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Abstract

Sewerage systems are among the most fundamental and indispensable components of
urban infrastructure. However, inadequate management can result in malfunctions and
subsequent rehabilitation processes, leading to various negative consequences. Identi-
fying areas at high risk of failure and conducting system-based inspections can signifi-
cantly improve the performance of sewer networks. This study identified and categorized
33 criteria that could cause sewer system failures: structural, operational, hydraulic and
environmental defects. A Bayesian network (BN) model was developed to determine
dependencies between the criteria, quantify uncertainty, investigate new information about
the structural condition of assets and calculate the effects and sensitivities of the criteria
on the probability of failure. A probability-based risk assessment model was then created
using a fuzzy inference system (FIS) to predict risk levels in sewerage systems under differ-
ent combinations of physical and operational conditions and hydraulic and environmental
effects. A case study was performed on a sewer network in Malatya, Turkey, determining
its failure probability to be 76.6%, placing it in the high-risk category. When the probability
of pipe failure was set to 100% in the Bayesian network model to evaluate the relative
influence of different criteria, the most influential factors were identified as flow velocity
(74.8%), clogging (71.4%), and failure rate (71.1%). Thanks to the flexible structure of BNs,
the proposed model is expected to be useful for performing risk analyses in systems involv-
ing uncertainty or missing data. It can also be used to prioritize rehabilitation, inspection
and maintenance programs, improve infrastructure service quality and ensure system
reliability in urban sewerage systems.

Keywords: wastewater and sewer systems; pipe condition assessment; failure probability
and prediction; Bayesian network; risk analysis; fuzzy logic

1. Introduction
Urban wastewater collection systems play a critical role in protecting public health,

limiting environmental pollution, and supporting sustainable urbanization. However,
rapid population growth, climate change, the aging of existing infrastructure, and inade-
quate maintenance and repair processes significantly increase the likelihood of failure in
these systems [1]. Pipe failures in wastewater collection systems generally occur due to a
combination of structural, hydraulic, environmental, and external factors [2]. Structural
and hydraulically based failures may remain unnoticed for long periods of time and may
eventually manifest as service interruptions, collapses, or backflow events [3]. Reactive
interventions after failures increase operational costs and threaten the sustainability of
infrastructure systems [4]. Therefore, identifying the factors that influence the performance
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and deterioration of wastewater collection pipes is essential for effective infrastructure
management. Previous studies have reported that physical characteristics such as pipe
age, diameter, slope, and material type play a critical role in pipe deterioration and failure
processes [5,6]. In addition to these structural factors, environmental conditions such as
temperature, humidity, and precipitation may influence pipe performance by accelerating
material degradation and corrosion processes [7]. Surface movements and seismic ground
activity may also contribute to structural damage and deformation in sewer networks [8].
Closed-circuit television (CCTV) inspection systems are widely used for detecting and
monitoring defects in wastewater collection systems. CCTV inspections provide stan-
dardized ratings for directly identifying defects such as cracks, deformation, connection
failures, corrosion, root intrusion, blockages, and leaks [9,10]. Therefore, CCTV inspec-
tion is widely considered an effective tool for assessing the structural condition of sewer
pipes. Various infrastructure condition assessment methodologies have been applied in
the literature to evaluate sewer network performance. However, frequent inspection of the
entire network is often neither economical nor practical due to the high cost of inspection
technologies and the large size of pipe inventories [11]. Consequently, identifying pipes that
are more likely to fail can significantly improve the efficiency of maintenance, repair, and
rehabilitation planning.

Mehle et al. [12] reported that probability-based models combined with structural
condition assessment data can provide effective predictions of pipe failures. Similarly,
Anbari et al. [13] developed a model integrating Bayesian networks (BNs) and fuzzy logic
to evaluate failure risks in sewer systems by considering structural and hydraulic criteria.
Guzmán-Fierro et al. [10] presented a Bayesian model-based methodology that uses pipe
age and pipe diameter to predict the structural condition of sewer systems and demon-
strated that Bayesian models can provide reliable predictions even with limited datasets.
The present study expands the analysis to 33 structural, operational, hydraulic, and envi-
ronmental criteria, allowing a more comprehensive assessment of sewer pipe failure risk.
These criteria were selected based on an extensive literature review and institutional failure
records and include factors such as pipe blockage, backflow, and environmental interac-
tions. By incorporating a broader range of influencing factors, the proposed framework
aims to provide a more comprehensive representation of the mechanisms affecting sewer
pipe deterioration. In addition, the model integrates a knowledge-based Bayesian network
structure with Bayesian parameter learning to establish logical and interpretable causal
relationships between failure factors.

Ma et al. [14] analyzed sewer pipe failures using Bayesian networks and developed a
data-driven model to evaluate the relationships among failure factors. The study examined
14 criteria and established causal relationships between these variables. In some cases,
as reported by Liao et al. and Kitson et al. [15,16], the presence of missing observations,
measurement errors, or the limited representation of rare events in datasets may affect the
reliability of structural learning processes in Bayesian network applications. To address
such challenges, hybrid approaches that integrate machine learning techniques with expert
knowledge have been suggested to improve the identification of causal relationships in
complex infrastructure systems [17,18]. Risk assessment in sewer infrastructure systems
often involves considerable uncertainty due to limited failure records and incomplete
information regarding system components. One widely used approach for handling such
uncertainty is the probability-based modeling framework derived from Zadeh’s fuzzy set
theory [19]. For example, Tesfamariam et al. [20] calculated pipe failure probabilities using
Bayesian networks and then developed a decision-support mechanism for maintenance
prioritization using a fuzzy inference system (FIS). Similarly, Yazdi et al. [21] demonstrated
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that hybrid BN–FIS models provide both uncertainty management and decision-support
capabilities, particularly in complex infrastructure systems.

A review of the literature on pipe failure prediction indicates that, due to limited data
availability in sewerage systems, many data-learning-based models consider a relatively
limited number of criteria. In addition, the complex causal relationships among the factors
influencing sewer pipe failures and the uncertainties associated with incomplete datasets
may affect the accuracy of failure prediction models. Furthermore, determining the relative
importance of input criteria and identifying the most influential rules in fuzzy inference
systems remain important challenges for infrastructure risk assessment.

In many urban areas of Türkiye, wastewater and stormwater are conveyed through
combined sewer systems in which both flows share the same network. In such systems,
structural deterioration, blockages, or hydraulic capacity reductions in wastewater pipes
can directly affect stormwater conveyance, increase the frequency of surcharge and overflow
events, and contribute to contamination of receiving water bodies. Pipe failures in combined
systems may alter water composition and local hydrodynamics during rainfall events,
linking sewer network performance directly to urban water management and stormwater
control. Considering these challenges, risk-based assessment approaches are essential
for improving maintenance planning, prioritizing interventions, and ensuring the long-
term sustainability of sewer infrastructure systems. In this context, this study aims to
develop a probability-based risk assessment model for the sustainable and comprehensive
management of urban wastewater collection systems through the integration of Bayesian
networks (BNs) and a fuzzy inference system (FIS).

The proposed model analyzes the dependencies and uncertainties associated with
33 structural, operational, hydraulic, and environmental criteria that may influence failures
in sewerage systems and evaluates their effects on failure risk and sensitivity levels. A
knowledge-based Bayesian network structure was employed to estimate failure probabili-
ties by combining available data with expert knowledge. The fuzzy inference system was
used to reduce uncertainty in the risk assessment process and to classify risk levels for
sewer pipes. In addition, the relative contributions of structural, operational, hydraulic, and
environmental factors to the overall risk index were evaluated through sensitivity analysis.
The proposed framework enables a reliable assessment of current sewer system conditions
and supports more effective infrastructure management. It can assist decision-makers in
prioritizing high-risk pipes, optimizing inspection frequencies, planning maintenance and
rehabilitation strategies, preventing potential failures, extending infrastructure service life,
and supporting budget and investment planning.

2. Methodology
2.1. Study Area and Data

Considering the factors affecting failures in urban wastewater collection systems, a
data-driven BN model was developed and the methodology presented in Figure 1 was ap-
plied for risk analysis. This methodology consists of the following steps: data preparation,
model development, sensitivity analysis, and risk analysis.
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In the study, Malatya province, located in eastern Turkey, was selected as the applica-
tion area. In the application area, data obtained from the wastewater collection network
in a pilot region was used. When examining the climate characteristics of Malatya, it is
observed that a continental climate prevails, with an annual average temperature of around
13–14 ◦C and an average rainfall amount of approximately 350–450 mm [22]. In Malatya,
where the altitude ranges from 950 to 1100 m, the frost depth is between 0.99 m and 2.04 m.
In Malatya, classified as a 2nd-degree earthquake zone, the East Anatolian Fault Zone is
located 20–50 km from the center, the Sürgü and Malatya Faults are 20–40 km away, and
the Malatya–Ovacık Fault Zone is 20–50 km away [23]. The population of the Özalper
neighborhood (Türkiye) is 18,767 people, the number of independent units is 7642, the
number of buildings is 2053, the shape length is 7765.73 m, the shape area 2,222,069.84 m2,
and the number of subscribers is 6710. Mainly ZB (moderately firm ground) and ZC
(weaker ground) class soils are common [24]. Figure 2 shows the location of the study area
and the sewer network.
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Figure 1. Flow chart for the BN model in wastewater collection systems.

The data for the pilot network was obtained by examining the institution’s recorded
fault logs, fault and maintenance reports from different units, CCTV images, and field
projects. Rainfall, temperature, and humidity data were obtained from the General Direc-
torate of Meteorology.

Thirty-three criteria that could affect failures in urban wastewater collection sys-
tems were determined by examining literature reviews and failure records. These criteria
are classified into categories of physical, operational, hydraulic, and environmental de-
fects. The pilot sewage network is a minimum of 5, a maximum of 50, and an average of
27.18 years old, and is mostly made of concrete pipes. The pipe length data between
chimneys obtained from CCTV footage is a minimum of 3.12 m, a maximum of 103.61 m,
and an average of 37.67 m. The minimum pipe diameter is 150 mm and the maximum
pipe diameter is 1600 mm. The average pipe depth is 2.22 and the pipe slope is 0.64. In the
study area, manhole spacing varies between 40 and 60 m depending on pipe diameter, with
an average spacing of approximately 50 m. CCTV inspections were conducted segment-
by-segment between consecutive manholes, and each pipe segment was recorded and
evaluated individually. The dataset was created from CCTV inspections covering the entire
pilot sewer network. For each pipe segment, 33 parameters potentially affecting failure
were identified based on literature review and institutional records. These parameters
include both quantitative variables (e.g., pipe age, diameter, length, depth, slope, climatic
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data) and qualitative variables (e.g., defect type, defect severity). Minimum, maximum,
and average values reported represent the statistical distribution of all inspected segments,
calculated directly from the raw dataset. Because of the large volume of segment-based
data and the mix of numerical and categorical variables, the full raw dataset is not pre-
sented; instead, statistical summaries and derived indicators are provided, representing
the complete set of inspected sewer segments. Figure 3 illustrates examples of different
types of faults detected in the pilot area. According to CCTV footage in the area, the flow
volume has decreased, there are incorrect building connections, longitudinal cracks in the
pipes, the aging inner surface of the pipes is retaining material, the flow rate is low, and
construction waste and oil are mixing into the pipe. Additionally, structural defects such as
pipe collapse due to environmental impacts like traffic, concrete buildup caused by solid
waste adhering to the inner surface of pipes that deform over time, and tree and plant roots
that cause blockages have also been observed.

 

Figure 2. Field of study.
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Figure 3. Sample CCTV images for building defects such as incorrect connections, cracks, blockages,
collapses, concrete buildup, and plant density issues.

2.2. BNs Model Development

Introduced by [25], BNs are directed acyclic graphs [26] consisting of main and child
nodes, the directed relationships and dependencies between these nodes, and conditional
probability tables for each node. Figure 4 shows an example of a BN with 5 criteria.

 

X1 
P(X1) P(X2) 

P(X3│X1, X2) 

P(X5│X3) 

X2 

X3 

X5 

X4 P(X4│X2) 

Figure 4. Example of a BN.

Criteria X1 and X2 are the parents of X3, and X3 is the parent of X5. X2 is also
the parent of X4. The conditional probability distributions of the criteria are P(X1),
P(X2), P(X3 | X1, X2), P(X4 | X2), and P(X5 | X3). In Figure 4, the directed connections
between nodes, the corresponding causalities, and each node’s conditional probability are
calculated using the following basic equation.

P(X5/X3) =
P(X3/X5)P(X5)

P(X3)
(1)

P(X5) and P(X3) are the probabilities of events X5 and X3 respectively. P(X3/X5)
represents the probability of X5 occurring when X3 has already happened.
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Bayes’ Theorem states that the probability of an event occurring depends on the
probability of another event occurring if the first event occurs. The joint probabilities are
calculated by multiplying the conditional probability distributions of each criterion.

P(X1, . . . , XN) =
N

∏
i=1

P(Xi|Pa(Xi)) (2)

N indicates the number of criteria. There are no restrictions on the number of main or
sub-nodes in BNs. There are two main approaches to constructing the structure of BNs. In
the first approach, experts determine the causal relationships between the criteria. Once
the dependency relationships between the criteria and the directions of these relationships
have been defined, the conditional probabilities of the criteria in the network are learnt
using an existing algorithm. The second approach involves learning the network structure
directly from the dataset using an existing algorithm [27]. In a BN defined by a set of
criteria (nodes) and a directed acyclic graph, the probability distribution of each node is
constructed using conditional probability tables. These conditional probabilities define the
likelihood of connections between nodes based on previously obtained information [28].
Figure 5 provides an example showing the conditional probabilities of a BN.

 

Figure 5. A BN model.

Figure 5 graphically models two criteria that cause blockages in sewerage systems.
Tables presenting the conditional probabilities of the node states with respect to the parent
node are provided next to each node. For each criterion, two states are defined: High and
Low. The probability distribution of the states of any criterion in the graph is calculated
through the fundamental assumptions of conditional independence encoded in the graph.
For example, a low slope in sewer pipes leads to a decrease in flow velocity, causing waste to
accumulate at the pipe invert and resulting in blockages. Blockages or partial constrictions
within the pipe may also be caused by increased friction in worn or dirty pipes, or when
the pipe diameter is larger than necessary. In the example shown in Figure 5, the arrow
directed from pipe slope to flow velocity indicates that slope affects flow velocity. At the
same time, both pipe slope and flow velocity affect blockage. These causal relationships
result in the formation of the conditional probability table for the blockage node. It can be
seen from this table that flow velocity and slope are inversely proportional to blockage.

https://doi.org/10.3390/w18060737

https://doi.org/10.3390/w18060737


Water 2026, 18, 737 8 of 23

2.3. Risk Analysis with Fuzzy Logic

Fuzzy logic, developed by Zadeh, uses fuzzy set theory to convert qualitative or
uncertain information into quantitative and more realistic values [29]. Fuzzy set theory can
be applied when evaluating indicators that do not have a traditional model for estimation
and measurement or where the model is too complex [30]. A Fuzzy Logic System (FLS)
consists of four functional blocks: the fuzzifier, the fuzzy inference engine, the knowledge
base, and the defuzzifier (Figure 6).
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Figure 6. Structure of FLS.

In the fuzzification step, the input data is transformed into a fuzzy set using a member-
ship function. The rule-based system comprises a set of ‘if–then’ rules. The inference engine
executes these rules according to the membership degrees of the input criteria. Inference
methods such as Mamdani or Sugeno are generally used at this stage. In the defuzzification
step, the fuzzy inferences are converted into crisp numerical values. Common defuzzifica-
tion methods include weighted averaging (centroid), maximum membership and mean
of maxima. The following figure (Figure 7) presents an example of calculating the pipe
blockage risk in sewer pipes based on pipe slope and flow velocity using fuzzy logic.

According to the membership functions of the input criteria and the defined rule
base, the blockage risk was calculated as 80% for the sample input values of pipe
slope = 1.5% and flow velocity = 0.7 m/s, which falls within the high-risk threshold.
Fuzzy logic-based decision-support systems can be used to prioritize emergency in-
terventions and plan maintenance and infrastructure rehabilitation systems, among
other applications.
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Figure 7. Example of examining the risk of blockage based on pipe slope and flow velocity using
fuzzy logic.

3. Results
3.1. BN Building

Nodes were constructed for the 33 criteria classified under physical, operational, envi-
ronmental, and hydraulic categories, and the directions of the arrows representing causality
or conditional dependencies were determined. At this stage, a knowledge-based structure
recommended in the literature was adopted in order to examine the failure probability of
urban sewerage systems in a detailed and comprehensive manner using 33 criteria. This
structure accounted for the direct and indirect interactions among the criteria, ensured
strong causal reasoning, and prevented confusion and misleading relationships [31,32].
This structure is indicative of a hybrid approach, incorporating knowledge-based and
data-driven methodologies. The knowledge-based approach contributes to the estimation
of more reliable probabilities by reducing errors that may arise from incorrect or incom-
plete data, and is not solely based on expert judgments [16]. Subsequent to determining
the directional relationships among the criteria based on the extant literature and expert
opinions, the values required for the conditional probability tables were ascertained from
the dataset. In BNs, defining the direction of arcs is critical to correctly represent causal
dependencies among variables. For this purpose, structured expert consultation was con-
ducted to evaluate pairwise interactions among the 33 criteria. Experts were asked whether
and how one parameter influences another (e.g., “Does temperature affect humidity?”,
“Does rainfall affect humidity?”). For instance, rainfall directly increases atmospheric water
content, while maximum humidity generally occurs when rainfall coincides with suitable
temperature conditions. Therefore, both rainfall and temperature were defined as parent
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nodes influencing humidity. Similar evaluations were performed for all relevant parameter
interactions, and arc directions were determined accordingly to ensure physically mean-
ingful and causally consistent relationships. Parameter learning was conducted using
the Bayesian Parameter Estimation method (MAP with Dirichlet prior) implemented in
Netica 7.01. The expert-defined network structure was kept fixed during learning, and only
conditional probability tables (CPTs) were updated based on the observed dataset. Discrete
state definitions for each node were specified prior to parameter estimation. The equivalent
sample size parameter was maintained at the default setting in Netica 7.01. to balance prior
assumptions with observed data. This configuration allows probability distributions to
be estimated by combining prior knowledge with empirical evidence, thereby improving
robustness in the presence of limited or uncertain data. This methodology facilitates the
determination of probability distributions not solely through observational data, but also by
incorporating prior information. Consequently, it provides more reliable probability distri-
butions for complex systems involving missing data or uncertainty [33,34]. Table 1 presents
the criteria that directly influence each criterion and those that influence it (highlighted
in bold).

Table 1. Relationships between criteria.

Criterion Related Criteria Criterion Related Criteria

Pipe Age

Repair Rate, Failure Rate
Flow Velocity,
Infiltration/Exfiltration, Blockage,
Root Interference

Ground Water
Level

Frost Depth, Rainfall,
Infiltration/Exfiltration

Pipe Diameter
Backflow, Flow Velocity,
Blockage, Hydraulic,
Capacity, Rainfall

Frost Depth Blockage, Pipe Depth, Ground Water
Level, Temperature

Pipe Length Failure Rate, Repair Rate Rainfall

Sewer Systems Type, Pipe Diameter,
Hydraulic Capacity, Soil Corrosion,
Erosion, Humidity, Ground
Water Level

Pipe Depth Frost Depth, Ground Movement Temperature Pipe Material, Frost Depth, Humidity

Pipe Slope Backflow, Flow Velocity, Blockage,
Hydraulic Capacity Humidity

Root Interference,
Soil Corrosion, Erosion
Rainfall, Temperature

Pipe Material

Soil Corrosion,
Infiltration/Exfiltration,
Hydraulic Capacity, Temperature,
Soil Corrosion

Population Traffic Intensity, Land Use, Road Type,
Hydraulic Capacity

Pipe Location Ground Movement Land Use Type Population, Traffic Intensity, Road Type

Repair Rate
Failure Rate, Pipe Age
Pipe Length, Faulty Connection
Rate, Sewer Systems Type

Traffic Intensity
Ground Movement, Surface Type,
Land Use
Population

Failure Rate Repair Rate, Pipe Age, Pipe
Length, Ground Movement Road Type Surface Type, Land Use,

Population

Structural Defect
Rate

Repair Rate, Root Interference,
Flow Velocity,
Faulty Connection Rate

Surface Type Soil Type, Erosion, Ground Movement,
Road Type, Traffic Intensity
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Table 1. Cont.

Criterion Related Criteria Criterion Related Criteria

Sewer Systems
Type

Hydraulic Capacity,
Backflow, Rainfall Soil Type Surface Type, Root Interference, Pipe

Material, Soil Corrosion

Faulty
Connection Rate

Repair Rate, Structural Defect
Rate, Blockage Soil Corrosion Erosion, Ground Movement, Soil Type,

Humidity, Pipe Material, Rainfall

Blockage

Backflow, Repair Rate, Flow
Velocity, Hydraulic Capacity, Faulty
Connection Rate, Pipe Slope, Pipe
Age, Pipe Diameter, Root
Interference, Frost Depth

Erosion Surface Type, Humidity, Rainfall,
Soil Corrosion

Hydraulic
Capacity

Blockage, Flow Velocity, Sewer
System Type, Pipe Slope, Rainfall,
Pipe Diameter, Population

Distance To
Fault Line Ground Movement

Backflow
Pipe Slope, Pipe Diameter
Blockage, Sewer Systems Type,
Infiltration/Exfiltration

Ground
Movement

Surface Type, Failure Rate, Pipe Depth,
Pipe Location, Traffic Intensity,
Distance to Fault Line

Infiltration/
Exfiltration

Backflow, Ground Water Level,
Pipe Material, Pipe Age

Root
Interference

Blockage, Soil Type, Humidity
Pipe Age, Structural Defect Rate

Flow Velocity
Blockage, Hydraulic Capacity,
Structural Defect Rate, Pipe
Diameter, Pipe Slope, Pipe Age

Following the delineation of the 33 criteria impacting the sewerage network as nodes,
the directional relationships among the criteria were represented within the network
structure, as outlined in Table 1 and illustrated in Figure 8.

 

Figure 8. The structure of the BN model.

The conditional probability distributions of the BNs obtained through data learning
using Bayesian Parameter Estimation (MAP with Dirichlet Prior) in the Netica software v
(Version 7.01) are presented in Figure 9.
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Figure 9. Probability distribution of the Bayesian network model showing High (H) and
Low (L) states.

When the probability distributions in Figure 9 are examined, the probability that the
failure likelihood exceeds 50% is found to be 76.6%, while the probability of it being less
than 50% is 23.4%. According to the risk classification, this indicates a high probability of
failure. When a fault occurs, the states of the criteria are as shown in Figure 10.

 

Figure 10. Most likely failure scenario identified by the BN model (H/L states indicated).

Figure 10 shows that pipe age has a significant effect on the probability of failure in
the structural category. Pipes aged 50 years and older have the highest failure rate because
they have reached the end of their specified service life. In the operational category, it was
observed that high values of the failure rate and repair, renewal, and replacement rate
criteria have a significant effect on the probability of failure. Furthermore, it was shown
that the combined sewer system, faulty connections, and structural defects criteria have
significant effects on the occurrence of failure. In the hydraulic effects category, the criteria
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that most strongly affect failure are clogging, flow velocity, and backflow, respectively. In
the environmental effects category, soil surface type, high traffic density, and significant
ground movements were identified as major contributors to increased failure probability.
In scenarios where the probability of failure is minimal, the criterion probabilities are as
shown in Figure 11.

 
Figure 11. Probability distributions of the BN model under low failure probability conditions
(H/L states).

In contrast, Figure 11 presents the criterion states corresponding to the minimum fail-
ure probability scenario. The results indicate that, within the structural category, decreasing
the proportion of pipes older than 50 years and those with diameters smaller than 200 mm
leads to a substantial reduction in failure probability, while other structural parameters
remain relatively stable. Within the operational category, the failure rate and the repair,
renewal, and replacement rate are the dominant factors influencing failure reduction. Simi-
larly, blockage, flow velocity, and backflow in the hydraulic category, and traffic density
and ground movements in the environmental category, were determined to be the most
influential parameters in minimizing failure probability. In the context of category-based
effects on failure probability, it has been determined that when the conditions of all criteria
affecting failure within each category are set to 100, the failure probabilities are found
to be as follows: H: 94.5 and L: 5.5 for the structural category, H: 89.5 and L: 10.5 for
the operational category, H: 97.3 and L: 2.7 for the hydraulic category, and H: 82.0 and
L: 18.0 for the environmental category. The findings of this study suggest that the compo-
nents pertaining to hydraulic and structural categories exert a significant influence on the
probability of failure.

3.2. BN Sensitivity Analysis

Following the calculation of the criterion probabilities in the Bayesian model, a sen-
sitivity index (SI) analysis was conducted in order to ascertain the effect of the parent
nodes on the child nodes. The SI is employed to denote the variation in a child node with
respect to a particular variation in the parent node. In the sensitivity analysis, the state of
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occurrence of each node is increased to the same level, and its effect on failure is calculated
using Equation (3) [35]:

SI =
∆Ci
∆Pi

(3)

where ∆Pi: main node variation, ∆Ci: lower node variation. A high SI value for a criterion
indicates a significant effect on the probability of failure. The normalized SI values for the
physical, operational, hydraulic, and environmental factors are given in Table 2.

Table 2. SI values of factors affecting the risk of failure.

Physical Operational Hydraulic Environmental

Pipe age 0.42 Repair rate 0.28 Blockage 0.64 Rainfall 0.2 Surface Type 0.1

Pipe diameter 0.38 Failure rate 0.46 Hydraulic
capacity 0.52 Temperature 0.15 Soil type 0.22

Pipe length 0.01 Structural
defect rate 0.41 Backflow 0.38 Humidity 0.28 Soil corrosion 0.39

Pipe depth 0.05 Sewer systems
type 0.12 Infiltration/

exfiltration 0.12 Population 0.40 Erosion 0.34

Pipe slope 0.26 Faulty
connection rate 0.08 Flow velocity 0.52 Land use type 0.28 Distance to

fault line 0.33

Pipe material 0.25 Ground water
level 0.02 Traffic

intensity 0.33 Ground
movement 0.44

Pipe location 0.1 Frost depth 0.01 Road type 0.42 Root
interference 0.39

Although the SI analysis provides a local assessment of parent–child relationships
within the Bayesian structure, additional robustness evaluations were performed to cap-
ture the overall contribution of input categories to the variability of the failure proba-
bility. Specifically, Permutation Feature Importance (PFI), Mean Squared Error (MSE)
increase, and Correlation Loss (1 − corr2) analyses were conducted as part of the model
validation process.

The results consistently indicate that hydraulic and operational factors dominate
the variability of the model output. In particular, blockage (SI = 0.64) and flow velocity
(SI = 0.52) were identified as the most influential hydraulic variables, while failure rate
(SI = 0.46) was the dominant operational factor. The agreement between local SI findings
and permutation-based importance measures confirms that the ranking of critical factors is
robust and not merely a consequence of single-variable perturbation.

3.3. Modeling of Fuzzy Risk Analysis

The FIS was preferred because sewer system failure assessment inherently involves
uncertainty, subjective evaluations, nonlinear interactions among variables, and mixed
data structures. Classical deterministic or regression-based models require precise nu-
merical inputs and fixed threshold definitions, which may not adequately reflect gradual
deterioration processes observed in wastewater networks. In contrast, the fuzzy approach
allows smooth transitions between risk levels, integrates both quantitative and qualitative
parameters within a unified framework, and captures nonlinear relationships through
rule-based inference. Furthermore, the model enables adaptive risk re-evaluation when
updated inspection or operational data are incorporated, making it suitable for dynamic
infrastructure management environments. The risk analysis modeling was performed us-
ing the Fuzzy Logic Toolbox of the MATLAB R2019b software package. Within the model,
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the following were defined as input criteria: physical status, operational conditions, and
hydraulic and environmental impact. Risk of failure was defined as the output criterion.
For all criteria, the AND method was set to min, the OR method to max, the implication
method to min, the aggregation method to max, and the defuzzification method to centroid.
The membership function type for all criteria was designated as trimf, with a range of 0–10.
In Figure 12, the risk analysis model and the corresponding membership function details
are presented.

 
Figure 12. Design of the risk analysis model with membership function types and corresponding values.

Figure 13a,b were utilized in defining the membership functions of the criteria and the
risk classes. The input criteria consist of the classes Very Low (VL), Low (L), Moderate (M),
High (H), and Very High (VH), while the output criteria consist of the classes Extremely
Low (EL), Very Low (VL), Moderately Low (ML), Moderate (M), Moderately High (MH),
Very High (VH), and Extremely High (EH).

(a) 
EL VL ML M MH VH EH 

              

0.28 1.67 3.33 5 6.67 8.33 9.72 

(b) 
EL VL ML M MH VH EH 

       

0 0.83 2.5 4.17 5.83 7.5 9.17 10 

Figure 13. (a) Equivalent net value of fuzzy numbers. (b) Fuzzy rule inference results qualitative scale.
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After establishing the fuzzy risk model, fuzzy rules were defined to calculate the risk
value based on different combinations of the criteria. At this stage, the values representing
the effects of the input criteria on failure, which were calculated in the BNs, were used as
the weights of the input criteria. Accordingly, the weights of physical status, operational
conditions, hydraulic impacts, and environmental impacts were determined as 0.2565,
0.2476, 0.2615, and 0.2343, respectively. Importantly, not all individual nodes in the BN
are binary. Some parameters (e.g., pipe slope, hydraulic capacity, pipe material) consist of
multiple discrete states. These multi-state variables were processed within the BN structure
to compute their influence on the overall failure probability. However, for category-level
weighting, the aggregated impact of each main category on the “Probability of Failure”
node was expressed in two states (“High” and “Low”). Therefore, the expected value
formulation (W = 0.75 × H + 0.25 × L) was applied only to the category-level outputs
rather than to individual multi-state parameters. This weighting approach follows the
expected value formulation commonly used in BN-based risk assessment studies, where
higher probability states are assigned greater influence in the aggregation process [35].
In this context, the coefficients 0.75 and 0.25 were adopted to proportionally reflect the
stronger contribution of the “High” failure state to the overall risk level. For example,
when all criteria within the operational conditions category were set to their maximum
occurrence level (100%), the resulting failure probability was calculated as H = 89.5% and
L = 10.5%. Accordingly, the composite category score was computed as:

W_operational = (0.75 × 89.5 + 0.25 × 10.5)/100 = 0.2476

The same procedure was applied to the remaining categories, and the obtained values
were normalized to ensure that the total sum of weights equals one before integration into
the FIS. In addition to the category weights, the risk index (RI) corresponding to each fuzzy
rule was calculated using a weighted average formulation (Equation (4)). For each rule,
the crisp representative values of the input membership levels were multiplied by their
corresponding category weights obtained from the BN analysis. The equivalent value (EV)
is calculated using Equation (4) [36].

EV =
∑n

i=1 WiFi

∑n
i=1 Wi

(4)

Figure 13a,b, along with Equation (4), were used to create 625 if–then rules. The
example rule base and risk classes are presented in Table 3.

Table 3. Example rule base and risk classes.

Rule No Physical
Status

Operational
Conditions

Hydraulic
Impact

Environmental
Impact Risk Index Qualitative

Equivalent

1 0.83 0.83 0.83 0.83 0.83 EL
2 0.83 0.83 0.83 2.5 1.22 VL
3 0.83 0.83 0.83 5 1.81 VL
4 0.83 0.83 0.83 7.5 2.39 VL
5 0.83 0.83 0.83 9.17 2.78 ML

621 9.17 9.17 9.17 0.83 7.22 MH
622 9.17 9.17 9.17 2.5 7.61 VH
623 9.17 9.17 9.17 5 8.19 VH
624 9.17 9.17 9.17 7.5 8.78 VH
625 9.17 9.17 9.17 9.17 9.17 VH
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For example, for Rule 1 in Table 3, where all input categories correspond to 0.83 (Very
Low level), the risk index was calculated as:

RI =
(0.83 × 0.2565 + 0.83 × 0.2476 + 0.83 × 0.2615 + 0.83 × 0.2343)

(0.2565 + 0.2476 + 0.2615 + 0.2343)
= 0.83

According to the qualitative scale presented in Figure 13, this value corresponds to
the “Extremely Low” (EL) risk class. The same procedure was systematically applied
to all 625 rule combinations to determine their corresponding risk index values and
qualitative classifications.

Figure 14 presents a scenario example for the inference engine system that calculates
risk for sample input values of 7, 5, 7, and 2.5.

 

Figure 14. Inference engine outputs for sample fuzzy rules.

In the example presented in Figure 14, the system has been moderately affected. In
particular, high-level hydraulic effects have triggered numerous rules in the model and
played a dominant role in determining the output. On the other hand, environmental
effects remained at a lower level and partially influenced the output. The findings reveal
that the model’s behavior became more sensitive in the overlapping regions of membership
functions and that the risk value was shaped by the contributions of multiple rules.

3.4. FIS Local Sensitivity Analysis

The output sensitivity of the FIS developed in this study was evaluated using lo-
cal sensitivity analysis. In this method, the effects of small-scale changes (perturba-
tions) applied to each input criterion on the output criterion are quantitatively exam-
ined [37,38]. As illustrated in Figure 14, the inference engine for sample rules was desig-
nated as the reference scenario for the system. Accordingly, the values of physical status
= seven, operational conditions = five, hydraulic impacts = seven, and environmental
impacts = 2.5 were assigned as the initial conditions of the FIS model, and the corre-
sponding calculated risk of failure was used as the benchmark for comparison in the
analysis. For each of the input criteria, a total of five distinct perturbation strategies were
implemented: relative perturbations of ±1%, ±5%, and ±10%, and absolute perturbations
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of ±1 and ±2 units. The perturbations were implemented using the one-at-a-time (OAT)
approach, meaning that while one input was varied, all other inputs were kept constant.
For each perturbation, the model was re-run, and the resulting outputs were compared
with the reference scenario. Here, the output is defined as follows:

∆output = outputperturbed − outputbaseline (5)

The SI, which shows the relative importance of input criteria on the output, is calcu-
lated as follows:

SI =
∆output

∆input
(6)

For each input criterion, the indicators of the mean absolute percentage effect of the
perturbations on the output, the maximum absolute percentage effect, the mean absolute
sensitivity coefficient, and the number of perturbations applied to each input were calcu-
lated. The local sensitivity analysis conducted revealed that operational conditions are the
primary determinant of output variation. The mean absolute output change resulting from
these inputs was 8.95%, with the maximum effects reaching approximately 24.26%. The
mean sensitivity index value of 0.862 consistently corroborates these findings; in contrast,
physical status and hydraulic impacts remained around an average of 3.26%, appearing as
secondary determinants. The findings of the study indicate that control and monitoring
activities should primarily focus on operational conditions, and that narrower and safer
tolerance ranges should be defined in risk management processes.

3.5. Relative Importance Analysis of Input Factors and Model Validation
3.5.1. Permutation Feature Importance

Since the combinations covering all risk classes for each input factor are equally
represented in the rule base, the effects of the factors on the risk index appear to be equal.
In order to determine the relative impacts of the input factors on the risk within the FIS
and to analyze which rules most strongly affect the system, an additional evaluation
was performed. For this purpose, the widely used global sensitivity analysis methods of
Permutation Feature Importance based on Correlation Loss and Error Increase were applied as
reported in the literature.

The method is based on generating a large number of random input samples from the
system (Monte Carlo approach) and computing the corresponding outputs. Subsequently,
each input criterion is randomly permuted in turn (i.e., the values are shuffled), thereby
breaking the relationship between that criterion and the output. If the output values change
significantly after the permutation, the corresponding input criterion is considered to have
a strong influence on the system. As measurement metrics, 1 − R2 and the increase in MSE
were used [39].

3.5.2. Correlation Loss (1 − corr2) and Mean Squared Error (MSE)

As the correlation between the output obtained after permutation and the original
output decreases (i.e., as corr2 becomes smaller), the importance of the corresponding
input criterion increases. In a similar vein, an increase in Mean Squared Error (MSE)
serves as an indication of the contribution of the input criterion [40]. The findings of the
permutation analysis demonstrated that the calculations obtained using the two distinct
methods (1 − corr2 and MSE increase) are consistent. The Operational_conditions factor
was found to be marginally more prevalent than the others (approximately 27%). The
Physical_status and Hydraulic_impacts exhibited similar levels of importance, with values
of approximately 24–25%. The relative effect of the Environmental_impacts criterion was
found to be marginally lower in comparison to the others (approximately 22–23%). The
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priority ranking was obtained in the same order for both methods as follows: it can be
posited that the operational conditions are commensurate with the physical status, and that
the hydraulic impacts are analogous to the environmental impacts. The graphical results
obtained from the analysis are presented in Figure 15.

 

Figure 15. Relative importance of input criteria according to permutation sensitivity analysis.

Although the developed FIS model utilizes all inputs in a balanced manner, Oper-
ational_conditions is observed to be the criterion that most strongly governs the system
behavior. This finding demonstrates that the operational and maintenance conditions
of sewerage infrastructure play a critical role in risk assessment. Although environmen-
tal impacts are important, their contribution to directly shaping the output is relatively
lower than that of the other criteria due to the structure of the model. The interactions of
the three-dimensional combinations of the input criteria on the risk value are illustrated
in Figure 16.

   

   

Figure 16. 3D visual presentations.
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When examining the surface graphs, only minor differences are observed due to
the weight coefficients of the input criteria being very close to each other. In the graphs,
the average slope of the surface represents the amplification effect of the input criteria
on risk. It is observed that when both input criteria are at low levels, the risk remains
relatively low; however, the risk increases significantly, especially when both take high
values simultaneously. This result indicates that simultaneous control of the factors is
critical and that there is a strong interaction between the two input criteria examined.
In particular, it is expected that the system will exhibit a high level of sensitivity when
unfavorable conditions occur simultaneously in both input criteria.

4. Discussion
The sustainable management of urban sewerage systems is a complex issue involving

numerous structural, operational, hydraulic, and environmental factors [41]. For a more
sustainable management approach, the current state of the infrastructure must first be accu-
rately assessed. In this context, hydraulic, structural, and data-driven analyses are critical
for physically examining and monitoring the network [42]. In this study, a probabilistic risk
assessment model based on BN and fuzzy logic was developed to determine the failure
risk in urban sewerage systems. A knowledge-based BN structure was created, and the
operational data of the Özalper sewerage network in Malatya was learned to estimate the
current failure probabilities. These probabilities were then integrated with fuzzy logic to
calculate a composite risk score. The inherent complexity of infrastructure systems, the
presence of uncertainty and incomplete or erroneous data, aging infrastructure and the
limited availability of high-quality data mean that data-driven approaches alone may lead
to misleading results [43,44]. Therefore, this study adopted a hybrid framework combining
expert knowledge and data-driven learning. As the influencing criteria are not equally
important, accurate prioritization of the criteria is crucial for determining the risk level
reliably. The BN findings indicate that critical factors affecting failure probability include
pipe age, pipe diameter, failure rate, repair and renovation rates, blockage, flow velocity,
backflow, traffic density and ground movements. These results are consistent with findings
reported in similar studies, which also identify hydraulic factors, blockage, and operational
conditions as primary contributors to sewer failures in urban networks [5,6,10,14]. These
results are consistent with failure-related findings reported in existing sewer pipe liter-
ature, thereby supporting the reliability of the proposed method [45,46]. The impact of
the input factors on the risk score was analyzed using fuzzy logic, and the consistency of
the factors was verified through local sensitivity analysis and graphical response surfaces.
BNs have been demonstrated to be a powerful tool for modeling uncertainty and condi-
tional dependencies. In contrast, fuzzy logic has been shown to enable the incorporation
of expert judgments under conditions where data is scarce. Consequently, the proposed
hybrid approach offers a more flexible and practical framework compared to single-method
applications. From an urban water management perspective, proactive identification and
mitigation of high-risk sewer segments reduces the likelihood of combined sewer over-
flows during rainfall events, protects receiving water bodies, and enhances the resilience of
urban drainage systems. The proposed fuzzy risk model thus serves as a decision-support
tool not only for infrastructure maintenance but also for integrated stormwater and water
quality management. The primary practical contribution of this study is the provision of
a decision-support tool for municipalities and infrastructure management authorities to
facilitate risk prioritization and maintenance planning. Overall, the model outputs align
with previously reported results in the literature, confirming the consistency and reliability
of the proposed methodology in identifying critical factors affecting sewer network failure
risk [5,6].
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For future research, it is recommended that the model be tested with larger datasets,
integrated with GIS-based analyses, and extended to include climate change scenarios.
This would enable spatial visualization of risk levels and support proactive management
across the entire network.

5. Conclusions
Urban sewerage systems experience failures due to aging infrastructure that has

reached the end of its service life, hydraulic inadequacies, improper design and construc-
tion practices, and insufficient maintenance. Understanding the causes of failures within
the network and identifying their impacts are fundamental requirements for sustainable
infrastructure management. In this study, 33 criteria that may lead to failure in sewer
networks were identified through a comprehensive literature review, field investigations,
and expert consultations. These criteria were examined under four main categories: struc-
tural, operational, hydraulic, and environmental. A probability-based failure risk model
was developed by integrating a BN structure with fuzzy logic in order to evaluate the
effects of these criteria on failure probability and to calculate a probabilistic failure risk
index. Due to the relatively large number of criteria, a knowledge-based network structure
was established to reduce the risk of misleading relationships, ensure consistency in the
calculated risk scores, and correctly define causal dependencies among variables. The
directions of the arcs between criteria were determined based on expert judgment and
established findings in the literature. Conditional probability tables for interrelated criteria
were then statistically learned from field data while preserving this predefined structure.
For parameter learning, the Bayesian Parameter Estimation method (MAP with Dirichlet
prior) was employed. After constructing the data-informed expert model, the effects of each
criterion on failure probability were quantified. To evaluate the influence of each category,
the occurrence probability of all criteria within the structural, operational, hydraulic, and
environmental groups was individually set to 100%, and the resulting changes in overall
failure probability were calculated. Using a weighted average approach, probability-based
weight coefficients were obtained for each category.

In the subsequent stage, the Bayesian framework was integrated with fuzzy logic,
and the failure risk was calculated considering four aggregated inputs: physical status,
operational conditions, hydraulic impacts, and environmental impacts. The calculated
failure risk was classified into seven membership levels ranging from “Very Low” to
“Very High.” As a case study, a probability-based risk assessment was conducted for a
sewer network located in Malatya Province. The results indicate that the criteria of flow
velocity and blockage influence the failure probability by more than 70%. The Özalper
sewer network was found to fall into a high-risk class particularly under high-probability
conditions associated with operational conditions, physical status, and hydraulic impacts.

The developed model has the potential to contribute to infrastructure management by
enabling the identification of high-risk areas before failure occurs. This allows preventive
maintenance strategies to be implemented instead of large-scale rehabilitation interven-
tions, offering economic advantages. The model may also support the development of
rehabilitation programs, facilitate planned maintenance strategies that extend service life,
and help prevent emergency situations such as collapses, pipe breaks, and blockages. This
study aimed to develop a data-driven, probability-based risk assessment model for urban
sewerage systems. Although field data were used in learning conditional probabilities, the
model does not identify which individual pipe carries the highest risk. Future research
may focus on integrating the proposed framework with Geographic Information Systems
(GIS) to perform spatial risk analysis for sewer networks, enabling visualization of pipes
ranked from highest to lowest risk directly on a map.
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