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ABSTRACT

Urban water management remains a crucial concern for city managers and planners. 
As water demand forecasting plays a key role in urban water management, identifying 
factors influencing water demand is particularly important to mitigate water shortage 
crises. This study utilizes a Markov chain model and Artificial Neural Networks (ANNs) 
to estimate short-term urban water demand in Tehran. The variables considered for 
estimation include maximum temperature, water consumption, and precipitation rate 
in the previous four days. These variables are used as previous events to predict water 
consumption on the fifth day. Daily data from March 21, 2018 to March 19, 2021 were 
collected for analysis. The results of the study indicate that the Markov model's 
forecasting is more accurate compared to the ANN model. The Markov chain model 
demonstrated 48% and 65% improvement in accuracy compared to the ANN model for 
the test data and the training data, respectively. This suggests that a Markov chain 
model can be a valuable tool for estimating short-term urban water demand. The 
findings of this study can contribute to better urban water management and planning 
to address water shortage issues effectively.

1 . INTRODUCTION

Proper management and equitable allocation of water resources are crucial in 
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addressing the water scarcity crisis that many countries are facing. By 2050, it is 
estimated that human society will need to utilize half of the world's freshwater 
resources to meet its water demand. This highlights the urgency for adopting 
appropriate water policies (Boretti and Rosa 2019). Currently, more than 26 
countries, including 9 in the Middle East, are experiencing severe water scarcity. 
The severity of this crisis varies across different regions due to factors such as 
precipitation rate, population growth, water resource distribution, water use 
culture, per capita income, and climatic conditions (Mahkoui et al. 2014).

Urban water management and identifying the factors affecting urban water 
demand must receive greater attention. Short-term and long-term water demand 
forecasting should be considered as a core practice of urban water management. 
Short-term water demand forecasting includes daily, weekly, and monthly time 
horizons; however, long-term forecasting contains periods of one to several years. 
Short-term water demand forecasting is important for managing the efficiency of 
the existing water supply system, while long-term forecasting is used to plan and 
design the network, supply new water resources, and develop the existing water 
supply network.

Urban water demand forecasting helps in predicting the future water demand of a 
city or an urban area. This prediction is essential for planning and managing the 
water supply system effectively. By accurately forecasting the demand, water 
utilities can ensure that there is sufficient water available to meet the needs of the 
population (Kavya et al. 2023).

Forecasting urban water demand and identifying influencing factors are key steps 
in managing and mitigating water crises. Future water demand estimates empower 
decision-makers to take necessary actions considering constraints and emerging 
crises. Owing to the large number of variables affecting water demand, it's 
challenging or even impossible to forecast short-term consumption analytically. In 
such circumstances, employing intelligent systems like data mining and artificial 
intelligence emerges as a promising option (Kavya et al. 2023).

Recent studies have shown a growing interest in short-term urban water demand 
forecasting, with some utilizing probabilistic models such as the Markov chain 
model. For example, Gagliardi et al. (2017) developed a probabilistic short-term 
water demand forecasting model based on the Markov chain, while Wang et al.
(2016) used hybrid Markov chain models for forecast-based analysis of regional 
water supply and demand in Urumqi, China.

However, the novelty of this paper's proposed model combining ANNs with the 
Markov chain model needs further clarification. A comparison with recent 
publications like Alhendi et al. (2023), who used ANNs with an enhanced Markov 
chain for short-term load and price forecasting in ISO New England, could help 
highlight the unique aspects of the proposed approach to short-term urban water
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demand forecasting.

The motivation behind this study is to address the gap in existing literature by 
introducing a novel probabilistic Markov chain model for short-term water 
demand forecasting. This model integrates variables such as maximum 
temperature, previous day's consumption data, and precipitation rate from the 
previous four days to accurately predict fifth-day consumption levels in Tehran.

This study aims to contribute valuable insights into better urban water 
management practices by providing accurate short-term forecasts using 
innovative modeling techniques like the Markov chain model. The findings from 
this research can aid city managers and planners in effectively addressing issues 
related to urban water shortage crises. Overall, this study contributes to better 
understanding and management of urban water demand, providing insights that 
can help mitigate water shortage crises in cities like Tehran. A brief review of 
studies on urban water demand forecasting follows.

In existing literature, urban water demand has been forecasted using various 
methods including pattern-based methods, as well as linear and nonlinear 
statistical models (Maidment and Parzen 1984). Studies have shown urban water 
demand is mainly influenced by temperature, precipitation, and past water 
demand (Sajadifar and Khiabani 2011). Time series models are widely applied to 
forecast water demand. In a preliminary study, a daily urban water consumption 
time series model was developed as a function of precipitation and temperature 
using previous data signals and applied in 9 cities in the United States to forecast 
water consumption (Maidment and Parzen 1984).

Artificial Neural Networks (ANNs) are other forecasting methods, used for short-
term urban water demand forecasting and the examination of nonlinear models 
(Jain and Ormsbee 2002; Gonzalez Perea 2019). Some researchers have 
demonstrated that ANNs perform better than linear regression techniques in 
forecasting urban water demand (Jain and Ormsbee 2002; Mouatadid and 
Adamowski 2016). Besides ANNs, support vector machines (SVM) have also been 
employed for water demand forecasting, proving their efficiency (Herrera et al. 
2010).

The number of machine learning-based water demand forecasting programs has 
recently increased significantly. Various studies have already reported practical 
results, indicating accurate forecasts can lead to more accurate optimization of 
operations in water distribution networks (WDNs).

Candelieri et al. (2019) presented a parallel global optimization model to optimize 
SVM’s regression parameters and accurately forecast water demand in a short-
term planning horizon, i.e., 24 h. Each SVM classifier used the first 6 h water 
consumption as input and forecasted the typical water demand for the next 18 h 
based on these input data.
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Pillay (2005) forecasted short-term water demand for the next 24 h in Toowoomba, 
Australia. The results showed the urban water demand was completely affected by 
the maximum temperature, precipitation, rainy days, moving average demand, and 
4-day weighted average demand, and imposed constraint levels.

The extreme learning machine (ELM) method has been recently introduced in 
forecasting programs in computational science. Nair et al. (2013) showed ELM had 
the potential to perform better than an ANN model in forecasting monsoon rains 
in the southern peninsula of India.

Xenochristou et al. (2021) developed the Interpretable Machine Learning Approach 
to forecast urban water demand in the UK. Their results show that temporal, 
weather, and household characteristics are the most important factors affecting 
water demand.

Wu et al. (2017) forecasted water demand using a grey-box model in Chongqing, 
China. Chongqing is an urban region facing water shortages. Rapid economic 
development and population growth have recently unbalanced water supply and 
demand. They developed a grey water-forecasting model (GWFM) to estimate 
urban water demand. They forecasted urban water demand in Chongqing from 
2017 to 2025 using GWFM and provided measures and recommendations based 
on the results.

Gagliardi et al. (2017) developed two homogeneous and non-homogeneous 
Markov chain models for water demand time series in three regions located in 
Harrogate and Dales, Yorkshire (UK). They found that a homogeneous Markov 
chain (HMC) model had higher accuracy than a non-homogeneous Markov chain in 
forecasting.

Striking a balance between supply and demand at a level acceptable to consumers 
is among the major challenges in urban water demand forecasting. In many urban 
planning programs, the future water demand of residents is an important 
parameter that needs to be accurately estimated. Currently, urban planners and 
designers typically estimate future water demand based solely on population size 
due to a lack of appropriate and efficient models. However, many other 
parameters impact water demand, and their effects should be determined using 
suitable models before estimating the water consumption.

Tehran, the capital, and most populous city of Iran, often grapples with water 
crises. Despite having various surface water and groundwater resources, it faces 
significant challenges in urban water supply and distribution. Consequently, 
inaccurate water consumption forecasts and imbalances between supply and 
demand can lead to a multitude of social, political, and environmental crises.
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This paper introduces a novel short-term water demand forecasting approach 
based on a Markov chain model. A Markov chain model can provide a definite 
prediction of future water demand values. This model, characterized by a simple 
structure and being easy to comprehend and control, aims to estimate future 
hourly demands in the short term, relying solely on the observed water demand 
data.

The main advantage of using a Markov chain model for short-term water demand 
is its ability to capture the stochastic nature of water demand patterns.

Markov chains are mathematical models that describe a sequence of events where 
the probability of transitioning from one state to another depends only on the 
current state. In the context of water demand, this means that the future demand 
can be predicted based on the current demand level, without considering 
historical data or external factors. This advantage is particularly useful for short-
term water demand forecasting, as it allows for real-time predictions based on 
current conditions. It can help water utilities and planners make informed 
decisions regarding resource allocation, infrastructure management, and supply-
demand balancing. Additionally, Markov chain models are relatively simple to 
implement and computationally efficient compared to more complex forecasting 
techniques. They require minimal data input and can be easily updated as new 
information becomes available. Overall, the main advantage of using a Markov 
chain model for short-term water demand is its ability to provide accurate and 
timely predictions based on current conditions, enabling better planning and 
management of water resources.

The rest of this paper is organized as follows. The Markov chain model and ANN 
models are discussed in Section 2. In Section 3, the case study, data and variables 
are described. The proposed models are evaluated in Section 4, and the results 
obtained through the application of the models are described and compared. Final 
conclusions are presented in Section 5.

2. METHODS

2.1 Markov chain model
The proposed water demand forecasting model assumed that the trend of water 
demand can be defined as a Markov chain. Markov approach modeling is a 
discrete-time stochastic process with Markov properties. A discrete-time stochastic 
process involves a system that is in a specific state at each step, with the state 
changing randomly between the steps. Steps are often considered as time periods,
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(1)

Where:

t = time,

Δt = time interval,

= probability vector, and

P(t) = actual observed value

A transition matrix presents the model parameter that can be estimated by the 
observed water used in the model calibration phase. Since this is a calibrated 
variable, it is henceforth represented as Π(t).This forecast can include up to the 
next kΔt using Equation (2). Therefore, demand probabilities are forecasted in each
class at time t + kΔt considering P     (t + kΔt ) by the time estimated earlier and the 
corresponding transition matrix. This information can be employed to obtain a
deterministic forecast of future water demand q     (t + kΔt ) at time t + kΔt as 
follows: (Ching and Ng 2006, Carpinone et al 2015.).

(2)

but they can also refer to physical distance or any other discrete variable. Markov 
states that the conditional probability distribution of the system in the next step 
depends only on the current state of the system, not on the past states. Changes in 
the state of the system are called transitions, and the probabilities attributed to 
these state changes are called transition probabilities. A Markov chain is 
completely defined by a set of states and transition probabilities. Conventionally, it 
is assumed that there is always the next state and, as a result, the process 
continues forever (Ching and Ng 2006, Carpinone et al. 2015).

In general, it is assumed that the stochastic process variable at time t can be 
identified by the mean water demand q(t) at time interval Δt (e.g., Δt = 1h). 
Moreover, it is possible that N classes, c1, c2, …, cN, constituting the entire range of 
water demand variability, be identified (Ching and Ng 2006).

If the state, i.e., class ci, of the water demand at current time t and transition matrix 
is known, a Markov chain allows us to define its probable state in the future Δt. 
Equation (1) can be used to estimate the probability vector Pfor(t + Δt), where P(t) 
represents the actual observed value. This parameter can be applied in the model. 
Thus, demand q(t) belongs to a combination of N-1 null values, and the value of 1 
corresponding to that class (Ching and Ng 2006, Carpinone et al. 2015).

Pfor(t +Δt)

for

for
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(3)

Where:

q (t + Δt) = future water demand, and

N = number of classes.

The lower-order Markov models may not be as accurate in forecasting compared 
to higher-order models. However, higher-order models can be more complex and 
may have reduced coverage. To address these challenges, it can be beneficial to 
learn and use different orders of Markov models in the forecasting phase. This 
approach can improve accuracy but also increases complexity. To mitigate this 
complexity, methods have been developed to reduce the number of states in the 
model.

One such method involves calculating the frequency of states and eliminating 
those with a frequency below a certain threshold. This helps simplify the model by 
removing less frequently occurring states. Another method involves estimating the 
error rate of each state. If a higher-order state has a higher error rate compared to 
similar states of lower order, it is removed from the model. This technique has 
shown high accuracy among examined techniques. Overall, these methods aim to 
strike a balance between accuracy and complexity when using Markov models for 
forecasting purposes.

In this study, the above procedure was used by creating a graph using the data and 
MATLAB software. To forecast the water consumption of the fifth day using the 
Markov chain model in MATLAB software, the temperature, rainfall, and water 
consumption data for the last four days were collected and uploaded. In the 
second step, the data were normalized.

After extracting the data and normalizing it, the data should be prepared to be 
used in a Markov chain model. For this purpose, the data are placed in a square 
matrix and the Euclidean distance of each row of the created data with other data 
is calculated (Ching and Ng 2006).

for
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Where:

k = time step into the future.

The weighted mean of N central values of classes ci where i = 1, …, N, represented 
in vector m = [m1, m2, …, mN], is calculated using the components of the 
probability vector predicted at time t + kΔt as follows: (Ching and Ng 2006, 
Carpinone et al. 2015).

   
1

N

i i
i

forq t  k t m foP r t  kt






Equation (4) calculates the Euclidean distance between rows i and j of the dataset.

Accordingly, a square matrix n*n is created, where n is the total number of rows in
the generated matrix. So, the necessary series needed to be used in the Markov
chain is prepared. This numeric chain could be applied to each row of data. The
Markov chain could determine, for example, which row is less likely to be adjacent
to which row in the data.

Then, using this data, a matrix of transition probabilities was constructed. This
matrix shows how likely each state (water consumption) is to occur on the current
day, according to the weather conditions on the previous day.

Using the Markov chain algorithm and starting from the initial state, states (water
consumption) are randomly generated. Finally, using the generated states and the
transition probability matrix, it iteratively completed the process and moved to the
next states (the fifth day). The implementation steps are depicted in Figure 1.

Figure 1   The proposed method flowchart.
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2.2 Artificial Intelligence Neural Networks model
Artificial Neural Networks (ANNs) are among the computational methods that 
provide mapping between the input space (input layer) and the desired space
(output layer) by identifying the intrinsic relationship between the data and using a 
learning process and processors called neurons. The hidden layers process the 
information received from the input layer and provide it to the output layer. Each 
network is trained by receiving examples. Training is a process that ultimately 
leads to learning. Network learning occurs when the communication weights 
between the layers change, such that the difference between the predicted and 
calculated values is acceptable. By achieving these conditions, the learning process 
is realized. These weights express memory and network knowledge. 
(Bhagya Raj and Dash 2022)

The training steps for this algorithm are as follows:

1. Assign a random weight matrix to each of the connections.

2. Select the appropriate input and output vectors.

3. Calculate neuron outputs in each layer, including the output layer.

4. Update the weights in the previous layers using the error back
propagation method. This error is due to the difference between the
actual and calculated outputs.

5. Evaluate the performance of the trained network by some defined
indicators such as mean squared error (MSE).

6. Return to Step 3 or end the training.

In this research, the ANN models utilized a feed-forward multi-layer perceptron 
design and were trained with a Levenberg-Marquardt (LM) back propagation 
algorithm. The hidden layer employed the 'logsig' activation function, while the 
output layer used the 'purelin' function. Each ANN model had four inputs, one 
output and seven hidden neurons. Wanas et al. (1998) showed that the best 
performance of an ANN occurs when the number of hidden neurons is equal to 
log(T), where T is the number of training samples. Based on this method, the 
number of hidden neurons is determined.

3. CASE STUDY

3.1 Study area
Water resources are not efficiently managed in Iran. Population growth (Iran’s population 
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Three point five million m of water is consumed daily in Tehran, totaling around
1.1 billion m of water annually. This represents 17-18% of the total water 
consumption of the country. The per capita water supply in Tehran is 348 L per 
person per day, far exceeding the 170 to 220 L in more water-rich developed 
countries. Additionally, 86.5% of Tehran's renewable water resources are annually 
consumed, placing the water supply index in a critical state. Due to climatic shifts 
towards drier conditions, it has become increasingly challenging to meet Tehran's 
water demand. The situation was unprecedented in terms of water supply in 2020, 
marking a decline in precipitation not observed in the past 50 years. Precipitation 
in Tehran Province decreased by 37% compared to the previous water year. The 
nature of precipitation and distribution also varied. The volume of

has quadrupled in the last 50 years), unsustainable socioeconomic development, 
low water productivity, subsidies, keeping water and energy prices low for self-
sufficiency and food security, and a country’s specific climatic conditions are 
important factors affecting water crisis.

These factors have caused more than 90% of Iran’s population and gross domestic 
product (GDP) to be located in areas where water extraction is beyond or close to 
the limit of sustainable consumption.

The price of water in urban and rural areas of Iran is very low compared to that of 
many non-essential goods and public utilities such as electricity, gas, and 
telephone. Therefore, the price of water is not a good indication about its true 
value and the need to save it.

The precipitation rate has decreased by 11% in the last 8 years compared to the 
long-term average; however, urban water demand has increased by about 16% in 
the same period. These factors have led to increased competition for access to 
water resources, resulting in many socioeconomic problems.

Tehran, the capital of Iran, has a population of about 8.7 million people according 
to the 2016 census, and spans an area of roughly 700 km2, making it the largest 
and most populous city in the country. The population now sits at approximately 
9.4 million people based on 2021 growth rates, with an additional 2 to 2.5 million 
people added daily as a floating population.

Despite numerous opportunities and capacities in geographical, socioeconomic, 
cultural, and political aspects, Tehran faces severe threats and challenges, such as 
proximity to significant epicenters, extensive eroded textures, acute water 
shortages, land subsidence, air pollution, and traffic.

Unlike most major cities worldwide, Tehran was not established near a river or 
water source. Therefore, part of the city's water demand is fulfilled by distant 
locations and surrounding rivers. In Figure 2, Tajrishy and Abrishamchi (2005) drew 
an excellent schematic map of water resources in Tehran Metropolitan City.

3

3
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Tehran's dam reserves fell from approximately 1.1 billion m in 2020 to
800 million m  in 2021, indicating a decrease in drinking water availability in
Tehran's dams by about 300 million m  from the previous year.

Figure 2   Schematic map of water resources in Tehran Metropolitan City.

3.2 Data and variables
Meteorological parameters related to the three meteorological stations of Tehran 
were weighed and the model input data were obtained by calculating their 
weighted average. The effective parameters of the model were selected by 
creating a correlation between the weighted average of meteorological 
parameters and consumption data. The selected effective parameters included the 
average daily temperature (°C), precipitation rate (mm), consumption rate one day
before (m ), daily consumption rate one week prior (m ), and daily consumption
rate one year ago (m ). Daily data from March 21, 2018, to March 19, 2021 were 
collected for analysis. The available data were randomly divided into three 
categories, including model construction data, model evaluation data, and test 
data, and were used in modeling. Statistical explanations about the water 
consumption dataset are provided in Figure 3.

3
3

3

3 3

3
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Figure 3   Box plot and statistics of the daily water consumption.

The water consumption rate on different days of the year was determined 
according to the dataset. However, operations were performed on the data to 
generate inputs and outputs based on the time series data and to make them 
suitable for use in both the Markov chain model and ANN algorithms.

The consecutive data were divided into five-day intervals in the ANN, i.e., the first 
four days were considered as the algorithm input, and the fifth day was 
considered as the output.

After converting the time series data into inputs and outputs, the data were 
normalized and converted into the 0-1 interval. For this purpose, the data were 
converted into normal data by the following equation. Accordingly, the maximum 
and minimum values of each input and output were determined, and then the 
data of each input were normalized, as follows:

(5)

After processing the data and converting them into normal form, they were used 
in the Markov chain model and ANN.
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4. RESULTS

In this section, Markov chain and Artificial Neural Network (ANN) algorithms are
used to forecast water demand. In both algorithms, 80% and 20% of the data were
used as training and test data, respectively. In the following, diagrams of training
and test data, as well as error rate of the proposed method, are presented.

The Nash-Sutcliffe Efficiency (NSE) is a measure of model performance that
compares the observed values with the predicted values. It is calculated as:

(6)

Root Mean Square Error (RMSE) is another measure of model performance that
calculates the square root of the average of the squared differences between
observed and predicted values. It is calculated as:

(7)

Where:

N represents the number of data, the outputs of which are predicted by Markov
algorithm and ANN. In training and test modes, this parameter was equal to 80%
and 20% of the total data, respectively.

Predicted  indicates the forecasted water consumption rate on the ith day in the
dataset. This parameter was calculated using the Markov algorithm and ANN and
displayed in the output as normalized.

Observed  shows the actual water consumption rate on the ith day.

The relationship between NSE and RMSE is that NSE considers both the variability 
in the observed data and the variability in the predicted data, while RMSE only 
considers the differences between observed and predicted values. NSE can be 
thought of as a normalized version of RMSE, as it compares the model's 
performance to a simple benchmark (the mean observed value). A higher NSE 
indicates better model performance, while a lower RMSE indicates better model 
accuracy.

i

i
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4.1 Results of Markov algorithm
The actual values of water consumption and those forecasted by the Markov
algorithm are presented in Figure 4. The x-axis and y-axis show the time and actual
and forecasted water consumption (output) in normalized form, respectively.

Figure 4(a)   Diagram of Markov algorithm for training data, and (b)  Diagram 
of Markov algorithm for test data.

The greater the overlap between the two diagrams, the higher the detection 
accuracy. In this diagram, a complete overlap was observed between the data 
most of the time. In other times, where there was no overlap, the forecasted 
values were very close to the actual data.

The identification error rate of the Markov algorithm's output compared to the 
actual data for the test set is illustrated in Figure 5. It could be observed that the 
error rate was statistically insignificant. The x-axis and y-axis show the time and 
error rate, respectively.
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Figure 5   Diagram of identification error rate of Markov algorithm for test data.

4.2 Results of Artificial Neural Network model
The following three diagrams illustrate the experiments related to the Artificial 
Neural Network (ANN) algorithm and the obtained results. In this study, an ANN 
with four input data, an intermediate layer with three neurons, and an output 
layer with one neuron, were used.

Figure 6 depicts the forecasted water consumption by the ANN algorithm 
alongside the actual values in the dataset. The x-axis and y-axis show the time and 
actual and forecasted water consumption (output) in normalized form, 
respectively.

Figure 6   Diagram of Artificial Neural Network (ANN) algorithm for training data.
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Overlap between the two graphs directly correlates with accuracy. In this diagram,
the overlap between the data was less than that in the Markov algorithm and the
forecasted data were far from the actual data, suggesting that the Markov
algorithm was superior to the ANN algorithm.

Figure 7 highlights a lack of substantial overlap between the actual and forecasted
values by the ANN. This suggests that for predicting water consumption rates ANN
may not be as accurate as the Markov algorithm. The x-axis and y-axis show the
time and actual and forecasted water consumption (output) in normalized form,
respectively.

Figure 7   Diagram of Artificial Neural Network (ANN) algorithm for test data.

One reason why the Artificial Neural Network (ANN) may not be sufficiently 
capable of predicting water demand is due to the complexity and variability of 
factors that influence water consumption. ANN relies on historical data to make 
predictions, but if there are sudden changes or unforeseen events that impact 
water demand, the network may struggle to accurately forecast future 
consumption rates.

Additionally, an ANN may not be able to effectively capture the non-linear 
relationships and interactions between different variables that affect water 
demand. This can lead to inaccuracies in the predictions made by the network, as 
it may not be able to adapt and learn from new patterns or trends in the data.

The identification error rate of an ANN output compared to actual data for the test 
data set is reported in Figure 8. The x-axis and y-axis show the time and error rate, 
respectively. The error rate of the ANN algorithm was significantly higher than that 
of the Markov algorithm.
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Figure 8   Diagram of the identification error rate of the Artificial Neural Network 
algorithm for test data.

As presented in Table 1, the efficiency of the Markov algorithm was significantly 
higher than that of the ANN algorithm. The results of the study indicate that the 
Markov chain model outperformed the ANN model in terms of forecasting 
accuracy for short-term urban water demand. The RMSE for the Markov algorithm 
was significantly lower, and the NSE was significantly higher compared to the ANN 
algorithm.

Table 1   Comparing RMSE and NSE of Markov and Artificial Neural Network (ANN) 
algorithms.

For the test data, the RMSE for the Markov model was 0.00017, while it was 0.00033 
for the ANN model. Similarly, for the training data, the RMSE for the Markov model 
was 0.00026, whereas it was 0.00074 for the ANN model.

For the test data, the NSE for the Markov model was 0.99, while it was 0.87 for the 
ANN model. Similarly, for the training data, the NSE for the Markov model was 0.98, 
whereas it was 0.83 for the ANN model.

The Markov chain model demonstrated 48% and 65% improvement in accuracy 
compared to the ANN model for the test data and the training data, respectively 

RMSE NSE

Training data Test data Training data Test data

Markov 0.00026 0.00017 0.98 0.99

ANN 0.00074 0.00033 0.83 0.87

The accuracy of the Markov Chain
model compared to ANN

-65% -48% +18% +14%
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Figure 9   Comparing RMSE and NSE of Markov and Neural Network (ANN) 
algorithms.

These findings suggest that utilizing a probabilistic Markov chain model can be a 
valuable tool to estimate short-term urban water demand. By considering factors 
such as temperature, water consumption, and precipitation rate in previous days, 
city managers and planners can make more accurate forecasts and improve urban 
water management and planning to effectively address water shortage issues.

5. CONCLUSION

Considering the importance of water in human life and the daily need for water 
consumption, it is essential to estimate water demand in order to implement the 
necessary policies for supply and demand management.

Short-term urban water demand forecasting enables managers to better organize 
water network management and operation. Estimating the future water 
consumption in cities and designing the appropriate capacity for water distribution 
and storage systems reveals the need to use behavioral patterns and forecast 
water consumption rates. Considering that Tehran is facing a drought and water 
supply crisis, accurate water consumption forecasting models should be identified 
for urban management of this metropolis.

In this paper, a Markov chain algorithm was developed to forecast water 
consumption and its performance was compared with that of an Artificial Neural

18 JWMM 32: C519

(Figure 9). The percentage difference of the RMSE of the Markov model from the 
ANN algorithms is considered as accurate.

javascript:void(0);
javascript:void(0);
javascript:void(0);
javascript:void(0);


Network (ANN) algorithm. The obtained results from the Markov and ANN 
algorithms using the dataset were tested to evaluate the proposed method. Also, 
80% and 20% of the data were employed as training and test data to train the 
algorithms. The results showed the Markov model was more efficient than the 
ANN method. The Markov chain model demonstrated 48% and 65% improvement 
in accuracy compared to the ANN model for the test data and the training data, 
respectively.

Given that balancing water supply and demand is among the basic strategies for 
integrated water resources management (IWRM), accurate water demand 
forecasting can play a major role in proper planning for the application of limited 
water resources. Due to the high accuracy of the Markov chain algorithm for 
forecasting daily water demand, policymakers and managers in the water sector 
can use the Markov chain algorithm for short-term planning in the water sector.
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