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Extended abstract

Introduction

The cycle of soil erosion (including removal, transport and deposition) that controls the sedimentation of
watersheds, includes a set of complex and highly nonlinear processes. On the other hand, the factors
influencing sedimentation in watersheds are very diverse, and according to the specific conditions of climate,
soil, vegetation, geology, topography, etc., in each basin, the weight and role of each of the mentioned factors
in sediment production is very different. Accurately determining and measuring these factors and making
mathematical relationships between them are often difficult, expensive, time-consuming and error-prone, and
this is the case with the use of models based on computational intelligence and the use of a limited number of
basin dynamic variables, it is possible to simulate the behavior of the watershed in sediment production.
Regardless of the type of intelligent models, in most of the conducted research (especially in internal
research), the simulation of suspended sediment is mainly based on the discharge variable and the role of
variables such as precipitation (especially precipitation obtained from satellite images), which are effective in
the sedimentation of basins, have received less attention. In addition to precipitation, the skewness of
sediment measurement data is also one of the issues that lack of recognition and attention will reduce the
efficiency of estimator models. In the present study, the role of variable daily rainfall (taken from CHIRPS
satellite) in the simulation of suspended sediment of Qarachai River has been investigated.

Materials and methods

Multi-layer perceptron artificial neural network was used in order to simulate the daily suspended sediment
concentration of Qarachai River (at the Ramian hydrometer station in Golestan province). In this regard, the
variables of discharge and previous discarge (in instantancous and daily scales) as well as the average daily
and previous rainfall of the basin (taken from CHIRPS satellite) for a statistical period of 37 years (1980-
2017) as variables model input was used. In order to increase the generalization power of the models, self-
organized mapping neural network (for data clustering) and gamma test was used to find the best combination
of input variables. In order to improve the efficiency of network training, a variety of activation and loss
functions as well as the overfitting prevention algorithm were used. In order to investigate the effect of using
activation and loss functions in suspended sediment estimation, different scenarios were considered, which
led to the construction of 9 models. After that, using validation indicators, the effectiveness of the models in
simulating suspended sediment was investigated and compared, and then the best model was selected.

Results and discussion

The results obtained from the present research showed that among the different models, the neural network
model with Huber's activation function and ReL.U loss function, having the average absolute value of the
error equal to 368 mg/l, the root mean square error equal to 597 mg per liter, the Nash-Sutcliffe coefficient of
0.87 and the percent bias -2.2% were selected as the best model. The results also showed that the use of the
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rainfall variable (as one of the important factors in causing erosion and sediment transfer in the basin) has
improved the efficiency of the models, therefore, considering the ease of using CHIRPS satellite rainfall data,
it is suggested in order to simulate the suspended sediment of rivers, this data is also used along with other
predictive variables.

Conclusion

In the simulation of suspended sediment, discharge variable is often used as the only predicting variable of
suspended sediment, while in basins with rainy, or rainy-snow regimes, the role of precipitation in the
production of surface runoff and soil erosion is very important and plays an important role in the production
and transport of sediment in the basin. In this regard, although the use of rainfall data obtained from ground
rain gauge stations has played an effective role in increasing the efficiency of data-based models in estimating
suspended sediment, however, the preparation of hundreds of spatial distribution layers of daily rainfall from
the data point data of ground stations, the use of this variable in the simulation of the suspended sediment of
the basin has been faced with many problems (such as the lack or inappropriateness of the spatial distribution
of rain gauge stations, statistical deficiencies, the use of inappropriate interpolation methods and time-
consuming calculations). Therefore, in practice, the variable of river flow is often used as a predictor of
sediment, and precipitation is used less often. One of the solutions to the problem mentioned in the present
study is the use of CHIRPS satellite data, which was investigated for the first time in this study. These data,
available since 1981, can easily be used to simulate suspended sediment or other applications related to
watersheds. Another important point that needs to be taken into account in the simulation of suspended
sediment is the presence of high skewness in sediment measurement data (both suspended sediment and flow
rate), which lack of attention in the process of training (or recalibration) and testing the models leads to It will
lead to the construction of weak models in terms of efficiency and the existence of uncertainty in the accuracy
of their results. In this regard, it is necessary to use logarithmic transformations or suitable functions of
activation and loss in the training process, which in this research, two functions, ReLU and Huber, were
proposed respectively. Another important point is to pay attention to the generalization power of data-based
models, which is largely dependent on the data used in their calibration or training process. These data should
be selected in such a way that while they are representative of the data in the entire statistical period, they are
similar and have the same distribution with other data sets (such as cross-validation or test sets). According to
the results obtained from the present research and in order to increase the efficiency of artificial neural
network models in estimating the suspended sediment of watershed hydrometric stations, it is suggested to
use the experiences obtained in this research in other sediment measuring stations of the country.
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Table 1. Some features of physiography and land use of Ramyan Watershed

Physiographic characteristics and land use Values
Area (ha) 30345
Average slope of the watershed (percent) 35.7
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Fig. 2. Patterns of data used in training neural network models
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Data preprocessing

- Removing extraneous, empty, string data
-Data normalization

Feature selection

Production of data sets

-Data clustering (SOM method

index, determining the optimal
number of clusters

- Sampling of clusters
- Making three datasets of training,
cross-validation and test —

Preparation of neural network model

- Building a neural network model

- Using different functions of loss, activation

- Determining the number of layers, the number of
optimal network neurons and...

{ Training and
validation
dataset

_'_'_'_'_'_'_'_% l

-Investigating the Davis-Bouldin —> Test dataset {— 5

—| Model training and validation

Model test

gy it J>l e sladaig, -F S
Fig. 4. Flowchart of different stages of the research
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Table 3. Gamma test results

Row Comblnat_lon of Gamma(I') Viatio
input variables

Q> QW-(]a Qw-2> QW-
1 .049871 .1994
Qe PPy 0.04987 0.19948
Q, Qu0, Quz, Que
2 0.05026 0.20104
3, Quas, Pp, P3
3 Q. Qua, 1?“"2’ Qv 0.052616 0.21046
3 3

4 Q, Qu-0, Que1, Qua 0.12835 0.51341
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Fig. 5. Determining the optimal number of clusters using self-organized map clustering and Davis-Bouldin index in Ramyan station
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Table 4. Statistical parameters of the calibration, cross-validation and test data sets of the Ramyan hydrometry station

Model variables and Statistical parameters

datasets Average Stm.lde.lrd Maximum Minimum Skewness Cogfﬁ01ent of
deviation variation (percent)
Instantaneous discharge (Q) (m’s™)
Training set 1.48 2.3 12.74 0 2.66 155.51
Cross validation set 1.75 2.55 11.79 0.02 2.38 145.67
Test set 2.01 2.89 13.46 0 2.57 143.49
Average daily discharge(Q,.o) (m’s™)
Training set 1.51 2.72 24 0 4.01 179.42
Cross validation set 1.69 3.15 20.3 .01 44 186.84
Test set 2.45 4.28 25.4 0 3.65 174.95
Average discharge 2 days ago (Qy.,) (m’s™)
Training set 1.84 3.67 26.7 0 4.13 199.76
Cross validation set 1.51 3.17 21.1 0 4.87 209.88
Test set 2.02 2.58 12.3 0.01 2.01 127.93
Average discharge 3 days ago(Q,.3) (m’s™)
Training set 1.77 4.2 48 0 7.04 236.73
Cross validation set 1.21 1.54 5.8 0 1.6 127.68
Test set 2.3 4.39 304 0 5.1 190.98
Average discharge 4 days ago(Q,.4) (m’s™)
Training set 1.44 2.7 27.7 0 5.08 188.23
Cross validation set 1.37 1.98 9.72 0 2.26 144.09
Test set 2 2.85 14.4 0 2.5 142.11
Average daily rainfall (p.)) mm
Training set 2.36 8.79 65.56 0 5.32 372.01
Cross validation set 2.37 6.38 34.44 0 34 269.68
Test set 1.38 5.96 42.62 0 6.36 431.53
Average daily rainfall 3 days ago ( p;) mm
Training set 2.35 7.45 74.32 0 5.48 317.17
Cross validation set 1.68 4.91 24.73 0 3.42 291.87
Test set 2.85 7.04 30.51 0 2.69 247.19
Suspended sediment concentration (ssc) (mgl™")
Training set 1282.99 2754.01 23456 4.27 4.82 214.65
Cross validation set 960.72 1609.64 8935.67 31.88 3.44 167.55

Test set 898.21 1703.18 11484 29.06 4.92 189.62
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Table 5. The results of two-sample KS non-parametric test on the data of three sets of training, cross-validation and test at the

Ramyan hydrometric station

Variable The sets to be compared v;ue D(za(i;ll(];tt:g)s*t*lc MAT;?; s((l)lgtware
Instantaneous discharge (Q) (m’s™) Training-Cross validation 0.72 0.1 0
Instantaneous discharge (Q) (m’s™) Training-Test 0.02 0.22 0
Instantaneous discharge (Q) (m’s™) Cross validation-Test 0.68 0.13 0
Average daily discharge (Q..) (m*") Training-Cross validation 0.81 0.09 0
Average daily discharge (Qy.o) (m*"') Training-Test 0.01 0.24 0
Average daily discharge (Qy.0) (m*"') Cross validation-Test 0.38 0.17 0
Average discharge 2 days ago (Q,.,) (m’s™) Training-Cross validation 0.91 0.08 0
Average discharge 2 days ago (Qy.,) (m’s™) Training-Test 0.1 0.18 0
Average discharge 2 days ago (Qy.,) (m’s™) Cross validation-Test 0.12 0.22 0
Average discharge 3 days ago (Qy.;) (m’s™) Training-Cross validation 0.95 0.08 0
Average discharge 3 days ago (Qy.;) (m’s™) Training-Test 0.03 0.21 0
Average discharge 3 days ago (Qy.3) (m’s™) Cross validation-Test 0.3 0.18 0
Average discharge 4 days ago (Qy.4) (m’s™) Training-Cross validation 0.95 0.08 0
Average discharge 4 days ago (Qy4) (m’s™) Training-Test 0.12 0.17 0
Average discharge 4 days ago (Qy.) (m’s™) Cross validation-Test 0.21 0.2 0
Average daily rainfall (p.)) mm Training-Cross validation 0.98 0.07 0
Average daily rainfall (p.)) mm Training-Test 1 0.05 0
Average daily rainfall (po) mm Cross validation-Test 0.95 0.1 0
Average daily rainfall 3 days ago (p;) mm Training-Cross validation 1 0.06 0
Average daily rainfall 3 days ago (p.;) mm Training-Test 1 0.06 0
Average daily rainfall 3 days ago(p;) mm Cross validation-Test 1 0.07 0
Suspended sediment concentration (ssc) (mgl™) Training-Cross validation 0.64 0.11 0
Suspended sediment concentration (ssc) (mgl-1) Training-Test 0.1 0.18 0
Suspended sediment concentration (ssc) (mgl-1) Cross validation-Test 0.09 0.23 0
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Significance at the error level of one percent (o0 = 1%) with 99 percent confidence
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Table 6. The structure and evaluation results of different neural network models in estimating the suspended sediment concentration
of Ramian hydrometric station with test data

Abbreviated .
Model name name of the Network Actlvqtlon Los.s MA? RMSlE NSE R2
model structure function function (mgl™) (mgl™)

M-A-ReLU-MSE M1 141 ReLU MSE 391.03 631.98 0.86 0.89
g;ﬁ;few' M2 1:14:1 ReLU Huber 368.68 589.42 0.88 0.88
M-A-ReLU-MAE M3 1:14:1 ReLU MAE 381.54 603.65 0.87 0.88
M-A-Tanh-MSE M4 1:14:1 Tanh MSE 466.16 1038.62 0.62 0.71
M-A-Tanh-Huber M5 1:14:1 Tanh Huber 368.94 597.89 0.82 0.88
M-A-Tanh-MAE M6 1:14:1 Tanh MAE 463.55 1083.67 0.59 0.7
ﬁ'sé'&gmo‘d' M7 1:14:1 Sigmoid MSE 532.13 1134.34 0.55 0.67
M-A-Sigmoid- M8 1:14:1 Sigmoid Huber 511.11 972.99 0.67 0.7
Huber
ﬁﬁs‘gm"‘d' Mo 1:14:1 Sigmoid MAE 508.75 1072.53 0.6 0.7
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Fig. 6. Normal probability diagram of suspended sediment
concentration data
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Fig. 7. Taylor diagram and comparison of validation indices of nine models of suspended sediment estimator of Ramyan hydrometric
station
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Table 7. Total observed suspended sediment and estimated by different models for test data

The total amount of
observed suspended

. Ml M2 M3 M5 M6 M7 M8 M9
sediment (tons) /
model name
26236.2 23686.8  26819.3 26898.1 19293.8 27043.7 17939.6 17700.9 22672 17257.5

PBIAS (%) 9.7 22 25

-3.1 31.6 325 13.6 342
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