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Abstract. This study introduces a method for determining the best locations for
pressure sensors in water supply networks and for assessing network conditions using
artificial intelligence techniques. The goal is to identify the network nodes that would
provide the most important information for detecting water leaks and evaluating the
overall network status. The selection of sensor locations was based on data sets of
pressure changes caused by various leak scenarios generated by EPANET
simulations. Genetic algorithms were used to rank candidate nodes and determine the
optimal number of sensor locations. The next step involved assessing the network
state using the ANFIS neuro-fuzzy network and the Mamdani neuro-fuzzy logical
inference algorithm. These algorithms were implemented in the Google Colab
environment and tested on a section of the water supply network in Kyiv, Ukraine.

Keywords: sensor placement, WDN, artificial intelligence, hydraulic modeling,
ANFIS, Mamdani, genetic algorithms, EPANET 2.2.

INTRODUCTION

A water supply network (WDN) is a complex engineering network made up of
pipelines and other elements that ensure the functioning of the water supply system
from the source to the end users (end nodes). The primary function of the WDN is
to deliver the expected volume of water at sufficient pressure. Real-time monitoring
of the network’s condition is crucial for stable operation to assess its current
performance and ability to fulfill its core functions.

Most studies focus on quantifying the performance of the entire WDN. Shin
et al. [28] proposed quantitative methods for determining the stability of the water
supply network. Analyzing the network at the global level using a single metric
does not provide information about the level of performance of the nodes in the
network. Therefore, it is important to monitor the performance of each network
node. The pressure information at each node and the corresponding nodal outflow
information are necessary to evaluate the state of the network at the node level.
It also helps in adaptive network management for increased returns and maximum
quality of service. It follows that data collection from each demand node is
necessary. However, it is not possible to install measuring devices throughout the
network. Since the more sensors, the higher the cost of initial installation and
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maintenance of the network. There is also a need to power the sensors for their
operation.

Determining the ideal placement for pressure sensors is a key challenge for
monitoring water distribution networks. It’s not feasible to install sensors at every
point within the network, which consists of thousands of nodes. Therefore, only
a select few nodes can have sensors installed. The main goal is to figure out the best
locations for these sensors so that they can provide relevant data for assessing
hydraulic variables at unmonitored points and help with various monitoring
algorithms, such as leak detection [23]. However, the data from these sensors alone
might not be sufficient to accurately pinpoint leaks and evaluate the network’s
condition, so additional sensors may need to be installed in other areas [24]. One
solution to this problem is to install more pressure sensors, as they are more cost-
effective and easier to install and maintain compared to flow rate sensors.
Furthermore, pressure readings are more sensitive to leaks than flow rates, so many
localization algorithms rely on network pressure measurements.

Once a sufficient number of measurements are obtained, they can be used to
estimate the unmeasured states of the WDN at any point in time. The problem of
restoring missing information or assessing the state of the system from damaged
data is not new. There are several methods based on spatial, spectral, temporal, and
statistical approaches. Hu et al. [29] worked on the estimation of discrete-time
networks. In this work, it is assumed that the measurements follow a certain
distribution. In the study [30], state assessment was performed for networks with
a variable topology. Liu et al. [31] developed a decentralized state estimator for
spatially distributed systems. The implementation involves state space matrices
A and C, which have the shape of a block diagonal. This method of matrix filling
(MS) for state estimation is quite popular in various fields.

In order to enhance network reliability, Chandramouli and Malleswarvrao
[11] utilized fuzzy logic based on excess pressure available at demand nodes.
Prasad and Park employed genetic algorithms, taking into account both cost
minimization and network reliability maximization [12]. Recent advancements
include improving algorithm convergence by employing a constructed starting
population instead of a random one [13], enhancing computing efficiency by
reducing the search space [14], and combining GA and mathematical programming
with the inclusion of new elements, such as reduction valves [15]. Other methods
involve the use of artificial neural networks (ANNs) instead of hydraulic and
simulation models for water quality, along with differential evolution (DE) for
optimization [16], as well as the development of the Harris Hawks optimization
algorithm (HHO) for WDN optimization [16].

While gathering information about the water supply network in Kyiv, we
encountered difficulties due to limited and unstructured data, as well as a large
amount of paper records. To address this, active efforts are underway to digitally
transform and develop GIS systems. In this study, Mamdani’s method [22],
a reliable and flexible fuzzy logic inference method, was adapted to convert non-
quantitative “expert” knowledge into a quantitative scale. This adaptation is
valuable for mapping a relatively complex water supply network and allows for the
integration of non-statistically independent components.

This paper proposes a method for determining the optimal locations of
pressure sensors using genetic algorithms and assessing the state of the water
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supply network using the ANFIS neuro-fuzzy network and the Mamdani fuzzy
logic inference algorithm. The results of this study make it possible to assess the
state of the water supply network and find the best places for the placement
of pressure sensors. Based on the previous research of Khorshidi [16], who also
performed the relevant work, this method not only helps to find the leakage points
but also evaluates the state of the water supply network.

The proposed intelligent model can be used for controlling pressure or flow
rate sensors in water drainage networks. It is necessary to utilize software tools for
hydraulic modeling of water drainage networks, as pipeline breaks are also present
in sewage networks [18-20]. Additionally, this method can help identify the best
locations for water quality monitoring sensors. With the assistance of neuro-fuzzy
neural networks and fuzzy logical inference algorithms, it can also be used to assess
network conditions and predict water quality.

DESCRIPTION OF MODEL DEVELOPMENT AND TRAINING
METHODOLOGY

Modeling of water demand

The cor-PRP model, which was proposed in the study [2], was used to form the
demand at the common node. In this model, the nodal frequency of water use in
residential premises corresponds to a non-stationary Poisson process. In particular,
the probability that Pr has exactly k pulses generated during a time period of
duration Az[c] is determined by the following equation:
(AAT)*

T (1)

where the parameter A[c-1] is the average pulse arrival frequency, which is
considered constant during Ar. After generating pulse arrivals, the duration D [s]
and intensity / [I/s] of the total pulses are sampled from probability distributions
such as the log-normal and beta distributions [2]. An important feature of the cor-
PRP model is the correlation between pulse duration and intensity, which improves
pulse stability [2].

Pr(k) = et

Hydraulic model of the water supply network

A hydraulic model is commonly used to calculate hydraulic parameters such as
water pressure and flow rate for water network design. Hydraulic formulas describe
the conservation of mass and conservation of energy, taking into account the
topological characteristics of the water supply network. The hydraulic model takes
into account fluctuations in water demand and leaks that affect network
performance. The main formulas used for hydraulic modeling are indicated in the
equations below [4].

Formula (2) calculates the mass transfer in the pipe node; it indicates that in
the absence of leakage, the inflow of water to the pipe node should be equal to the
outflow of water [4]:

2 Gpn — Dit =0,vn €N, (2)
PEPy

where Py,is a set of pipes connected to node 7n; g, , is the flow of water in node n
from pipe p (m3/s), D2t. Formula (3) describes the energy transfer, that is, the

Cucmemni docniodcenns ma ingopmayivini mexuonozii, 2026, Ne 2 85



Yu. P. Zaychenko, T. V. Starovoit

total water head, which includes components describing kinetic energy (kinetic
water head), hydraulic potential energy (head) and gravitational potential energy
(height head) [4]:
Wi | Pa Ui s

hy 2g+ya)+ZA hg + Hj 2g+Vw+ZB+HL' 3)
where £ is the total water head; u is the water velocity at each node; and z is the
height of each node. H; is the energy loss value between node 4 and node B [4].
Energy consumption in the pipe flow can be distributed or localized. The
distributed energy consumption is determined by the flow rate V, the internal
diameter of the pipe d, the length of the pipe L, and the roughness of the pipe wall,
which is determined by the Hazen—Williams formula [5], formula (4):

6.78L\ V
o= (528) s

where C is the roughness coefficient of the pipe wall. Localized energy losses occur
due to turbulence associated with changes in flow conditions (such as flow velocity,
direction, etc.) determined by the topology of water supply network connections [4].

For the water supply network, the main thing is the consumption or demand
for water. Two models are used for water demand in nodes: a demand-driven model
and a pressure-driven model [4]. This study uses a pressure-driven water demand
model to consider the effects of pressure loss due to changes in water demand or
leaks [4]:

0

p_Pol pSPO
D= {Df(Pf_ 2? Pespsp (5)
D¢

where D is the demand in each node; Dy is the desired demand (m3/s); p is the
water pressure; Pr is the pressure above which the desired demand Dy must be
satisfied; P, is the pressure below which water will not be supplied to the node [4].

Genetic algorithms of sensor placement

In the water supply network, the main focus is on water consumption or demand.
There are two models used for water demand in nodes: a demand-driven model and
a pressure-driven model [4]. This study utilizes a pressure-driven water demand
model to account for the impacts of pressure loss caused by variations in water
demand or leaks [4].

Each possible solution of the optimization problem, using GA, is called
a chromosome. The mathematical formulation of the optimization problem is based
on the fact that each chromosome consists of a series of genes (decision variables)
that represent a possible solution to the optimization problem. In an N-dimensional
optimization problem, a chromosome is an array of size / x N. This array is defined
as follows [3]:

Chromosome = X = (X1,X3, .., Xiy -, XN)»

where X is a possible solution to the optimization problem; x; is the i-th decision
variable (or gene) of decision X; and N is the number of decision variables.
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A genetic algorithm begins by randomly generating a population of chromosomes
or possible solutions. The size of the population, or the number of possible
solutions, is presented in the form of a matrix of chromosomes of size M x N [3]:

[X1'| (X1,1 X2 vt Xyt X1N
| X2 | X210  Xz2 v Xzp vt XN
one | P2 '
Population = L‘):i J| = lxa x2 o xi o xa )
M [ Xpm,1 XMz 0 Xmi 7t XM,N

where X; is the j-th solution (or chromosome); x;; is the i-th solution variable
(or gene) of the j-th solution; and M is the population size. Each decision variable
x; ; can be represented as a floating-point number (real values), or as a predefined
set of values for discrete problems. Some of the initially generated possible
solutions are selected as parents to create a new generation [3].

Selection in GA is a procedure by which R (R < M) individuals are selected
from a population for reproduction. The selected individuals are the parents of the
next generation and make up the parental population. The ranking option ranks all
chromosomes based on their match values. The best solution gets rank 1, and the
worst gets the lowest rank. The decision is assigned a probability that is
proportional to its rank according to the following linear function [3]:

Po=U—-(S,—1)xZ, (6)
S, = Rank (X), )
M
DAt ®)
j=1
ZM-1 1
N R L ®)

where Sy, is the rank of the k-#4 solution in the population; S, = 1 indicates that the k-
th solution is the best solution; and Z is a user-defined value. Fig. 1 shows the sorting
of solutions according to the fit function () in the maximization problem [3].

)

|I|||III-|
B ON =

Solutions —

[

F(X) F(X)

Fig. 1. Ranking of chromosomes according to the correspondence function (F) [3]
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An alternative method ranks all solutions according to their fitness values.
Then, M—S copies of each solution are generated [3].

Pressure sensor placement method using genetic algorithms

The proposed sensor placement method is based on a nodal pressure data set that
simulates typical variations due to leaks of different sizes at all network nodes. Data
on pressure in the network were obtained using hydraulic modeling of the water
supply network of the city of Kyiv. Each pressure data point is labeled with a leak
class, for further classification of the data.

The method of placement of pressure sensors is the stage of selecting
a function. In order to select the characteristics (a subset of nodes where the sensors
will be placed), an algorithm is proposed that seeks to maximize the relevance of
the selected characteristics (node pressure) for the response variable (leakage
node). Each response variable avoids capturing information already contributed by
others, that is, redundancy is minimized. The definitions of relevance and
redundancy proposed in the study [32] are used as a basis for determining the
methodology:

a) Relevance is an indicator of the relevance of a subset of nodal pressures. It
is calculated according to the formula:

1
Rel = (5) # Z I(xy), (10

xX€ES

where x is any function in §; and S=|S|is the number of functions in § (power).
b) Redundancy — the metric of information redundancy in a subset of the
function S, determined by the formula:

Red = (S) siz Z I(xx), 1

where x and x' are the quality of the feature in S.

To apply the above formulas in order to calculate the location of the pressure
sensor, a data set of pressures at the nodes is first created, which provides different
scenarios that take into account leaks of different sizes at all nodes of the network.
A series of nodal pressure samples, one sample for each leakage scenario, were
obtained using hydraulic simulation. If M different leakage scenarios are simulated
in a network containing N nodes, the result of the simulation is a set of
MN-dimensional vectors, x and x’ in (10) and (11), corresponding to N candidate
nodes (it is assumed that all nodes are potential definition nodes). Additionally, an
output vector y (Equation (10)) containing integers is generated to indicate the leak
node corresponding to each simulated scenario.

Finding the optimal subset of sensors § requires testing 2V different
combinations, which would require impractical computation time in multi-node
networks. Therefore, the proposed method [32] is used to rank pressures in nodes
using an iterative forward scheme that requires only (NS) combinations. With the
help of this scheme, you can rank all the pressures in the nodes in order of
importance with the calculated costs (N?).

The next step involves creating a genetic algorithm to rank node pressures
based on their importance in identifying different classes of leaks (nodes with
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leaks). The output list will start with the nodes considered most important for
identifying leak locations based on the information in the dataset. The process of
selecting nodes will begin with an empty subset and, at each step, the node with the
best ranking among those not yet selected will be added. Each iteration will
evaluate the relevance of each available function (nodal pressure) in relation to the
output (leak node) and its redundancy with respect to previously selected variables.

The number of sensors needed for pressure monitoring and leak detection
depends on the available equipment. The goal is to minimize the number of sensors
based on the method’s use of available information, measurement noise, sensor
calibration quality, and resolution. It’s important to consider that increasing the
number of sensors doesn’t always result in better outcomes. The process involves
starting with one sensor (the best-ranked one) and gradually increasing the number
of sensors while evaluating the leak localization performance for each new set of
sensors. This continues until adding a new sensor no longer provides a significant
advantage.

Intelligent models for assessing and forecasting the state of the water network

Mamdani Fuzzy Logic Inference System (MFISM). The model of fuzzy logic
was presented by Zadeh in 1965 [33] in order to create systems close to human
thinking. Works [34, 35] proved that this method is effective in the development of
complex systems with uncertain conditions [37].

Fuzzy Logic Inference (FIS) consists of three components: fuzzification,
inference, and defuzzification. In this system, knowledge is represented as a set of
fuzzy linguistic rules that allow making fuzzy decisions (not 0 or 1, but values from
0 to 1). The human expert can be replaced by a combination of a fuzzy rule-based
system (FRBS) and a block called a defuzzifier [37].

Fuzzification is a process of decomposition of input and output data into one
or more fuzzy sets. The fuzzy set is defined using a membership function that
represents the region of interest, i.e., the main interests in the interval [0, 1]. The
shape of the curves shows the membership function for each data set and can be
expressed in various geometric shapes, such as: trapezoid, triangle, etc. The
membership function represents the degree of belonging of the values in the data
set [36].

The membership function of the set 4 defined on the domain X has the form:
u(A): X [0; 1], the set A is defined through its membership function x4 by the
equation [37]:

= 1,if x is full member of A
u(A)eq€[0,1]if x is partial member of A . (12)
=0, if x is not member of A

The following set for the trapezoidal membership function f is calculated
according to the formula [37]:

0,if x<aorx>d

(a—x) |
mlf <x Sb
f (x,a,b,c,d) =4 Lifb <x <c . (13)
(d—x) .
Jifc <x <d

\(d - )
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Inference rules represent relationships between subsets of inputs and outputs.
Inference rules should create a new output subset. Each rule consists of two parts:
“If” and “Then” [37].

The last stage of processing is the defuzzification procedure. This process
allows you to convert the results obtained as fuzzy sets into numerical values. The
center of gravity, the average of the maxima, and the smallest of the maxima are
widely used as defuzzification methods [38].

Adaptive neuro-fuzzy logical inference system (ANFIS). The adaptive
neuro-fuzzy inference system consists of five different levels. The first level is
responsible for identifying input data and output variables and defining their
descriptors. The second level defines membership functions for each input and
output variable. The third level creates a rule base. Level 4 performs rule
evaluation. The last level (Level 5) performs defuzzification [39].

At the first level, each “i” node of this equation is an adaptive node and a node
membership function (MF) [39]:

0} = uy(x),i=1,23.. (14)
0} = ug;(x),i=1,2,3... (15)

Fuzzy MFs have different shapes, such as Gaussian, triangular, and
trapezoidal.
Level 2. Calculation of power of rules [39]:

0f = Wi = pgi(x) * ppi(x),i=1,23.. (16)

Level 3. Normalization of calculated values [39]:

03 = L ,
OXW;

Level 4. In this level, each node represents a sequential part of a fuzzy rule [39]:

i=1,2734.. (17)

Of = Wy fy=W;*(Py*x+ q*y+ ry)wherei=1,2...n. (18)

At level 5, the sequential part of the rules is defuzzified by summing the
outputs of all rules [39]:

Final Output = 07 = ZWi* fi=Wix (Prxx+ qexy+ 1) (19)
i

SIMULATION RESULTS

Determination of the number of pressure control points and optimum
placement scheme

For this study, the hydraulic zone of the digital double of the water network of the
city of Kyiv (Fig. 2) with a length of approximately 30 km, 1335 connections and
an average input flow of about 65 m3/h was used. A hydraulic simulation model
was developed in EPANET 2.2 [40], with an hourly demand pattern. The nodal
flow was divided into water consumption by the user and leakage. To establish the
parameters of the model, a relationship between leakage and pressure was
constructed.
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Fig. 2. Hydraulic zone of the network of the city of Kyiv (Ukraine)

To construct the pressure data set, leaks of different magnitudes were
simulated at each connection node using the hydraulic modeling program EPANET
2.2 [40]. The process of creating a dataset using the EPANET program, training
and predictive use of classifiers for leak detection are described in [41]. The data
set generated by simulations for this study considered leaks at all connection nodes
with flow rates starting at 50 L/s. To simulate nodal leaks, the demand assigned to
a given node in the EPANET hydraulic model was modified by increasing the
demand by an amount equal to the flow of the simulated leak. The maximum
number of installed sensors, N4, was determined based on the characteristics of
the network, namely the length of the network (one sensor per km).

As a result, two pressure sensitivity matrices were calculated. Pipe roughness
indicators were determined by the Hazen—Williams formula (20) (for the first
matrix):

(aN)
(b+N)’

where a, b, ¢ and d are function parameters.

The second matrix was obtained by generating a burst of fixed size for each
node of the hydraulic model with a single emitter factor of 0.25; hydraulic modeling
was performed in EPANET 2.2 [40].

The optimal placement of pressure sensors for a given quantity was
formulated as an unconstrained multi-objective optimization problem. The decision
variables were the nodes where the pressure sensors could potentially be installed, and
all nodes were considered as possible placement locations. The objective functions
were aimed at maximizing the sensitivity of the nodal pressure both to the variations of
the pipe roughness coefficient (f;) and to the cases of pipe rupture (f5).

The problem was solved once for each number of sensors in each of the five
discrete sets. The algorithm was implemented in the Google Colab environment on
Python, using the Pymoo package [42]. Each discrete location (i.e., node) was
translated as an integer value. A population member is a set of pressure sensor
locations, and each population member variable represents a possible pressure
sensor location. Fig. 3 shows the general diagram of nodes and edges (joints and

pipes).

F(N) = (20)
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Fig. 3. General scheme of the network

The following parameters were used to develop the GA method: random
integer sampling and selection operators, integer mutation with probability
pPm= 0.05, and index parameters n, = 20. The population size (100) was
considered, and all operations were conducted for 500 generations. This solution
resulted in 500 x 100 = 50,000 objective function evaluations. A PC with an
Intel(R) Core(TM) i5-9400 CPU @ 2.90GHz 2.90 GHz and 16GB of memory was
used for this work with a total running time of = 1 hour. The results of the proposed
options for placement of pressure sensors and the final placement scheme are
shown in Figs. 4-6, respectively.

Optimized Water Distribution Network

5340

33933

33923

23913

ssn0

noeo0 nse0 =000 2900 a0 29¢00 o 250000 130200

Fig. 4. Proposed variant 1 of the location of pressure sensors
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Fig. 5. Proposed variant 2 location of pressure sensors
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Fig. 6. The final proposed arrangement of pressure sensors

Figs. 4, 5 show that the calculated locations of the pressure monitoring sensors
do not exhibit geometric regularity, as no geometric or spatial criteria were used to
distribute the sensors in the network. However, despite the geometric irregularity,
testing of the leak locations at these locations showed that pressure measurements
at these nodes provided the most useful information for distinguishing between
different leak scenarios. This can be explained informally: “Two teams of players
cannot achieve similar results using different players”. There can be different
sensor placements that provide high performance in leak detection. The next section
describes the evaluation of the network condition using the results described above.

Assessment and forecasting of the state of the water network of the city of Kyiv

Adaptive neuro-fuzzy network (ANFIS). The main advantage of the adaptive
neural network-based fuzzy logic inference system over other systems is that the
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parameters used for its membership function can be changed. The first 8 rules for
each membership function are shown in Figs. 7, 8. Therefore, we can apply
machine learning (ML) algorithms to train these parameters and build a model that
fits the given data set.

Rule 1, MF for each feature [ -7.092588 ]

Rule 2, MF for each feature [ 4.920106 ]
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0.2

0.0

>

1.0
0.8 4
0.6
0.4
0.2 4
0.0 1
-4 -3 -2 -1 o 1 2 3 4

Rule 3, MF for each feature [ 4.737405 ]

-4 -3 -2 -1 o 1 2 3

&

Rule 4, MF for each feature [ -1.023867 ]
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Fig. 7. Graphic representation of rules no. 1, no. 2, no. 3, and no. 4 for the membership

function

Rule 5, MF for each feature [ -0.524094 ]
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Rule 7, MF for each feature [ 1.916047 ]
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0.8
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0.6
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Rule 6, MF for each feature [ 1.148609 ]

=

S

-4 -3 -2 -1 o 1 2 3
Rule 8, MF for each feature [ 1.367206 ]
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Fig. 8 Graphic representation of rules no. 5, no. 6, no. 7, and no. 8 for the membership

function

The input parameters of ANFIS are: flow rate, pressure, material, diameter,
material resistance, data on the height of the pipeline location, volume of water
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consumption, year of laying the pipe, type of soil. The data with the selected
parameters were first transformed into the number of principal components and
then loaded as input data into ANFIS using a Gaussian membership function of the
input parameters. The performance results of ANFIS neural fuzzy network training
on the test and training data sets are shown in Table 1.

Table 1. Assessment of the accuracy of the ANFIS model

No. Test ‘ Train
Epoch 200
Loss 0.28776 0.170298
1 Accuracy 0.89362 0.94715
’ F1-score 0.87805 0.94222
Precision 0.9 0.91379
Recall 0.85714 0.97248
Epoch 400
Loss 0.31423 0.13415
5 Accuracy 0.914893 0.951219
’ F1-score 0.90476 0.946903
Precision 0.90476 0.91453
Recall 0.90476 0.98165
Epoch 600
Loss 0.34790 0.12462
Accuracy 0.91489 0.95121
3 F1-score 0.90476 0.94737
Precision 0.90476 0.90756
Recall 0.90476 0.99082
Epoch 800
loss 0.37367 0.12151
4 Accuracy 0.91489 0.95528
’ F1-score 0.90476 0.95196
Precision 0.90476 0.90833
Recall 0.90476 1.0
Epoch 1000
Loss 0.40200 0.11145
Accuracy 0.91489 0.95528
> F1-score 0.90476 0.95154
Precision 0.90476 0.91525
Recall 0.90476 0.99082

For model training, 14 general fuzzy rules were set, and binary cross-entropy
was used as the loss function. During training, we used the Adam optimizer with
the parameter o = 0.01, for 1000 epochs. Data points for plotting were taken from
every tenth epoch. A Gaussian membership function was used for each fuzzy rule.
Weights u, o were randomly initialized from a normal distribution. Graphical
results of model performance indicators are shown in Fig. 9.
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Fig. 9. Graphical visualization of ANFIS accuracy assessment

The obtained results indicate that the adaptive neuro-fuzzy model is
successfully trained and works well.

The result of Mamdani’s neuro-fuzzy logic inference method. A key
feature of Mamdani’s algorithm is its ability to adapt to transfer non-quantitative,
“expert” knowledge into a quantitative scale that is useful for mapping a relatively
complex water supply system. This algorithm makes it possible to integrate
components that are not statistically independent into a single index value — this
makes it possible to fully use all available data. An example of the transformation
of data on the location of pipes in the area and data on network failures is shown
in Figs. 10, 11.

Elev

1.00 4

0.75 4

0.50 1

0.25 1

0.00 1

T T

60 80 100 120 140 160

Fig. 10. Transformation of “expert” knowledge about the location of the network into
a quantitative scale
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Fig. 11. Example of transmission of data about failures on the network in a quantitative scale

The Mamdani method consists of three steps:

Stepl: fuzzification — input values are transformed into categorical variables
(for example, “high”, “low”) using membership functions;

Step 2: fuzzy logical inference — a system of rules is defined that defines an
aggregated function based on the categorical values attributed to an individual
component;

Step 3: Defuzzification — the final value of the index is determined based on
the geometry of the aggregated function. The accuracy results of the Mamdani
algorithm are described in Table 2.

Table 2. Evaluation result of Mamdani’s neuro-fuzzy logic inference algorithm

No. Metrics Result
1. Accuracy 0.47773
2. Roc-auc score 0.50365
3. F1-score 0.27528

Hence, Mamdani’s neuro-fuzzy logic inference algorithm is well-suited for
translating non-quantitative, “expert” knowledge into a quantitative scale that is
useful for mapping a relatively complex water supply system. Since large amounts
of data on water distribution networks are non-quantitative or approximate.

The assessment of the state of the water supply network of the city of Kyiv
was carried out under normal and abnormal conditions. Performance evaluation at
nodes is important to determine the performance variation between different parts
of the network, which requires the selection of critical regions (nodes) for further
operation and maintenance. The main factors that lead to the deterioration of the
performance of nodes are their location — if the nodes are located at a high altitude,
they have low pressure and flow. If the nodes are far from the treatment station,
they have a lower concentration of residual chlorine (other cleaning reagents).
Thus, nodes with low productivity cannot provide sufficient quantity and quality of
water for the user at a given time, which minimizes the provision of consumer
needs. In addition, there is a need to classify nodes according to the level of
performance.

CONCLUSIONS

In this study, a hybrid computing intelligent system is proposed for assessing the
stability of the water distribution system and determining the optimal locations
of pressure sensors. The results of the study showed that:

o the application of artificial intelligence methods to the field of water resources
management indicates a great informational potential, which makes it possible to
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control water supply systems in real time, to automate and implement revolutionary
new methods of analysis and forecasting of the state of engineering networks;

o fuzzy forecasting and network condition assessment models have a significant
advantage as they require less information about water supply systems than conventional
probabilistic models. In addition, this information may be vague and inaccurate;

o those nodes that received minimum pressure (less than 20 m) and
maximum pressure (more than 50 m) during all simulation periods have low
productivity and negatively affect the quantity and quality of water provided to the
consumer. There are several options recommended for increasing productivity in
critical areas (nodes). For example, replacing pipes, near nodes, laying parallel
pipes, building new tanks for emergency sources of water and chlorine;

¢ in the failure state, the results of the reliability calculation show that the
network can perform its function, that is, the ability to provide a sufficient amount
of water at the desired pressure and water quality by 64.81 %, which has a sufficient
level of performance. Similarly, the resilience analysis shows that the network has
a 53.21 % probability of quickly meeting demand after an event of insufficient
supply, low pressure or a quality that has a high-performance level. In addition, the
research results show that the network has a 17.5 % susceptibility to failure, which
is in the medium vulnerability range.
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I'BPUIHA OBYUCJIOBAJIBHA IHTEJEKTYAJIbHA CHUCTEMA IS
OHIHIOBAHHSI CTABUIBHOCTI CHUCTEMHU PO3NOALITY BOAU TA
BU3HAUYEHHS ONITUMAJIBHOT'O PO3TAIIYBAHHA JATYUKIB TUCKY /
FO.I1. 3aituenxo, T.B. CtapoBoiit

AHorauis. [logano Meron Bu3Ha4eHHS HAMKPAIIMX MICIb PO3TAIIYBAHHS JATUHKIB
THCKY B MepeKax BOAONOCTAYAaHHS Ta OLIHIOBAHHS CTAHY MEpEXi 3a IOMOMOTrO0
METOJiB IITYYHOrO iHTENeKTy. MeTa — BH3HAUCHHS BY3IIIB MEpeXi, sIKi HagagyTh
HaliBaMBiNly iH(GOpPMAIiO /s BHABICHHS BHTOKIB BOAM Ta OI[IHIOBAHHS
3arajgbHOTO CTaHy Mepexki. Bubip micip po3TamryBaHHS JaTUMKIB IPYHTYBaBCS Ha
Habopax MaHWX TPO 3MIHH THCKY, CIPHYMHEHI PI3HAMH CICHApisIMH BHTOKIB,
sreaepoBannMu MoaemoBaHHIM EPANET. [lns pamkyBaHHS By3/TiB-KaHIUIATIB Ta
BH3HAYCHHS] ONTUMAIBHOI KUTBKOCTI MICI[b PO3TAIIyBaHHS IATYMKIB BUKOPHCTAHO
TeHeTHYHi anropuT™Muy. HacTymHuMit KpoK — OLiHIOBAaHHS CTaHy MEpEXi 3a JIOMOMOT0l0
HeiiponediTkoi Mepexi ANFIS Ta HeifpoHediTKOro anropuTMy JIOTiYHOIO BUCHOBKY
Mamdani. Anroputmu peanizoBaHo B cepenosurni Google Colab ta mporecroBano Ha
IinsHOI Mepesxi BogonoctadanHs B Kuesi, Ykpaina.

KurouoBi ciioBa: posmimeHas aatdukiB, WDN, mTydHuid 1HTENEKT, TiApaBllidHe
mopemoBanHasg, ANFIS, Mamdani, reneruuni anropurmu, EPANET 2.2.
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