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Runoff estimation in a watershed is very important for efficient management of scarce
water resources. Soil information is essential information for runoff estimation. Data
collecting and determination of soil textural classification for large territory using the
traditional method, i.e. laboratory testing is time-consuming and costly. Therefore, this
study suggested a model based on the combination of Radial Basis Neural Network
(RBNN) model, Geographic Information System (GIS), Remote Sensing (RS) and field
data to create a digital soil map. This model was studied as a case study in western Iraq,
and it was tested using performance parameters. The findings of this model were further
confirmed using the hydrological soil group developed by the United States Geological
Survey (USGS). The adopted model has been successful in predicting the spatial
distribution of clay soil, followed by both silt and sand. It was also noted that the Root
Mean Square Error (RMSE) for clay, silt and sand is 4.2 percent, 9.5 percent and 11.0
percent respectively, while the highest value was for the coefficient of clay soil
correlation (0.749). Furthermore, there are only four samples out of 25 that have minor
variations in the estimated and measured soil texture category defined by USGS. The
methodology adopted in this study is therefore well practical for soil classification.

Additionally, a broad scale will produce high-quality runoff measurement.

1. INTRODUCTION

For both arid and semi-arid regions one of the most
significant natural resources is freshwater. Nevertheless,
according to the paper [1], only 1 percent of the 2.5 percent
extensive freshwater is obtainable for human use. One of the
promising alternatives for freshwater is water that is stored and
used especially in the arid and semi-arid area from the surface
runoff. The west desert of Iraq is categorized as an arid region
and it suffers from water scarcity [2]. Surface runoff has the
potential to be available and safe to human needs. Precise
measurement of surface runoff and its volume plays a key role
in the management of the watershed in arid and semi-arid
regions. Nonetheless, large scale runoff estimation was a
difficult task. Therefore, more work is needed.

Recently, uncalibrated distribution runoff-rainfall models
were obtained when runoff data are unachievable to simulate
catchment rainfall-runoff response in semi-arid regions [3-5].
These models all have drawbacks. They need several input
factors that reflect different catchment characteristics, and
they also do not completely produce spatially distributed
predictions of runoff values. This is because data collection for
large catchment area is complicated and time-consuming.
However, optimized runoff-rainfall model was successfully
applied to achieve practical runoff simulation where such data
is available in these regions [6]. The construction and
implementation of a large-scale optimized rainfall-runoff
model is difficult due to the lack of detailed field data. The rate
of runoff to rainfall relies on the texture of the soil which is
known to be the key parameter influencing the catchment
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runoff. Soil texture is therefore an important factor in terms of
the stability and the surface runoff capacity [1].

The Soil Conservation Service (SCS) method is the most
widely used in hydrology to predict runoff from rainfall from
a satisfied rainfall event [1]. GIS is capable of handling various
spatial data needed for modeling and can be used as a tool in
distributed hydrological modeling. GIS spatially distributed
modeling approach applying the curve number (CN)
framework has been used in several studies [7-14]. This
modeling process depends on which CN is given. CN is a
derivative of land use/cover and texture of soils. Many
hydrological models use CN as input to estimate storm runoff,
such as Environmental Policy Integrated Climate (EPIC) [15],
Soil and Water Assessment Tool (SWAT) [16] and
Agricultural Non-Point Source Pollution (AGNPS) [17].

Unadventurously, the determination of the soil texture has
been checked in the laboratory, and this method is expensive
and time-consuming. RS is one of the most available
approaches and the best solutions could provide the ability to
extend obtainable soil survey data sets. Indeed, remote sensing
is a very significant technique focused on different ranges of
the electromagnetic spectrum to predict soil characteristics on
various spatial scales [18]. The chemical and physical
properties of materials define their spectral reflectance and
emittance spectra, which can be used to identify them. Spectral
reflectance refers the ratio of radiant energy reflected to the
incident energy on a body [19].

Many studies have found that some textual classification of
soil can be easily determined based on specific absorption
characteristics on a local and laboratory scale [20-23]. The
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connection between laboratory analysis and image data of
French Satellite for observation of Earth (SPOT), Landsat TM,
and airborne spectroscopy was shown by Proctor et al. to
regulate differences in soil texture class [24]. Five curves
formed by Stoner and Baumgardner describe the relationship
between spectral reflection and classification of soil that is
based on texture and grain size [25]. The image dimension
with band 2 and band 8 of Advance Spaceborne Thermal
Emission and Reflection (ASTER) was used to estimate the
soil texture groups [22]. ASTER s short wave with band 5 and
band 6 can detect clay soil, sandy soil and dark clay soil [23,
26].

The reflectance of the soil is very complex. Consequently,
estimating the soil properties based on the physical model is a
difficult task [27]. Therefore, we need a method that is able to
reveal the complex relationships between reflectance and soil
properties.

The current research provides an intelligible method for
predicting the surface runoff using integrated GIS and RS data
based on soil textural classification. The main aim of this study
is to generate a digital soil map based on the spectral
reflectance bands with laboratory testing of soil data using the
Atrtificial Neural Network (ANN) model known as RBNN
hybrid with GIS model. This map is a base of the hydrological
model, which uses GIS to implement the CN method. The
current study has proposed a methodology that is of paramount
importance to obtain data which are almost minimal and hard
to collect. The suggested method has been tested to investigate
a field of research in Iraq, particularly in the west desert.

2. STUDY AREA

The main study has been implemented in Al-Anbar
province, near Haditha city, in the west part of Euphrates river
between 33° 50' 0" to 34° 20' 0" north and 41° 40' 0" to 42° 20’
0" east and has an area 1953.1 km? Figure 1. It is surrounded
to the north by the city of Ana, to the southwest by the Horan
valley, to the west by the Euphrates river. A number of valleys
are included in the study area: Al-Fahami, Hijlan and Zgdan
and with an area 1020, 447.8, and 485.3 km?, respectively. The
climate of the study area is hot-dry in the summer and fairly
cold in the winter. The average temperature fluctuation is
about 36°C. As a result of this variability, the land surface can
be broken into fragments and points. As for evaporations, its
amount is (3200 mm) per year. All the precipitation comes
during the winter and spring months. The research area
average annual rainfall is estimated to be 115mm using
monthly data for the years between (1989-2019) Iraqi
metrological seismological organizations. The present dry
environment can cause mechanical surface interruption. The
lowest and highest elevations of research area scales,
respectively, are 117 and 338 m above sea level.

3. MATERIAL AND METHODS

The following approach consists of several steps in the
selection, preparation, and modeling of data to achieve the
purpose of this study. The satellite images of the study area
from Landsat 8 in Jun 2019 are prepared. The main idea of the
proposed methodology epitomized in Figure 2.
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Figure 1. Study area location
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Figure 2. Representation of methodology for the study

This methodology is represented in the following steps:

First step, the unsupervised classification performed after
the image was corrected with WGS 84/UTM zone 38
projection. This categorization was done in order to collect the
most important data required to attain the aims of the present
research. This involves the process required to categorize
pixels into a restricted number of data sets based on the
importance of the data collected [28]. Each pixel has been
rated in the various wavelength bands by its comparative
reflectance. This process was conducted using ArcGIS
software to detect and verify the foremost classes of soil
texture in the field of study. Nonetheless, unsupervised
classification can be used as pre-processing prior to acquire an
impression of main classes [29]. When field data is lacking and
the research area is very large, this approach is preferred. It is
also acknowledged, however, that the unsupervised
classification can be beneficial in the elaboration of the
embryonic map for reconnaissance and soil survey, to identify
places for soil samples. The findings of this process offer a
good representation of certain classes and classified these
classes based on the ranges of the image value, and also for
surveying soil with a view to reducing the time and cost
consumption.

Second step, sampling locations were selected in this step
(120) based on the previous step. Where the places to cover
the whole field of study area chosen and where all groups are
included in the map. Using GPS, the sample point in this study
was located. Whereas in the topsoil, the samples obtained by
auger and depths were 20-40. Subsequently, laboratory testing
is used to predict the texture of the soil for each sample using
sieve analysis and hydrometer test.

Third step, using a Landsat 8 satellite image to evaluate
each location's spectral reflection, these images are
represented by nine bands, using ArcGIS 10.7., while two
thermal bands have been reduced.

Fourth step, a sensitivity analysis was performed to define
the complicity of the band-to-soil texture relationship as
(clay%, silt%, sand%). Using the RBNN model, the spectral
reflection and the percentages of soil textures were used as a
database to create a mathematical model. There are three
layers in this model that are input layer which is used for the
network feeding feature matrix, the hidden layer where the
base function result calculation is processed, and the linear
output layer for the basic functions combined. This model is
relying on the process of interpolation of a multivariate
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function and one of its characteristics is that the number of
radial base functions within the hidden layer depends not on
the size of the data collection but on the complexity of the data.
Thus, as for the finding, the results of the neural network are
incorporated into GIS to provide a soil map for the catchment.
The results of this model have been evaluated using Root mean
square error (RMSE), Normalized root mean square error
(NRMSE), Mean absolute error (MAE), Normalized mean
absolute error (NMAE), Minimum absolute error, Maximum
absolute error, Correlation coefficient (r).

Fifth step, inside ArcGIS 10.7, the results of the model
were modified with the spatial analyst model as a tool for
producing a digital map for the study are of the hydrological
soil group.

Final step, the key environmental factors associated with
the rainfall-runoff process are used in the SCS method such as
hydrological soil group, rainfall, land use/land cover and soil
types to define the depth of runoff as defined in equations [30].

_ (p—0.25)°
" (p+0.38S) D
=20 a5 o)

where, Q represents direct runoff depth mm, p is the rainfall
depth mm, S is the potential maximum retention after runoff
begins mm, CN refers to a dimensionless runoff index defined
based on HSG and land use.

4. RESULT AND DISSCASSION

It was found that the unsupervised classification offers an
appropriate and detailed description of certain sets. Therefore,
these sets are graded depending only on the image value.
Consequently, using the unsupervised classification can be a
suitable method for constructing an embryonic map to
assemble soil samples. This method would diminish task
expenses and time. The selection of the soil sample position is
carried out on the basis of certain parameters in order to avoid
the errors associated with spectral reflectance and to perform
accurate estimation of soil type. Figure 3 indicates the selected
portion of the study area that carries out the unsupervised
classification. In this figure there are nine classes, representing



the land cover classes, each class is presumed to be a specific
color. This figure shows the number and location of each
sample where they were taken in various groups for laboratory
research. There are 13 samples in and out of each class. There
are 117 samples used with GPS tools to cover the entire study
area. For each point, the spectral reflectance for nine bands
was calculated using ArcGIS 10.7, and the results of the soil
textures laboratory test were used as a database for developing
a mathematical model using the RBNN model.

Sensitivity analysis was used to ensure the relationship of
complexity between output as (sand%, silt%, clay%) and input
data as spectral reflection. Figure 4 indicates the sensitivity of
the clay, sand and silt to the bands. Clearly, Figure 4 shows
that band 8, band 4, and band 7 comprise the highest degree of
sensitivity to soil types, especially sand and silt, whereas band
2, band 3 and band 1 show a higher degree of the sensitivity of
the clay. Additionally, the soil type and spectral reflection is
very complicated where all bands contribute to the sense of
soil type but in different weights. Hence, having all the bands
in the Artificial Neural Network (ANN) model is important.

Estimated and actual ANN model values for 25 samples are
shown in Figure 5. This figure indicates that the predicted clay
values are more reliable than sand and silt because there is a
significant fluctuation between the actual and estimated value
for sandy and silt soil. Indeed, due to the constant
comprehensive performance of this model, the total expected
value of the ANN production is 100%. To determine the
modeling performance where Table 1 presents ANN
performance for each soil type. Obviously, it can be assumed
that there is a significant difference in the precision of the three
types of soil estimation values. Among other types, the clay
predictor has higher results in all output parameters where the
lowest RMSE, NRMSE, MAE, NMAE and minimum,
maximum Abs error are (4.237, 0.2047, 3.489, 0.1685,
0.47866 and 8.9533 respectively) while the highest correlation
coefficient is (r = 0.749). As seen in Figure 5, some fluctuation
in outcomes can be shown by comparing sand and silt
accuracies. Based on NRMSE and NMAE, estimating the silt
works more efficiently than estimating the sand.

The results of estimated values of 25 samples obtained from
the proposed model were evaluated by the USDA-developed
hydrological soil groups, as is apparent in Figure 6.

Nevertheless, the importance of this statistic in terms of soil
texture indicates the real and expected values of the soil
samples. Here we can analyze the model's actual overall
performance in terms of hydrological soil group. The red
(estimated) and blue (actual) numbers in the soil triangle
provide the location of the test. Out of 25 samples in general,
only 4 samples show minor differences in the estimated and
calculated soil texture group. Notwithstanding the error in
estimating soil texture of these samples but still in the same
hydrological group that is the main target of this analysis.
Ultimately, ANN's overall performance is quite superior to
what was previously portrayed.

I cess | ‘ | class & N
- class 2 D class 7 A
[ class3 I oess 8
- class 4 - class 9
- class5

@ sample point

Figure 3. Unsupervised classification of the study area with
samples location
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Table 1. Neural network models performance parameters for
clay, silt and sand

Performance Sand% Silt% Clay%
RMSE 11.08087 9.503868 4.237794
NRMSE 0.160592 0.140175 0.204724
MAE 8.579605 8.07004  3.489235
NMAE 0.124342 0.119027 0.168562
Min Abs Error 0.068127 0.852735 0.47866
Max Abs Error 20.11589  17.07785 8.953379
r 0.732294 0.588528 0.749586
120 Desired Output and Actual Network Output
100 —sand%
‘g’_eo —Silt%
360 —clay%

A sand% Output
e Silt% Output
1315 17 19 21 23 25 e clay% Output

1 3 5 7 9 "
Exemplar

Figure 5. Estimated and actual values of sand, silt and clay
for the tested samples
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Figure 6. Estimated and actual points on the triangle of soil
texture
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Figure 7. Digital soil map

Figure 8. Hydrological soil group map
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The map of the estimated soil texture was developed for the
study region by simulating the spectral reflectance of 1200
points at various locations in the ANN model (Figure 7). That
figure represents this current study's final output. Then, the
percentage of soil types listed according to the USDA
hydrological soil classification. The results of the
categorization calculated using GIS as a means of creating a
digital map of the hydrological soil group by the spatial analyst
model, as shown in Figure 8. This map shows the distribution
of hydrological soil group over the study area which is a vital
factor for investigation types of diversity.

The runoff depth of the study area was calculated based on
rainfall data from 1989 to 2019 from Iraqi meteorological and
seismological organizations, and the study area weighted
curve number, as shown in Figure 9. The maximum and
minimum runoff distributed for the entire study region using
the spatial analyst model within ArcGIS as Figure 10,
according to the SCS curve number for the study area. As
shown in Figure 10, the minimum and maximum values of
runoff depth between 7 mm and 35 mm.
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Figure 9. Curve Number map
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Figure 10. Runoff depth map

5. CONCLUSIONS

Combining ANN with GIS, RS data, and data survey can be
useful and helpful in developing methods that can be utilized
to guess the runoff depth. Such approaches can provide the
necessary information effectively as these analyzes are
typically costly, time-consuming, and limited in recovering
the temporal and spatial variability. In terms of the relationship
between spectral reflection and soil texture, the soil class
prediction has been developed. By merging an ANN model
with GIS and RS data, this study can be considered as a
proposed milestone and evaluated the method for predicting a
digital soil map for a region. This technique was assessed on
the basis of seven performance (one performance criteria) for
clay, silt, and sand content were 4.2, 9.5, and 11.0 respectively.
The highest correlation coefficient (0.749) was produced by



the clay soils. Furthermore, there are only four samples out of
25 that have minor variations in the estimated and measured
soil texture category defined by USG. However, all samples
were located in the same hydrological soil group. Hence, the
proposed methodology performs well for soil classification
and can offer the information required for runoff depth
estimates in an efficient manner. It is also fast and cost-
effective.
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