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Abstract

This study evaluates the predictive capability of the Long Short-Term Memory
(LSTM) model in forecasting water quality parameters of the Swat River at the
Chakdara monitoring station using historical data from 1963 to 2020. The
dataset was divided into training (70%) and testing (30%) subsets, and the model
was developed and optimized using TensorFlow and Keras in Python. Feature
engineering and hyperparameter tuning were applied to improve predictive
performance for five key water quality indicators: Sodium (Na), Magnesium
(Mg), Bicarbonate (HCO3), Sulfate (SO4), and Sodium Adsorption Ratio
(SAR). The LSTM model achieved excellent results, with an R% of 0.95 (training)
and 0.86 (testing), mean squared error (MSE) of 0.003 (training) and 0.008
(testing), Nash-Sutcliffe efficiency (NSE) of 0.93 (training) and 0.86 (testing),
and root mean squared error (RMSE) values of 0.05 and 0.09, respectively. These
results highlight the LSTM model’s effectiveness in capturing longterm
dependencies in hydrological time series, making it highly suitable for water
quality prediction. The study underscores the potential of LSTM for integration
into environmental monitoring systems to improve the reliability of water quality
forecasting and support sustainable water resource management.

Effective water quality monitoring is fundamental for
sustainable water resource management, directly
influencing ecosystem health, public well-being, and
agricultural productivity. In developing countries like
Pakistan, financial and technological limitations
hinder proper monitoring and management of river
water systems, especially in large water bodies such as
the Indus River [1]. Conventional monitoring
techniques, though reliable, depend on physical
sampling and extensive laboratory analysis, making
them costly, time-consuming, and labour-intensive [2].
Machine learning (ML) and deep learning models
have emerged as powerful, cost-effective alternatives to

traditional approaches, capable of handling complex,
temporal  dependencies
hydrological data. Among these, Long Short-Term
Memory Network (LSTM) is very popular for time
series forecasting which eliminates the vanishing
gradient problems and captures long-memory
dependence in the sequential data strings [3]. This
makes LSTM very well fit for water quality time series
where long-term temporal patterns are all important
for prediction success [4].

Although scientists in Upper Indus Basin have
studied the various models like Artificial Neural
Network (ANN), Gene Expression Programming

nonlinear, and in
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(GEP), Multi-Expression Programming (MEP) etc. for
the prediction of water quality parameters such as
Total Dissolved Solids (TDS), Electrical Conductivity
(EC) and Dissolved Oxygen (DO), application of
LSTMs for water quality prediction in the Upper
Indus Basin is not much explored [5]. This study
addresses this gap in the literature by using LSTM
networks to predict important quality
parameters viz. Sodium (Na), Magnesium (Mg),
Bicarbonate (HCO3), Sulphate (SO4), and Sodium
Adsorption Ratio (SAR) in the Upper Indus Basin [6].
Main aim is to evaluate the performance of LSTM in
generating a precise forecasting of water quality
parameters to minimize the use of the conventional
methods, which are more labor-intensive, and also in
aid of data-driven sustainable management of water

water

resources.
Novelty of the research is its exclusive use of LSTM
deep learning architecture to predict the river water
quality in the Upper Indus Basin, Pakistan where such
models have never been studied before. Unlike prior
studies, which used conventional statistics or light
learning algorithms, this study also applies long short-
term memory (LSTM) which has a stronger ability to
capture dependency structures in longitudinal water
quality datasets, which have a time span of several
decades. By considering a range of key parameters

72°0'0"E
1

(Na, Mg, HCO3, SO4 and SAR) at once, the study has
created a holistic predictive framework that, based on
basic model input data, can make robust and high-
quality forecasts with similar computational ease. This
new technique is not only an innovation in
methodological ~ development of  hydrological
modelling, but also offers valuable lessons for
sustainable water resource management in data-poor
areas.

Study area Description

The present study deals with the Upper Indus Basin
(UIB) of Pakistan of the Hindukush Himalaya region
between latitudes 33°40" to 37°12’ N and longitudes
70°30" to 77°30" E as shown in the Figure 1. The basin
runs from the head of the upper Indus River beyond
Tarbela Dam, it's a distance of some 1,150 km and the
overall drainage blogging for nearly 165,400 km?[7].
The UIB has diverse topography with high notched
plateaus, as well as some of the highest mountains of
the world including peaks of the Karakoram over
7000m. The region has fairly low annual precipitation
which ranges between 100 and 200 mm [8]. A unique
Bureau feature is the existence of such a large area of
glaciers (18,500 km2). These glaciers are an important
source of the water, as their seasonal meltwater is a
major source of run-off for the Indus River system.

72°300"E 73°0'0"E
N N

60°0'0"E 68°0°0"E 760707 _
- =
= 8
5 I
5,
F
;g . Legend g
3 Legend Swat Basin =
Reach Value ES
DEM - High : 5562
= High : 7861 2 Low : 722
:03_ o 110 220 440 eeo Bef/mag, Low : -3 @ Chakdara Station
60°0'0"E 68°0'0"E 76°0°0"E =z
| 5 10 20 30 40 =
™™ ™ ' l Miles o
72°0'0"E 72°30"0"E 73°0'0"E
Figure 1: Study area map of the research
Data Collection portal of National Aeronautics and Space

For the target study area, Digital Elevation Model
(DEM) data was downloaded from the Earth Data

Administration (https://earthdata.nasa.gov/), and
used for watershed delineation, with a spatial
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resolution of 30 m x 30 m, which was further utilized
to represent the flood delineation analysis (Fig. 1). In
addition, water quality data was retrieved from Water
and Power Development Authority (WAPDA)
monitoring station at Chakdara located in the Upper
Indus River Basin. This dataset includes monthly
chemical water quality and sediment monitoring

results from 1963-2020.

Methodology

To evaluate the prediction performance of the Long
Short-Term Memory (LSTM) model, the research
workflow shown in Fig. 3 was followed, utilizing
Python, Keras, and TensorFlow. Water quality data
was obtained from the WAPDA monitoring station at
Chakdara in the Upper Indus Basin. A data cleaning
process was carried out to handle outliers and missing
values. The raw dataset, which initially included 20
water quality parameters (e.g., Ca, Mg, Na, DO, pH,
EC, carbonate, HCOs3, chlorine, sulphate, cations,
anions, temperature, SAR, sand, silt, clay, Tmax, PCP,
and PPM), was refined through feature selection.
Using the Random Forest Algorithm, only parameters
with significant correlations were selected to train the
LSTM model.

The processed dataset was split into 75% for training
and 25% for testing. Missing values in the dataset
were replaced with the column-wise mean using:

n
_ Xi=1Xi
xmissing -

To ensure uniformity across variables, the dataset was
normalized between O and 1 using the min-max
scaling technique. Feature engineering was then
applied to enhance model performance by identifying
the most significant predictors for the selected water
quality parameters.

LSTM Model Development

The LSTM architecture was designed specifically to
capture long-term temporal dependencies in the water
quality time series data. The model consists of two
stacked LSTM layers (128 and 64 units), dropout
layers for regularization, and fully connected dense
layers for output prediction (Fig. 2). The inputs to the
model included key selected water quality parameters,

while the outputs were the target variables Na, Mg,
HCO3, SO, and SAR.

The model was trained using the Adam optimizer and
Mean Squared Error (MSE) loss function. Early
stopping and model checkpoint call-backs were
employed to prevent overfitting and improve
generalization. Training was performed for up to 1500
epochs with a batch size of 16. The LSTM processed
three inputs at each time step: the cell state, the
hidden state from the previous step, and the current
input vector. Through its internal gates (forget, input,
and output), the LSTM updated the cell state,
allowing it to preserve long-term dependencies and
enhance predictive accuracy.

Hyperparameter Tuning
To optimize the LSTM model, hyperparameter tuning
was performed by systematically adjusting:

o Learning rate

e Batch size

¢ Number of epochs

o Dropout rate

¢  Number of hidden layers and units

e Activation functions (ReLU, ELU, Sigmoid,

Tanh)

Multiple training iterations were conducted until the
model achieved maximum prediction accuracy with
the best combination of hyperparameters.

Model Performance evaluation
The predictive performance of the LSTM model was
evaluated using four widely adopted statistical metrics:
1. Coefficient of Determination (RZ) :
X (0 -P)?
?—1 (Oi - 0)2
2. Nash-Sutcliffe Efficiency (NSE):
1 (0= P)?
?—1 (Oi - 0)2
3. Mean Squared Error (MSE):
n

1
MSE = Ez (Ol - Pi)z

i=1

R*=1

NSE =1-—

4. Root Mean Squared Error (RMSE):

n
1
i-1
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Where O; is the observed value, P; is the predicted
value, O is the mean of observed values, and n is the
number of data points.

Model performance was interpreted based on
thresholds presented in Table 2, where values of R? >
0.85 and NSE > 0.7 were considered very good, while
low MSE and RMSE indicated minimal prediction
error.

LSTM networks are a sort of RNN that is intended to
address some of the shortcomings of regular RNNss,
especially in dealing with long-term dependencies in
sequential data [9]. Hochreiter and Schmidhuber [10]

developed LSTMs in 1997, and they have since
become one of the most popular and successful
models for a range of sequence prediction problems.
LSTMs make use of a complicated framework with
gates to regulate information flow, overcoming the
vanishing gradient problem and increasing network
learning. The components of LSTM Model are the
Forget Gate, which discards information, the Input
Gate, which saves new information, the Cell State,
which contains long-term information, and the
Output Gate, which outputs information from the
Cell State [11] as shown in Figure 2.
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Figure 2: Typical LSTM architecture

LSTM model usually has three inputs, two input
vectors come from the LSTM model itself and are
generated by the LSTM model at the previous instant
(t — 1). These inputs are shown as the cell state (C)
and the hidden state (H) in figure 2. The third input
vector “X” is provided from outside and is provided to
the model at time instant “t”. when the model is run
by providing all three inputs the LSTM model
processes the data through its internal gates and
transforms the cell values of cell state and hidden state
vectors [12]. The updated cell values will be the part
of model inputs for next instant (t+1). Throughout

this whole process of information flow control is done
so that the cell acts as a long-term memory for next
instant inputs.

By integrating forget, input, and output gates, LSTMs
can update and maintain a cell state that spans long
sequences and holds crucial information. Because of
this, LSTMs are useful in many sequential data
applications, such as time series prediction and
language processing.

The flowchart of the methodology is shown in the
Figure 3.
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Figure 3: Methodology Flowchart

Results and Discussion

Long Short-Term Memory Networks (LSTM):

The LSTM model's performance, as shown in Table
1, demonstrates strong predictive capabilities for
certain parameters, particularly Na and Mg. The
model achieved an R? of 0.98 for Na during training
and 0.87 during testing, indicating excellent
predictive accuracy and generalization. Similarly, Mg
exhibited a training R? of 0.91 and a test R? of 0.73,
suggesting that while the model learns well, there is
some drop in generalization. HCO3 had a moderate
training R2 of 0.71 and a slightly lower test R? of 0.63,
implying that the model struggles to fully generalize its
learning. SO, had weaker test performance, with an
R? of 0.40, indicating significant overfitting despite a
decent training R% of 0.77. SAR achieved a fair level
of training performance (R2 = 0.82), and training test
performance was not teported and hence its
generalization power is difficult to assess.

The reason might be the model performance in which
one may see variations in performance depending on
different factors like what type of optimizer, activation
functions and hyperparameters were used. Adam was
the most often used optimizer giving a reliable
performance and rmsprop was used for SAR and
maybe increasing the convergence of this parameter.
The batch size and the number of epochs, also played
an important part, such that the higher the epithet
(1500), the better the training accuracy is going, in
some points not really better on the test Notably, SO4
showed a lot of overfittings so it appears to be a good
idea to use regularization techniques like dropout
layers to achieve a better generalization result.
Overall, while the LSTM model is good enough for
capturing time-dependent patterns, there is still more
to fine-tune in this model in order to make it that
much better at generalization with respect to the
model over all parameters.
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Table 1: Prediction Performance of LSTM Model

Parameter Name
(megq/L)
Target | Input | Train NS | RMS | Optimize | Activatio | Batc | Epoch | Unit
Variabl | Variable | / R? MSE E E . plimize nc tvatio h;;ic poc n
e s Test s S
Train | 0.9 | 0.00
SAR, 8 2 0.98 | 0.04
Na HCO3, Adam Relu 16 1500 128
Ca Test 0.8 | 0.00
7 7 0.87 | 0.08
Train | 0.9 | 0.01
DS by 1 2 0.91 | 0.11
Mg Evap, Cl, Adam Relu 32 1500 256
EC Test 0.7 |0.03
3 2 0.73 | 0.18
Train | 0.7 | 0.09
DS by 1 |4 0.71 | 0.31
HCO, Evap, Adam Relu 16 1500 128
Ca EC Test 0.6 |0.04
b 309 0.63 | 0.22
Train | 0.7 | 0.00
DS by 7 |8 0.77 | 0.09
SO, Evap, Adam Relu 16 1000 128
Na. SAR Test 04 |0.01
’ 0 9 0.40 | 0.14
Na Train | 0.8 | 0.01
. 2 7 0.82 | 0:13
SAR ginons, Test 08 10.00 Rmsprop | Elu 16 100 128
2 8 0.82 | 0.09
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Figure 4: Model performance of the different parameter

Discussion

The findings from this study revealed that the LSTM
model provided high accuracy of predictions of water
quality parameters, by capturing well for relatively
short time scale fluctuations as well as capturing long
time-scale temporal dependencies. Better
performance of LSTM is mainly due to its memory cell
structure which allows the model to remember about
relevant information over time, therefore LSTM can
be considered as a more appropriate method for time-
series forecasting problems, which is the water quality
prediction problem in this case. The findings of the
analysis confirmed the efficient use of LSTM by the
incorporation of the nonlinear and dynamic features
of water quality data by learning more complex
temporality quality and preventing
information loss of long-term context. This ability
enables prediction of variations in key parameters
with high confidence and high predictive skill of the
model to offer useful information for environmental
monitoring and management. Overall, the results

of water

illustrate the advantages of deep learning-based
techniques (specifically LSTM networks)
statistical and shallow learning-based techniques in
terms of forecast reliability. The success of LSTM
employed in this study demonstrates the potential of
this model as a tool for automating the water quality
monitoring process, facilitating data driven water
management and  helping in  sustainable
environmental practices. LSTM is scalable and is a
powerful tool for predictive environmental modeling
with ability to learn from vast data-play and adapt to
changing patterns of water quality.

over

Conclusion

This article shows the use of LSTM model is effective
and capable of predicting the water quality parameters
with high level of accuracy. The LSTM model was able
to accurately represent longterm temporal
correlations in the dataset and therefore predict the
water quality primitive with better precision and
reliability. The experiment shows that LSTM can be a
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very powerful model for environmental time-series
prediction that offers better generalization ability and
stability than the traditional models. The results
demonstrate the expanding importance of deep
learning for water resources management, especially
for real-time monitoring and pollution hazard
analysis. Additionally, LSTM-based forecasting can
render more precise forecasts allowing for proactive
choices-making, too early on detection of water quality
decline, and for more sustainable water management
strategies.

Future Work

Future studies may explore:

Hybrid architectures, such as CNN-LSTM or
BiLSTM, to enhance feature extraction and temporal
learning.

Incorporation of external variables (e.g., rainfall,
temperature, land use, or human activity) to improve
prediction performance.

Deployment of LSTM models in real-time monitoring
systems integrated with loT sensors for continuous
water quality assessment.
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