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Abstract

The riverside lands often face morphological changes due to constant erosion deposition. In the lower basin of
Padma River, this alternation is drastic due to constant changes in hydraulic parameters. This study provides
comparison between two machine learning (ML) models based on their efficiency regarding the prediction of
morphological changes, containing data from 1985 to 2010. Artificial Neural Network (ANN) is an excellent
modeling technique that simulates information processing in human brain with outstanding outputs for datasets
with non-linear relations. In contrast, Random Forest (RF) is a machine learning technique that comprises multiple
decision trees to generate prediction. The input parameters - water surface, discharge, flow area and velocity were
preprocessed and generated in HEC-RAS, while output area was calculated by ArcGIS based spatial image
analysis, which was utilized to train ML models. For the statistical analysis, the dataset was separated into 80%
for training and 20% for testing. The outcome of this analysis shows that Mean Absolute Error (MAE) and Mean
Squared Error (MSE) values of ANN analysis were 14.06 and 2.58, respectively, which are lower than RF analysis,
where MSE and MAE values are 28.96 and 3.65, correspondingly. ANN performed marginally better than RF
regarding R2 Score of 0.88 and 0.76, respectively. The findings of this comparative study will contribute to future
predictions of river morphological changes and serve as a framework for further machine learning analyses
concerning morphological changes. Thus, it will support soil protection, sustainable environmental management,
and territorial planning in future.

Keywords: Padma River lower basin; Morphological changes; Artificial Neural Network (ANN); Random Forest
(RF); Machine learning (ML).

1 Introduction

Dynamic geomorphological process influences the riverbank region as they alter the landscape and affect the
socioeconomic condition of people. Due to alluvium nature, the rivers of Bangladesh are morphologically shifting
and changing the hydraulic geometry along with river profiles. The Padma River is subjected to high discharge
and complex flow regime, which causes acute erosion and deposition process. Erosion degrades fertile soils and
poses risks to infrastructure, while deposition has altered the channel pattern from braided to meandering. Over
the years, the river has eroded off several housing and 60% vegetation lands (Shah Z., The Daily Star, 2019
September 1), leaving more than 50 families homeless (District correspondent, Bangla News 24, 2021 August 28).
As reported recently, the erosion has approached within 500 yards of the flood shelter in September 2024 (Khan
S., Kaletkantho, 2024 September 14). Studying the morphological changes of the Padma River is essential for
predicting erosion and mitigating associated risks. Prediction of erosion and deposition patterns can help to take
preventive measures, reducing land loss, safeguarding communities and minimizing future casualties. This study
examines the morphological changes over the years and establishes two machine learning models - Atrtificial
Neural Networks (ANNs) and Random Forest (RF) to predict future changes in the Padma River lower basin.
Furthermore, the study identifies the more efficient of the two models and utilizes it to generate reliable future
predictions, providing insights for river management and erosion mitigation strategies.

ANN is a machine learning model that mimics the logical response of the human brain (Munasinghe et al., n.d.;
Pham et al., 2019; Sarangi & Bhattacharya, 2005). It is a powerful tool for modelling complex and nonlinear
processes. ANN has been used to simulate non-uniform geomorphological and hydrological inputs as it effectively
provides an accurate prediction of channel evolution and erosion-deposition patterns (Sarangi & Bhattacharya,
2005). For instance, ANN models that incorporated geomorphological characteristics demonstrated notable
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improvement in sediment prediction. ANN’s black box nature allows it to model without explicit mathematical
representation of underlying processes, making it especially valuable in data-scarce or highly variable
environments. Random Forest is a non-parametric machine learning algorithm that consists of multiple decision
trees (Ghahraman et al., 2023; Ghosh & Maiti, 2021; Islam et al., 2022). RF can reduce the risk of overfitting
without increasing error due to bias, making it a powerful model. RF models are valuable for the assessment of
susceptibility to processes like bank erosion. The integration of machine learning algorithms like Random Forest
with remote sensing (RS), geographical information systems (GIS), and digital elevation models (DEM) provides
an advanced and transparent approach for analyzing and predicting complex environmental hazards like soil
erosion (Ghahraman et al., 2023).

The objective of this study is to develop two machine learning models to predict morphological changes and to
compare the performance of Random Forest (RF) and Artificial Neural Network (ANN) models using performance
metrics. Then the selected models are calibrated and validated using confusion matrix analysis. Finally, the models
are used for predictive purposes to see their effectiveness.

2 Methodology
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Figure 1. Study area

2.2 Data Acquired and Source

The bathymetric (reduced level in m), water surface (m) and discharge data (m3/s) were collected from WARPO
and the Spatial image was collected from USGS in GeoTIFF format. For collecting spatial data, cloud cover was
kept below 10 percent.

Table 1. Data collection details

Data Type Frequency Time range
Bathymetric data Yearly 1985- 2010
water surface Monthly 1985-2021
Discharge Monthly 1985- 2021
Spatial Data Yearly 1985-2020

2.3 Methods

The research methodology consists of three parts, including HEC-RAS analysis to process input parameters, then
ArcGIS analysis to generate output parameters for developing machine learning models. For HEC-RAS analysis,
Manning’s roughness coefficient is taken as 0.04 on the basis of calibration. After developing model performance
metrics, mean squared error (MSE), mean absolute error (MAE) and Rz were evaluated.
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Figure 2. Flow chart summarizing the methods
2.4 Modelling Bank Erosion

2.4.1 ANN Model (Artificial Neural Network)

ANN model is a sophisticated algorithm inspired by the human brain, used for prediction, classification and
regression purposes. It consists of three primary layers - input, output and hidden layers with multiple nodes. In
nodes, output signals are generated by processing and transmitting various input variables. For enhancing model
performance, weight and activation functions are used, introduce some non-linearity in the model.

In this study, three hidden layer architecture is performed with ReLU activation function. 128 input nodes are
utilized and 100 iterations are used for training the model in order to minimize the loss function and adjust the
weight and bias values. ReLU function equation is given below (Dubey & Jain, 2019; Mujhid et al., 2022).

0,ify <0

f) = {y, ify >0

1

range = [0, o)

2.4.2 RF Model (Random Forest)

As a decision tree has an overfitting problem, Breiman first developed the Random Forest model in 2001. Multiple
decision trees are built on random variables and features in the random forest model. Then this model combines
the predictions of each decision tree, which creates a more accurate and optimal result.

RF algorithm constructs B number of decision trees with n samples, a data set and each has m features. If a random
sample is selected for each tree and the procedure is continued until a satisfactory requirement, then the prediction
for a new sample x' is obtained by averaging the predictions from all individual trees (Ty):(Le et al., 2024)

1B ,
P==)  Ty) @
b=1
3 Results and Discussions
3.1 Calibration and Validation of the Models
The performance matrix was evaluated for the two machine learning models provided in Table 2. It can be said

that the coefficient of determination for the ANN model is higher than that of RF; the values are 0.8825 and 0.7967,
respectively. The value of R2 closer to 1 represents that the model has better accuracy in predicting. Additionally,
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Mean Absolute Error (MAE) and Mean Squared Error (MSE) were measured, where a lower value of these
represents a smaller prediction error. Therefore, the table illustrated that the ANN model showed a lower value of

MAE and MSE than RF.

Table 2. Performance metrics value of ML models

Model
Name
RF ANN
Performance
metrics
R? 0.7967 0.8825
MAE 3.3803 2.5821
MSE 24.399 14.066
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Figure 3. Actual versus predicted data scattered plot

Figure 3 shows the plot of actual versus predicted results of the RF and ANN models in the form of scatter plots.
The red dashed line represents the ideal 1:1 fit. RF predictions mostly have greater variance and scattered outliers
are found particularly at higher values. On the other hand, ANN prediction clusters more tightly with 1:1 line,
indicating higher accuracy and better outcome. In general, both models showed positive correlation, but ANN
followed the trend more precisely.

3.2 Confusion Matrix

In the confusion matrix for erosion prediction, it is observed that ANN model did a good job with the correct
classification of all the classes (9 instances of ‘Low" and 14 instances of 'Very High'). It showed a distinct difference
at the lower erosion levels by correctly classifying no Low or Moderate values as higher categories. The model
has high recall and precision in general, with extreme classes of erosion being the best.

The ANN model showed good performance for deposition prediction, with most of the cases of 'Low’ (8) and 'Very
High' (10) predicted correctly. A small number of predictions deviated in the ‘Moderate' and 'High' categories, with
1 and 3 cases being aberrated in the category, respectively. There were no cross-predictions between Low and
Very High, meaning that it represents the extreme levels well. These findings indicate that the ANN model is more
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Figure 4. Confusion Matrix of the ANN model for erosion and deposition

3.3 Prediction of the models

The first graph shows the plot of the actual values of the erosion and the output of the RF and ANN models. The
actual erosion values (black line) exhibit high variability with frequent and sharp peaks, which are underpredicted
by RF (blue dashed line) and ANN (green dashed line). However, the ANN model appears to capture the overall
erosion trend more accurately than RF, as it has become a bit more adaptable to the changes. This suggests that
although there are limitations to both models in the prediction of high-intensity erosion, ANN performs marginally
better in terms of recreating the general pattern of erosion.
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Figure 5. Machine learning prediction and actual plot of random sample points

In the latter graph, the comparison of actual deposition and predicted values as provided by RF and ANN models
is portrayed. The actual deposition data has been represented in black line, characterized by moderate variations
throughout the sample indices. In general, the RF model (blue dashed line) overestimates deposition. In contrast,
ANN (green dashed) tracks the variations of the real data more precisely, which indicates that it is better at
generalizing and predicting. In brief, ANN appears to be more consistent in retrieving the real deposition pattern.
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4 Conclusions

The Padma River faces higher channel morphological changes due to increased discharge and siltation. This study
attempted to predict the morphological change of the Padma River by applying machine learning techniques,
Random Forest (RF) and Artificial Neural Network (ANN). Time series hydrological parameters such as discharge,
velocity, flow area and water surface level are considered as input datasets, for the output data area of erosion
deposition is considered, calculated with the aid of ArcGIS. It is important to note that this area analysis is based
on remote sensing data; the bed level change is not calculated due to lack of field data availability. Comparison
analysis established higher prediction accuracy and reduced error margins of the ANN model compared to the RF
model, as shown by the performance metrics of MSE, MAE, and R? scores.

The findings of this research highlight the utilization of machine learning as an effective tool for river morphology
prediction. It is more applicable in complex and dynamic rivers like the Padma. Machine learning models have not
yet been widely applied in this field to predict morphological changes. Future studies can integrate additional
hydrological parameters such as sediment load, river width and channel slope to advance the predictive modeling
of channel morphology. Such predictive modeling can support sustainable river management, early warning
provisions and long-term planning. Thus, erosion can be reduced by block embankment, geobags, afforestation by
the river bank, channel dressing and regular monitoring.

References

Dubey, A. K., & Jain, V. (2019). Comparative Study of Convolution Neural Network’s Relu and Leaky-
Relu Activation Functions. Lecture Notes in Electrical Engineering, 553, 873-880.
https://doi.org/10.1007/978-981-13-6772-4_76

Ghahraman, K., Nagy, B., & Nooshin Nokhandan, F. (2023). Flood-Prone Zones of Meandering Rivers:
Machine Learning Approach and Considering the Role of Morphology (Kashkan River, Western
Iran). Geosciences (Switzerland), 13(9). https://doi.org/10.3390/geosciences13090267

Ghosh, A., & Maiti, R. (2021). Soil erosion susceptibility assessment using logistic regression, decision
tree and random forest: study on the Mayurakshi river basin of Eastern India. Environmental Earth
Sciences, 80(8). https://doi.org/10.1007/s12665-021-09631-5

Islam, A. R. M. T., Talukdar, S., Akhter, S., Eibek, K. U., Rahman, M. M., Pal, S., Naikoo, M. W.,
Rahman, A., & Mosavi, A. (2022). Assessing the Impact of the Farakka Barrage on Hydrological
Alteration in the Padma River with Future Insight. Sustainability (Switzerland), 14(9).
https://doi.org/10.3390/su14095233

Le, X. H., Huynh, T. T, Song, M., & Lee, G. (2024). Quantifying Predictive Uncertainty and Feature
Selection in River Bed Load Estimation: A Multi-Model Machine Learning Approach with Particle
Swarm Optimization. Water (Switzerland), 16(14). https://doi.org/10.3390/w16141945

Mujhid, A., Surono, S., Irsalinda, N., & Thobirin, A. (2022). Comparison and Combination of Leaky
ReLU and ReLU Activation Function and Three Optimizers on Deep CNN for COVID-19 Detection.
Frontiers in Artificial Intelligence and Applications, 358, 50-57.
https://doi.org/10.3233/FAIA220369

Munasinghe, D., Cohen, S., & Gadiraju, K. (n.d.). A Review of Satellite Remote Sensing Techniques of
River Delta Morphology Change 4 5.

Pham, D. H. B, Hoang, T. T., Bui, Q. T., Tran, N. A., & Nguyen, T. G. (2019). Application of Machine
Learning Methods for the Prediction of River Mouth Morphological Variation: A Comparative
Analysis of the da Dien Estuary, Vietham. Journal of Coastal Research, 35(5), 1024-1035.
https://doi.org/10.2112/JCOASTRES-D-18-00109.1

Sarangi, A., & Bhattacharya, A. K. (2005). Comparison of Artificial Neural Network and regression
models for sediment loss prediction from Banha watershed in India. Agricultural Water
Management, 78(3), 195-208. https://doi.org/10.1016/j.agwat.2005.02.001

Schools, houses lost to erosion by Padma River in Manikgan | undefined. (n.d.). Retrieved July 20, 2025,
from https://www.thedailystar.net/star-live/schools-houses-lost-erosion-by-padma-river-of-
manikganj-1793971

STGEPTN Ol Vil O18, 9231 ¢o T, (n.d.). Retrieved July 20, 2025, from
https://www.banglanews24.com/national/news/bd/876522.details

I8V RO, [NYN TS FIH0T FIR7TATT Vil “MGT VLI, (n.d.). Retrieved July 20, 2025, from
https://www.kalerkantho.com/online/country-news/2024/09/14/1425342

1875



