previous results have shown that climate information can be highly valuable for
both farmers and policy-makers. They can be used as inputs to crop models to be run
prior to or during the growing season to help farmers, producers, governmental agencies
etc., to make managerial decisions. Furthermore, an accurate crop forecast with a longer
lead-time is relevant to many agricultural and food security decisions. It allows a
decision maker to implement measures in advance to optimize crop yield reducing risk
associated with climate uncertainty (Selvaraju, 2012), to evaluate the crop-area
insurance contracts (Basso et al., 2013) and to inform agribusiness companies of the
coming
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The present Thesis has confirmed that:
-

Crop models are sensitive tools to detect climate variability and can reflect its

effects on critical phases of crop development, whenever that reliable site-specific
crop model calibration and validation with field data is accomplished.
-

Yield simulations done using a site-specific calibrated and validated crop model

and observed weather data can give robust, reproducible, and transparent estimates of
potential and attainable yield of crops at local level in IP.
The present Thesis has concluded that:
-

Reanalysis can be used as an alternative methodology to obtain long time series

of potential and attainable yield, only-climate dependent, when historical weather
records are missing or too short. The obtained time series can be used to assess the
climate variability and predictability of crop yields. Special attention is given to the
oceanic influence in the variability of crop yield. This is especially true for irrigated
crops for which precipitation is not an important contributor to yield. Some
limitations appeared when using precipitation reanalysis data to obtain attainable
yield for rainfed crops.
-

Yield simulations obtained from a crop model are only climate-dependent and

can be used as an integrated bioclimatic indicator that captures the existing El Niño
teleconnections with Europe better than the atmospheric variables do.
-

A high percentage of yield variability in IP can be explained by oceanic

anomalies and atmospheric patterns. Most of the variability of irrigated maize yield
in Spain can be explained by a homogeneous pattern of anomalies with the same
behavior through the IP.
-

The degree of crop predictability depends on 1) the high frequency SST

variability, as predictability increases in transitions from El Niño to La Niña and
vice-versa or an El Niño/ La Niña event, and 2) the low frequency ocean modulation,
as predictability increases when both AMO and IPO are in the same phase.
-

The relationship found between patterns of SST variations (El Niño and the

TNA) and crop yield in the IP is not stationary and nonlinear and can be explained
by an understood and stationary ecophysiological mechanism:
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a. In the case of maize, when temperature increases during summer imply a
shortening of the grain filling period result in lower maize yield as the crop has
less time for accumulating biomass in the harvestable fraction.
b. For wheat, a decrease (increase) on Tmin and Prec during winter, a decrease
(increase) on Prec and increase (decrease) on Tmax during spring are related to an
increase (decrease) in wheat yield.
-

The positive anomalies of temperatures and negative anomalies of grain filling

are related to opposite states of the El Niño events during several decades over the
last century, depending on the phase of multidecadal indices:
a. The highest correlation between El Niño and maize yield has taken place in the
period 1960-1980 (minimum of the AMO). For these decades, low yields are
associated with an El Niño to La Niña transitions and high yields are associated
with a La Niña to El Niño transitions. For these events, the regional associated
atmospheric pattern resembles the Scandinavian one, which influences directly the
Tmax and Tmin experienced by the crop during grain filling (JAS). This
atmospheric pattern is part of the ENSO teleconnection pattern associated with El
Niño. The El Niño3 of JASL is the best predictor which allows some
predictability up to 12 months before crop harvest.
b. The highest correlation between El Niño and wheat yield takes place in the
period 1981-2001. For these decades, high (low) yields are associated with an El
Niño to La Niña (La Niña to El Niño) transitions or with finishing El Niño events.
For these events, the regional associated atmospheric pattern resembles the NAO
one, which influences directly the Tmax and Prec experienced by the crop
especially during flowering and grain filling.

Niño3 index in MAM for the

preceding year to harvest is the best predictor which allows some predictability up
to 2 seasons before sowing date.
c. Positive significant correlations between TNA and wheat yield variability
appear from 1960 to 2000, especially with the TNA index from fall to winter of
the sowing year (the year before the harvest). The positive (negative) TNA index
is associated to a negative (positive) phase of NAO, which increase (decrease)
Tmin and Prec during winter, and thus, increases (decreases) yield in IP. The
TNA of DJF is the best predictor which allows some predictability up to 6 months
before crop harvest.
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-

The delayed effect of SST on crops in IP may be explained by a physical

mechanism of air-sea interactions. Tropical Pacific and Atlantic SST are
communicated to the atmosphere through atmospheric-heating processes leading to
changes in SLP, temperature and precipitation over IP, and therefore on crop yield.
-

Tropical SST (El Niño and TNA) provides the potential to produce an accurate

forecast of seasonal climate anomalies in IP; therefore this seasonal climate forecast
may increase the predictability of crop yield in IP. In addition, the limited
predictability that exhibits the atmosphere in mid-latitudes, and therefore in the IP
can be managed by a probabilistic approach based in tercile probabilities.
-

There are potential benefits for wheat and maize yields prediction in IP using

probabilistic seasonal climate forecasts. Seasonal climate forecast have been
translated into forecasts of agricultural yield and economic outcomes. The two
analyzed methods (FResampler1 and predictWTD) for disaggregating seasonal
rainfall forecasts into the daily data needed to run the crop models provided
comparable predictability; therefore both of them are feasible options for linking
seasonal forecasts with crop simulation models for establishing forecasts of yield and
irrigation water requirement.
-

Changes in market prices have a greater influence on the farmers’ income that

those produced by weather variations. However, the integration of the expected
market prices and the seasonal climate forecasts can be a useful tool in farmer’s
decision-making in IP, especially under dry forecast and/or in locations with low
annual precipitation.
-

The potential usefulness of this Thesis is to apply the relationships found to crop

forecasting of the next cropping season, suggesting opportunity time windows for the
prediction and for the decisions. Both public (improvement of agricultural planning)
and private (decision support to farmers, insurance companies) sectors may benefit
from such an improvement of crop forecasting.
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ANNEX A
Appendix A. Supplementary material related to the article “Crop yield as a
bioclimatic index of El Niño impact in Europe: crop forecast implications”
Supplementary Tables
Table A.1. Relationship between El Niño-yield correlation curve- and the AMO index.
Significant correlation coefficients (r, significant at 95%) between AMO index of JASL
and the curve of 21- year window moving correlations between Niño3_JASL and yield
anomalies (one year before the harvest date). The number of data N is included in
parenthesis, so higher correlations with small samples are equally significant that lower
correlations with bigger samples.

20 Century
NCEP

20
Century
r (N)
1

NCEP
r (N)

ERA
JRA_55
40
r (N)
r (N)

ERA
Interim
r (N)

ERA
20CM
r (N)

AMO_JASL
r (N)

1
0.81
1
JRA_55
(33)
0.90
0.98
1
ERA 40
0.47 (23)
(23)
(23)
ERA
0.90
0.72
0.86 (12)
1
Interim.
(12)
(12)
ERA
0.41
0.75
0.82
0.49 (89)
1
20CM
(42)
(32)
(23)
0.78
0.41
0.72
AMO
0.58 (90)
-0.83 (12) 0.44 (89)
1
(43)
(33)
(23)
Note: In this case, all the correlations are significant, also the correlation with the experiments
that use ERA20CM as input for the crop model.
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Table A.2. Relationship between El Niño-yield correlation curve- and the IPO index.
Significant correlation coefficient (r, significant at 95%) between PDO index of JAS
and the curve of 21- year window moving correlations between Niño3_JAS and yield
anomalies (when grain filling occurs most of years). The number of data N is included
in parenthesis, so higher correlations with small samples are equally significant that
lower correlations with bigger samples.

20 Century
NCEP

20
Century
r (N)
1
0.94 (43)

JRA_55

0.95 (33)

ERA 40

0.97 (23)

ERA
Interim.

0.58 (12)

ERA 20CM

0.33 (89)
-0.36
(90)

IPO

NCEP
r (N)
1
0.98
(33)
0.96
(23)

-0.82
(43)

JRA_55
r (N)

ERA 40
r (N)

ERA
Interim
r (N)

ERA
20CM
r (N)

IPO_JAS
r (N)

1
0.99
(23)
0.60
(12)

1
1
0.70
(23)
-0.96
(23)

-0.79
(33)

0.93 (11)

1
1

Table A.3. Detailed analysis of years in the period 1960-1980 that apparently do not
follow the ecophysiological mechanism. Anomalies of crop and climate variables for
years in the period 1960-1980 in which crop and Tmean anomalies do not follow the
ecophysiological coherence (the higher the temperature the shorter the grain filling and
the lower the yield, and viceversa). Temperature anomalies are calculated for both JAS
and for the exact period of grain filling.

Year

Yield

Grain
filling
Duration

1967 0.283

-0.514

1976 0.663

-0.326

0.456

1.121

1979 0.687

-0.030

1977

Exact Period of
Grain Filling
19 July - 15
September
13 July - 07
September
08 August - 13
October
18 July - 13
September

Period: Grain filling

Period: JAS

Tmax

Tmin

Tmean Tmax

Tmin

Tmean

0.385

0.264

0.377

0.791

0.706

0.839

0.150

0.521

0.317

1.176

1.309
0.324

0.793
1.137

0.014
0.721
0.105

0.076

150

-1.336
-0.096

0.421

-0.517
-1.064
0.220
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Table A.4. Detailed analysis of years in the period 1935-1955 that apparently do not
follow the ecophysiological mechanism. Anomalies of crop and climate variables for
years in the period 1935-1955 in which crop and Tmean anomalies do not follow the
ecophysiological coherence (the higher the temperature the shorter the grain filling and
the lower the yield, and viceversa). Temperature anomalies are calculated for both JAS
and for the exact period of grain filling.

Year

Grain
Yield
filling
Duration

Exact Period of
Grain Filling

Period: Grain filling
Tmax

Tmin

Tmean

Period: JAS
Tmax

Tmin

Tmean

23 July- 20
September
-0.591 -0.429 -0.529 0.011 0.133
0.061
23 July- 17
1939
-0.084
0.147
September
-0.176
0.233
-0.002 -0.349 0.243 -0.085
17 July- 10
1942 0.391 -0.319
September
0.212
0.488
0.338 -0.061 0.032 -0.016
Note: When the exact period of grain filling is considered, all cases fulfill the ecophysiological
mechanism.
1935 0.988

0.595

Table A.5. Detailed analysis of the year in the period 1960-1980 in which El Niño/La
Niña events were not related with yield. Anomalies of crop and climate variables the
year in the period 1960-1980 in which El Niño/La Niña events (of JASL) were not
related with yield.

Year

Yield

Grain
filling
Duration

Dates
Grain Filling

Grain filling
Tmax

Tmin

Tmean Tmax

JAS
Tmin

Tmean

23 July0.009 0.094 0.048 0.484 0.744 0.651
21September
Note: In this year there was a transition from a weak El Niño in 1969-1970 to a moderate La
Niña event in 1970-1971 that not affect yield (1970, not significant yield anomalies).
1970 0.051

-0.080
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Table A.6. Detailed analysis of the year in the period 1935-1955 in which El Niño/La
Niña events were not related with yield. Anomalies of crop and climate variables for
years in which El Niño/La Niña events (of JASL) were not related with Yield in the
period 1935-1955.

Year

Yield

Grain
filling
Duration

1940

-1.078

-0.528

1941

-0.197

-0.094

1951

0.466

1.171

Dates
Grain Filling
24 July- 16
September
17 July- 11
September
25 July- 25
September

Grain filling

JAS

Tmax

Tmin

Tmean

Tmax

Tmin

Tmean

0.497

0.613

0.558

-0.063

0.032

-0.018

0.334

-0.362

0.035

1.534

0.572

1.127

-1.215

-0.920

-1.099

-0.289

-0.436

-0.358

Note: In this period, El Niño 1939 and 1940 did not affected yield in 1940 and 1941
respectively, and La Niña 1950 did not affected yield in 1951. In the two first cases, there were
not El Niño -La Niña transitions, but this was a strong and the longest-lasting El Niño event
(1939-1942) for 20th century, which caused the most pronounced of the climatic anomalies in
Europe1. In the third event, there was a transition: from a moderate La Niña event (1949-1951)
to a weak El Niño (1951-1952), however in the summer 1950 La Niña was weakening (no
significant anomalies) and in 1951 started a weak El Niño. Therefore, cases when El Niño-yield
relationship was not fulfilled are scarce and are related to not transition situations or to
transitions between weak events.
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Supplementary Figure

Figure A.1. Phase diagrams of standardized yield anomalies simulated using ERA
20CM (left) and standardized Pacific SST anomalies of JAS from the Niño3 region
(right), for three periods (33 years each): 1901-1936, 1937-1972, 1973-2008. Letter “i”
represents the square of the mean anomaly of two consecutive years.
Note: it can be seen how for the first and third period (first and third rows) highest
positive anomalous yields are associated with stronger El Niño events and weaker
negative anomalous yield with weaker La Niña events. In the central period (second
row) the relation is the opposite.
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ANNEX B
Appendix B. Supplementary material related to the article “Sea surface
temperature impacts on winter cropping systems in the Iberian Peninsula”
Supplementary Table
Table B.1. Correlations between standardized yield and the climate variables anomalies
(Tmax, Tmin, Prec, Rad) used as inputs to crop model (significant correlations at 95%
confidence level in bold). Rows show yields simulated with observed data (AEMET)
and with several reanalysis datasets (20th Century, NCEP, JRA 55 and ERA 40) at
Agramunt and Gimenells. The correlation period corresponds to the extent of each
dataset.
Variable

Tmin

Tmax

Prec

Season
Agramunt

DJF

FMA

MAM

AMJ

MJJ

DJF

JFM

FMA

MAM

AMJ

AEMET

0.34

-0.35

-0.40

-0.39

-0.39

0.52

0.58

0.63

0.55

0.42

20th
Century
NCEP

0.30

-0.29

-0.59

-0.57

-0.53

0.54

0.56

0.49

0.57

0.46

0.12

0.01

-0.38

-0.53

-0.49

0.27

0.29

0.65

0.80

0.59

JRA-55

0.15

-0.40

-0.70

-0.58

-0.37

0.32

0.49

0.64

0.63

0.35

ERA40

0.03

-0.09

-0.23

-0.46

-0.56

0.55

0.34

0.37

0.31

0.39

0.32

-0.39

-0.42

-0.39

-0.35

0.43

0.56

0.70

0.60

0.40

0.23

-0.34

-0.61

-0.59

-0.52

0.49

0.59

0.64

0.71

0.48

0.10

0.01

-0.36

-0.48

-0.46

0.20

0.22

0.64

0.80

0.62

JRA 55

0.14

-0.41

-0.66

-0.54

-0.34

0.31

0.51

0.73

0.68

0.37

ERA40

0.00

-0.14

-0.30

-0.47

-0.57

0.33

0.15

0.47

0.56

0.57

Gimenells
AEMET
20th
Century
NCEP
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Supplementary Figure

Figure B.1 Stationarity of the NAO-yield relationship. The 21-year moving window
correlations between mean yield anomalies in the NE of the IP (simulated with observed
(AEMET) and reanalysis datasets) and NAO index for seasons before the harvest date
(from January-February-March of the year preceding the harvest year or lag season, L,
(“JFML”) to May-June-July of the crop cycle year (“MJJ”). The x-axis represents the
midpoint of the 21-year windows for which correlation is calculated, and the y-axis
shows the season of NAO index. The shaded areas show periods with 95% significance
correlations according to a Monte Carlo test.
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ANNEX C
Appendix C. Supplementary material related to the data used to run crop models.
Supplementary Table
Table C.1. Genetic coefficients derived for maize and wheat calibration in the IP.
Crop/Location

Variety

Genetic coefficients*
P1

P2

P5

G1

G2

G3

PHINT

Maize
Lugo

Clarica (FAO 300)

180

0

630

1205

5.75

37

Lérida

Eleonora
700)

290

0

1000

735

7.5

45

Madrid

G-98
Pioneer
(FAO 700)

390

0

770

750

7.5

60

Albacete

Prisma (FAO 700)

280

0.3

789

850

9

50

Córdoba

Helen (FAO 700)

245

0

800

1100

8

45

P1V

P1D

P5

G2

G3

PHINT

Wheat

(FAO

G1

Agramunt

Soisson

60

175

340

15.84 31.45

2.29

95

Gimenells

Soisson

60

175

340

15.84 31.45

2.29

95

*Meaning of Genetic Coefficients. Maize. P1: Thermal time from seedling emergence to the end of the
juvenile phase (expressed in degree days above a base temperature of 8ºC) during which the plant is not
responsive to changes in photoperiod, P2: Extent to which development (expressed as days) is delayed
for each hour increase in photoperiod above the longest photoperiod at which development proceeds at a
maximum rate (which is considered to be 12.5 hours), P5: Thermal time from silking to physiological
maturity (expressed in degree days above a base temperature of 8ºC), G2: Maximum possible number of
kernels per plant, G3: Kernel filling rate during the linear grain filling stage and under optimum
conditions (mg/day); PHINT: Interval between successive leaf tip appearances (ºC day).
Wheat. P1V: Days at optimum vernalizing temperature, P1D: % reduction in rate/10 h drop in
photoperiod, P5: Grain filling (excluding lag) phase duration (ºC day), G1: Kernel number per unit
canopy weight at anthesis (#/g), G2: Standard kernel size under optimum conditions (mg), G3: Standard,
non-stressed mature tiller weight (including grain) (g dry weight), PHINT: Interval between successive
leaf tip appearances (ºC day).
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Table C.2. Soil profile description used for crop simulation.
Crop/Location
Maize
Lugo

Soil Type

Soil profile

Typic Haplumbrept

Lérida

Petrocalcic Calcixerept

Madrid

Typic Calcixerept

Albacete

Calcixerollic-Xerochrepts

Córdoba

Xerofluvent
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Table C.2. (Continued)
Crop/Location
Wheat
Agramunt

Gimenells

Soil Type

Soil profile

Xerofluvent Typic

Petrocalcic Calcixerept
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