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Abstract
Urban water is known as a critical sector of urban environments which significantly 
impacts the life quality and wellbeing of reinstates. In the context of developing sustain-
able urban drinking system it is critical to analyze network events and develop sufficient 
systems of water supply. To the best of our knowledge, fewer studies have examined the 
potential of automated-based approaches such as deep learning convolutional neural net-
work (DL-CNN) for analyzing urban water network events and identifying the optimal 
location of urban drinking water relief posts. Therefore, the current study aims to propose 
an efficient approach for Geospatial based urban water network events analyze and deter-
mine the optimal location of urban drinking water relief posts in Zanjan. For this goal, first, 
we prepared and preprocessed various predisposing variables for analyzing the urban water 
network events and determining the optimal location of urban drinking water relief posts. 
We then applied an integrated approach of analytical network process (ANP) and DL-CNN 
methods to locate the best location of urban drinking water relief posts. Finally, intersec-
tion over union and accuracy assessment were employed to evaluate the performance of 
the results. Our findings show that the DL-CNN performed well with an accuracy of 0.942 
compared to the ANP (0.895) for determining the optimal location of urban drinking water 
relief posts. According to the results, the best place to build a relief post is in the city 
center, and the surrounding areas may not be suitable, which is in accordance with field 
work analysis. The results of the study also reveal that areas 5 and 3 are at high risk from 
the number of urban water network events perspective, which requires the construction of 
urban water relief stations.
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1  Introduction

Water consumption has significantly increased over the past few decades as a result of 
climate change and global warming, advancing technology and industry, and a growing 
population around the globe (Fang and Chen 2015; Flörke et al. 2018; Gopika et al. 2021; 
Feizizadeh et  al. 2021a). The ever-increasing growth of urbanization leads to population 
density and the subsequent increase in the size of the urban water network (United National 
World Water Assessment Programme 2016; Lamm et al. 2018). A growing population, in 
combination with factors such as building density and worn-out water transmission net-
works, has led to water leakage in urban water distribution systems (Polsky et al. 2014; Han 
et al. 2022). It wastes large amounts of purified water, thus it is important to pay attention 
to incidents that endanger this resource. The occurrence of accidents and the inefficiency 
of drinking water network infrastructure is a serious threat to the sustainability of drinking 
water resources in the long term (Warner et al. 2015, 2016; Pan et al. 2021). In water distri-
bution, leaks and broken pipes cause water losses. Some types of leaks can be considered 
cost items for urban networks and facilities (Fang and Chen 2017).

Leakage in networks depends on the amount of water pressure in the network, the diame-
ter of the pipe, the number and type of connections, and the type of pipes (Pratap 2020; Ali 
et  al. 2022). It is common for main lines, branches, fire valves, tanks, flare valves, and 
other related accessories to break and leak for a variety of reasons (Hu et al. 2022). The 
problems caused by the age of urban networks and the wear and tear of the components 
of the networks are part of the increasing problems of water and sewage companies (Liu 
et al. 2021; Rathore et al. 2022). A large number of events can result in breakdowns, traffic, 
and decreased water pressure in urban water distribution networks, along with water loss 
(Xiong et al. 2020; Molinos-Senante et al. 2022). Water and sewage companies are affected 
by this issue in a way that results in losses rather than profits (Macías Ávila et al. 2022).

It is well known that leaks in distribution networks waste a significant amount of water 
(Zhou et al. 2022). To deal with these issues, such events can, however, be controlled in 
such a way that losses are minimized and within an acceptable economic range. This can be 
done with proper management and implementation of appropriate solutions (Lamm et al. 
2016). This issue is especially turned to be more critical due to the problems of the water 
crisis and the high percentage of water loss in urban water distribution networks in the 
country (Takai Eddine et al. 2023). Sufficient and detailed information regarding the map 
of a city’s water supply network and the factors that cause accidents in the network (e.g., 
the density of piping, the population concentration, the number of connections, etc.) is of 
great importance for urban water management (Deng et al. 2018; Dinar et al. 2019; Zhong 
et al. 2023). In this context, advances in the field of detailed studies of urban services and 
the use of remote sensing and geographic information systems (GIS) lead to identifying 
impacting factors and indicators to provide optimal solutions (Attwa and Zamzama 2020).

Water and sewage networks have benefitted from the use of GIS in recent decades 
(Wang et  al. 2020; Fang et  al. 2020; Lam et  al. 2021; Conicelli et  al. 2021; Calle et  al. 
2021; Chen et al. 2022a, 2022b), supporting managers, planners, and designers to inves-
tigate, analyze, and monitor events. The use of GIS in advanced societies has assisted in 
improving the state of sewerage infrastructures and in controlling events using reducing 
human and financial losses caused by dangers (Tsihrintzis et  al. 1996). Applying novel 
technologies such as GIS in concert with multi-criteria decision-analysis(MCDA), leads to 
considering a sufficient sewerage network before a crisis occurs by recognizing, analyzing, 
and planning to reduce factors that lead to events (Lam et al. 2021; Fernandes et al. 2021).
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Although GIS has high and unique spatial capabilities, it requires techniques to opti-
mize location decisions. The spatial multi-criteria decision problem also involves evalu-
ating a number of locations based on several criteria (Vojtek et  al. 2021). Over the last 
few decades, machine learning methods have been used to optimize decision-making in 
many other sciences (Santos et al. 2017; Teixeira and Secchi 2019; Stapleton et al. 2019; 
Lee et  al. 2019; Roy et  al. 2023; Shakeel and Shakeel 2022; Zhang et  al. 2023). In this 
regard, deep learning (DL) as one of the most popular machine learning methods , employs 
a nonlinear relationships between high-dimensional inputs which indicates multi-line-
arity, resulting in better accuracy for estimation (Kazemi Garajeh et  al. 2021; Sun et  al. 
2023). State-of-the-art machine learning algorithms, particularly deep learning (DL), excel 
in capturing complex nonlinear relationships by utilizing multilayered stacks that enhance 
representation complexity and abstraction (Fu et  al. 2022). The water network system is 
one of the fields in which DL can increase efficiency and reduce errors in decision-mak-
ing positioning and routing activities (Kazemi Garajeh et  al. 2022a). The integration of 
DL in the field of positioning with GIS will greatly increase the efficiency of this system, 
which is the most important challenge facing experts and analysts in solving complex prob-
lems in decision-making (Wai et al. 2022; Leite de Melo et al. 2022). A brief review of 
the research literature indicates high efficiency of integrated DL, MCDA techniques and 
GIS for modeling and monitoring the earth’s features. This framework can contribute to 
identifying the most appropriate sites for urban drinking water post reliefs, which can fix 
the defects in the urban water supply systems and provide an effective way to enhance the 
effectiveness of urban water and sewage services against the reduction of waste, pollution, 
and possible hazards to the flow of urban water. To the best of our knowledge, fewer stud-
ies have examined the potential of automated-based approaches such as DL for analyzing 
urban water network events and identifying the optimal location of urban drinking water 
relief posts. An element of novelty of this study can be seen in the fact that comparison of 
the presented approaches for identifying the most suitable spots for urban drinking water 
relief posts lacks in literature. In addition, these approaches are applied for the first time in 
Iran when applying for identifying the most suitable spots for urban drinking water relief 
posts at regional spatial scale. Therefore, the main objective of this research are; a) to ana-
lyze events, which include leakage and water cut in the urban water network through statis-
tical methods b) to propose a deep learning convolutional neural network (DL-CNN) based 
framework to identify the optimal location of urban drinking water relief posts, which can 
work as a supportive platform for urban water management, and c) to compare the perfor-
mance of DL-CNN technique with analytical network process for identifying the most suit-
able spots for urban drinking water relief posts.

2 � Study Area

Zanjan with a population of 386,851, is located in northwest Iran (Fig. 1). The area has 
experienced a semi-arid climate condition, which has limited the availability of water 
resources. Approximately 70% of the city’s drinking water is derived from underground 
water resources, which contribute to the supply of drinking water and agriculture. In the 
province, surface water makes up 25% and underground water makes up 75% of the total 
water resources. Surface water resources in the province are exploited at a rate of 10%, 
while underground water resources are exploited at a rate of 78% (these ratios are equiv-
alent to 47% and 88% in the entire country). This sector, particularly the surface water 
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resources, can be developed to a large extent. If the unused capacities of the province’s 
water resources are utilized, the agricultural, animal husbandry, and industry sectors will 
benefit. In this province, there are 264,000 water subscribers, and 154,000 m3 of water are 
consumed every day, more than three times the international standard.

In Zanjan, 21.8% of the water has wasted per day. Table 1 shows the number of water 
network events from 2012–2018. Figure 2 also reveals several examples of the most com-
mon urban water network events. There have been 5754 events related to water networks 
in area 5 of Zanjan, according to Table 1. Additionally, it has 35,145 water subscribers. In 
the second category, there are 3813 water network events in area 3, and the lowest number 
of water network events is in area 6, with 1607 events (Studies of Water and Wastewater 
Company of Zanjan 2016). In this regard, a new framework is necessary to manage water 
resources for reaching an optimal strategy.

Fig. 1   Location of the study area; a) in Iran, b) in Zanjan Province, c) areas of Zanjan city, and d) distribu-
tion of urban water network events in different areas (Water and Sewerage Organization of Zanjan)
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3 � Materials and Methodology

3.1 � Materials

There are two main categories of data used in this study. Descriptive data is the first cat-
egory of recorded data. These data and information related to 19,963 events recorded in 
the city’s sewer network from 2012 to 2018 obtained from Zanjan Water and Sewerage 
Organization (ZW-SO). The second category is spatial data, which was obtained from the 
deputy municipality and governorate of Zanjan province (Fig.  3).  Various predisposing 
variables and their resources are listed in Table 2 for analyzing urban water network events 
and determining the optimal location of urban drinking water relief posts. Training and val-
idation of machine learning-based models and image classification algorithms require valid 

Table 1   Number of water 
network events recorded from 
2012–2018 per area (Water 
and Sewerage Organization of 
Zanajn)

Area Number of subscribers Number of events

1 14,402 2047
2 18,661 3128
3 23,483 3813
4 18,317 3614
5 35,145 5754
6 10,226 1607

Fig. 2   Several examples of the most common urban water network events in Zanjan city (Water and Sewer-
age Organization of Zanjan)
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Fig. 3   Various predisposing variables to analyze urban water network events and locate the optimal loca-
tion of urban drinking water relief posts, a) distance from water storage sources, b) accident-prone areas, c) 
areas with high water pressure, d) distance from pump stations, e) traffic density, f) population density, g) 
road networks, h) landuse, and i) slope
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Fig. 3   (continued)

Table 2   Predisposing variables obtained from different sources to analyze urban water network events and 
identify the optimal location of urban drinking water relief posts

Data types Name Source

Descriptive Water storage sources Water and Sewerage Organization
Accident-prone areas Water and Sewerage Organization
Areas with higher water pressure Water and Sewerage Organization
Pump stations Water and Sewerage Organization
Traffic density Municipality of Zanjan
Population density Governorate of Zanjan Province

Spatial Road network in the scale of 1/2000 Municipality of Zanjan
Land use in the scale of 1/2000 Governorate of Zanjan Province
Slope Topographical map in scale of 1/2000
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inventory data (Tavakkoli Piralilou et al. 2019). Thus, 354 ground control points (GCPs) 
were collected using GPS from the study area where most water network events occurred. 
As rule, we employed about 70% of the ground control points (GCPs) as training data, and 
the rest 30% was used as validation data (Fig. 4).

3.2 � Methodology

An overview of the methodology for analyzing urban water network events and determin-
ing the optimal location of urban drinking water relief posts is shown in Fig. 5.

3.2.1 � Implementation of Analytical Network Process

Modeling analysis extensively employs analytical networks, and GIS-MCDA is the most 
common context in which they are utilized (Musakwa et  al. 2017; Kausika et  al. 2017; 
Achu et al. 2020; Shao et al. 2020; Fernandes et al. 2021; Feizizadeh et al. 2021b). Ana-
lytical Network Process (ANP) is more efficient because it identifies possible dependen-
cies among the selected criteria (Saaty 1980).  The decision-making process of an ANP 
model is elucidated through clusters and nodes. Beyond offering a systematic approach to 
handling dependencies, ANP models excel in resolving intricate problems involving inter-
dependent relationships. We can use the pairwise comparison matrix from Table 3 to cre-
ate a new matrix and evaluate factors on a scale ranging from 1 to 9 (Saaty 1980). ANP 
involves constructing a network by organizing elements and potential substitutes into clus-
ters. These elements can be interconnected in various ways within the network, with feed-
back and interdependence connections present both within and between clusters (Saaty and 
Ozdemir 2021). The formula for the component of the super-matrix is as follows:

Fig. 4   Distribution of training and testing datasets over the study area
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where the ij element in the matrix is the ratio of the priorities of Wi and Wj of the i and j 
alternatives. n also is the number of variables.
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The priority for each pairwise comparison matrix is computed independently. Sub-
sequently, the outcomes of all pairwise comparison matrices are amalgamated into a 
super-matrix, facilitating the determination of the final weighting for the elements (Saaty 
1980).  In the network, the super-matrix W represents the influence of one element on 
another, depicting interrelationships between elements. Clusters in the ANP are formed by 
organizing matrices of criteria and 11 potential substitutes, arranged from small to large. 
The network can incorporate various substitutes or alternatives, intertwining them with 
interdependencies and feedback mechanisms between clusters (Saaty 2004).  In the ANP 
model, pairwise comparisons use a foundational scale with values ranging from 1 to 9, 
providing a framework for expert evaluations. Table 3 provides this ranking. Table 3 also 
shows the cluster matrix based on the ANP for determining the optimal location of urban 
drinking water relief posts. Accident-prone areas, Road networks, and Land use were 
prioritized as the first, second and third variables with weights of 0.25158, 0.17748, and 
0.15859, respectively for determining the optimal location of urban drinking water relief 
posts, as shown in Table 3.

3.2.2 � Implementation of Deep Learning Convolutional Neural Network

Training Phase  Neural networks commonly consist of input layers, hidden layers, and out-
put layers, which work together to process and produce desired outputs (Li et  al. 2021). 
Depth in a neural network is determined by the number of hidden layers and the output 
layer. Apart from the input layer, these layers consist of neurons (Kazemi Garajeh et  al. 
2022b).  Hidden layers in a neural network depict processed factors, where each neuron 
functions as a convolutional layer. Typically, each convolutional layer integrates various 
elements, such as a pooling operation, multiple weights, and an activation function (Zhang 
et  al. 2020).  Pooling in neural networks entails reducing feature vectors by consolidat-
ing the results of an N × 1 patch from the previous convolutional layer into a single value 
at the next layer. Among the various pooling layers, max-pooling is the most commonly 
employed, retaining only the maximum values from the feature maps. In CNN, max-pool-
ing is widely regarded as a fundamental operation (Sun et al. 2019; Zhu et al. 2020), which 
is defined by Eq. (2).

where Ol−1 is the output feature from the earlier layer of the l th layer, Wl and bl are the 
weights and biases of the layer, respectively, which convolve Ol−1 by the linear convolution, 
and � is the non-linearity function outside the convolutional layer.

In the quest to identify optimal locations for urban drinking water relief posts, this study 
employed a nine-layer CNN structure. The CNN was trained independently, using an input 
window size of 128 × 128. In the process of feeding the CNN with nine layers, the input 
sample patch consisted of b × b × 9 units, where b represents 128. Multiple convolutions 
were applied to the input, each utilizing a distinct 2 × 2 filter, resulting in different fea-
ture maps. These feature maps were then stacked together to form the ultimate output of 
the convolutional layer. For this study, nine different filters (one per convolutional layer) 
were employed, generating nine feature maps each of size 128 × 128 × 1 . The final output 
of the convolutional layers, representing the locations for urban drinking water relief posts, 
was produced by stacking all features along the depth dimension, resulting in a volume of 
128 × 128 × 9.

(2)Ol = P(�
(
Ol−1 ×Wl + bl

)
)
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Activation Function  Activation functions are placed at the end or within neural networks 
to determine whether a neuron will activate or not (Dewa and Afiahayati 2018). Generally, 
three activation functions are used namely sigmoid, hyperbolic tangent (tanh), and Recti-
fied Linear Unit (ReLU). The most commonly used activation function in neural networks 
is currently the ReLU. (Dewa et al. 2018). Unlike alternative activation functions, ReLU 
transforms all negative inputs to zero and selectively activates neurons instead of doing so 
simultaneously. This efficiency arises from the fact that only a few neurons are activated at 
any given time (Dahanayaka et al. 2022). Thus, we used the ReLu to train the water relief 
posts model. In Eq. (3), the ReLU parameters are defined as follows:

where x is the input vector from neuron that will be activated.

Loss/cost Function  Loss functions play a pivotal role in neural networks, serving as one 
of the most crucial components, along with optimization functions, responsible for fitting 
the model to the provided training data (Xie et al. 2021). The loss function evaluates the 
fidelity of a neural network’s representation of the training data by comparing predicted 
and target output values. The objective during training is to minimize the disparity between 
the predicted and actual outputs (Pezzano et al. 2021; Fu et al. 2022). Cross-entropy was 
used in this study to measure the performance of a classification model. Loss functions 
based on binary cross-entropy are widely favored for binary classification tasks (Yin et al. 
2021). It is defined by the following equation:

where N is the number of sample datasets, yi is the actual output of ample i , which is 
equals to 0 or 1, ŷi is the forecasted possibility sample i having output 1, and yi, ŷi are the 
vectors of actual outputs and forecasted possibilities.

Optimization Function  Algorithms or strategies used for optimization reduce losses 
and ensure accurate results (Kim et  al. 2021). Optimization algorithms commonly used 
for this purpose include SGD (Stochastic Gradient Descent), Adam (Adaptive Moment 
Optimization), RMSProp (Root Mean Square Propagation), SGD + Momentum, Adagrad 
and Adadelta. In this study, we employed ADAM to optimize the performance of a clas-
sification model. ADAM operates with first and second-order momentums to enhance the 
optimization process (Hamdi et al. 2019; Bai et al. 2021). The rationale behind Adam is 
to gradually decrease velocity during optimization, promoting a more meticulous search 
rather than rapidly traversing potential minima. Adam maintains both an exponentially 
decaying average of past gradients and an exponentially decaying average of past squared 
gradients, similar to AdaDelta. This approach contributes to adaptive learning rates and 
efficient optimization (Kim and Cho 2021). Equations (5) and (6) are defined as the ADAM 
optimizer:

(3)ReLu(x) = max(x, 0)

(4)L
(
y, ŷ

)
= −

1

N

∑N

i=1

(
yilog

(
ŷi
))

+
(
1 − yi

)
log(1 − ŷi))

(5)m
(j)

t = �1m
(j)

t−1
+ (1 − �1)g

(j)

t

(6)v
(j)

t = �2v
(j)

t−1
+ (1 − �2)(g

(j)

t )
2
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where �1 and �2 are new introduced hyper-parameters of the algorithm, which are com-
monly chosen to be 0.9 and 0.999, respectively. m and v are moving averages, and g is gra-
dient on current mini-batch. The first and second moments are then bias-corrected:

And used to weight the update:

where w is model weights and � is the initial learning rate, which the default value for it is 
0.001.

Validation  Validation is a crucial aspect of spatial modeling, aiming to assess the reli-
ability and accuracy of the obtained results (Lyons et al. 2018). The results of ANP and a 
nine-layer CNN were assessed using intersection over union (IOU) and accuracy (ACC), 
which are defined by Eqs. (9) and (10), respectively. Table 4 shows the results of ANP and 
a nine-layer CNN. According to Table 4, DL-CNN performed well with an ACC of 0.942 
for determining the optimal location of urban drinking water relief posts compared to ANP 
(ACC of 0.895).

Where AO is actual output; EO is on behalf of expected result; TP , FP , FN , and TN are 
true positive, false positive, false negative, and true negative, respectively.

4 � Results and Discussion

4.1 � General Information

The urban water network is one of the critical factors of urban life. Existing published works 
usually adopt specific learning-based techniques for water quality assessment (Wai et  al. 
2022), mitigating urban water hazards (Allen-Dumas et  al. 2021) and water deficits (Melo 
et al. 2022). Hence, there is a huge demand for advanced technologies to monitor urban water 

(7)m̂
(j)

t =
m

(j)

t

1 − � t
1

, v̂
(j)

t =
v
(j)

t

1 − � t
2

(8)
w
(j)

t+1
= w

(j)

t −
�√

v̂
(j)

t + �

m̂
(j)

t

(9)IOU =
AO

⋂
EO

AO
⋃

EO
=

TP

TP + FP + FN

(10)Accuracy =
TP + TN

TP + TN + FN + FP

Table 4   Results of accuracy 
assessment for a nine-layer CNN 
using IOU and ACC indexes

Accuracy assessment ANP CNN

IOU 0.805 0.837
ACC​ 0.895 0.942
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network behavior and assess its defects. Previous studies have examined the potential of auto-
mated approaches, such as DL, for analyzing events in urban water networks and identifying 
optimal locations for urban drinking water relief posts. A novel aspect of this study can be 
observed in the lack of a comparison of the presented approaches for identifying the most 
suitable spots for urban drinking water relief posts in the existing literature. Additionally, these 
approaches are being applied for the first time in Iran to identify the most suitable locations for 
urban drinking water relief posts at a regional spatial scale.

In this study, we proposed and developed a novel framework for analyzing urban water 
network events and determining the optimal location of urban drinking water relief posts. 
Results show that the automated DL-CNN approach outperforms the ANP with an ACC 
of 0.942 (Table 4). Figure 6 also reveals the results of ANP and the DL-CNN for determin-
ing the optimal location of urban drinking water relief posts. As shown in Fig. 6, the cen-
tral parts of the city were determined as the most appropriate place for constructing urban 
drinking water relief posts. According to data analysis and descriptive statistics, Zanjan 
city’s Islamabad, Farhang, and Bisim neighborhoods have more events. Upon reviewing the 
areas of Zanjan city, it found that areas 5, 3 and 4 are at high risk. By establishing a posi-
tive correlation between events in the water network and variables such as population den-
sity, water pressure, and water subscribers, it can be demonstrated that these variables are 
related. Based on results obtained from the ANP and DL-CNN, it is obvious that the most 
suitable places for building a relief post are in the center of the city and surrounding areas 
are not suitable due to barren lands and sparse population. Area 5 is the urgent district for 
the construction of an urban water relief station, and areas 3 and 4 are the next priorities.

The Relationship between Predisposing Variables and Urban Water Network Incidents
By examining the population of Zanjan city, it was found that urban area 5 has 

the largest population (109480) and urban area 1 has the lowest population (30028) 
(Tables  1 and 5). Islamabad neighborhood also has the most population in terms of 

Fig. 6   Determined areas for locating urban drinking water relief posts; a) using the ANP, and b) using the 
DL-CNN
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neighborhoods, which is located in area 5 (Tables 6). By examining and analyzing the 
relationship between events and population density, a positive relationship was found 
(coefficient correlation of 0.90%) between these two variables in most localities. The 
survey of urban neighborhoods shows that in the neighborhoods of Islamabad, Bisim, 
Farhang, Paein Kooh, and Foroudgah, there is a very high and strong relationship 
between urban water network events and population density. In other words, with the 
increase in population, the number of events in the urban water network increase. This 
means that growing populations are putting enormous pressure on the water net-work 
by consuming huge amounts of water and as a result increasing water network events. 
Table 6 also shows a low relationship between urban water network events and popula-
tion density in Daneshgah, Ghabrestan Bala, and Amadghah neighborhoods.

Table 5   Events of Zanjan urban 
water network in different urban 
areas

Area name Population Number of 
neighborhood

Number of events

1 30,028 16 2047
2 56,320 19 3128
3 100,384 24 3813
4 76,265 21 3614
5 109,480 28 5754
6 52,577 12 1607

Table 6   Incidents of Zanjan 
urban water network in different 
urban neighborhoods

Rank Neighborhood name Population Number of events

1 Islamabad 24,464 1643
2 Bisim 18,406 998
3 Farhang 15,531 880
4 Paein Kooh 12,939 830
5 Foroudgah 12,671 667
6 Ziba shahr 7794 665
7 Ansarieh 7722 656
8 Trans 10,527 480
9 Masjed shohada 6819 393
10 Meshki 7094 376
11 Bitol Moghadas 43 328
12 Shahed 36 564
13 Yeri Bala 33 235
14 Gholestan 30 26
15 Goljik Abad 21 610
16 Rah Ahan 21 631
17 Zafaranieh 19 264
18 Daneshgah 5 362
19 Ghabrestan Bala 2 65
20 Amadghah 2 1023
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According to the study, there is a positive correlation between water pressure and event den-
sity. A comparison between the pressure of night and day and the density of events in the locali-
ties reveals that the relationship between the two variables is greater at night (coefficient corre-
lation of 0.16%) than during the day (coefficient correlation of 0.04%). The results of the study 
show a significant correlation between the density of events in the neighborhoods of Islama-
bad, Bisim, Paein Kooh and the pressure of night and day. Analyzing the relationship between 
subscriber numbers and urban water network events reveals a positive correlation (correlation 
coefficient of 0.76%). Thus, as subscribers increase, events also increase. The most common 
urban water network event involves water leakage from water pipes and related branches. Water 
leakage from the water meter and related branches is recognized as the most common urban 
water network event. According to the correlation coefficient between the independent variable 
(slope) and the dependent variable (urban water network events), the two variables have a lower 
correlation (Correlation Coefficient of 0.05%). In Zanjan, the majority of the terrain is flat with 
a low slope, so the relationship between events and the slope is not significant.

4.2 � Vulnerable Water Transmission Networks in Terms of Events

Upon investigating and analyzing the events in the urban drinking water network, it was 
determined that the Islamabad neighborhood water network had the most events. This 
issue in the Islamabad neighborhood is primarily caused by wear and tear, improper imple-
mentation of water, low-quality pipes and consumables, improper use of the network, and 
excavations done by other organizations. According to this study, 19.31% of the events are 
caused by leaks of the main branch, which are the most common occurrences in this neigh-
borhood, followed by fractures with 17.44%, and the lowest type of accidents in this neigh-
borhood is related to land subsidence. It was determined from investigating and analyzing 
the events occurring in the urban neighborhoods of Zanjan that Islamabad, Farhang, and 
Bisim are among the neighbor-hoods with high vulnerability, while Ghabrestan Bala and 
Gholestan are among the neighborhoods with low vulnerability. Additionally, areas 5 and 3 
accounted for the majority of events in urban areas.

4.3 � Analysis the Efficiency of the Applied Methods for Analyzing Events in Urban 
Water Networks

Analyzing network events and establishing robust water supply systems are crucial aspects 
when it comes to developing a sustainable urban drinking water system. Applying an auto-
mated approach, such as DL in conjunction with GIS, can significantly enhance the effi-
ciency of urban water network management. The methodology introduced in this study also 
serves as an early warning system for stakeholders and decision-makers in the domain of 
water hazard events. With this information, locating optimized sites for promptly construct-
ing relief posts to respond immediately to water network events becomes much easier and 
faster. Despite the efficiency of the applied method, having a large number of input datasets is 
crucial to constructing the DL models. The effectiveness of this work proves useful for ana-
lyzing urban water events in big cities around the world with the most complicated water net-
works. By employing learning-based approaches, such as DL, stakeholders can analyze vast 
amounts of data and gain insights that were previously impossible to obtain. DL can be used 
to predict water demand and optimize water supply throughout the day, assisting water utili-
ties in reducing water waste and ensuring effective fulfillment of water demand. Additionally, 
it is employed to predict and mitigate potential risks associated with the water cycle.
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5 � Conclusion

This study proposed and developed an innovative approach of ANP and DL-CNN for ana-
lyzing urban water network events and determining the optimal location of urban drinking 
water relief posts in Zanjan city, Iran. The results show that the central parts of Zanjan 
are more suitable for constructing water relief posts. Our findings demonstrate the highest 
efficiency of an automated DL-CNN with an ACC of 0.942 compared to the ANP with an 
ACC of 0.895. The findings of this study also indicate a positive relationship between pop-
ulation density and water network events. The results of this research demonstrate the high-
est efficiency of computer-based approaches such as DL-CNN for determining the optimal 
location of urban drinking water relief posts. In sum, the findings of this research provide 
a deeper understanding of the spatial spreading of urban water network events and their 
affected areas. The efficiency of this study can help urban planners and decision-makers 
in the Water and Sewage Organization and Ministry of Power to understand the complex 
mechanism of water flow and simulate its prone areas for damage.

Author Contributions  Methodology, Software, Writing original draft preparation M.K.G. B.F, B.S, and 
M.G. contributed to the revision and improvement of the paper.

Funding  Open access funding provided by Università degli Studi di Roma La Sapienza within the CRUI-
CARE Agreement. There is no funding to support this research.

Data Availability  The datasets used and/or analyzed during the current study available from the correspond-
ing author on reasonable request.

Declarations 

Ethics Approval  The authors confirm that this article is original research and has not been published or pre-
sented previously in any journal or conference in any language (in whole or in part).

Consent to Participate and Consent to Publish  The authors declared that they approved on the submission of 
the final manuscript.

Conflicts of Interest  The authors declare no conflict of interest.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, 
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Com-
mons licence, and indicate if changes were made. The images or other third party material in this article 
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly 
from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Achu AL, Thomas J, Reghunath R (2020) Multi-criteria decision analysis for delineation of groundwater 
potential zones in a tropical river basin using remote sensing, GIS and analytical hierarchy process 
(AHP). Groundw Sustain Dev 10:100365

Ali AS, Abdelmoez MN, Heshmat M, Ibrahim K (2022) A solution for water management and leakage 
detection problems using IoTs based approach. Internet Things 18:100504

http://creativecommons.org/licenses/by/4.0/


2356	 M. K. Garajeh et al.

1 3

Allen-Dumas MR, Xu H, Kurte KR, Rastogi D (2021) Toward urban water security: broadening the use of 
machine learning methods for mitigating urban water hazards. Front Water 2:562304

Attwa M, Zamzam S (2020) An integrated approach of GIS and geoelectrical techniques for wastewater 
leakage investigations: Active constraint balancing and genetic algorithms application. J Appl Geophys 
175:103992

Ávila CAM, Sánchez-Romero FJ, López-Jiménez PA, Pérez-Sánchez M (2022) Improve leakage man-
agement to reach sustainable water supply networks through by green energy systems Optimized 
case study. Sustain Cities Soc 83:103994

Bai T, Yang J, Xu G, Yao D (2021) An optimized railway fastener detection method based on modified 
Faster R-CNN. Measurement 182:109742

Calle E, Martínez D, Brugués-i-Pujolràs R, Farreras M, Saló-Grau J, Pueyo-Ros J, Corominas L (2021) 
Optimal selection of monitoring sites in cities for SARS-CoV-2 surveillance in sewage networks. 
Environ Int 157:106768

Chen K, Liu Q, Jiang Q, Hou X, Gao W (2022) Source apportionment of surface water pollution in 
North Anhui Plain, Eastern China, using APCS-MLR model combined with GIS approach and 
socioeconomic parameters. Ecol Ind 143:109324

Chen WA, Lim J, Miyata S, Akashi Y (2022) Methodology of evaluating the sewage heat utilization 
potential by modelling the urban sewage state prediction model. Sustain Cities Soc 80:103751

Conicelli B, Hirata R, Galvão P, Bernardino M, Simonato M, Abreu MC, Terada R (2021) Determining 
groundwater availability and aquifer recharge using GIS in a highly urbanized watershed. J S Amer 
Earth Sci 106:103093

Dahanayaka T, Jourjon G, Seneviratne S (2022) Dissecting traffic fingerprinting CNNs with filter activa-
tions. Comput Netw 206:108770

de Melo LL, de Melo VGML, Marques PAA, Frizzone JA, Coelho RD, Romero RAF, da Silva Barros 
TH (2022) Deep learning for identification of water deficits in sugarcane based on thermal images. 
Agric Water Manag 272:107820

Deng G, Wang L, Xu X (2018) Linkage effect of virtual water trade in China’s industrial products—
based on generalized hypothetical extraction method. Ecol Ind 93:1302–1310

Dewa CK (2018) Suitable CNN weight initialization and activation function for Javanese vowels clas-
sification. Proc Comput Sci 144:124–132

Dewa CK, Fadhilah AL, Afiahayati A (2018) Convolutional neural networks for handwritten Javanese 
character recognition. IJCCS (Indones J Comput Cybern Syst) 12(1):83–94

Dinar A, Tieu A, Huynh H (2019) Water scarcity impacts on global food production. Glob Food Sec 
23:212–226

Fang D, Chen B (2015) Ecological network analysis for a virtual water network. Environ Sci Technol 
49(11):6722–6730

Fang D, Chen B (2017) Linkages analysis for water-carbon nexus in urban system. Energy Procedia 
105:3876–3880

Fang Y, Zheng T, Zheng X, Peng H, Wang H, Xin J, Zhang B (2020) Assessment of the hydrodynamics 
role for groundwater quality using an integration of GIS, water quality index and multivariate sta-
tistical techniques. J Environ Manage 273:111185

Feizizadeh B, Omarzadeh D, Ronagh Z, Sharifi A, Blaschke T, Lakes T (2021) A scenario-based 
approach for urban water management in the context of the COVID-19 pandemic and a case study 
for the Tabriz metropolitan area. Iran Sci Total Environ 790:148272

Feizizadeh B, Ronagh Z, Pourmoradian S, Gheshlaghi HA, Lakes T, Blaschke T (2021) An efficient 
GIS-based approach for sustainability assessment of urban drinking water consumption patterns: A 
study in Tabriz city. Iran Sustain Cities Soc 64:102584

Fernandes ACP, Terêncio DPS, Pacheco FAL, Fernandes LS (2021) A combined GIS-MCDA approach 
to prioritize stream water quality interventions, based on the contamination risk and intervention 
complexity. Sci Total Environ 798:149322

Flörke M, Schneider C, McDonald RI (2018) Water competition between cities and agriculture driven by 
climate change and urban growth. Nat Sustain 1(1):51–58

Fu G, Jin Y, Sun S, Yuan Z, Butler D (2022) The role of deep learning in urban water management: A 
critical review. Water Res 223:118973. https://​doi.​org/​10.​1016/j.​watres.​2022.​118973

Gopika JS, Kulkarni AV, Prasad V, Srinivasalu P, Raman A (2021) Estimation of glacier stored water 
in the Bhaga basin using laminar flow and volume-area scaling methods. Remote Sens Appl: Soc 
Environ 24:100656

Hamdi ZM, Brandmeier M, Straub C (2019) Forest damage assessment using deep learning on high 
resolution remote sensing data. Remote Sens 11(17):1976

https://doi.org/10.1016/j.watres.2022.118973


2357Analyzing Urban Drinking Water System Vulnerabilities and…

1 3

Han L, Chen J, Li H, Liu G, Leng B, Ahmed A, Zhang Z (2022) Multispectral water leakage detec-
tion based on a one-stage anchor-free modality fusion network for metro tunnels. Autom Constr 
140:104345

Hu Z, Chen W, Tan D, Chen B, Shen D (2022) Multi-objective and risk-based optimal sensor placement 
for leak detection in a water distribution system. Environ Technol Innov 28:102565

Kausika BB, Dolla O, Van Sark WGJHM (2017) Assessment of policy based residential solar PV potential 
using GIS-based multicriteria decision analysis: A case study of Apeldoorn, The Netherlands. Energy Pro-
cedia 134:110–120

KazemiGarajeh M, Malakyar F, Weng Q, Feizizadeh B, Blaschke T, Lakes T (2021) An automated deep learn-
ing convolutional neural network algorithm applied for soil salinity distribution mapping in Lake Urmia. 
Iran Sci Total Environ 778:146253

KazemiGarajeh M, Blaschke T, HosseinHaghi V, Weng Q, Valizadeh Kamran K, Li Z (2022) A comparison 
between sentinel-2 and landsat 8 OLI satellite images for soil salinity distribution mapping using a deep 
learning convolutional neural network. Can J Remote Sens 48(3):452–468

KazemiGarajeh M, Weng Q, HosseinHaghi V, Li Z, KazemiGarajeh A, Salmani B (2022) Learning-based 
methods for detection and monitoring of shallow flood-affected areas: impact of shallow-flood spreading 
on vegetation density. Can J Remote Sens 48(4):481–503

Kim TY, Cho SB (2021) Optimizing CNN-LSTM neural networks with PSO for anomalous query access con-
trol. Neurocomputing 456:666–677

Kim J, Lee K, Choe J (2021) Efficient and robust optimization for well patterns using a PSO algorithm with a 
CNN-based proxy model. J Petrol Sci Eng 207:109088

Lam CY, Tai K, Cruz AM (2021) Topological network and GIS approach to modeling earthquake risk of infra-
structure systems: a case study in Japan. Appl Geogr 127:102392

Lamm AJ, Lundy LK, Warner L, Lamm KW (2016) Associating importance with behavior: Providing direction 
for water conservation communication. J Appl Commun 100(3):6

Lamm AJ, Warner LA, Lundy LK, Bommidi JS, Beattie PN (2018) Informing water-saving communication in 
the United States using the situational theory of problem solving. Landsc Urban Plan 180:217–222

Lee S, Park B, Kim A (2019) Deep learning based object detection via style-transferred underwater sonar 
images. IFAC-PapersOnLine 52(21):152–155

Li L, Han L, Ding M, Cao H, Hu H (2021) A deep learning semantic template matching framework for remote 
sensing image registration. ISPRS J Photogramm Remote Sens 181:205–217

Liu B, Wang C, Liu Z, Xu Z, Nie L, Pang Y, Feng S (2021) Cascade surface and borehole geophysical investi-
gation for water leakage: A case study of the Dehou reservoir, China. Eng Geol 294:106364

Lyons MB, Keith DA, Phinn SR, Mason TJ, Elith J (2018) A comparison of resampling methods for remote 
sensing classification and accuracy assessment. Remote Sens Environ 208:145–153

Molinos-Senante M, Maziotis A, Sala-Garrido R, Mocholi-Arce M (2022) Estimating performance and savings 
of water leakages and unplanned water supply interruptions in drinking water providers. Resour Conserv 
Recycl 186:106538

Musakwa W, Tshesane RM, Kangethe M (2017) The strategically located land index support system for human 
settlements land reform in South Africa. Cities 60:91–101

Pan Y, Zheng Z, Fu D (2021) Bayesian-based water leakage detection with a novel multisensor fusion method 
in a deep manned submersible. Appl Ocean Res 106:102459

Pezzano G, Ripoll VR, Radeva P (2021) CoLe-CNN: Context-learning convolutional neural network with adap-
tive loss function for lung nodule segmentation. Comput Methods Programs Biomed 198:105792

Polsky C, Grove JM, Knudson C, Groffman PM, Bettez N, Cavender-Bares J, Steele MK (2014) Assessing the 
homogenization of urban land management with an application to US residential lawn care. Proc Natl 
Acad Sci 111(12):4432–4437

Pratap B (2020) Detection of water leakage paths using self-potential and geoelectrical resistivity methods: A 
case study of Kailana Lake-Takht Sagar in the Jodhpur City, Rajasthan, India. Hydro Res 3:166–174

Rathore SS, Kallesøe CS, Wisniewski R (2022) Application of Leakage Localization Framework for Water 
Networks with Multiple Inlets in Smart Water Infrastructures Laboratory at AAU. IFAC-PapersOnLine 
55(6):451–457

Roy PK, Saumya S, Singh JP, Banerjee S, Gutub A (2023) Analysis of community question-answering issues 
via machine learning and deep learning: State-of-the-art review. CAAI Trans Intell Technol 8(1):95–117

Saaty TL (1980) The analytic process: planning, priority setting, resources allocation. McGraw, New York
Saaty TL (2004) Fundamentals of the analytic network process—Dependence and feedback in decision-making 

with a single network. J Syst Sci Syst Eng 13:129–157
Saaty TL, Ozdemir MS (2021) The Encyclicon-Volume 1: A dictionary of decisions with dependence and feed-

back based on the analytic network process. RWS Publications. Germany



2358	 M. K. Garajeh et al.

1 3

Santos J, Ferreira A, Flintsch G (2017) A multi-objective optimization-based pavement management decision-
support system for enhancing pavement sustainability. J Clean Prod 164:1380–1393

Shakeel N, Shakeel S (2022) Context-Free Word Importance Scores for Attacking Neural Networks. J Comput 
Cogn Eng 1(4):187–192

Shao Z, Huq ME, Cai B, Altan O, Li Y (2020) Integrated remote sensing and GIS approach using Fuzzy-AHP 
to delineate and identify groundwater potential zones in semi-arid Shanxi Province, China. Environ Model 
Software 134:104868

Stapleton L, O’Neill B, Cronin K, McInerney P, Hendrick M, Dalton E (2019) A semi-automated systems archi-
tecture for cultural heritage: sustainable solutions for Digitising cultural heritage. IFAC-PapersOnLine 
52(25):562–567

Studies of Water and Wastewater Company of Zanjan (2016) Department Reported Operating Water and Waste-
water Company of Zanjan.   http://​www.​mehrn​ews.​com/​news/​40565​48. [In Persian]. Accessed 30/09/2022

Sun T, Chen F, Zhong L, Liu W, Wang Y (2019) GIS-based mineral prospectivity mapping using machine 
learning methods: A case study from Tongling ore district, eastern China. Ore Geol Rev 109:26–49

Sun L, Wen J, Wang J, Zhao Y, Zhang B, Wu J, Xu Y (2023) Two-view attention-guided convolutional neural 
network for mammographic image classification. CAAI Trans Intell Technol 8(2):453–467

TakaiEddine Y, Nadir M, Sabah S et al (2023) Integrating Support Vector Machines with Different Ensemble 
Learners for Improving Streamflow Simulation in an Ungauged Watershed. Water Resour Manage. https://​
doi.​org/​10.​1007/​s11269-​023-​03684-w

TavakkoliPiralilou S, Shahabi H, Jarihani B, Ghorbanzadeh O, Blaschke T, Gholamnia K, Aryal J (2019) Land-
slide detection using multi-scale image segmentation and different machine learning models in the higher 
himalayas. Remote Sens 11(21):2575

Teixeira AF, Secchi AR (2019) Machine learning models to support reservoir production optimization. IFAC-
PapersOnLine 52(1):498–501

Tsihrintzis VA, Hamid R, Fuentes HR (1996) Use of Geographic Information Systems (GIS) in water resources: 
A review. Water Resour Manage 10:251–277

United National World Water Assessment Programme (2016) The United National World water development report 
on water and jobs.  http://​unesd​oc.​unesco.​org/​images/​0024/​002439/​24393​8e.​pdf. Accessed 30/09/2022

Vojtek M, Vojteková J, Costache R, Pham QB, Lee S, Arshad A, Anh DT (2021) Comparison of multi-criteria-
analytical hierarchy process and machine learning-boosted tree models for regional flood susceptibility 
mapping: a case study from Slovakia. Geomatics, Nat Hazard Risk 12(1):1153–1180

Wai KP, Chia MY, Koo CH, Huang YF, Chong WC (2022) Applications of deep learning in water quality man-
agement: A state-of-the-art review. J Hydrol 613:128332. https://​doi.​org/​10.​1016/j.​jhydr​ol.​2022.​128332

Wang Z, Xu J, He X, Wang Y (2020) Analysis of spatiotemporal influence patterns of toxic gas monitoring con-
centrations in an urban drainage network based on IoT and GIS. Pattern Recogn Lett 138:237–246

Warner LA, Rumble J, Martin E, Lamm AJ, Cantrell R (2015) The Effect of Strategic Message Selection on 
Residents’ Intent to Conserve Water in the Landscape. J Agric Educ 56(4):59–74

Warner LA, Lamm AJ, Rumble JN, Martin ET, Cantrell R (2016) Classifying residents who use landscape irri-
gation: Implications for encouraging water conservation behavior. Environ Manag 58:238–253

Xie J, Hu K, Guo Y, Zhu Q, Yu J (2021) On loss functions and CNNs for improved bioacoustic signal classifica-
tion. Eco Inform 64:101331

Xiong L, Zhang D, Zhang Y (2020) Water leakage image recognition of shield tunnel via learning deep feature 
representation. J Vis Commun Image Represent 71:102708

Yin T, Liu N, Sun H (2021) Self-paced active learning for deep CNNs via effective loss function. Neurocomput-
ing 424:1–8

Zhang K, Han Y, Chen J, Zhang Z, Wang S (2020) Semantic segmentation for remote sensing based on RGB 
images and lidar data using model-agnostic meta-learning and partical Swarm optimization. IFAC-Paper-
sOnLine 53(5):397–402

Zhang Q, Xiao J, Tian C, Chun-Wei Lin J, Zhang S (2023) A robust deformed convolutional neural network 
(CNN) for image denoising. CAAI Trans Intell Technol 8(2):331–342

Zhong P, Liu Y, Zheng H, Zhao J (2023) Detection of urban flood inundation from traffic images using deep 
learning methods. Water Resour Manag 38:287–301. https://​doi.​org/​10.​1007/​s11269-​023-​03669-9

Zhou W, Lv H, Chen F, Wang Q, Li J, Chen Q, Liang B (2022) Optimizing nitrogen management reduces 
mineral nitrogen leaching loss mainly by decreasing water leakage in vegetable fields under plastic-shed 
greenhouse. Environ Pollut 308:119616

Zhu H, Ma W, Li L, Jiao L, Yang S, Hou B (2020) A dual–branch attention fusion deep network for multireso-
lution remote–sensing image classification. Inf Fusion 58:116–131

Publisher’s Note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

http://www.mehrnews.com/news/4056548
https://doi.org/10.1007/s11269-023-03684-w
https://doi.org/10.1007/s11269-023-03684-w
http://unesdoc.unesco.org/images/0024/002439/243938e.pdf
https://doi.org/10.1016/j.jhydrol.2022.128332
https://doi.org/10.1007/s11269-023-03669-9

	Analyzing Urban Drinking Water System Vulnerabilities and Locating Relief Points for Urban Drinking Water Emergencies
	Abstract
	1 Introduction
	2 Study Area
	3 Materials and Methodology
	3.1 Materials
	3.2 Methodology
	3.2.1 Implementation of Analytical Network Process
	3.2.2 Implementation of Deep Learning Convolutional Neural Network


	4 Results and Discussion
	4.1 General Information
	4.2 Vulnerable Water Transmission Networks in Terms of Events
	4.3 Analysis the Efficiency of the Applied Methods for Analyzing Events in Urban Water Networks

	5 Conclusion
	References


