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a b s t r a c t 

One of the most relevant inputs for hydrological modeling is the soil map. The soil sources 
and scales for the soil properties are diverse, and the quality of soil mapping is increasing, 
but soil surveying is t ime-consuming and large area campaigns are expensive. The taxo-
nomic unit approach for soil mapping is common and limited to one layer of data. This 
limitation causes errors in simulated water fluxes through the soil when taxonomic units 
approach is implemented during hydrological modeling analysis. Some strategies using 
geostatistics and machine learning algorithms such as Kriging and Self-Organizing maps 
(SOM) are improving the taxonomic units’ approach and could serve as an alternative for 
soil mapping for hydrological purposes. The aim of this work is to study the influence of 
different soil maps and resolutions on the main hydrological components of a sub-arid 
watershed in central Spain. For this, the Soil Water and Assessment Tool (SWAT) was pa
rameterized with three different soil maps . A first one was based on Harmonized World 
Soil database from FAO, at scale 1:1,0 0 0,0 0 0 (HWSD). The other two were based on a Krig-
ing interpolation at 10 0 × 10 0 m from soil samples. To obtain soil properties map from it, 
two strategies were applied: one was to average the soil properties following the official 
taxonomic soil units at 1:40 0,0 0 0 scale (Agricultural Technological Institute of Castilla and 
Leon - ITACyL) and the other was to applied Self-organizing map (SOM) to create the soil 
uni ts (SOMM). 

The results suggest that scale and soil properties mapping influence HRU definition, which 
in turn affects water flow through the soils. Statistical metrics of model performance were 
improved from R 2 = 0.62 and NSE = 0.46 with HWSD soil map to R 2 = 0.86 and NSE = 0.84 
with SOM and similar values were achieved during validation. Thus, the SOM is presented 
as an innovative algorithm applied for hydrological modeling with SWAT, significantly in
creasing the level of model accuracy to stream flow in sub-arid watersheds. 



1. Introduction 

Hydrological modeling is one of the most frequent tools used by scientist and authorities for watershed land management 
and water resources assessment. The increase of the computer processing capacity, the use of remote sensing and big data 
treatment allow to hydrological models be precise on calculations. However, the availability of data, specially its temporal 
and spatial resolution, as well as the intrinsic variability limit the application of the results as decision making tool. For 
this reason, new modeling approaches are developed to take advantage of available data and mathematical methods [1,2] to 
improve the model accuracy and carry out a multi-objective assessment of the hydrologic cycle [3,4]. 

Soil is one of the fundamental characteristics of the landscape, containing such as physical, biological, chemical, morpho
logical, and mineralogical attributes with 3-D variability [5]. Several findings conclude that soils properties present spatial 
soil patterns [6]. Even though these present some disturbances in lower profiles, the topsoil properties exhibit spatial sim
ilarities. Regarding hydrological modeling, the soil pattern identification is a priority to simplify calculation processes at 
subbasin scale [7]. Soil properties are one of the most heterogeneity sections of water cycle having a direct impact on the 
discharges of many rivers around the world [8]. Soil variability is complex and its simplification could disturb the hydric be
havior through the soil profile [9], the errors in the quantification of soil properties affect modeling. Soils are also dynamic 
in the landscape and the land management is considered a driver for the change on the hydric behavior [10]. Development 
of precise soils maps is expensive and t ime consuming using a traditional approach based on taxonomic group classifica
tion. For this reason, exploring multidimensional methods for clustering could facilitate model set-up of soils data sets for 
hydrological studies. 

Soil data sets for hydrological modeling are usually selected and arranged using different geostatistics methods as Kriging 
[11] and implementing the Self-Organizing Maps (SOM) [12] for soil mapping in water resources [13]. Kriging represents 
one of the most used tools since the late 1970s [9] for representing soil properties in maps and also serves to predict 
attribute values for unsampled locations in many works with good results [14,15]. On the other hand, SOM method is a 
multidimensional strategy for clustering data sets and extracting the dimensional values [16]. The SOM, alone or with other 
techniques [17], is an ideal tool for visualize multidimensional data sets in maps [18] in the exploratory phase. 

The aim of this study is to compare the influence of three soil mapping strategies in the set-up of a hydrological model 
and the effect of each one on the water balance (fluxes) of the rainfall-runoff processes at the outlet of a sub-arid watershed. 
The Soil Water and Assessment Tool (SWAT) was used in the Adaja River basin (Spain) in this context. 

2. Materials and methods 

2.1. Study area 

The Adaja watershed is a tributary subbasin of Duero River and defined as a second order watershed covering an ap
proximate area of 5,263 km 2 , comprising two mains tributaries, the Adaja River (left) and Eresma River (right) (see Fig. 1). 
The Adaja watershed presents a regulated stream network in the highlands. To cover water demands, large quantities are 
stored in reservoirs providing 26.81 h m 3 and 117.0 6 h m 3 of fresh and irrigation water, respectively. Most of those demands 
are located in the watershed midlands and lowlands [19]. The catchment is gauged at Valdestillas flow gauge (VFG) cover
ing the 98.6% of the total drainage area and daily measurement considered for modeling were selected from 2004 to 2014. 
This subbasin presents an elevation range between 670–2,426 m., because of this and the landscape variation a proposed 
division in three parts (lowlands, midland and uplands) is a reasonable approach to assess water balance components of 
the Cega-Eresma-Adaja system [20]. The land use in the Adaja River subbasin is dominated by rainfed agriculture (56.54%), 
forest (22.27%), urban and transportation (11.22%), shrubs and pastures (7.92%), irrigated crops (1.94%), and water (0.1%) (see 
Fig. 2) 

The Adaja watershed contributes with an average discharge over Duero River with 407 h m 3 y r - 1 calculated in short flow 
series reference. The total water demand (153.94 h m 3 y r - 1 ) of the study area is attributable to five main sectors: (1) Agri
culture (76%) 117.0 6 h m 3 y r - 1 (2) Freshwater (17.4%) 26.81 h m 3 y r - 1 (3) Livestock (4.6%) 7.10 h m 3 yr ’ -1 , (4) Industrial (1.4%) 
2.08 h m 3 y r - 1 and (5) recreational (0.6%) 0.89 h m 3 y r - 1 [19]. Water abstraction to supply demand comes from surface and 
groundwater bodies, denoting that groundwater abstraction is the main source of water supply when rivers run with low 
flow during the spring-summer period. 

The predominant soils groups are Cambisols (35.9%), Luvisols (31.4%), Leptosols (12.7%), Arenosols (9.8%), Fluvisols (4.9%), 
Regosols (1.9%), Solonchack (1.7%), Solonetz (1.7%) and Gleysol (0.1%) [21]. 

2.2. Soil map properties sources for hydrological modelling 

Two different soil data sources were used to obtain three soils mapping and setting up the hydrological model. First, 
a Harmonized World Soil data base from FAO soil map at 1:1,000,000 scale (HWSD) comprising all soil properties needed 
for hydrological modeling, including soil depth (Fig. 3A). Data of soil properties are shown in Table A1 in supplementary 
material. 

Second, a database of 407 soil samples of the watershed from different sources [21] was used to create a griding of 
10 0 × 10 0 m resolution starting from a sampling density of approximately 25 × 25 m. A Kriging method [22,25] was applied 



Fig. 1. Study area location indicating the gauging station Valdestillas (VFG), subbasin distribution and Adaja River watershed segmentation in North central 
Spain. 

to the original set contained 11 soil variables related to physical and chemical properties, see supplementary material Figure 
A1. The soil variables grid was used to obtain the other two soil mapping. Soil depth wasn’t included in this set. 

Based on the taxonomic soil units (TSU) of ITACyL, at 1:400,000 scale (Fig. 3B), the average of soil variable grid belonging 
to the same soil unit was applied to obtain a soil mapping of properties named as TSU. At this point, we would like to bring 
up that, commonly, soil maps for hydrological modeling set-up are based on the taxonomic approach. In general, those maps 
were developed using a traditional interpretation of aerial photos, available geology maps, soil samples from field work and 
performing of laboratory analytics [23]. The taxonomic soil units’ maps sometimes include additional information about 
specific soil properties, although this is not the case. However, the inter-spatial variation of properties in the same soil unit 
is not considered [24] and in larger units and regional scales this introduce an error forcing to modellers to make some 
assumptions [25,26]. 

Finally, applying a self-organizing map (SOM) method on the soil variables grid, the third soil map was obtained (SOMM). 
The SOM method is described in detail in Section 2.3. 

In the runoff’s case estimation, the SCS method [27] is widely used. In this case, information on the hydrologic soil group 
for runoff and soil depth are indispensables for routing the water flows. For the three maps, the hydrological soil groups 
were assigned using lookup tables of the SCS [27]. 

The soil depth for Adaja watershed in HWSD was already included in the dataset, meanwhile the other two maps didn’t 
contain that information. The soil depth for TSU and SOMM was conducted through the implementation of the TOPMODEL 
approach [28] and watershed segmentation [29]. The TOPMODEL model uses a decreasing linear function of the topographic 
slope based on the DEM. An adaptation of Saulniers’ equation of TOPMODEL was performed due of watershed slope het
erogeneity and local geomorphological characteristics, this include spatial and depth restrictions. Firstly, the watershed was 



Fig. 2. Land Use composition of Adaja River watershed and section division (lowlands, midlands and highlands). 

segmented in three parts (low, medium and highlands) to establish for each the restriction values of soil depth for local 
minimum and maximum values [20]. Secondly, the land cover was used to identify the minimum soil depth understood as 
effective soil depth for root development, because of the sensitivity to this parameter affecting the hydrology dynamics and 
plant growth [30]. The covers considered were cropland, forest and bare soil; and the maximum root depth were assigned 
from the averages of crops and forest from literature references [31,32]. The summary of soil depth restrictions is shown in 
Table A4 in the supplementary material. 

The resulting soil depth map was spatially compared to the available data of 8 complete soil pits that represent the 
main soil pedogenesis classes of the area and satisfactory validated. This soil profiles were part of the taxonomic soil map 
documentation at 1:400.000 scale [21]. Moreover, the resulting soil depths do not exceed soil depth values of pits. A reclas-
sification of soil depth was performed to avoid increasing the number of HRUs with tiny soil depth differences. The classes 
were defined based on spatial variability for each watershed segment and limited to four main depth classes (300, 600, 900, 
and 15 0 0 mm) see supplementary material Figure A2. 



Fig. 3. Soils maps of Adaja River watershed from (A) Harmonized World Soil Database - HWSD at 1:1,0 0 0,0 0 0 (low resolution) and (B) Agricultural Tech
nological Institute of Castilla and León – ITACyL at 1:40 0,0 0 0 scale (mid resolution). 

2.3. The self-organizing map strategy 

A SOM is a technique used to represent and visualize structures of high-dimensional data based on artificial neural 
network of any continuous function [33]. It is largely implemented in sciences facilitating interpretation of some physical 
phenomenon. The algorithm consists in organizing l neurons on a regular grid. For this, a vector is defined with n + m 
weighted dimension m= (m1 …mn , mn + 1 …mn + m ), then those are assigned for each neuron. The neuron l is defined by 
n= dim(x) and m=dim(y) dimension arrays, where n denote the dimension of the input data set (in this case the soil 
properties) and m the dimension of the output (number of soil clusters or soil units). The l neurons are connected to the 
adjacent neurons by a neighborhood relationship. This characteristic defines the cluster structure of the SOM, Fig. 4. This 
process is based on training samples by following an iterative process. Each iteration k is initialized by an unsupervised 
training of sample vector XSOM . This training iterates the weight vector mi in the domain of the output, in this case was 
defined in 3 ≥ l ≤ 50 clusters to reduce soil units that consequently reduce the number of HRUs compared to the taxonomic 
soils map with 196 soil units at 1:400.000 scale. 

The training starts by initializing the SOM when selecting small random values for the initial weight vectors mi . A typical 
and reasonable way to achieve faster convergence of the best matching unit is to initialize the mi vector with the greatest 
principal component eigenvalues of the data [33]. Once the weights are settled in the vector, the iteration k is defined by 
choosing randomly one vector XSOM (k) for input data and computing the Euclidean distance ∈ i to the weight vectors of the 
SOM. 

∈ i = uXSOM (k) mi = 
n + m 

XiS OM (k)-m2
 i) (1) 

The neuron that present the smallest distance ∈ i to X SOM ( k ) is the best matching unit (BMU) of X or the ‘winning 
neuron’. This neuron is the map element C, represented by the weight vector mc(k). 

HXSOM( k ) -m c (k )II = min{(XSOM(k)-mi )}i , i = i = 1 , 2 , . . . , l (2) 

The following iterations are completed by updating the weight vectors until the BMU is closer to the input vector. The 
rule to define the updating the weight vector is defined by (a) the operation (XSOM (k) – m i (k)), (b) the size of the neigh
borhood function hc i which decrease monotonically to zero with k and the distance of the wining neuron and (c) a learning 



Fig. 4. Structure of Self-organizing maps (SOM) to create soil units for SWAT hydrological modelling. The clusters of neurones are represented by pixels 
with the same size of input data. 

rate factor αs(k) which gradually lowers the height of the neighborhood function as the iteration advances. 

m i ( k + 1 ) = m i + α s ( k ) h ci ( k ) [ X SOM k - m i k ] 

The function hci is typically represented by a Gaussian function 

hci (k) = exp ( -
2σ2 (k) 

\ 

(3) 

(4) 

In which the expression \\rc - riil2 is the distance between the map units c and i on the map grid. The σ variable 
represents the neighborhood radius at iteration k and σ is decreasing monotically during the iterations with k. The value of 
σ is not explicit required [33]. It is recommended to initialize the iteration with σ s(0) ≤ 1 with values near to 1 and then 
increasing the number of training steps k. The vector XSOM is the training data set from the previous Kriging method with 
the eleven main soil properties, described in section 2.2. 

For this study, the R package Kohonen was implemented to obtain the soil units through the SOM method [34]. However, 
the number of cluster will be optimal and some performance metrics are need to ensure an optimal clusters number [35,36]. 

2.4. The self-organizing maps performance evaluation 

The SOM method provides a map in which the clusters are clearly defined. However, an optimal number of clusters are 
desirable to reduce even more the complexity of soil properties without losing the soil representativeness of the property 
into the cluster. For this, this algorithm uses the Davies Boulding index for clustering by using an unsupervised classification 
learning technique to obtain homogeneous partitions of the object while promoting the heterogeneity between partitions 
[37]. 

The Davies Bouldin DB Index [38] is characterized by the definition of the compactness and how well are separated the 
clusters. The DB index is given by the expression, 

DB = 
c 

^ max o 
i = j I d(Xi ) +d( . 

dci ,cj) 

) 
(5) 

where variable c defines the number of clusters, i and j denote the clusters, d ( X i ) and d ( X j ) are the distances between all 
objects in clusters i and j to their respective centroids, and d(ci ,cj ) is the distance between centroids. Smaller values of DB 
index show better clustering quality [37,39]. Once the DB index is defined for a range of clustering domain, a graph that 
include the lower mean distance of clustering process is reached, indicates that the minimum compromise of those values 
is an optimal solution for number of clusters. 



2.5. Weather data 

The weather data were collected from 47 weather stations of AEMET -Meteorological Agency of Spain. The weather 
variables and their spatial assignation to sub-basins were reformulated considering the centroids of the resulting boundaries 
of 79 sub-basins from DEM processing and implementing weighted proportion of each variable using the Thiessen Polygon 
method TPM [20]. 

2.6. Hydrological modeling with SWAT 

The SWAT model [40] is a spatial distributed hydrological model, widely used for land management and water resources 
assessment in very complex watersheds. For this, SWAT use a disaggregation strategy based on two criteria, (i) sub-basins 
discretization based on DEM (topographic criteria) and (ii) the Hydrologic Response Units - HRUs discretization that is based 
on soil properties, land use and slope classes. Thereby, the sub-basins are aggregated with several HRUs. The calculation unit 
for SWAT is attributable to this set of units for all the biophysical modeled processes. 

The SWAT model is based on a routines tree that provides a solution of the water balance equation. These routines put 
up together the hydrological solution for evapotranspiration, surface runoff, soil infiltration and subsurface runoff. Model 
could be more precise in each routine including sediment, chemical and crop yields depending on the input data setup. Soil 
is very complex and SWAT model could be settled up to 10 soil layers. Water flux through the soil is based on the saturated 
capacity of each layer, once the saturation state is achieved, the water flux is coupled as water input of next soil layer but 
if the following layer in depth is saturated, lateral runoff occurs. If last layer is reached, water flux composes the aquifers 
recharge volume. Deep aquifer is considered as a lost in water balance, but shallow aquifer overfilling is called return flow 
from shallow aquifer; this volume is routed directly to the mainstream of each subbasin according to each case. 

The runoff is one of the main processes assessed by the SWAT model, this routine is based on the SCS curve number 
method [27], presenting a sensitive factor related with the curve number CN assignation which is in turn related with 
antecedent moisture condition of soil. The method was developed from experimental abstraction as a non-linear function 
between rainfall-runoff processes. The definition of three main routine component (1) runoff interception, (2) soil storage 
variation and (3) infiltrated water in the porous media, expressed as potentials, solve the relation for routing water through 
the soils of the watershed. 

The evapotranspiration ET process can be selected using Presley Taylor method or Penmam-Monteith method. Some 
differences can be identified by switching the methods but the most universal accepted for modeling purposes with SWAT is 
the Penman-Monteith method due of the capacity of worldwide accuracy and approximation to the real evapotranspiration 
measured in different sites and watersheds. 

The routing into SWAT is completed once all the water fluxes are calculated and routed into the main channel of each 
subbasin. In turn, it’s routed into the river network. The SWAT tool is a model still more used for surface calculations due of 
the complexity of soils and geology of watersheds. The model is often used for estimating the aquifer recharge as a system 
lost that could provide an idea of the system, but more precise coupling models are required for estimating the deep aquifer 
recharge rates. 

2.7. Calibration-validation 

SWAT model as a distributed model for hydrology assessment requires a calibration and validation process. For this, 
the HRUs need to reach a moisture condition to initialize the water fluxes estimation. One year at daily time step is a 
reasonable warming-up period prior calibration and validation processes in sandy soils [41], a predominant characteristic of 
Adaja watershed. 

Calibration and validation is conducted through the implementation of the Sequential Uncertainty Fitting SUFI-2 algo
rithm of the software package SWAT-CUP [42]. SUFI-2 is a powerful automatic tool for SWAT model calibration and valida
tion processes due of facility of implementing single or multi-parameter calibration. The iterative algorithm captures most of 
measured data within the 95% prediction of uncertainty envelope (95PPU) [43]. Modeler usually defines a set of parameters 
from a literature review of similar watersheds or with similar conditions, in this case the parameter area showed in Table 
A2 in the supplementary material. However, it’s advisable to define a valid range for the calibration parameters of the case 
study. The SUFI-2 algorithm is an iterative process that defines the parameter value over the initial range converging near 
to the measures through 300-1000 simulations. However, a good correlation between the selected value of the parameters 
and the measures could provide an erratic model but well represented by model performance metrics [44]. 

2.8. Water balance 

The SWAT model provides detailed information about main water fluxes at HRU and subbasin scale. In the hydrological 
cycle, all those fluxes are interconnected and provide different response to soil, surface roughness and ground state relations, 
Fig. 5. The balance of water cycle in the mainstream follows the given mass equation. 

Qs = P - ET - ASM - AGW (6) 



Fig. 5. Hydrologic model system representing watershed fluxes: A) main fluxes at basin scale, B) detailed fluxes at soil profile scale. 

Where Qs (6) is the surface runoff, ET is evapotranspiration, ASM is the change of soil moisture, and AGW is the change 
in groundwater storage. The terms Qs, ASM, and AGW are influenced by soil properties, surface roughness and slope. This 
is also according with the HRU definition but appointed by precipitation behavior as the main water input into the system. 

Water balance is also related with anthropogenic use of soil for vegetation growth, nutrient cycling and for different 
ecosystem services. Water processes involved in hydrological cycle (runoff, evapotranspiration, soil infiltration and aquifer 
recharge) are sensitive in sub-arid catchments due of small perturbations of input water into the system in monthly or daily 
time step. In Adaja watershed, the representation of each of hydrological cycle components could be better analyzed from a 
watershed segmentation (lowlands, midlands and highlands) [20]. 

3. Results and discussion 

3.1. Soil mapping for hydrological modeling 

In the first model based on HWSD map, the HRU definition was based on the 14 soil units. In this case, 79 of the Adaja 
River sub-basins were defined using a unique soil unit, contrary to the high spatial variability expected in soils properties 
within the subbasin. Larger sub-basins could be defined to capture more soil units, but the river network is regulated in 
highlands and narrows in midlands-lowlands sections, causing a diverse size of sub-basins. The lack of finer soils data reso
lution could force to merge the sub-basins to get more soil units per subbasin, but this is not desirable because of limiting 
outflow results. This suggests that the movement of water within the subbasin is homogeneous due of soil properties and 
variability in the model is only explained by land use and its management. Therefore, soil representativeness at subbasin 
scale is not accurately captured by HWSD in the watershed studied. The soil map scale 1:1,000,000 is not recommended 
for Adaja River hydrological modelling with SWAT due to the lack of soil variability representativeness at subbasin scale. 
In addition, soil depth for the soil units only considers two depths in the whole area, 300mm in the north and 1, 0 00mm 
in the rest being an excessive simplification for the complex schema of this subbasin. The HRUs should contain accurate 
information in soils and land use as the subbasin outflows are the summation of different water flows from the HRUs. 

The TSU soil map obtained provides an identical map from the taxonomic point of view from the original. The difference 
is that TSU map now includes the soil properties. The quantification of the eleven soil properties and the soil depth was 
done by averaging the raster values of each one into the taxonomic units’ boundaries (see Table A3 in supplementary mate-



Fig. 6. Self-organizing maps assessment testing from 3-50 clusters for soils mapping in Adaja River watershed. 

rial). With this approach, the soil depth obtained will be the average of soil depths belonging to the inside of the boundaries 
and this could be a source of uncertainty in water fluxes through soils. 

In the case of SOMM, the soil clusters are equivalent to the soil units (Fig. 7). From 3 to 50 number of cluster two 
different metrics were used to obtain the optimum number: (i) the lowest value between the sum of normalised mean 
distance and (ii) the lowest DB index. The SOMM clusters from 13 to 19 present an optimal range (showed in Fig. 6). 
However, we found that the 16 clusters array meets both criteria with a minimum local DB index value that provides a 
good performance metric pointing it as the best map. At the same time, they are also in concordance to a topographic 
distribution as showed in Fig. 7. 

Soil mapping for hydrological purposes differs from edaphological mapping point of view [45]. If a pedogenesis soil 
clustering is the goal, other neural network different from SOM should be used for this purpose. The method selected 
depends on the application requested. In this case, SOMM was based on a learning algorithm from the Kriging interpolation 
input maps and do not require additional validation than the metrics evaluation. 

Some soil properties vary with time, whereas the SWAT soil data base remains constant for all the studied period. For this 
reason, several studies find that hydrological models present different stream flow effect because of different soil resolution 
during model set up [46,47], even suggesting that most of the model uncertainty is driven by a scale-dependence for water 



Fig. 7. Self-Organizing Map (SOMM) with 16 soil clusters used for SWAT hydrological modelling for Adaja watershed and topographic comparison to the 
elevation map. 

balance in sub-arid watersheds [7]. Not only land use scenarios and land management are the sources to optimize the 
human activities in watersheds. It is desirable that soil properties changes should be included as part of land use scenarios 
[48]. This point out that field work its necessary to update soil sampling sites due to temporal soil properties variations 
such as infiltration rates, organic matter content, among others. 

Soil mapping for hydrological modelling is still under continued development and the techniques as Kriging and SOM 
are valuable contributions to develop soil scenarios for hydrological modelling in SWAT. 

3.2. SWAT parameters analysis 

During model calibration, 25 parameters were selected (Table 1) based on a literature review of sub-arid basins [20]. 
The parameters selection depends on the main hydrological modelled processes and the measured data used to calibrate 
the model. In this case, parameters associated to processes like the runoff, internal soil fluxes, watershed configuration and 
stream routing characteristics were considered performing model calculations through the SUFI-2 algorithm simulations for 
stream flow calibration. 

Table 1 shows the sensitivity metrics for each calibrated parameter for the three maps obtained. A p-value close to zero 
and larger values for t-stat indicates the most sensitive parameter, and both are used to establish a sensitively ranking 
[43] that could serve as a guide to reveal from where uncertainty comes from. The parameters related with groundwater 
fluxes, HRU definition and soils are the most sensitive. Within these, the soil depth and available water content remains in 
the first seven more sensitive parameters in the three models. It’s important to remind that from the parameters related 
with HRU definition, land use and soil units are included. It is also notorious that soil depth remains as an important 
parameter in model sensitivity. Knowing that parameters’ sensitivity analysis is unique for each studied catchment [49], 
some of them (CN_2, SOL_Z, SOL_AWC) are presented too in some sub-arid basins in the first 10 of the sensitivity rank 
[50–52]. 

3.3. Calibration-validation implications 

Considering the large extension of the Adaja watershed and its regulated river network situation in the up waters, the 
calibration and validation process at a daily t ime step is well captured by the SWAT model. During the calibration and 
validation processes of the three soil sources, it is notorious that a stepped improvement has been achieved through the 
three models, getting the best result with the SOMM strategy (Table 2). The statistical criteria (Nash-Sutcliffe efficiency 
coefficient - NSE, R2 and PBIAS) [53] values were well captured above the satisfactory criteria during both the calibration 
and validation periods following Moriasi‘s work in 2007 [54]. More details of SOMM set-up, calibration, and validation 
process and their performances can be found in [20]. 



Table 1 
Comparison of sensitivity parameters during calibration of three different SWAT model set-up in Adaja watershed. 

Parameter 

GW_DELAY.gw 
OV_N.hru 
CN2.mgt 
REVAPMN.gw 
SOLAWC.sol 
SURLAG.bsn 
ESCO.hru 
SHALLST.gw 
GWQMN.gw 
ALPHA_BF.gw 
LAT_TIME.hru 
SLSOIL.hru 
HRU_SLP.hru 
CH_K2.rte 
SOLZ.sol 
CH_K1.sub 
SLSUBBSN.hru 
CANMX.hru 
CH_N2.rte 
CH_N1.sub 
EVRCH.bsn 
GW_REVAP.gw 
RCHRG_DP.gw 
EPCO.hru 
PLAPS.sub 

HWSD 

Sensitivity Ranking 

18 
3 
1 
11 
7 
21 
20 
6 
25 
22 
13 
8 
14 
24 
4 
10 
2 
16 
19 
15 
23 
9 
12 
17 
5 

t -stat 

0.767 
3.429 
-41.823 
-1.272 
1.762 
-0.236 
0.254 
-1.763 
-0.007 
0.205 
-1.202 
-1.503 
-1.127 
0.040 
2.855 
1.378 
4.026 
0.899 
0.588 
1.048 
0.152 
-1.492 
1.250 
-0.774 
1.800 

p-value 

0.445 
0.001 
0.000 
0.207 
0.082 
0.813 
0.800 
0.082 
0.994 
0.837 
0.233 
0.137 
0.264 
0.968 
0.005 
0.172 
0.001 
0.371 
0.558 
0.298 
0.879 
0.139 
0.215 
0.441 
0.076 

TSU 

Sensitivity Ranking 

24 
6 
1 
22 
4 
9 
10 
3 
16 
20 
14 
13 
17 
21 
2 
19 
8 
23 
18 
7 
15 
12 
11 
25 
5 

t -stat 

0.064 
1.524 
-13.616 
0.292 
2.339 
-1.191 
-1.178 
-3.185 
0.579 
-0.309 
-0.732 
-0.944 
0.573 
-0.305 
4.357 
-0.341 
1.273 
0.146 
-0.386 
1.350 
-0.707 
-1.167 
-1.167 
0.056 
1.623 

p-value 

0.956 
0.131 
0.000 
0.772 
0.022 
0.237 
0.242 
0.002 
0.564 
0.758 
0.466 
0.348 
0.568 
0.761 
0.000 
0.734 
0.207 
0.883 
0.700 
0.181 
0.481 
0.247 
0.247 
0.955 
0.108 

SOMM 

Sensitivity Ranking 

1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 

t -stat 

6.043 
-3.168 
-2.903 
-1.421 
-1.291 
-1.039 
0.994 
-0.952 
-0.925 
-0.884 
-0.843 
-0.723 
0.688 
-0.636 
0.544 
-0.607 
-0.595 
0.387 
0.387 
-0.377 
-0.179 
0.166 
-0.076 
0.041 
-0.016 

p-value 

0.000 
0.002 
0.004 
0.159 
0.200 
0.301 
0.324 
0.344 
0.357 
0.379 
0.401 
0.472 
0.494 
0.527 
0.610 
0.546 
0.553 
0.699 
0.700 
0.707 
0.857 
0.868 
0.939 
0.967 
0.987 

Table 2 
Comparison of three soil sources models implemented in SWAT model for Adaja watershed at daily time step using 25 parameters with the SUFI-2 Algo
rithm. 

SWAT ModelSoils Set-Up Period R 2 NS bR 2 PBIAS KGE p_factor r_factor 

HWSD 

TSU 

SOMM 

Calibration 
Validation 
Calibration 
Validation 
Calibration 
Validation 

0.61 
0.57 
0.64 
0.64 
0.86 
0.85 

0.46 
0.44 
0.42 
0.40 
0.84 
0.82 

0.54 
0.53 
0.59 
0.58 
0.70 
0.61 

10.90 
12.02 
24.80 
20.20 
-10.80 
-9.10 

0.71 
0.69 
0.73 
0.70 
0.84 
0.86 

0.46 
0.44 
0.52 
0.50 
0.63 
0.61 

0.70 
0.66 
1.51 
1.50 
0.39 
0.37 

In the three cases the objective function for calibration was the Nash-Sutcliffe efficiency coefficient (NSE), showing a 
better result with SOMM improving a 0.46 NSE value in HWSD map set-up to 0.84 in SOMM map set-up. A p_factor larger 
than 0.5 shows that more than 50% of observations are included inside the 95PPU band. A r_factor smaller than 1. 5 indicates 
a reasonable prediction of uncertainties [25]. Comparing these values with the ones showed in Table 2, the best prediction 
rank was SOMM, then ITACyL and the third HWSD soil model configurations. 

As far as we know, no other authors report similar improvements using SOM strategy for setting up SWAT model in 
soils database. Nevertheless, similar work were conducted to use artificial neural networks for digital soil mapping in the 
Iberian peninsula [55]. The referred work suggests that for digital soil mapping the Multi-layer Perceptron (MPL) strategy 
show better results for edaphological mapping of soil properties rather than the SOM strategy. Nevertheless, the MPL is too 
sensitive of soil sample data used to develop the model and SOM is better to reduce the dimension of soil units minimizing 
soil properties error. The soil database properties with a sampling of 25 × 25 m were collected from three different sampling 
campaigns and at analysis were carried out at different laboratories. Hence, SOM strategy is preferable to avoid the sampling 
bias effect during the clustering configuration. 

It’s important to note that the HRUs number was reduced to 600 units as a strategy for soil data aggregation for hydro-
logic simulations [56] but different HRU sizes between the three soil set-up will might affect the hydrological processes at 
subbasin scale. This could be because of slope value and length differences of each HRU. As result of this situation, stream 
flow predicted is overestimated during peak flows or precipitation events over wet soil. The opposite is true with an un
derestimation of the flow when there are over 20 to 30 days with low humidity in the soil. This is in agreement with a 
similar situation reported by Geza’s work in 2008 [46], in which a different model set-up was compared between State 
Soil Geographic database (STATSGO) and the Soil Survey Geographic database (SSURGO) soil data bases in the Turkey Creek 
watershed in Colorado. Other work reported by Romanowicz in 2005 [47] show the SWAT model sensitivity to soil data 
parameterization with two data sets at 1:500.000 and 1:25.000 scale soil maps in Belgium. This work suggests that SWAT 
model is sensitive to data quality of soils properties. 



Table 3 
Summary of the main water balance components from three soil sources (HWSD, TSU and SOMM 
strategy) assessed with SWAT model for Adaja river watershed. Values in [mm/yr]. 

Water balance component HWSD TSU SOMM 

Precipitation 
ET 
Surface runoff 
Lateral flow 
Return Flow 
Percolation to shallow aquifer 
Revap from shallow aquifer 
Recharge to deep aquifer 

So/7 units Hyd 

438.5 
355.5 
29.09 
14.17 
18.01 
32.12 
35.47 
1.61 

rologic Soil Grout 

438.5 
326.2 
21.41 
15.01 
31.57 
66.08 
31.40 
6.66 

5S 

438.5 
339.3 
16.1 
1.89 
26.87 
68.89 
23.80 
2.81 

So/7 

Fig. 8. Hydrological group and soil depth comparison of the three soil maps for SWAT set up of Adaja river watershed. 

An interesting characteristic of soil database sets comparison is that a larger quantity of HRUs does not imply better 
calibration-validation procedures to achieve satisfactory adjustment of model parameters. The soil units and their properties 
are a source of uncertainty and any effort to reduce the soil properties dimension could improve calibration and validation 
procedures. 

3.4. Water balance and flows assessment 

The main water cycle components were estimated and presented in Table 3 for the period 2004 to 2014. The values 
are presented for an average year showing the overall behaviour of the water balance components. This result shows that 
HWSD present larger differences in CN average value influencing the surface runoff that it’s too high for this area suggesting 
a runoff overestimation. This is visible again in calibration series during storms days (series not showed). The model setup 
with HWSD was discharged at this point, suggesting that the soil map scale do not respond to the observed outflow at VFG. 
One difference related with runoff process is that this depends on infiltration rates which, in turn, are associated with the 
soil group (Fig. 8). 



Fig. 9. Observed and simulated daily streamflow for calibration and validation at Valdestillas flow gauge (VFG) for the three models. The last year of 
calibration is 2010 and first year of validation 2011. 

The ITACyL map and SOMM present similar behaviour during calibration for CN and surface runoff, suggesting that for 
both soil sources were similar in surface water flows. However, larger differences of water fluxes through the soil profile 
are more evident. Comparing the final soil depth for soil units and clusters, it’s clear that TSU soil depth has an influence 
on lateral flow regulation and lag time in configuring discharge hydrogram at VFG. When soil layer is thin and hydraulic 
conductivity are slightly higher, the return flow as lateral contribution to streams is higher, as showed in Table 4. The SOMM 
shows a more regulated behaviour of flow contribution to streams because of peak matching during calibration as showed 
in Fig. 9. 

The model calibration for each soil data set provides an idea of how well the model is representing the stream flow. The 
results from this comparison shows that the SOMM presents the best fitting values to stream flow at VFG, requiring less 
effort during the calibration process. The clustering strategy of soil properties provides very good results for stream flow 
prediction in sub-arid watersheds as Adaja River watershed. 

The Adaja River network, as a sub-arid watershed, is very sensitive to soil properties set up during modeling with SWAT. 
Others clustering algorithms for soil properties could be also used reducing the calibration-validation effort and achieving 
more precise models. However, top quality soil survey with fieldwork is always desirable even for the efforts and t ime that 
consumes. 

4. Conclusions 

The hydrological effect using different soil data sources confirms that spatial resolution is essential for subbasin and 
HRU aggregation definition during SWAT model Set-Up. Although the hydrological behavior of the basin is stable, important 
variations at the level of sub-basins and HRUs were identified. Flow out series show that accuracy during peak events are 
the challenge focus during calibration/validation process using the different soil data sets. SWAT set-up is an essential stage 
in which scale and quality data play an important role regarding the multi-objective assessment of the hydrologic cycle 
processes. 

The SOM strategy and high-quality data for model parameterization could be a valuable tool to improve hydrological 
model calibration and validation processes in sub-arid areas, this study presents a significant improvement in the overall 
process of calibration-validation of SWAT model. 

One of the most sensitive model parameters, related to soil variables, is soil depth which is essential for water fluxes 
and soil water content. The estimation of soil depth for each HRU impacts on water balance components, specially related 
with aquifer recharge volumes in sub-arid watershed, as Adaja River in Spain. 
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