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Abstract

In the field of environmental conservation, the integration of Artificial Intelligence (Al) into pollution control strategies offers a transformative
approach with significant potential. This paper presents a study on the application of Al techniques, specifically Random Forest algorithms, to
predict and manage water quality in river systems. The objective of this research was to evaluate the performance of Random Forest models in
comparison to Artificial Neural Networks (ANNSs) for predicting the Water Quality Index (WQI). The study's findings revealed that the Random
Forest model achieved a Mean Absolute Error (MAE) of 7.87 and a Root Mean Squared Error (RMSE) of 27.99, significantly outperforming the
ANN model, which had a MAE of 121.40 and an RMSE of 215.04. These results demonstrate the superior accuracy and reliability of the Random
Forest algorithm in capturing complex environmental data patterns. The novelty of this research lies in its comprehensive comparison of Al
models for environmental monitoring, providing a data-driven approach to improving water quality management. This contribution is particularly
relevant in the context of achieving Sustainable Development Goal (SDG) 6, which focuses on ensuring clean water and sanitation. By advancing
traditional environmental planning methods with Al, this study highlights the potential of these technologies to make a substantial impact on
environmental protection efforts.
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1. Introduction

Environmental planning and monitoring are integral components of efforts to protect and sustain the natural
environment. These processes involve the systematic sampling and analysis of various environmental media, including
air, water, soil, and biota, to assess the health of ecosystems and the potential impacts of human activities. By observing
and analyzing these components, scientists and policymakers can derive essential knowledge that informs the
management and preservation of natural resources [1], [2]. The scope of environmental monitoring is diverse,
encompassing a wide range of spatial and temporal scales. For instance, the monitoring of a specific species, such as
an endangered fish in a small stream, requires a focused approach with localized sampling over short periods. In
contrast, monitoring the health of an entire nation’s natural resources necessitates a more extensive and prolonged
effort, involving large-scale data collection over extended periods.

The importance of environmental planning and river pollution monitoring cannot be overstated. As human populations
continue to grow and industrial activities expand, the pressure on natural ecosystems intensifies, leading to significant
environmental challenges. Effective environmental planning and monitoring are essential for addressing these
challenges and ensuring the long-term sustainability of ecosystems. In particular, river pollution monitoring is critical
due to the vital role that rivers play in providing water for drinking, agriculture, and industry [3]. Contaminated rivers
pose severe risks to public health, as they can carry hazardous pathogens and chemicals that may lead to the spread of
diseases such as cholera, dysentery, and various gastrointestinal disorders [4]. The consumption or contact with
polluted water can have disastrous consequences for human health, especially in communities that rely on rivers as
their primary water source. Moreover, rivers are not isolated systems; they are intricately connected to broader
ecosystems and the food chain. Pollutants in rivers can accumulate in aquatic organisms, which are then consumed by
other species, including humans [5]. This bioaccumulation of harmful substances can lead to long-term health risks,
not only for wildlife but also for people who depend on these ecosystems for food and livelihoods. The presence of
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contaminants in the food chain underscores the need for vigilant monitoring and swift intervention to prevent the spread
of pollutants and mitigate their impact on human health and the environment.

Beyond the immediate health risks, river pollution has far-reaching ecological consequences. Pollutants can disrupt the
delicate balance of aquatic ecosystems, leading to the loss of biodiversity and the degradation of habitats [6]. For
example, increased levels of suspended solids from construction sites, agricultural runoff, and deforestation can reduce
water clarity, limiting sunlight penetration and hindering photosynthesis in aquatic plants [7]. This reduction in primary
productivity can have cascading effects throughout the food web, ultimately reducing the diversity and abundance of
aquatic species [8]. Additionally, the accumulation of sediments can smother riverbeds, destroying critical habitats for
fish, invertebrates, and other aquatic organisms [9].

Effective environmental planning and monitoring are not only about identifying and responding to immediate threats
but also about preparing for future challenges. Monitoring provides the data necessary to predict and prepare for
environmental disasters, such as chemical spills, flooding, and other natural events [10]. This foresight allows
authorities and communities to develop comprehensive response plans, protect lives and property, and minimize the
impact of such disasters. The ability to anticipate and mitigate environmental crises is a testament to the critical role of
monitoring in disaster preparedness and risk management.

Furthermore, the data generated from environmental monitoring programs are invaluable for informed decision-
making. Governments, policymakers, and the scientific community rely on this data to develop policies and strategies
that promote sustainable development and environmental protection [11]. For example, river pollution monitoring data
can be used to enforce environmental regulations, ensuring that industrial and agricultural activities adhere to pollution
control standards [12]. By tracking the sources and levels of pollution, monitoring programs hold polluters accountable,
promoting a culture of responsibility and environmental stewardship [13]. The data from monitoring programs support
the development of more effective environmental protection plans. These plans are essential for guiding land use
decisions, managing water resources, and protecting vulnerable ecosystems [14]. For instance, monitoring can identify
areas where pollution is particularly severe, allowing for targeted interventions and the allocation of resources to the
most critical areas [15]. This targeted approach not only maximizes the effectiveness of environmental protection
efforts but also ensures that resources are used efficiently and where they are most needed.

Environmental planning and river pollution monitoring are indispensable tools in the fight to protect our planet's natural
resources. They provide the necessary data and insights to understand the complex interactions within ecosystems,
assess the impact of human activities, and develop strategies to mitigate environmental threats. As the challenges of
environmental degradation and climate change continue to grow, the importance of these efforts will only increase
[16]. By investing in robust environmental monitoring programs, we can ensure a healthier, more sustainable future
for both people and the planet [17].

2. Overview of Application

The application is titled "Water Quality Prediction Using Random Forest Algorithms." This title was carefully chosen
for its clarity and precision, directly conveying the application's purpose. It focuses on predicting water quality and
emphasizes the use of Random Forest algorithms, a specific and advanced Al methodology. The title effectively
captures the essence of the application, balancing straightforwardness with a hint of technical detail. The main
objectives of the application revolve around leveraging sophisticated artificial intelligence to process and interpret
environmental data. The application is designed to provide precise and reliable assessments of water quality, ensuring
that the results are both trustworthy and actionable. Additionally, the platform is interactive, allowing government
agencies and other stakeholders to easily upload and manage environmental data, fostering a collaborative approach to
water quality management [18]. An essential feature of the application is its ability to translate complex analytical
results into understandable water quality indices. These results are displayed through an intuitive dashboard, which
assists decision-makers in making informed decisions about environmental planning and river pollution control [19].

The application is designed to serve a wide range of users, each with specific needs and roles. Government
environmental agencies, responsible for monitoring and managing water quality, will find this system essential for
fulfilling their duties more efficiently. Environmental researchers and scientists will benefit from the deep analytical
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capabilities, which offer valuable insights into water pollution and conservation efforts. Public health officials, who
play a critical role in safeguarding communities from waterborne hazards, will use the system as an early warning tool
[20]. Local communities and NGOs, particularly those focused on environmental activism and community health, will
find the system empowering as it provides the data and tools needed to advocate for environmental change and engage
in conservation efforts [21]. The broad spectrum of users highlights the system's versatility and its importance in
various aspects of water quality management and environmental conservation.

Each group of users benefits significantly from the application in unique ways. Government environmental agencies
can use the system’s predictive capabilities to assess water quality accurately, aiding in the development of effective
environmental policies and pollution control measures [22]. Reliable data allows these agencies to allocate resources
more efficiently and respond quickly to environmental threats [23]. For environmental researchers and scientists, the
system offers comprehensive data analysis and Al-driven insights, making it an invaluable resource for uncovering
trends and patterns in water pollution, contributing to groundbreaking studies [24]. Public health officials will find the
system invaluable as an early warning mechanism, identifying potential waterborne hazards and helping to protect
public health, especially in vulnerable communities [25]. Local communities and NGOs can use the system to access
and understand water quality data easily, empowering them to advocate for change and raise awareness about
environmental issues [26].

The impact of this system on the environment is potentially significant. Water, being a fundamental resource, is crucial
for sustaining life and maintaining ecological balance. However, pollution increasingly compromises water quality,
making many sources unsafe and threatening biodiversity [27]. The water quality prediction system, powered by Al,
is designed to address these challenges proactively. It not only assesses current water quality but also anticipates
potential issues before they arise, helping to prevent environmental damage before it becomes critical [28]. By
providing accurate and timely information, the system supports more effective management of water resources and
pollution control, which in turn helps protect aquatic ecosystems and reduce the harmful effects of pollution on wildlife
and natural habitats [29]. The system also plays a crucial role in guiding the implementation of targeted environmental
policies, contributing to the overall sustainability and health of our planet's water bodies [30]. This proactive approach
to environmental conservation represents a significant step towards ensuring a healthier future for both people and the
planet.

The application is built around several key features that enhance its functionality and usability. One of the core features
is real-time data collection and integration. The system continuously gathers data from various 10T sensors that monitor
water quality parameters such as pH, turbidity, and contaminant levels. The integration aspect ensures that data from
different sources is standardized and compatible, allowing for a comprehensive view of current water conditions. This
continuous data stream is vital for the system’s predictive analytics, which rely on up-to-date information to provide
accurate predictions.

Another important feature is the advanced water quality prediction capability, which lies at the heart of the application.
Powered by a Random Forest Al model, this feature is trained on historical data to recognize patterns and predict future
water quality scenarios. The model considers a wide range of variables, from immediate sensor readings to seasonal
trends, providing accurate forecasts that allow for proactive management of water resources. The predictive power of
the application means that it can help address potential problems before they escalate, enabling more effective
environmental management.

The user-friendly dashboard serves as the central interface of the application. Designed with a focus on accessibility,
it presents complex data in an easy-to-understand format using real-time visual tools like charts and graphs. Users can
customize the dashboard to focus on the data most relevant to their needs, making it a powerful tool for a variety of
users, including environmental scientists, government officials, and public health administrators. The dashboard not
only displays data but also allows users to interact with the system, performing tasks like historical data analysis or
generating specific reports.

An interactive map interface is also a key feature of the application, essential for spatial analysis. It enables users to
visualize predicted water quality across different regions, providing a geographical context to the data. This is crucial
for identifying potential sources of pollution and understanding their impact on various parts of the river system. Users
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can interact with the map by zooming in on areas of interest, clicking on sensor locations for detailed readings, and
viewing historical pollution trends. The map also serves as a tool for public engagement, helping stakeholders visually
comprehend the extent and severity of water quality issues.

The alert and notification system are another critical feature, designed for risk communication and management. When
the Al model predicts water quality levels that exceed safety thresholds, the system automatically sends alerts. These
notifications can be customized to reach the appropriate users through various channels, such as email, SMS, or in-app
notifications. The system prioritizes high-risk alerts, ensuring that the most urgent issues are addressed promptly. This
feature not only informs users of potential problems but can also suggest immediate actions or direct users to emergency
response protocols, making it an integral part of the water management strategy.

3. Development Methodology and Framework

The methodology of this research is structured into several phases, focusing on the development, implementation, and
evaluation of machine learning models for predicting the Water Quality Index (WQI). This includes the use of Artificial
Neural Network (ANN) and Random Forest models; each employing different strategies to process and analyze the
dataset as illustrated in figure 1.

Model

Data. Development MD.dEI

Collection (ANN) Evaluation (RF)
F 3
Splitting Synthesis
the Dataset and Reporting
h F h
Maodel Model
Preprocessing Evaluation Comparison

(ANN) (RP)

Figure 1. Research Phase
Phase 1: Data Collection and Preprocessing

The dataset used for this research was sourced from Kaggle, containing 1679 samples from various Indian states
collected between 2005 and 2014. The dataset includes seven critical features for assessing water quality: dissolved
oxygen (DO), pH, conductivity, biological oxygen demand (BOD), nitrate, fecal coliform, and total coliform. These
features serve as vital indicators of water quality, reflecting various aspects such as oxygen levels, acidity, pollution,
and microbiological contamination. The preprocessing involved feature selection and standardization. Specifically, we
extracted relevant columns from the dataset, assigned the target attribute (WQI) to the variable Y, and selected the
predictive features X. Standardization was performed using the “StandardScaler” class from the scikit-learn library.
The standardization formula used is:

X-u

Xscated = pu

1)
X is the original feature value, u is the mean of the feature in the training set, o is the standard deviation of the feature
in the training set.

Phase 2: Splitting the Dataset

To ensure robust model evaluation, the standardized features X;.,;.4 and target variable Y were split into training and
testing sets, with 20% of the data reserved for testing. The “train_test split” function from scikit-learn was used for
this purpose, and the “random_state” parameter was set to maintain reproducibility. For the ANN model, the target
variables were reshaped into a 2D array, a format required by the scikit-learn framework.

Phase 3: Artificial Neural Network (ANN) Model Development
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The first machine learning model developed was an Artificial Neural Network (ANN), designed to predict the WQI.
The ANN architecture consisted of three layers: an input layer, two hidden layers, and an output layer. The hidden
layers, which were equipped with weight (W) and bias (b) parameters, played a crucial role in transforming the input
data. The activation function used was the Rectified Linear Unit (ReLU), defined as:

ReLU(z) = max (0, 2) 2
wherez=W-X+b @)

The model’s parameters were optimized using the Adam optimizer, which adjusts the learning rates of the parameters.
The loss function used was Mean Squared Error (MSE), calculated as:

1 ~\2
MSE = ~31,(Y; — 1)) 4)
Y; is the actual value, ¥; is the predicted value, n is the number of samples.

The model was trained over multiple epochs, during which predictions were made, loss was calculated, and parameters
were updated iteratively.

Phase 4: ANN Model Evaluation

After training, the ANN model was evaluated using the test data. The performance metrics used included Mean
Absolute Error (MAE) and Root Mean Squared Error (RMSE). The formulas for these metrics are:

MAE = -3, |Y; - 7] (5)

RMSE = J%zi‘:l(Yi - %) (6)

These metrics were chosen to provide a clear understanding of the model's accuracy and error distribution. Despite the
comprehensive training process, the ANN model’s performance indicated room for improvement, particularly in
handling the complexity of the dataset.

Phase 5: Random Forest Model Development and Comparison

Given the performance limitations of the ANN, we implemented a Random Forest model as an alternative approach.
Random Forest is an ensemble learning method that constructs multiple decision trees and averages their predictions
to improve accuracy and reduce overfitting. The model was built using the ‘RandomForestRegressor’ from scikit-learn,
with 100 decision trees specified. The prediction for a Random Forest model is the average of predictions from all
individual trees:

~ 1 ~
Y = ;Zfﬂ Y (7
T is the number of trees, ¥, is the prediction from the t-th tree.

The Random Forest model did not require the same level of data manipulation as the ANN, particularly in handling
target variables, making it a more straightforward and computationally efficient choice.

Phase 6: Random Forest Model Evaluation and Comparison

The Random Forest model was trained on the same dataset and evaluated using the same metrics as the ANN model
(MAE and RMSE). The evaluation revealed that the Random Forest model outperformed the ANN, offering more
accurate predictions and handling the data’s complexity more effectively. This comparison highlighted the strengths
of ensemble methods like Random Forest, especially in scenarios where the dataset is diverse and contains potential
outliers.

Phase 7: Synthesis and Reporting

Finally, the findings from the model evaluations were synthesized into a comprehensive report. This report detailed the
methodologies employed, the development and training of the models, and the comparative analysis of their
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performances. The insights gained from this research emphasize the importance of model selection based on the
specific characteristics of the dataset and the prediction task at hand.

4. Result and Discussion

In this study, we sought to evaluate the effectiveness of two machine learning models—Atrtificial Neural Network
(ANN) and Random Forest—using a dataset sourced from specific historical locations in India, spanning from 2005 to
2014. This dataset, comprising 1679 samples, was obtained from Kaggle and includes seven critical characteristics for
determining water quality: dissolved oxygen (DO), pH, conductivity, biological oxygen demand (BOD), nitrate, fecal
coliform, and total coliform [31]. These metrics serve as essential indicators of various elements of water quality, such
as oxygen levels, acidity, pollution, and microbiological contamination.

The primary objective of the previous project, "Water Quality Prediction Using Artificial Intelligence Algorithms,"
was to develop an ANN model capable of predicting the Water Quality Index (WQI). The ANN architecture typically
consists of an input layer, one or more hidden layers, and an output layer. The hidden layers are crucial as they contain
weight and bias parameters that govern the interactions between neurons. The use of activation functions such as
Rectified Linear Unit (ReLU) introduces non-linearities, enabling the network to capture hidden patterns within the
input data. The model's performance is optimized using learning algorithms that iteratively adjust weights based on
performance metrics like mean squared error (MSE).

During the training of the ANN model, the loss function decreased steadily over the epochs, indicating that the model
was learning effectively. Specifically, the loss started at 70812.15 at epoch 10, gradually decreasing to 70629.21 at
epoch 20, 70368.79 at epoch 30, 70005.44 at epoch 40, and finally reaching 69500.47 at epoch 50. This reduction in
loss demonstrates that the model was refining its predictions over time. However, despite this consistent improvement,
the model's performance on the test data revealed limitations. The Mean Absolute Error (MAE) on the test data was
121.40, while the Root Mean Squared Error (RMSE) was 215.04. These error metrics suggest that while the model
made progress during training, it struggled to achieve high accuracy, potentially due to the need for more extensive
hyperparameter tuning or a more complex network design. Figure 2 show the results obtained by using ANN.

Epoch [1@/5@], Loss: 70812.1484375

Epoch [2@/5@], Loss: 70629.2109375

Epoch [30/58], Loss: 78368.7890625

Epoch [48/50], Loss: 70085.4375

Epoch [58/58], Loss: 69500.46875

Mean Absolute Error on Test Data: 121.39598454181562
Root Mean Squared Error on Test Data: 215.83675842285156

Figure 2. Neural Network Model Result.

Following the implementation of the ANN model, we introduced a modification by employing the Random Forest
algorithm for water quality prediction. Random Forest is an ensemble learning method known for its robustness and
high accuracy across various machine learning tasks. It constructs multiple decision trees during the training phase and
aggregates their predictions. This approach allows Random Forest to better capture the complexity of the dataset,
resulting in more accurate predictions. In fact, the Random Forest model significantly outperformed the ANN model
on the test data, with a Mean Absolute Error (MAE) of just 7.87 and a Root Mean Squared Error (RMSE) of 27.99 as
seen in figure 3. These much lower error metrics indicate that the Random Forest model was better able to capture the
intricate patterns and nuances of the water quality data, leading to more precise predictions.

Mean Absolute Error on Test Data: 7.874625755402626
Root Mean Squared Error on Test Data: 27.98648120525695

Figure 3. Random Forest Model Result.
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The preprocessing steps for both models included feature selection, data standardization, and splitting the dataset into
training and testing sets. A key difference between the models is in handling the target variables: while the ANN model
required reshaping the target variables into a 2D array, the Random Forest model could directly process 1D target
arrays, simplifying the data handling process.

To evaluate the models, we used Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) as key
performance indicators. The results demonstrated that the Random Forest model significantly outperformed the ANN
model in terms of both MAE and RMSE. Specifically, the ANN model recorded an MAE of 121.40 and an RMSE of
215.04 on the test data, while the Random Forest model achieved a much more favorable MAE of 7.87 and an RMSE
of 27.99. These metrics, which measure the average absolute and squared differences between predicted and true
values, clearly show that the Random Forest model was more effective at capturing the complexity and nuances of the
dataset. This superior performance suggests that the Random Forest model, with its ensemble of decision trees, was
better suited for discovering and modeling the intricate patterns present in the data, ultimately leading to more accurate
and reliable predictions.

On the other hand, the ANN model, despite its advanced architecture and the application of non-linear activation
functions, did not perform as well as the Random Forest model. The performance gap may be attributed to the ANN's
sensitivity to hyperparameter settings and the necessity for a more sophisticated network design. Additionally, the
Random Forest model's ability to handle noisy data and outliers more effectively likely contributed to its superior
results. The ensemble method of Random Forest, which averages out the predictions of multiple trees, reduces the
impact of any single poor-performing model, leading to more stable and accurate predictions.

Implications and Future Research: These findings highlight the importance of selecting the appropriate model based
on the specific characteristics of the dataset and the requirements of the task. While ANN models are powerful tools
for many predictive tasks, their performance can be heavily dependent on proper tuning and network architecture. In
contrast, the Random Forest model offers a more straightforward, yet highly effective approach, making it a reliable
choice for tasks like water quality prediction. Future research could explore further optimization of the ANN model,
potentially by experimenting with different network architectures, regularization technigues, or advanced optimization
algorithms. Additionally, investigating hybrid models that combine the strengths of both Random Forest and ANN
could be a promising direction for achieving even higher predictive accuracy.

5. Conclusion

In conclusion, this project, which focused on developing the "Water Quality Prediction Using Random Forest
Algorithms" application, represents a significant advancement in the field of environmental monitoring in Malaysia.
By integrating Al into water quality analysis, the project successfully addressed the critical need for more efficient and
accurate environmental management practices. The core innovation of this project lies in the application's ability to
leverage the power of Random Forest algorithms, transforming complex environmental data into actionable insights
with impressive precision. Specifically, the application achieved a Mean Absolute Error (MAE) of 7.87 and a Root
Mean Squared Error (RMSE) of 27.99, underscoring its accuracy in predicting water quality.

The application's success is highlighted by its seamless combination of real-time data collection with predictive
analytics. This integration ensures a comprehensive approach to environmental data analysis while enabling proactive
management of water resources. The user-friendly dashboard, a key feature of the application, makes advanced Al
analysis accessible to decision-makers, aiding in informed environmental planning and pollution control. Moreover,
the project underscores the importance of continuous innovation, with suggestions for future enhancements, such as
integrating deep learning models and expanding data sources, to ensure the system remains relevant and efficient.

Ultimately, this project marks a significant leap forward in utilizing Al for environmental conservation. It sets a new
benchmark in the field, demonstrating the vast potential of Al in transforming complex environmental challenges into
manageable solutions. As a result, the "Water Quality Prediction Using Random Forest Algorithms™ application not
only provides a solution for current environmental challenges but also lays a foundation for a future where technology
and environmental stewardship are deeply intertwined. This project stands as a testament to the power of technological
innovation in making a positive and lasting impact on our world.
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