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Extended abstract

Introduction

Accurate estimation of suspended sediment in high-sediment rivers, especially in semi-arid regions such as
the Golestan River watershed, poses significant challenges in water resource management and sediment
control in reservoir dams. The increase in sediment concentration not only affects water quality but also
leads to considerable economic and environmental damage by reducing the lifespan of hydraulic structures
and altering river morphology. In this context, the Atrak River, as one of the most important sediment
sources in northeastern Iran, serves as a prominent example of these challenges. Given the limitations of
traditional direct measurement methods and labor-intensive physical models, the development of high-
accuracy data-driven models emerges as an efficient solution for monitoring and predicting sediment.

Materials and methods

In this study, to estimate suspended sediment in the Atrak River at the Hootan gauging station, a
combination of classical and intelligent methods was employed, including: (1) sediment rating curves
(using both the midpoint and linear methods), (2) neural networks (MLP and SOM), (3) deep learning
models, and (4) ensemble learning methods. The modeling process was carried out in three main stages:
first, using the Random Forest algorithm, the key variables affecting sediment (including flow rate, daily
precipitation, and their lagged values) were identified. Then, the data were divided into homogeneous
groups through clustering, allowing for balanced sampling from each cluster to create homogeneous
training (70%), evaluation (15%), and testing (15%) datasets. To enhance the model’s efficiency, various
strategies were employed, including optimizing objective functions and managing data skewness. After a
comprehensive evaluation of the models using standard criteria, the ensemble learning model XGBoost
was selected as the best model, which was ultimately used to reconstruct and complete suspended sediment
data for a 40-year period (1982-2021).

Results and discussion

The comparison of the results of various models in this study indicated that the ensemble learning model
(XGBoost) was recognized as the selected model among other data-driven models for estimating suspended
sediment in the Atrak River, having the lowest error rates (MAE of 10,652 tons per day and RMSE of
36,219 tons per day) and the highest performance index (NSE of 0.87). This model not only outperformed
other machine learning methods (with the MLP neural network achieving NSE=0.80 and the deep learning
model achieving NSE=0.84), but it also demonstrated significant superiority over classical methods such
as the midpoint sediment rating curve (with MAE of 20,909 tons per day and RMSE of 45,632 tons per
day). A detailed analysis of the results indicates that this superiority is primarily due to the ability of the
XGBoost model to manage highly skewed data and identify complex nonlinear relationships between
hydrological variables. In this regard, the model’s bias (PBias) decreased significantly by approximately
15.5% from -18.93 in the sediment rating curve model to -3.52 in the XGBoost model, supporting this
point. On the other hand, a comparative analysis with similar studies in other high-sediment rivers shows
that the combined approach used in this research (utilizing clustering before model training and optimizing
objective functions) has led to improved predictions. However, it is important to note that the effectiveness
of these models largely depends on the quality and completeness of the input data, and long-term
hydrological changes may necessitate periodic recalibration (training) of the models. These limitations
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provide a foundation for future research aimed at developing models that are more adaptable to
environmental changes.

Conclusion

This research examined the performance of data-driven models in estimating suspended sediment in the
Atrak River at the Hootan gauging station, yielding significant results. The ensemble learning model
XGBoost was identified as the best option, demonstrating high accuracy and minimal error in predicting
changes in suspended sediment. These findings highlight the importance of utilizing advanced machine
learning techniques in analyzing hydrological data and emphasize the need for a connection between data
science and water resource management. Key points in this study include the high skewness of suspended
sediment data and the specific hydrological conditions of the Atrak River, which arise from gully erosion
and other natural phenomena in the region. This skewness and the sharp fluctuations in sediment
concentration pose major challenges for accurate modeling. However, the combined approach used in this
study provided a significant improvement in prediction accuracy compared to traditional and classical
methods. This indicates that employing clustering and data optimization can serve as effective tools in
future research. Nonetheless, the results of this study should be interpreted with caution, as the quality of
data and environmental changes may impact model performance. Therefore, this research not only aids in
a better understanding of sedimentation processes but also lays the groundwork for future studies aimed at
enhancing and developing prediction models that are more adaptable to changing environmental conditions.
In the end, the results of this research can serve as a model for simulating suspended sediment in other
hydrometric stations across the country, providing valuable insights for researchers and experts in this field.
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Fig. 1. Location of the studied watershed and the Hootan hydrometric station
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Fig. 2. Regressive erosion and the development of gullies upstream in barren lands (Northwest of the Hootan hydrometric
station)
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Fig. 3. Condition of the streambed connected to the Atrak River (Northwest of the Hootan Hydrometric Station) (37°59'30.7"N
55°24'41.8"E)
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Table 1. Statistical characteristics of the data used in the simulation of suspended sediment at the Hootan hydrometric station

(1984 to 2021)
Statistical Parameters

Data Type Mean Med. Std. Max. Min.  Skew. CV%

Suspended sediment concentration (mgl™)  17319.21 1164.66  41446.42 350530.7 6 415  239.309

Suspended sediment load (tonday™) 41883.70 41452  184357.437 1713188.73 0.016 678 440.16

Daily Flow discharge (m®s™) 9.52 4.13 18.55 173 0 4.67 184.83

Instantaneous flow discharge (m3s?) 8.74 4.08 16.98 141.20 0.004 4.79 194.18

Daily precipitation (mm) 0.86 0 2.23 14.33 0 3.46 257.69
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Data Preprocessing

- Removal of outlier, null, and string data
- Data normalization

v

Feature selection

Generation of the datasets

- Data clustering (SOM method)

- Evaluation of the Davies—Bouldin
index and determination of the
optimal number of clusters
-Sampling from clusters
-Construction of three datasets:

Preparation of data-driven models, calibration, and training

Training and
icross-validation
'datasets

- Constructing XGBoost, ANN, DL,
models

- Applying different loss functions,
-Tuning the hyperparameters of the
IXGBoost model, including: tree depth
(max_depth), learning rate (eta),
...objective function, and others.

v
L Model training and
validation
Model testing
e

Selecting the best model

selecting the optimal model based on
evaluation metrics

|

Model

Using the best model to estimate past
suspended sediment (filling statistical
gaps) or to predict for the future

Sy At J>he slaiaig, — F S
Fig. 4. Flowchart of the various stages of the research
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Variable importance describe the relative importance of the individual features used in the model.

Calculating the importance of variables based on the random forest model

~
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w
Do 61.4
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D2z 12.93
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D3 2.65
Pz 1.62
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Fig. 5. Feature selection results using the random forest algorithm
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B Unsupervized Artificial Neural Netwark (Kohanen Self-Organizing Map) for Data Clustering
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Fig. 6. Determination of the optimal number of clusters using som clustering and the Davies-Bouldin index at the Hootan
Hydrometric Station
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Table 2. Statistical parameters of the training, cross-validation, and testing datasets at the Hootan hydrometric station

Model Variables and Dataset

Statistical Parameters

Max. Min.

Instantaneous Flow Discharge (Inst.D) (m?/s)

Training Set 141.2 0.01
Cross-Validation Set 124.61 0.01
Test Set 86.22 0

Mean Median SD Kurt. CV%

8.48 411 16.69 5.07 196.86
10.47 4,08 20.71 4.04 197.88
8.29 4 13.96 3.65 168.46
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Training Set

Cross-Validation Set

Test Set

Training Set

Cross-Validation Set

Test Set

Training Set

Cross-Validation Set

Test Set

Training Set

Cross-Validation Set

Test Set

Training Set

Cross-Validation Set

Test Set

Daily Flow Discharge (Do) (m3/s)

128 0 9 4.35
173 0 11.62 411
86.1 0 9.79 4.02

Discharge with a 1-Day Lag (D;) (m3/s)

171 0 9.17 4
83.3 0 7.81 4.17
99.8 0 10.1 4.16

Discharge with a 2-Day Lag (D,) (m3/s)

120 0 7.63 4.02
39.5 0 6.91 3.3
71.8 0 8.67 4.73

Average Precipitation with a 1-Day Lag (P:) (mm)

14.33 0 0.83 0
13 0 0.9 0
13.33 0 1.01 0

Suspended Sediment Load (SSL) (ton/day)

1713188.73 0.02 39608.72 416.91
1709084.53 0.14 64999.11 408.91
630153.57 0.04 29840.44 391.75

17.08 441 189.73
25.7 4.71 221.14
16.34 3.16 166.85
19.58 5.14 213.43
12.36 3.96 158.32
18.95 3.62 187.68
13.74 4.96 180.08
8.85 1.7 128.16
13.69 3.32 157.81
2.18 3.53 263.38
2.31 3.34 256.29
2.39 3.23 236.9

184556.82 6.76 465.95
240635.44 5.62 370.21
100950.84 4.75 338.3
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Table 3. Specifications of deep learning models and Multi-Layer Perceptron (MLP)

Feature

MLP Model

Deep Learning Model

Number of Layers
Hidden Layers

Output Layer

Dropout Rate
Activation Function
Loss Function
Optimization Algorithm
Number of Iterations
Training Method

Input Data Type

Output Type
Preprocessing Techniques

Patience (Early Stopping)

2 (1 hidden layer + 1 output layer)
1

1 neuron

Sigmoid

Mean Squared Error (MSE)
Levenberg-Marquardt

150-200

Levenberg-Marquardt

Numeric Data

Numeric

Normalization, Log Transformation

7 (Cross Validation)

7

5 layers with 15 neurons each
1 neuron

0.2

tanh

Huber

Adam

20-40

Numeric Data

Numeric

Normalization, Log Transformation

7 (Cross Validation)
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Table 4. XGBoost model specifications
Feature Details
Model Type XGBoost Regressor
- max_depth =5
- learning_rate =0.1
- colsample_bytree =0.6
- reg_alpha =0.5
Hyperparameters - min_child_weight =3

Optimization Algorithm
Loss Function
Cross-Validation

Early Stopping

Performance Metrics

- n_estimators =150

- subsample =0.75

- reg_lambda =0.1

- tweedie_variance_power=1.7

Gradient Boosting (Tree-based model)

Tweedie (with ‘mphe’ as the evaluation metric)
Repeated K-Fold (10 splits, 3 repeats)

Yes (with early_stopping_rounds parameter=10)

- Train/Test MSE
- Train/Test MAE

- Train/Test R2
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Table 5. Results of evaluation and validation of data-driven models in estimating suspended sediment load at the Hootan
hydrometric station (for the testing dataset)

Validation Indices and Model Performance Evaluation

Model Name
MAE (ton/day) RMSE (ton/day) NSE R2 PBIAS (%)
Neural Network Model
(MLP) 16015.53 45052.83 0.8 0.88 -28.66
Deep Learning Neural
Network Model (DL) 15979.02 40387.12 0.84 0.84 2.04
Ensemble Learning
Model (XGBoost) 10652.13 36219 0.87 0.87 -3.52
Regression Model for
Sediment Rating Curve
(Logged Mean Load 20909.23 45632.08 0.8 0.81 -18.93
within Discharge Class)
Regression Model for
Sediment Rating Curve 24048.48 84500.38 03 0.8 76.97

(Ordinary linear
regression)
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Fig. 7. Scatter plot of observed test data vs. estimated data in various data-driven models
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Table 6. Long-term estimation of suspended sediment load (tons per month) at Hootan Hydrometric Station (1981-2022)

Year Mehr Aban Azar

Dey Bahman Esfand Farvardin Ordibehesht Khordad — Tir

Mordad Shahrivar Total

1981 383220.5 77772.4 352931 254537.4 494634.1 807186.2
1982 1027622 286394.2 234753.3 206487.1 249799.5 166451

1983 10846 29575.84 146311.4 26589.26 87349.88 87621.16
1984 101971.4 588406.3 328017.2 136681.1 340893.8 412766.5
1985 219105.9 28296.55 655608.7 140580 130606.7 37793.04
1986 50476.8 96127.17 1161807 97932.68 184491.5 1205847
1987 343045.2 71443.33 46774.26 160503.2 319326.4 6525522
1988 30759.78 53728.98 291330.5 193851.9 283586.9 1155379
1989 16833.6 25908.35 482408.9 125535.3 45962.55 100802.6
1990 8082.52 18183.22 10489.56 24513.51 100165.6 180115.5
1991 17772.04 14445.85 256827.8 133732.3 42051.82 235013.7
1992 91292.57 132082.3 260978.1 331450.7 1537940 5798192
1993 73310.72 212638 399443 759226.8 1145978 1193829
1994 251232.6 71004.48 245201.1 110965.8 73476.81 56291.78
1995 364957.9 25270.91 215315 22499.91 46908.05 257334.6
1996 133192.1 229910.9 20816.42 10217.81 33127.73 34363.68
1997 296460.2 1963338 100727.6 205225.8 198496.8 942876.1
1998 25332.5 22284.78 23993.63 22316.47 31783.78 43918.56
1999 1283571 992437 216478.524521.62 74890.06 72677.91
2000 659089.3 15163.77 142218.9 18522.54 6982.5 15700.08
2001 150935 215980.8 10386.24 403309 217876.4 7648.21
2002 46.44 160078.7 22445.0130945.11 101285 687219.1
2003 71785.86 217924.4 118728.7 32198.07 93291.44 32391.2
2004 63058.3 218555.2 502572.1177696.5 513999 1015057
2005 134940 198112.1205819.7 163970.4 74416.48 17777.33
2006 9574.61 352887 77543.5124162.45 14814.34 60451.74
2007 829936.3 7861.44 87222.79 28513.01 28860.43 29138.62
2008 5974.03 57.36 5735.22 1932.83 77844.3 790060.7
2009 26408.15 4556.79 35825.13 18066.7 13533.87 315482.6
2010 12385.08 4032.2 388.36 2157.3 23240.83 89127.03
2011 87003.96 19921.88 10806.57 9371.68 46591.2 111557.8
2012 720114.2 750403.3 44029.07 73551.8 246504.7 48214.47
2013 369339.5 5198.82 43775.89 25427.53 4088.14 109.53

2014 254  3398.49 48905.13 1347.94 19.86 24182.17
2015 716075.3 108570.5 17517.16 313987.7 178129.3 14253.07
2016 66579.61 55023.37 8549.19 7560.16 9992.97 51762.76
2017 6170.42 0 4893.8 1658.87 8423.93 1230.77
2018 329601.4 15797.67 49942.38 461713 384850.5 2393091

2019 18576.31 25327.42 39348.65 21776.47 65577.01 613150.6

6958455
893898.9
203706.6
696684.6
573034.6
572858.4
3914570
1812680
1567613
47368.31
414930.8
4949155
4304766
622184.3
296065.6
435799.2
65638.63
2785943
80830.53
9953.26
222023.6
1848650
2795780
506195.2
675339.4
21363.38
650695.1
882.15
938176
1730.37
14817.35
381334
41955.23
2202.11
23238.1
188803.4
17232.28
1.79
8045065

10374472
38537.47
33080.53
1171876
135566.7
192857.4
195581.3
2910287
71559.36
515.4
205856.3
10522866
3449758
4692.91
189510.9
60087.53
608115.2
1409648
1398.18
58.32
381705.4
3314521
2174709
134524.9
134257.5
4.73
23635.94
1415.03
967292.3
125847.8
92666.69
477938
545175.2
26526.18
16.99
508737.8
946.51
1347714
2468919

894792.2 2210348 1240172
266625.2 239045 10566.27
1355260 0 0
46502.36 770.91 3147.17
19376.7 0 4170646
147855.5 1078253 4679261
875062.2 0 3081954
20798.82 330260.8 80610.34
52234.82 112114 118364.2
2574.8 1441323 23874.01
85423.91 2121.79 0
9180039 65406.67 21106.72
1292360 11042.77 1536165
50128.89 1835.2 0
15.62 2967973 0
417763.3 1304633 0
4228737 406018.1 682.44
663565.7 70175.26 1468983
0 99736.12 4235969
119.02 19096.74 2285357
52812.31 619127.1 2022830
23566.62 861629.6 1653167
2431936 20949.05 1764.08
6707.16 49919.24 650248.7
148684.8 9041.79 2110913
3142.59 0 0
568646.9 5865.32 10022.42
37.24 1396.74 3.37
175186.5 3249.77 27.85
14834.53 750665.2 4563.84
2408.46 1424.05 1881086
2009119 2289127 186787.5
24961.76 13.64  15.13
36498.17 0  388283.3
4026.93 567192.9 406577.9
116971.7 225774.5 25985.02
0.43  242521.8 94082.54
5996.34 0  22691.03

1388977 99354.84 123.44

18901.12
1163334
0
13650.16
8539.98
1024891
12.03
2033715
35745.56
0
615651.1
32171.17
66747.29
1505355
7555.87
22724.28
0
47895.99
0
6337093
18.84
246644.8
30618.08
647830
11516.39
24897.05
15814.49
128692.2
35.22
2231995
538115.5
90623.36
35.52
551480.4
1175080
144120.8
0
1.79

1295.18

24067421
4783513
1980341
3841367
6119155
10492660
15533794
9196989
2755082
1857205
2023827
32922680
14445264
2992369
1722232
2702636
9016316
6615841
7082510
9509355
4304653
8950198
8022076
4486363
3884789
588841.4
2286213
1014031
2497841
3260968
2815771
7317746
1060096
1082869
3524666
1409861
377161.3
5011401
12787490
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Table 6 Continued
Year Mehr Aban Azar Dey Bahman Esfand  Farvardin  Ordibehesht ~ Khordad Tir Mordad ~ Shahrivar Total
2020 10302.44 23157.59 24851.67 22825.75 20846.97 13744.23 757273.8 1531040 11834.67 1022526 5570.42  4146.66 3448120
2021 2054.92 33.01 62.12 719.86 25064.62 17115.06 5285.78 821.69 20.69 699539 797938.1 92653.21 1641308
2022 0 0 0 0 0 0 1481.54 76356.64 141.8 0 20477.76 24.75 98482.49
Ave. of
all years 214739.6 174792.6 165518.6 114971 180421.5 611010.6 1151087 1093121 633946.3 360911.8 791429  449276.7 5941226
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Fig. 8. Graph of the average suspended sediment load (tons per month) for different months of the year in the period 1981-2022 at
the Hootan Hydrometric Station
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Fig. 9. Graph of the total suspended sediment load (tons per year) in the period 1981-2022 at the Hootan hydrometric station
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