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Abstract

This study evaluates the drinking water quality in Kano State, Nigeria, using Long Short-Term
Memory (LSTM) and Recurrent Neural Network (RNN) models. In forecasting the important water
quality characteristics across time. A 76-months (2018-2024) dataset from Kano State Waterworks
was digitized, preprocessed, and evaluated. A thorough depiction of the state's water quality profile
was produced by combining the dataset, that was gathered from three different treatment facilities:
Challawa, Tamburawa, and Watari. In order to determine the most significant factors associated with
water potability, data pretreatment included cleaning, normalization, resampling to daily means, and
feature selection. By resolving class imbalance and eliminating noisy samples, the SMOTEEEN
(Synthetic Minority Over-sampling Technique with Edited Nearest Neighbors) approach was adopted
to balance the dataset and enhance quality during cleaning. To provide a fair and trustworthy model
evaluation across different data distributions, stratified K-Fold cross-validation was used. The goal of
this research is to enhance the accuracy and reliability of water quality assessment by capturing
nonlinear and temporal dynamics within our dataset. Potability levels were determined by comparing
the created models to drinking water requirements set by the World Health Organisation (WHO). The
LSTM produced MAE of 0.1400, RMSE of 0.1483, MAPE of 14 %, and R2 of 0.9083, whereas the RNN
produced Mean Absolute Error (MAE) of 0.3500, Root Mean Square Error (RMSE) of 0.3536, Mean
Absolute Percentage Error (MAPE) of 35%, and R2 of 0.4792. While both models worked well, LSTM
did slightly better.
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INTRODUCTION

Sustainable development and human health depend on access to clean, safe drinking water.
Less than 1% of the water on Earth is freshwater fit for human use, but it makes up more than
70% of the planet's surface (UNESCO, 2023). Domestic discharges, agricultural runoff, and
industrial effluents are posing a growing danger to this limited resource (Uddin, 2020). Over
800 million people worldwide do not have access to drinkable water, which causes millions
of fatalities per year, many of them in newborns (Koop et al., 2022; Vikesland, 2018). Typhoid,
cholera, and giardiasis are examples of waterborne illnesses that are still among the leading
causes of death (Tripathi & Singal, 2020). In Kano State, Nigeria, surface water is heavily
impacted by industrial and agricultural activities, as well as urban waste. Rivers such as
Challawa Gorge and Tamburawa exhibit elevated concentrations of heavy metals and other
pollutants, mainly from nearby tanneries and wet industries (Chidi, Fate & Odewale, 2020;
Makki, Adam & Ahmed, 2020). Many water treatment facilities in the region still depend on
traditional laboratory-based monitoring, which is time-consuming, resource-intensive, and
reactive (WHO, 2020). Such methods often fail to capture rapid changes in water quality or
provide timely interventions. Three main water treatment facilities: Challawa Gorge,
Tamburawa, and Watari Waterworks, serve the growing urban population in the larger Kano
metropolitan region (Bello et al., 2022).

The difficulty of preserving safe water quality is increased by the combined effects of
population development, industrialization, and inadequate waste management, underscoring
the necessity of predictive, data-driven monitoring techniques. The scope encompasses Kano
State's industrially influenced water sources, with a focus on parameters like pH, turbidity,
conductivity, hardness, and chromium. The goal is to implement an RNN-LSTM framework
for accurate water-quality prediction to support proactive water management. The objectives
are to gather and preprocess historical data, develop a predictive model that captures
temporal dynamics, and test their performance for optimal configuration. Improved public
health, effective resource use, better water supply planning, and evidence-based decision
making are all important. This study offers a novel framework that shows how deep learning
in conjunction with multi-station datasets may enable precise, real-time water-quality
monitoring for sustainable management in developing areas like Kano State.

Deep learning and sophisticated machine learning are now widely used in water quality
predictions. For time-series prediction, Wang et al., (2017) showed that LSTM networks
perform better than conventional neural networks such BP-NN and ELM. Zhenbo et al., (2018)
demonstrated increased prediction accuracy by feature extraction by combining Stacked
Autoencoders with LSTM and BPNN. Other studies used ANN and LSTM to classify and
predict water quality. Khadijah et al., (2019) achieved approximately 80% accuracy in
Malaysian rivers, and Hu et al., (2019) and Zhuhua et al.,, (2019) used LSTM with
preprocessing and correlation analysis to accurately predict pH and temperature in
mariculture environments.

To address complex datasets, Ping et al., (2019) used LSTM on IoT-based monitoring data,
while Qianggiang et al., (2019) applied LSTM-RNN hybrids to capture nonlinear pollutant
dynamics such as COD. Locally, Fate et al., (2020) highlighted heavy metal contamination in
Kano’s Challawa River, emphasizing the importance of predictive modelling for Nigerian
contexts (Kano state).

Yeetal, (2022) proposed an LSTM-RNN architecture that optimizes hidden layers, connection
weights, and temporal constants so that to overcome RNN restrictions such as gradient
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vanishing and explosion. The model demonstrated LSTM's capacity to capture long-term
dependencies by outperforming traditional RNNs while predicting Chemical Oxygen
Demand (COD) using a Shanghai River dataset (RMSE 1.174 vs. 3.758; MAE 0.594 vs. 2.159;
R? 79% vs. 77%). Building on these foundations, this study implements an RNN-LSTM
framework to predict key parameters including: pH, turbidity, conductivity, hardness, and
chromium across industrially influenced sites in Kano State. A key novelty of this research is
the integration of SMOTE-ENN balancing to correct class imbalance within multi-station
historical data from Watari Waterworks, Tamburawa, and Challawa. By aligning with WHO
criteria, this approach enhances the generalizability and robustness of the model, providing a
proactive tool for sustainable water management and evidence-based decision-making in
developing regions.

METHODOLOGY

Study area

One of the most industrialized and populous states in the northern area of Nigeria, Kano State,
was the site of this research (National Bureau of Statistics [NBS], 2022). The state is around
20,131 km? in size and is located between latitudes 10°33'N and 12°04'N and longitudes 7°34'E
and 9°29'E (Nigeria Meteorological Agency (NiMet, 2021). The Kano State Water Board
oversees the water supply network and runs three significant treatment facilities for
Challawa, Tamburawa, and Watari that provide drinkable water to the city and its environs
(Kano State Water Board, 2023). The capacity, sources of raw water, and hydrological features
of these facilities vary: Watari Waterworks gets its raw water from the Watari Dam in Bagwai
Local Government Area, Tamburawa Waterworks gets its water from the Tamburawa River
in the Kano-Zaria corridor, and Challawa Waterworks gets its water from the Challawa River,
which is southwest of the city. These facilities geographic distribution guarantees extensive
regional water coverage and facilitates efficient monitoring of water quality changes
throughout Kano State's several zones.

Table 1: The locations of the three waterworks are depicted on the table below

Facility Capacity (MLD) Latitude Longitude Primary Water
Source
Challawa 200 11.7015°N 8.0345° E Challawa River
Tamburawa 170 11.8483° N 8.5127° E Tamburawa River
Watari 45 12.1877°N 8.1583° E Watari Dam

Data Collection and Description

The Kano State Water Board, which tracks and documents weekly water quality indicators at
the three main treatment facilities: Challawa, Tamburawa, and Watari, from January 2018 to
April 2024, provided the dataset utilized in this study. Originally kept in paper-based
logbooks, the raw data was later digitalized to facilitate computer analysis.

The combined dataset comprised 912 records, which after cleaning and resampling were
reduced to 886 valid weekly observations. The recorded parameters included pH, turbidity,
total dissolved solids (TDS), electrical conductivity (EC), chromium, and hardness among
others. These parameters were selected based on their relevance to World Health
Organization (WHO, 2022) standards for drinking water quality. Data from the three stations
were merged into a unified dataset to improve model generalization and to capture temporal
dynamics, nonlinearity and spatial variations in water quality across Kano State. To ensure
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fair model training and evaluation, the dataset was divided into training and validation (80%),
and testing (20%) subsets.

Data Preprocessing

To improve data quality and guarantee dependable model input, a number of preprocessing
techniques were used. Data cleaning, normalization, resampling, feature selection, and
dataset balance were all part of the procedure. To minimize noise, outliers were handled using
the capping approach, and missing values were filled in with the mean. In order to avoid
large-valued variables from dominating, all characteristics were subsequently normalized
using the Min-Max scaling approach to a range between [0 and 1]. For temporal consistency,
the dataset was resampled to daily mean values, and the most important parameters were
kept by feature selection utilizing recursive feature elimination and correlation analysis.
Finally, the SMOTEENN (Synthetic Minority Oversampling Technique-Edited Nearest
Neighbors) algorithm was employed to address class imbalance and enhance model
generalization.

Model Development

To forecast changes in water quality over time, two deep learning architectures: Recurrent
Neural Network (RNN) and Long Short-Term Memory (LSTM) were created and contrasted.
The TensorFlow and Keras libraries for Python were used to create both models, which
followed a three-layer network architecture intended to efficiently capture nonlinear and
temporal relationships within the dataset. Each model used a dense output layer that
predicted the target variable, two hidden recurrent layers, and an input layer that matched
the chosen water quality criteria. To enable the models to learn long-term relationships across
temporal data, a sequence length of 50 time-steps was used.

The Rectified Linear Unit (ReLU) activation function was used in the hidden layers of both
RNN and LSTM because of its computing efficiency and capacity to handle nonlinear
interactions. The Mean Squared Error (MSE) loss function was minimized using the Adam
optimizer, and early halting was employed to avoid overfitting during training.
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Figure 1: Proposed Framework for Water Quality Prediction (Ye et al, 2022).
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The model development process followed a consistent experimental pipeline data input,
preprocessing, model training, validation, and testing as illustrated in Figure 1, which
presents the proposed framework for water quality prediction. Results and Discussion

RESULTS AND DISCUSSION

The unbalanced dataset caused problems for both the LSTM and Simple RNN models. The
LSTM produced a somewhat superior MAPE, but the Simple RNN had somewhat lower
absolute errors. Nevertheless, both models had R? values that were almost zero, indicating
that neither was able to identify the underlying patterns. These poor outcomes make it
abundantly evident that the model's performance was hampered by the data imbalance,
which makes sophisticated preprocessing crucial for raising prediction accuracy.

Table 2: Model Performance on Imbalanced Dataset

Metric Simple RNN LSTM
MAE 0.4959 0.5000
RMSE 0.4966 0.5000
R2Scores 0.012 0.0015
MAPE 51.59 % 50.00 %

Both the Simple RNN and LSTM models clearly improved when the dataset was balanced
using SMOTE-ENN. Compared to the unbalanced data, errors dropped and the models were
better at capturing patterns. With lower error metrics and a higher R2, which indicates greater
predictive stability, the LSTM demonstrated the greatest performance. Although it made
progress, the Simple RNN's overall accuracy was still lower. These findings demonstrate how
balancing the dataset greatly improved model learning and resulted in more accurate
forecasts of water quality.

Table 3: Model Performance on Balanced Dataset

Metric Simple RNN LSTM
MAE 0.3500 0.1400
RMSE 0.3536 0.1483
R2Scores 0.4792 0.9084
MAPE 35 % 14%
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Figure 3: Model Performance on Balanced Dataset

I. M. Basheer et al, DUJOPAS 12 (1b): 239-247, 2026 243



Determination of Drinking Water Quality Using Recurrent Neural Network (RNN) and Long-Short Term Memory
(LSTM): A Case Study of Kano State Waterworks

DISCUSSION

The predictive performance of the LSTM model was evaluated against a Simple RNN using
both imbalanced and balanced (SMOTE-ENN) datasets. As shown in Table 2 above, both
models performed poorly on imbalanced data (R? < 0.02; MAPE = 50%), reinforcing the
observation by Qianggiang et al. (2019) that skewed datasets fail to represent the nonlinear
pollutant dynamics critical for accurate water quality forecasting. The implementation of
SMOTE-ENN significantly enhanced performance. The LSTM achieved an R? of 0.9084, vastly
outperforming the Simple RNN (R2 = 0.4792). This result confirms the LSTM’s superior ability
to capture temporal dynamics and non-proportional interactions between water parameters.

This aligns with Ye et al. (2022), who demonstrated that LSTM architectures overcome
gradient vanishing issues to retain long-term dependencies. Notably, this study’s R2 (90.8%)
exceeds the 79% reported by Ye et al. (2022), suggesting that the combination of data balancing
and LSTM gating is more effective for the complex hydrological profiles of Kano State.
Furthermore, the low error metrics (MAE = 0.1400; MAPE = 14%) validate the assertion by
Zhenbo et al. (2018) that deep learning is uniquely suited for high-level feature extraction from
multivariate datasets. While most parameters met WHO (2022) standards, the Chromium
levels indicated moderate risk, echoing the industrial contamination concerns raised by Fate
et al. (2020). These findings prove that the LSTM framework effectively captures sudden,
nonlinear spikes in pollutants, providing a proactive, evidence-based management tool for
the Kano State Water Board.
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Figure 4: Comparison of model’s performance: Imbalance vs Balance dataset.

The main cause of pollution in Kano State is chromium metal, which has the strongest
association (-86%) with water quality. It poses serious carcinogenic concerns due to its
volatile, nonlinear surges, which are mostly caused by tanneries, inadequate waste disposal
and the Agricultural run-off. These brief, high-dose occurrences avoid normal monitoring,
highlighting the need for sophisticated time-series modelling to accurately forecast and
minimize crucial times of water quality deterioration
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Figure 4: Capturing Temporal Changes and Non-linearity

Table 4: Water Quality Predictions and Corresponding Risk Levels

Parameter WHO Guideline RNN LSTM Risk level
(MAE / RMSE) (MAE / RMSE)

PH 6.5-85 +0.022 / 0.052 +0.023 / 0.057 Very low (Fit)
Turbidity <5NTU +0.022 / 0.052 +0.023 / 0.057 Low (Fit)
TDS <1000 mg/L +0.022 / 0.052 +0.023 / 0.057 Very low (Fit)
Chromium <0.05mg/L +0.022 / 0.052 +0.023 / 0.057 Compliance Risk
Conductivity <400S/cm +0.022 / 0.052 +0.023 / 0.057 Low (Fit)
Hardness <500 mg/L £0.022 / 0.052 +£0.023 / 0.057 Very Low (Fit)

CONCLUSION

The findings show that deep learning models are quite successful in predicting water quality
characteristics. With total errors around 40%, both RNN and LSTM models demonstrated
excellent predictive performance. With an MAE of 0.1400, RMSE of 0.1483, MAPE of 14%, and
R? of 0.9083, the LSTM model outperformed the others, demonstrating exceptional accuracy
and a significant correlation between expected and actual values. The RNN model, in contrast,
showed respectable prediction performance with an MAE of 0.3500, RMSE of 0.3536, MAPE
of 35%, and R? of 0.4792. By guaranteeing robustness and reducing bias in performance
evaluation, the application of stratified K-fold cross-validation significantly enhanced model
dependability. The simpler RNN architecture performed competitively despite the fact that
LSTM networks are often recommended for long-term temporal relationships due to the small
dataset size and very short sequence length. Nonetheless, the results validate the potential of
deep learning techniques to improve water quality monitoring and facilitate data-driven
decision-making for water resource management in Kano State and comparable settings.
Despite these successes, the study was limited by a relatively small dataset and the omission
of external environmental variables such as seasonal rainfall and localized discharge volumes.
Future research should focus on expanding the dataset, integrating multi-source
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environmental factors, and exploring hybrid architectures (such as CNN-LSTM). Ultimately,
these advancements could pave the way for a real-time, IoT-integrated monitoring system to
safeguard public health in developing urban centers.
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