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Abstract

The river Brahmaputra and Jamuna have a significant contribution to water transportation, 
agriculture, and the livelihood of people living on the river banks. Ensuring the proper 
utilization of these channels, accurate water discharge prediction is a must since it can be of 
benefits for managing the river and allocating water resources. For hydrological prediction, 
time series model such as auto regressive moving average model and artificial neural network 
models are mostly used. In this study, three different machine learning algorithms, K-nearest 
neighbor, decision tree, and random forest regressor, along with different hyperparameters, 
are presented, which have been found more efficient among the other machine learning 
approaches. Daily water level and maximum velocity were used as explanatory variables, and 
water discharge was used as a response variable. Data from 2005 to 2013 was used for 
training the model, and 2014 to 2019 was used for evaluation. Among these three models, the 
k-nearest neighbor has performed exceptionally well. This model's R2 value and mean
absolute percentage error are 0.9447 and 17.38, respectively. The obtained discharge rates are
further compared with previously recorded discharge data before, during, and after major
floods in those regions and which are found to have a linear relationship with river flooding.

Keywords: Hydrological prediction; Machine learning; K-nearest neighbor; Water 
discharge; Brahmaputra-Jamuna.

1. Introduction

The level of water plays a major role in the well-being and livelihoods of the population. For 
example, increases in water levels and discharge rate can influence physical processes, 
including the circulation of rivers, leading to changes in water mixing and resuspension of the 
bottom sediment. The prediction of the discharge rate is therefore increasingly necessary (Ali 
et al., 2013). For example, the Institute of Water and Flood Management (IWFM) 
recommends that further measures be put to develop approaches for water level control and 
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prediction. Change in the water level is dynamic hydrology because of its different regulated 
variables, including temperature and water sharing between the river and its watersheds 
(Mosavi et al., 2018). Some models must be chosen carefully to predict actual changes in the 
water level and discharge rate. Many conditions, such as influencing variables that influence 
the water level, take a significant amount of time and calibrate to ensure the forecast is correct 
(Sahoo et al., 1997). Since process-driven methodologies take too long, recent experiments
have estimated water levels using an artificial neural network (ANN) based machine learning
model (ML) (Corani et al., 2005). Several machine learning algorithms have been used in this 
paper to forecast water discharge rates (Benoudjit et al., 2019). Machine learning is often used 
nowadays to predict the level of water, discharge rate, and increasing accuracy; it is popular 
day by day. In the present report, three machine learning models K-nearest neighbor, 
decision tree, and random forest regressor were used using historical evidence. The average 
water level and discharge in Bahadurabad transits were observed in the years 2005 to 2019. 
And then, the ML model is compared to the ML model for predictive results. ML models are 
built by considering the influence of historical changes in water level and weather influences.

2. Study region

The Brahmaputra-Jamuna is one of Bangladesh's major rivers and the primary sources of 
water in the Northwest region of the country. According to the IPCC and Bangladesh Climate 
Change Cell Research, increased monsoon rainfall in the future will cause increased flood 
inundation. For this purpose, it is crucial to make accurate predictions of water level and 
discharge. In this study, the Bahadurabad discharge gauge station from the river Jamuna was 
selected. Daily Water level, discharge, and maximum velocity data from January 2005 to 
March 2019 of this station is collected from the Bangladesh Water Development Board 
(BWDB).

Figure 1: Location of the Study Area.

3. Methodology

3.1 Data preprocessing

After removing the outliers, the entire dataset was split into two categories. Data from January 
2005 to September 2013 was used as a train set to train the models. And the rest of the data 
was used as the test set to check the accuracy and performance of the models. Afterwards both 
the sets were again split into explanatory and response variables. The water level and 
maximum velocity were considered explanatory variables, while the discharge was regarded 
as the response variable.
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Figure 1 : Flow Chart of the Process

3.2 K Nearest Neighbor

Many researchers have found that when it comes to traffic flow prediction, the non-parametric 
model performs relatively better than the parametric models. K nearest Neighbor is one of the 
non-parametric models used in both regression and classification analysis. K nearest neighbor 
uses 'Feature Similarity' for prediction (Zhao et al., 2019). When introduced with a new data 
point from the test set, it calculates the distances between the latest data point and the training 
data point. For distance measurement, Euclidean distance has been used as the distance 
metric. Let dist p, q be the distance between two feature vectors and with dimension. Then the 
equation of Euclidean distance is

dist2
p, q = (p1 q1)2 + (p2 q2)2 +(p3 q3)2

n qn)2

3.3 Decision Tree Regressor

Decision Tree is another popular machine learning approach that can be used for both 
classification and regression analysis. Using the train set, this model forms a tree consists of 
several branches and leaves. These branches can also be called Decision nodes, and the leaves 
can be called terminal nodes. While constructing the branches, there's a decision by which the 
explanatory variables will be split into the following branches (Noor et al., 2017). And when 
the variables come across all the branches and the decision nodes, it reaches the terminal node 
where the response variable of the corresponding explanatory variable will be calculated. By 
our train set, a tree and a model have been built where the decision nodes are split according 
to the water level and maximum velocity, which were taken as explanatory variables in our 
study. For improving the model accuracy, a hyper-parameter named 'Maximum Depth' was 
tuned.

3.4 Random Forest Regressor

Random Forest regressor is a supervised machine learning algorithm that uses an ensemble 
learning method for prediction. When a model combines the prediction results from several 
machine learning algorithms instead of doing it alone, it is called the ensemble technique 
(Lukman et al., 2016). A decision tree works fine with a specific set of data. But if there is a 
slight variation in the test set, the result differs much in this algorithm. Here comes the
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bagging ensemble technique, random forest regressor, to overcome this situation and prevent 
overfitting. Random forest regressor is nothing but a set of decision trees that run in parallel, 
and after the completion, the results are aggregated with the mean value of the results 
achieved from the decision tree models. 

4. Results:

There is a reasonably good agreement between predicted and observed water levels with 
correlation coefficient values (R2) above 0.87 in all three models. The K-Nearest Neighbour
seems to produce the highest R2 values (>0.9) with mean absolute percentage errors (MAPE)
varying from 17.38 up to 27.33 % (Table 1), which indicates a more accurate prediction. 
Besides, from the figure 3(a), it is observed that there is less discrepancy between observed 
and predicted curve in comparison with others two models. In contrast, the other two models 
produced almost similar correlation coefficient values. However, their high MAPE (>30%) 
makes them less suitable for forecasting.

Table 1: Comparison of three different models along with different hyper-parameters
(Parameter set: water level + velocity).

Model
Hyper parameter

R2 vlue
MAPE

Name Value (%)

K-Nearest
Neighbor

n

5 0.9121 27.33
10 0.9265 24.55
15 0.932 20.46
20 0.9393 18.1
25 0.9447 17.38

Decision 
Tree

Maximum 
Depth

4 0.8813 35.13

5 0.8833
30.02

8 0.8719 35.44

Random 
Forest

Number 
of 

Estimator

3 0.8941 30.39

7 0.8945 32.87
10 0.8869 32.32

(a) (b)
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(c) (d)

(e)  (f)

Figure 3: Water discharge prediction using- K- Nearest Neighbor model (a) discharge of 
water varying with time, (b) predicted discharge of water variation with respect to observed 
discharge of water; Random Forest model - (c) discharge of water varying with time, (d) 
predicted discharge of water variation with respect to observed discharge of water; Decision 
Tree Model - (e) discharge of water varying with time, (f) predicted discharge of water 
variation with respect to observed discharge of water.

(a) (b)

Figure 4: (a) Seasonal variation of water level; (b) Seasonal variation of water discharge.

The predicted water levels are compared with the available observations, and later the setup is 
validated using the seasonal average discharge data available from the past 15 years. The 
results show that water level varies seasonally with river discharge (Figure 3). The mean 
water level varies seasonally between 14 m (dry season) and 16 m (wet season). The strong
monsoonal river discharge during the end of the summer season results in higher water levels.  
In particular, it can significantly rise up to 18 m at high discharge (Figure 4).
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5. Discussions & Conclusions
The present state of ML modeling for discharge prediction is very young and in the early
stage of development. The results presented in this study are important for understanding,
modeling and managing complex river systems like the Ganges-Brahmaputra-Meghna. The
established model setups can be further applied to investigate flood risk assessment.
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