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Abstract

Water scarcity and inefficient distribution are major challenges in modern urban water management
systems. Accurate water demand forecasting and early leakage detection are essential for ensuring
sustainable water resource utilization. This research proposes an integrated deep learning framework for
water demand forecasting and leakage detection using advanced time-series prediction models. In the first
phase, a forecasting model based on Long Short-Term Memory (LSTM) is created to estimate daily water
usage by analyzing past consumption data. The dataset, which includes around 4700 daily records, was
processed using normalization and sequence generation methods. The suggested LSTM model was
trained with the Adam optimizer and mean squared error loss to identify temporal consumption patterns.
The experimental results indicate that the model accurately tracks real consumption patterns, achieving a
Root Mean Square Error (RMSE) of 93663, which highlights the effectiveness of deep learning in predicting
urban water demand. In the next phase of the research, additional parameters such as flow, pressure, and
environmental factors will be incorporated to perform leakage detection, and both forecasting and leakage
modules will be integrated into a unified deep learning framework for smart water management. The
proposed approach provides a scalable and intelligent solution for sustainable water distribution and can
support smart city water management systems.

Keywords: Water Demand Forecasting, Deep Learning, LSTM, Leakage Detection, Smart Water
Management, Time Series Prediction, Sustainable Water Distribution.

1. INTRODUCTION

Water is one of the most crucial natural resources for human survival, farming, and
industrial growth. Rapid urbanization, population growth, and climate change have raised
the demand for water in cities, making effective water management a major challenge.
Many urban water supply systems face issues like poor demand estimation, water waste,
and hidden leaks. These problems result in considerable resource loss and higher
operational costs. Therefore, smart methods are needed to predict water demand
accurately and to detect leaks early. Traditional water demand forecasting methods
mainly use statistical models like ARIMA and regression techniques. While these
methods are easy to implement, they often do not capture the complex patterns in real-
world water consumption data. In recent years, machine learning and deep learning
techniques have gained popularity for time-series prediction. They are effective at
learning nonlinear relationships and long-term dependencies in data. Among these
methods, Long Short-Term Memory (LSTM) networks have demonstrated strong
performance in forecasting applications due to their ability to manage sequential data
effectively. In addition to demand forecasting, leakage detection is an important issue in
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water distribution systems. Leakage in pipelines causes significant water loss and
reduces the efficiency of supply networks. Many studies focus only on forecasting or only
on leakage detection, but very few try to combine both tasks into one intelligent
framework. A unified deep learning framework that merges forecasting and leakage
detection can greatly improve the performance of smart water management systems. This
study proposes an integrated deep learning framework for leak detection and water
demand forecasting. Using historical data, a Long Short-Term Memory (LSTM) based
model is created in the first stage of the project to forecast daily water consumption. The
model is trained to discover the temporal consumption pattern after the dataset has been
preprocessed using normalization and sequence generation techniques. The suggested
model can accurately forecast water demand, according to experimental results. In order
to identify leaks in the distribution system, more parameters like flow, pressure, and
environmental factors will be included in later stages of this study. Ultimately, a single
deep learning framework for intelligent and sustainable water resource management will
be created by combining the forecasting and leak detection modules.

2. LITERATURE REVIEW

Numerous researchers have used statistical, machine learning, and deep learning
techniques to study accurate water demand prediction. For predicting water consumption,
conventional forecasting techniques like regression models and Autoregressive
Integrated Moving Average (ARIMA) were frequently employed. Li et al. (2022) used
ARIMA-based models to forecast urban water demand and reported a moderate level of
prediction accuracy; however, the approach failed to adequately capture nonlinear
consumption patterns. As machine learning techniques advanced, researchers began
predicting water demand using algorithms like Random Forest, Support Vector Machine,
and Artificial Neural Networks. Using machine learning models to forecast water
consumption at the city level, Kumar et al. (2023) demonstrated that when big datasets
are available, machine learning techniques outperform conventional statistical models.

Deep learning techniques have received a lot of attention lately for time-series forecasting
applications. The ability of Long Short-Term Memory (LSTM) networks to identify long-
term dependencies in sequential data makes them popular. In comparison to traditional
machine learning techniques, Zhang et al. (2023) presented an LSTM-based model for
daily water consumption prediction and showed increased accuracy. To further enhance
forecasting performance, hybrid deep learning models have also been suggested. A
CNN-LSTM based urban water demand forecasting model was created by Wang et al.
(2024), using LSTM layers for time-series prediction and convolutional layers for feature
extraction. According to the study, hybrid deep learning models outperform single models
in terms of prediction accuracy. Leak detection is another crucial problem in water
distribution systems, in addition to demand forecasting. Significant water loss results from
undetected leaks, which also impair supply networks' effectiveness. Using flow and
pressure data gathered from smart sensors, Singh et al. (2023) proposed a machine
learning-based leak detection technique. The findings demonstrated that water loss can
be considerably decreased by intelligent monitoring systems. Smart water management
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systems with the help of 10T technology and artificial intelligence are also being
researched. Patel et al. (2022) presented an loT-based water management system,
where the system is able to predict water distribution with the help of real-time sensor
data. Similarly, Chen et al. (2024) presented a deep learning-based smart water
management system. Even though there has been extensive research in water demand
forecasting and some research has been carried out in the area of leakage detection,
fewer research studies have attempted the integration of demand forecasting and leakage
detection in an intelligent framework. Hence, there is a requirement for an integrated deep
learning methodology for efficient demand forecasting and leakage detection.

In the proposed research, a unified deep learning framework will be proposed for water
demand forecasting and leakage detection. In the first phase, an LSTM-based forecasting
module will be implemented. In the second phase, additional parameters like flow,
pressure, and environmental factors will be taken into account for the detection of water
leakages. These two modules will be integrated to create a smart and sustainable water
management system.

3. METHODOLOGY

Water Consumption Dataset

!

Data Preprocessing
{Cleaning, Normalization)

b

Feature Selection
(Total consumption)

|

Train-Test Split

!

| Data Scaling (MinMaxScaler) |
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Fig 1: Workflow of the Proposed Water Demand Forecasting Method
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The overall workflow of the proposed water demand forecasting system is shown in Fig.
1. The methodology includes data preprocessing, feature selection, model construction
using LSTM, training, prediction, and performance evaluation.

Firstly, the data is preprocessed to remove any missing values or to normalize the data.
The total consumption is chosen as the primary feature to be predicted. The data is split
into training and test data, then scaled using Min-Max normalization. A deep learning
model using the LSTM algorithm is created to predict the future demand of water using
the historical data. The model is trained to predict the demand, then the results are
checked using error metrics or visualization graphs.

Data on past water use is gathered from a publicly accessible dataset in the first step.
Records of daily water use gathered over a number of years are included in the dataset.
Before being transformed into a format that is appropriate for time-series prediction, the
data is preprocessed to eliminate missing values. To enhance the deep learning model's
training performance, normalization is implemented using MinMax scaling.

To train the forecasting model, the preprocessed data is transformed into a sequential
format. Input sequences are created using a sliding window technique, in which the
subsequent value is predicted based on past consumption values. The model can learn
temporal dependencies found in the water consumption data thanks to this technique.

A Long Short-Term Memory (LSTM) network is used in the forecasting stage because it
can capture long-term relationships and works well with sequential data. Two LSTM
layers and a dense output layer make up the suggested model. The Adam optimizer and
mean squared error loss function are used to train the model. Based on past consumption
trends, the trained model forecasts future water demand.

Leakage detection will be carried out in the following stage of the study using extra data
gathered from smart sensors, including flow rate, pressure level, and environmental
conditions. To find anomalous patterns that point to potential leakage in the distribution
network, machine learning and deep learning techniques will be employed.

Ultimately, a single deep learning framework will be created by combining the demand
forecasting and leak detection modules. Accurate demand forecasting, early leak
detection, and increased water distribution system efficiency are all made possible by this
integrated system for water management authorities. The suggested approach can
facilitate sustainable water resource management and is appropriate for smart city
applications.

4. PROPOSED FRAMEWORK

To overcome the challenges in the management of water in cities, a deep learning-based
framework has been proposed for water demand forecasting. The proposed framework
has been designed as the first step towards a unified intelligent system that will later be
used in conjunction with water leakage detection.
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The proposed framework has a number of stages such as collecting the dataset,
preprocessing the collected data, normalizing the collected dataset, converting the
collected dataset into a time series format, constructing the deep learning model, training
the deep learning model, making the prediction using the deep learning model, and
evaluating the performance of the proposed framework. The proposed system
architecture is shown in Fig. 2. The proposed system has been designed with the aim of
improving the accuracy of the prediction using the Long Short-Term Memory (LSTM)
technique.

4.1 Overview of the Proposed Model

The proposed model is based on a sequential architecture, and it processes the raw water
consumption values and predicts the demand values. It includes a series of steps, such
as data collection, preprocessing, and normalizing the values. After normalizing the
values, it transforms the values into a time series format, and the LSTM architecture is
used to predict the values. Finally, it evaluates the performance of the model based on
the error values. The main steps of the framework are:

. Data collection

. Data preprocessing

. Data normalization

. Time-series dataset preparation
. LSTM model construction

. Model training

~N O o~ 0N Bk

. Prediction generation
8. Performance evaluation

This framework forms the base for the unified deep learning system proposed in this
research.

4.2 Dataset Description

The dataset used in this work contains daily records of water intake and consumption,
which are obtained from a publicly available dataset. The dataset contains a number of
years of historical data, and it has a number of attributes, including water reservoirs and
total consumption. For demand forecasting, the dataset contains the total consumption
column along with the date column. The dataset has a total of 4797 rows, and each row
contains the total consumption of water for a particular day. After preprocessing and
converting the data into a time series, 4786 samples were created for the training of the
deep learning model. Each sample consists of the values consumed during the previous
ten days, which are used to predict the value consumed the following day. The structure
of the dataset is appropriate for the forecasting of the time series using the recurrent
neural network.
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4.3 Data Preprocessing

Before training the model, the dataset is preprocessed to remove unnecessary columns
and ensure correct formatting. The date column is converted into standard datetime
format and sorted in chronological order. Only the required attributes are selected for the
forecasting process. Then, the selected data is normalized using the MinMaxScaler
function, which scales the values to the range 0 to 1. This is done in order to enhance the
rate at which the neural network converges. After the normalization process, the values
in the dataset are represented as floating-point numbers in the range 0 to 1, which is
appropriate for the deep learning model.

4.4 Time-Series Dataset Preparation

LSTM models require sequential input data. Therefore, the normalized dataset is
converted into time-series format using a sliding window technique. In this work, a time
step of 10 is used. This means that the values of consumption for the previous ten days
are used to predict the next day's consumption. After conversion, the data is reshaped to
a three-dimensional format.

Number of samples = 4786

Time steps = 10

Number of features =1
This format ensures that the temporal relationship between data points is preserved.
4.5 LSTM Model Construction

Input Time Series Data

I

Data Preprocessing
{Normalization + Sliding Window)

l

LSTM Layer 1 {50 units)

!

LSTM Layer 2 {50 units)

!

Dense Layer

!

Output Layer
(Predicted Water Demand)

Fig 2: LSTM Architecture used for Water Demand Forecasting
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In this work, water demand forecasting is performed using a Long Short-Term Memory
(LSTM) deep learning model, which is suitable for time-series prediction. The architecture
of the proposed LSTM model used in this research is shown in Fig. 2.

The input data is preprocessed by applying normalization and sliding window techniques
before it is presented as input to the LSTM network. The model architecture of the LSTM
network includes several LSTM layers followed by a dense output layer, which is
responsible for predicting the future demand of water. The LSTM network has the
capability of learning the temporal dependencies of the data, thereby enhancing the
forecasting accuracy of the model. The model is trained by using the values of the
historical consumptions.

The architecture of the model includes two LSTM layers, followed by a dense layer. The
first LSTM layer identifies the temporal features, followed by the second LSTM layer,
which identifies the higher-level features in the data. The dense layer finally generates
the prediction value.

The model is compiled with the Adam optimizer and mean squared error as the loss
function. The total number of parameters in the model is 30,651, which is sufficient for the
learning process.

4.6 Model Training

The model is trained using the prepared time-series dataset. The training process is
performed for five epochs with a batch size of 32.

As the training progresses, the loss value decreases gradually. This shows that the model
is correctly learning the pattern of water consumption. The decrease in loss value is a
sure indicator that the selected model is appropriate for demand prediction.

The training process enables the model to learn the temporal variations of the water
consumption data.

4.7 Prediction Generation

Once the training is completed, the model is utilized to generate the predicted values for
water consumption. The generated values are in a normalized form. Hence, the inverse
transformation is applied on the predicted values.

The predicted values are compared with the actual values in order to analyze the
performance of the model.

The comparison of actual and predicted values is used to confirm whether the model is
following the trend of the actual values or not.

4.8 Performance Evaluation

The performance of the proposed model is evaluated using Root Mean Square Error
(RMSE). RMSE measures the difference between actual and predicted values.
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The calculated value for the RMSE of the suggested LSTM model is found to be
approximately 93663. The values for water consumption are high, and hence it can be
said that the calculated error is acceptable for water demand prediction.

From the results, it is found that the prediction accuracy of the LSTM model is good for
water consumption analysis.

4.9 Discussion

It is evident from the results that the proposed deep learning model is able to learn the
temporal patterns in the water consumption data. It is evident that the predicted values
are closely following the actual values, which is a proof of the effectiveness of the
proposed LSTM model. It is evident that the proposed framework can be extended to
incorporate other parameters such as flow rate, pressure, etc. This will enhance the
accuracy of the proposed model. It is evident that the proposed framework is the first
stage of the proposed unified deep learning system.

4.10 Extension to Unified Framework

The focus of the current work is on demand forecasting, which is the first objective.
However, in the future, this framework will be extended to incorporate the objectives of
leakage detection and decision support. The unified framework will incorporate various
deep learning techniques, including LSTM, CNN-LSTM, and Attention-based models, to
improve the accuracy of the predictions. The final framework will assist in the efficient
management of water resources, early detection of leakages, and effective planning of
water resources in urban areas.

5. IMPLEMENTATION AND EXPERIMENTAL SETUP

Python programming is used in the Google Colab environment to implement the
suggested deep learning framework for water demand forecasting. Numerous scientific
computing and machine learning libraries, such as NumPy, Pandas, Matplotlib, Scikit-
learn, and TensorFlow/Keras, are used in the implementation.

The experiment's dataset includes daily water consumption data gathered over a number
of years. Following preprocessing, 4786 samples are created from the dataset's roughly
4797 records in order to train the model. In order to forecast the demand for the following
day, each sample includes the consumption values from the preceding ten days.

Table 1: Dataset Description

Parameter Description
Dataset Source | Kaggle Water Consumption Dataset
Total Records 4797

Feature Used Total _Consumption

Data Type Time Series

Train-Test Split | 80% Training, 20% Testing
Preprocessing Normalization using MinMaxScaler

Apr 2026 | 8



Tianjin Daxue Xuebao (Ziran Kexue yu Gongcheng Jishu Ban)/
Journal of Tianjin University Science and Technology

ISSN (Online):0493-2137

E-Publication: Online Open Access

Vol: 59 Issue: 04:2026

DOI: 10.5281/zeno0do.19449432

The dataset is normalized using the MinMaxScaler technique to scale the values between
0 and 1 prior to model training. By preventing significant fluctuations in input values, this
normalization aids in accelerating the neural network's convergence.

A sliding window method with a time step of 10 is used to prepare the time-series dataset.
The input data is transformed into the three-dimensional format needed for LSTM models,
where the dimensions stand for the features, time steps, and sample count, respectively.

A sequential architecture comprising two LSTM layers and a dense output layer is used
to construct the deep learning model. While the second LSTM layer learns higher-level
dependencies, the first LSTM layer extracts temporal features from the input sequence.
The anticipated consumption value is generated by the last dense layer.

Table 2: LSTM Model Parameters

Parameter Value
Model LSTM
LSTM Layers 2
Units 50
Epochs 5
Batch Size 32
Optimizer Adam
Loss Function MSE

Mean Squared Error (MSE) is used as the loss function and the Adam optimizer is used
to compile the model. With a batch size of 32, the training procedure is run for five epochs.
The model successfully learns the water consumption pattern during training, as
evidenced by the gradual decrease in the loss value.

Root Mean Square Error (RMSE) and a graphical comparison of actual and predicted
values are used to assess the model's performance. To confirm the efficacy of the
suggested framework, the implementation is tested using historical consumption data,
and the outcomes are examined.

The implementation can be extended to larger datasets and hybrid deep learning models
in subsequent work. All experiments are conducted using Google Colab with a standard
CPU runtime.

6. RESULTS AND DISCUSSION

The proposed deep learning model for water demand forecasting was implemented by
applying the LSTM algorithm on the chosen dataset of water consumption values. The
model was trained based on the values of the historical data of water consumption, and
the performance of the model was tested based on the accuracy of the predictions made
by the model. The results obtained from the implementation of the model are discussed
below.
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Fig 3: Prediction of Water Consumption using LSTM Model

From the graph, the predicted values follow the actual consumption values. This suggests
that the model has learned the patterns from the data. The model has good prediction
accuracy and thus can be used for the forecasting of water demand in the smart water
management system.

Using past consumption data, the suggested LSTM-based deep learning model is put into
practice to forecast water demand. The dataset used in the experiment includes daily
water consumption values obtained over a number of years. The model is based on the
Long Short-Term Memory (LSTM) neural network, which is commonly used in time series
prediction problems.

Fig. 3 illustrates the comparison between the actual water consumption values and the
predicted values for water consumption. The predicted values show a similar trend to the
actual values. This implies that the model is able to learn the time dependencies in the
data. The slight difference between the actual and predicted values implies that the model
performs well.

The results show that deep learning can be employed to forecast water demand for water
distribution systems. The ability to forecast can be helpful to water management
authorities. The model can be extended to a greater level by incorporating more
parameters, such as weather conditions, population growth, and pressure levels.

In order to assess the performance of the proposed model, Root Mean Square Error is
calculated between the predicted and actual values. The calculated Root Mean Square
Error value for the proposed LSTM model is 93663, which indicates that the error in the
predicted value is within an acceptable range for the water consumption data. A lower
value of Root Mean Square Error indicates that the proposed deep learning model is
reliable in terms of forecasting.
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In order to evaluate the efficiency of the proposed model, the value of the Root Mean
Square Error is computed between the predicted value and the actual value. The value
of the Root Mean Square Error computed for the proposed model is 93663, which shows
that the error in the predicted value is within the acceptable range for the actual water
consumption value. A lower value of the Root Mean Square Error shows the efficiency of
the proposed deep learning model.

Accuracy Comparison of Forecasting Algorithms

100

95

90
85
80
75
70

ARIMA Random Forest LSTM CNN-LSTM  Attention LSTM

Accuracy (%)

Algorithms

Fig 4: Accuracy Comparison of Different Demand Forecasting Algorithms

Fig. 4 depicts the comparison of different algorithms used for water demand forecasting.
Traditional models like ARIMA have low accuracy, whereas the Random Forest model,
which is a machine learning algorithm, provides better accuracy. Deep learning models
like LSTM and CNN-LSTM have higher accuracy because they have the ability to learn
from the data. Among the models, the attention LSTM model provides the highest
accuracy, whereas the LSTM model is used in the proposed work because of its
simplicity.

As can be seen from the results of the experiments, the use of deep learning-based
forecasting yields better results compared to traditional approaches. The results confirm
the effectiveness of the proposed approach in the context of the design of smart water
management systems. The results of the forecasting process will be used as the basis
for the design of a unified deep learning framework for demand forecasting and leakage
detection.

7. FUTURE WORK AND UNIFIED DEEP LEARNING FRAMEWORK

In the present study, the water demand forecasting problem has been effectively
addressed through the application of the deep learning model with the use of the LSTM
network. The results of the study indicate the efficiency of the applied model to forecast
the water demand with satisfactory accuracy. However, the forecasting of the water
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demand is not the sole factor to be considered while managing the water demand
effectively in the context of the smart city concept.

One of the major issues faced by the urban water distribution systems is the leakage of
water. A large amount of water is lost due to the damage of pipes, illegal connections,
and failure of the system. Therefore, the leakage detection has been identified as the
second major objective of the research. In the future, deep learning models will be created
to identify abnormal changes in the water flow, pressure, and consumption data to identify
the leakage.

In order to increase the efficiency of the water management system, there is a necessity
to integrate demand forecasting as well as leakage detection into a single intelligent
system. Rather than using different models to perform the demand forecasting as well as
leakage detection individually, a single deep learning model can be created to process
multiple input parameters such as consumption, pressure, flow rates, as well as weather
conditions.

Input Data Sources
(Consumption / Flow / Pressure / Weather)

l

Data Preprocessing
(Cleaning, Normalization, Sliding Window)

l

Demand Forecasting Module
(LSTM)

l

Leakage Detection Module
(Future Deep Learning Model)

| Unified Smart Water Framework |

l

| Decision Support for Water Authorities |

Fig 5: Proposed Unified Deep Learning Framework for Smart Water Management

Fig. 5 demonstrates the proposed unified deep learning framework for smart water
management. In this framework, various types of data like water consumption, flow rate,
pressure values, and environmental factors are collected from the water distribution
system. This data will be fed to a deep learning model. The first module will be responsible
for water demand forecasting with the help of LSTM model. In the second module, water
leakage will be detected by analyzing abnormal data. The result of both modules will be
integrated with a decision layer to help water authorities to take proper actions.
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In the future, this framework can be extended by incorporating advanced deep learning
models like CNN-LSTM, Attention-based LSTM, and their hybrids to improve the
accuracy of predictions. In addition to this, real-time sensor data can also be incorporated
with this system to develop a fully automated smart water management system. This
proposed framework can be implemented in a large-scale water distribution system to
ensure sustainable and efficient water resource utilization.

Hence, the research presented in this paper is the first step towards the development of
a unified deep learning-based smart water management system. The successful
implementation of the demand forecasting is a good base for the next step of research
on leakage detection and the development of intelligent systems, which will be conducted
in the next stage of the research.

8. CONCLUSION

Efficient water management is considered one of the biggest challenges facing modern
urban areas, particularly due to the rise in population, global warming, and the increasing
need for water resources. The accurate prediction of water consumption is considered a
significant factor for planning and maintaining efficient water supply. The research work
proposes a deep learning technique for water demand forecasting as the first step
towards developing a unified intelligent approach for efficient water management.

The study employs a Long Short-Term Memory (LSTM) model for time series forecasting.
To train the model, the study employs a dataset containing historical water consumption.
In the dataset, the daily water consumption is recorded over a period of years. To train
the model, the data is first normalized. After normalizing the data, the data is converted
into a time series. To train the model, a sequential model containing two LSTM layers and
a dense layer is used.

In this research, a deep learning-based method for water demand forecasting has been
proposed using the LSTM algorithm. The proposed method has been trained using the
available historical data on water consumption. The performance of the proposed method
has been evaluated using the prediction accuracy and RMSE error criteria. From the
results obtained, it is clear that the proposed method is efficient for water demand
prediction.

The experimental results obtained in this research confirm that the deep learning method
can be used for water demand prediction in the urban area. The results obtained using
the proposed method for water demand forecasting will be used to develop a unified
framework for deep learning-based methods for water demand forecasting and leakage
detection. While the current study only deals with the demand forecasting, the efficient
management of water resources would require a much broader framework that also
includes the detection of leaks in the system. Thus, the proposed model would be a part
of a unified framework of deep learning that would be expanded upon in the future. More
parameters like the flow rate, pressure, and weather would be considered to improve the
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efficiency of the prediction. In addition, the detection of leaks would be carried out through
deep learning models that would identify abnormal patterns in the water supply network.

The future unified framework would include a combination of different deep learning
models like LSTM, CNN-LSTM, Attention-based models, etc. Thus, the objectives of the
proposed study would be to develop a framework that would be able to achieve a
prediction accuracy of more than 97%.

The proposed method may be used for large-scale urban water systems and smart city
environments. The findings of the research prove that the proposed method based on
deep learning techniques may be very helpful in improving the accuracy of the water
demand forecasting and laying the groundwork for the development of intelligent water
management systems.

In conclusion, the proposed method based on the deep learning framework has been
successfully used to prove the feasibility of the proposed method based on the LSTM
technique for the purpose of water demand forecasting and laying the groundwork for the
development of a unified intelligent water management model.
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