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Abstract

Rivers carry suspended sediments with their flow that are deposited
in different places depending on the river's drainage and course. These
sediments affect environmental health, agricultural activities, and portable
water sources. Which reduces the flow area, thus affecting the movement of
aquatic organisms and ultimately changing the course of the river.
Suspended sediment data is important information for concerned parties.
Concerned authorities require the expected data of suspended sediments in
the river to operate the various hydraulic structures properly.

Suspended Sediment Load (SSL) prediction study is crucial for
monitoring purpose to reduce potential losses and damage. In order to obtain
an accurate prediction of the suspended sediment load values that are as close
as possible to the real suspended sediment load values In this thesis, the
machine learning algorithm Random Forest (RF) and deep learning networks
were used, the Long Short Term Memory (LSTM) network, the Bidirectional
Long Short Term Memory (Bi_ LSTM) network, and the Gated Recurrent
Unit. (GRU) to predict monthly suspended sediment load (SSL) on a dataset
of tributary watersheds of the Greater Zab River in Iraq for the period 1981—
2008.

The proposed models were trained and tested using seven scenarios that
included different inputs to this data, with the aim of finding the best and
most accurate predictive model for the suspended sediment load for this
river. A series of pre-processing was performed on the data by normalizing
it and preparing it for the models, after which the suspended sediment load
was predicted for the current month. Evaluation metrics (R2, MAE, MSE,
RMSE, RAE, RSE, CE) were calculated based on the predicted suspended
sediment load values and their real values. And compare these models to find
the best model.

Two comparisons were made based on these metrics to find the most
efficient and best model for predicting the load of suspended sediments:

* The first comparison: It was made between the models of each algorithm
separately based on the seven scenarios to find the best model for that
algorithm. The best model for the two algorithms was Bi LSTM and GRU



in the fifth scenario (Its inputs are current month discharge values, previous
month discharge values, two months ago discharge values). As for the
LSTM, it was in the sixth scenario (its inputs are the discharge values for the
current month, the discharge values for the previous month, the discharge
values two months ago, and the sediment values for the previous month).
Finally, the best model for the RF algorithm was in the fourth scenario (its
inputs are the current month's discharge values, the discharge values for the
previous month, and the sediment values for the previous month).

* The second comparison: It was made between the best model for each of
the four algorithms. It turned out that the best and most accurate model
predicting suspended sediment load is the Bi LSTM model in the fifth
scenario, as it obtained the highest determination coefficient R2 = 0.885, the
lowest MAE = 0.024, RMSE = 0.040, MSE = 0.001, RAE = 0.26, RSE =
0.11, CE = 0.89 followed by the GRU model, then LSTM and finally RF.



