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Abstract

In recent years, the deterioration of sewer pipes has become a serious issue, and road
collapse accidents caused by pipe failures have occurred in various locations, resulting in
casualties and impacts. To prevent such accidents, it is essential to accurately assess the
condition of sewer pipes and identify sections that require early repair. Since sewer pipes
are buried underground, deterioration cannot be evaluated based on external appearance
alone, and regularinspections play a critical role in maintenance. In sewer pipe inspections,
a closed-circuit television (CCTV) camera is inserted into the pipe, and multiple damage-re-
lated items are assessed based on the recorded footage. These items include breaks, cracks,
joint misalignment, water ingress, protruding branch pipes, grease buildup, tree root intru-
sion, and mortar buildup. The urgency level is determined through a comprehensive evalu-
ation of these items. However, the number of evaluation items is large, and judgments that
consider the severity and combination of damage types require advanced expertise. As a
result, variability in inspector judgments and inspection delays caused by labor shortages
have become significant challenges, increasing the demand for efficient inspection proce-
dures. This study develops a method for classifying urgency levels at the span level using
Graph Neural Networks (GNNs) based on sewer pipe inspection records. The input data con-
sists of pipe attribute information and multiple damage-related evaluation items. GNNs can
learn relationships between nodes, making them suitable for urgency classification that re-
flects similarities between pipe spans. Furthermore, the eight damage-related items evalu-
ated through CCTV inspections are exploratively reduced from the input features of the GNN,
and changes in urgency classification performance are analyzed as the number of items de-
creases. Through this process, combinations of evaluation items that achieve classification
accuracy comparable to those obtained using all damage-related items are investigated.
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1 Introduction

In developed countries, the aging of sewer infrastructure, including sewer pipelines, is wide-
ly recognized as a major maintenance challenge. Industry associations have reported cases
of aging sewer pipes in Europe and the United States [1]. For example, failures of aging sewer
pipes have caused road collapses and large-scale sewage spills in various locations, some of
which have escalated into accidents involving traffic disruptions and resident evacuations.
In addition, residential flooding caused by the combined effects of pipe aging and torrential
rainfall has become a serious social issue.
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In urban areas, frequent overflows and blockages originating from aging sewer pipes further
highlight the insufficient inspection and renewal of sewer infrastructure. In Japan, social in-
frastructure facilities that were intensively developed during the period of rapid economic
growth are progressively aging, making the maintenance and management of sewer pipe-
lines a critical issue. Sewer pipelines form essential infrastructure supporting daily life and
urban functions; however, because most pipelines are buried underground, assessing their
deterioration from the surface is difficult. As a result, planned inspections and appropriate
renewal are indispensable. At the same time, local governments face severe financial con-
straints and labor shortages, leading to a strong demand for more efficient maintenance of
the extensive sewer pipeline stock. According to statistics from the Ministry of Land, Infra-
structure, Transport and Tourism, the total length of sewer pipelines in Japan is about 500,
000 km, and the proportion of pipelines exceeding the standard service life of 50 years is
expected to increase in the future [2].

Against this background, sewer pipeline inspections are conducted worldwide to assess
their condition. In many countries, in-pipe camera surveys are widely adopted as a standard
inspection method. However, Japan employs a distinctive evaluation approach: whereas Eu-
rope and the United States typically perform numerical assessments based on individual de-
fects, Japan determines urgency at the span level by comprehensively interpreting multiple
types of damage within each span. Figure Tillustrates annual trends in newly installed sewer
pipeline length and total sewer pipeline length in Japan. In Japanese sewer inspections, in-
pipe camera surveys assess eight damage items: structural damage, cracks, joint misalign-
ment, water ingress, protruding branch pipes, grease buildup, tree root intrusion, and mortar
buildup. Based on these assessments, urgency is determined for each span and classified
into four levels, ranging from | (highest) to IV (lowest). However, the large number of evalua-
tion items and the requirement for advanced technical knowledge and inspection experience
to interpret damage severity and combinations have resulted in variability in judgments and
increased practical burdens during inspection and evaluation.

In recent years, numerous studies have been reported on sewer pipe and culvert mainte-
nance, focusing on deterioration prediction and condition assessment using inspection
records and structural attributes. Several studies have demonstrated the effectiveness of
data-driven approaches by applying machine learning and deep learning techniques to
condition assessment and integrity classification based on inspection data [3, 4]. However,
many of these previous studies treat pipes as independent entities, and condition assess-
ment that accounts for network structure or relationships with surrounding pipes has not
been sufficiently explored. Moreover, the effects of organizing or reducing evaluation items
and information volume on assessment performance have not been adequately discussed.
Therefore, this study develops a method for classifying urgency levels at the span level using
Graph Neural Networks (GNNs) [5]. The proposed method utilizes inspection records from
sewer pipelines managed by a Japanese municipality, incorporating pipe attribute informa-
tion and multiple evaluation items as input features. In addition, this study analyzes how
urgency classification performance changes as the number of evaluation items are progres-
sively reduced and investigates the conditions under which reliable urgency determination
remains feasible even with a limited set of evaluation items.
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Figure1 Trends in annualinstalled length and total length of sewer pipelines
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2 Overview of data used

This study aims to determine the urgency level for sewer pipe maintenance using inspec-
tion records obtained from actual inspection operations. The dataset consists of television
camera survey records collected from fiscal year 2019 to fiscal year 2021, which include infor-
mation on internal pipe damage and pipe attributes. The analysis unit is defined as a span,
where one manhole-to-manhole section constitutes a single span. Information from multi-
ple pipes within each span is aggregated and treated collectively. The dataset comprises 1,
100 spans, of which 1, 000 are used for model construction and 100 for testing. Each span
is assigned structural attributes, including installation area, span length, pipe diameter,
pipe type, number of pipes, and pipe age. In addition, eight types of internal pipe damage
identified by TV camera surveys are recorded: structural damage, crack, joint displacement,
infiltration, grease deposition, protruding lateral connection, root intrusion and mortar dep-
osition. Each damage item is evaluated on a three-level scale: a (severe), b (moderate), and
¢ (minor). Each span is also assigned an urgency level based on inspection results, which
represents an overall assessment of the span and is used as the output label for the GNN.
The urgency levels considered in this study are Il Ill, and IV, while urgency level | is excluded.
The a, b, and c categories represent the severity levels for each damage item and are used as
input features for the GNN. A portion of the dataset is presented in table 1.

Because the number of damage occurrences depends on span length, damage assessments
are normalized by span length to construct comparable input features across spans. Figure
2 shows the distribution of damage evaluation levels in the normalized training dataset. For
Grease deposition and Infiltration, a relatively high proportion of a evaluations is observed,
indicating the presence of severe damage. In contrast, structural damage, root intrusion
and mortar deposition are dominated by b evaluations, while protruding lateral connection
shows a higher proportion of ¢ evaluations. In addition, some damage types, such as root
intrusion, occur infrequently, indicating that both occurrence frequency and severity distri-
bution vary among damage types. Based on these considerations, this study uses span-level
inspection data, inputs pipe attributes and damage evaluation information for eight damage
items into the GNN, and estimates urgency levels.

Table1 Example of the dataset
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Figure 2 Damage evaluation proportions after normalization
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3 GNN-based emergency severity assessment method
3.1 Overview of GNN

GNN is a deep learning model designed to handle graph-structured data composed of nodes
and edges, enabling feature learning that accounts for relationships between nodes. Unlike
conventional neural networks that process regular data such as images or time series, GNNs
can model irregular structures in non-Euclidean spaces. In GNNs, node representations are
updated by repeatedly aggregating and transforming information from the node itself and
its neighboring nodes. In this study, sewer pipe spans are treated as nodes. Relationships
between nodes are defined not by physical connectivity but by similarities in pipe attributes
and damage characteristics, allowing spans with similar features to influence each other
during learning. Consequently, GNN can incorporate both individual span information and
inter-span relationships, making it suitable for sewer pipe urgency classification.

3.2 Training the GNN

This study formulated the urgency determination task as a node classification problem by
constructing a graph in which sewer pipe spans were treated as nodes. Node connections
were defined based on similarity between feature vectors composed of physical pipe attrib-
utes and damage assessment information, rather than physical connectivity in the sewer
network. Cosine similarity was used to connect each span to the three most similar spans,
allowing similarity relationships between non-adjacent spans to be reflected in the learn-
ing process. The dataset consists of 1, 100 spans, with 1, 000 used for model construction
and 100 for testing. The training data were further split into training and validation sets at
an 8:2 ratio. Input features comprise a 15-dimensional feature vector of physical attributes
and span-length-normalized damage evaluation indices, while the output labels are urgency
levels (II, I, and 1V). The model architecture includes an input layer, two hidden layers, and
an output layer. ReLU activation and Dropout (p = 0.5) are applied to the hidden layers to
mitigate overfitting, enabling each node to aggregate information from neighboring nodes
as well as nodes up to two hops away. The model is trained using the Adam optimizer with a
learning rate of 0.01 for 80 epochs, and cross-entropy loss is employed.

As shown in figures 3 and 4, loss values for both training and validation datasets decrease
rapidly in the early training stage and converge stably, while accuracy remains high for both
datasets. The small gap between them indicates suppressed overfitting and good generali-
zation performance. Overall, the proposed model achieves stable span-level urgency estima-
tion by integrating pipe attributes, damage evaluation information, and inter-span relation-
ships based on cosine similarity.
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Figure 3 Loss over epochs for training and validation data
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Figure 4 Accuracy over epochs for training and validation data

3.3 Performance evaluation of the constructed model

To verify the predictive performance of the constructed GNN model, emergency level esti-
mations were performed on test data not used for training. Based on the confusion matrix
shown in table 1, precision and recall (equations 1 and 2) were calculated to quantitatively
evaluate the model’s classification performance.

Precision=

P+ FP 0

Recall= @)

TP+ FN

The classification results for urgency levels (II/111/IV) on the test data yielded a precision of
0.822 and a recall of 0.871, both exceeding 0.8. These results confirm that the constructed
model can perform stable urgency classification even on data not used for training, demon-
strating consistent generalization performance. Notably, the high recall value indicates that
high-urgency spans are being detected without omission, a critical characteristic for mainte-
nance operations. Furthermore, the high precision level suggests that judgments are made
while suppressing excessive false detections. A key factor contributing to this classification
performance is the use of multiple damage evaluation items as features, in addition to the
physical attributes of each span. This approach explicitly captures differences in damage
severity and occurrence tendencies as features, likely making it easier for the model to learn
the state differences between spans. Furthermore, constructing a graph structure based on
cosine similarity allowed the model to learn relationships between spans with similar attrib-
utes and damage tendencies, even when physically disconnected. This is thought to have
contributed to the stabilization of the urgency assessment. On the other hand, this analysis
used all damage evaluation items, which would impose a significant burden on practical
inspection work. Therefore, to reduce this burden, it is necessary to consider reducing the
number of evaluation items.

Table 2 Confusion matrix for urgency classification

Prediction corect I I I
1 TP FP FP
1l FN TP FP
v FN FN TN
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4 Reducing evaluation items using association analysis
4.1 Overview of association analysis

Association analysis is a data analysis method used to extract co-occurrence tendencies and
relationships among multiple items and is widely applied to identify relationships between
variables [6]. A key feature of this method is its ability to quantitatively evaluate how fre-
quently one item occurs when another specific item is present, making it suitable for ana-
lyzing inspection datasets that include multiple evaluation items. In association analysis,
the lift value is used as an indicator of relationship strength between items. Lift compares
the conditional probability of one item occurring given the occurrence of another item with
the probability expected underindependence. A lift value greater than 1indicates a positive
association, and larger values imply a higher likelihood of co-occurrence within the same
observation unit.

In this study, association analysis is applied to eight damage items evaluated during sewer
pipe television camera inspections to identify co-occurrence relationships. The objective is
to clarify the structural relationships among damage items and to explore the potential for
reducing the number of evaluation items to alleviate practical inspection burdens.

4.2 Analysis of relationships among damage evaluation items

To investigate relationships among damage items assessed through sewer pipe television
camera inspections, association analysis was applied to examine co-occurrence tendencies
between items. To focus on relationships with clear relevance, only item pairs with Lift values
greater than 1.5 were extracted. Figure 5 illustrates the network of relationships among items
based on lift values. Figure 5 shows strong associations among several damaged items. High
co-occurrence is observed among structural damage, crack and infiltration, indicating that
these damages frequently occur within the same span. These items are closely associat-
ed with pipe deterioration and reduced structural integrity and are likely to originate from
common degradation processes. In addition, mortar deposit exhibits relatively strong asso-
ciations with infiltration and protruding lateral connection, while protruding lateral connec-
tion is also strongly associated with joint displacement. This suggests that multiple damage
types tend to occur sequentially at pipe connection points, which are structurally discontin-
uous and sensitive to construction conditions and surrounding environmental influences. In
contrast, root intrusion and grease deposition show no strong co-occurrence relationships
with other damage items, indicating that these damage types may be relatively independent
and strongly influenced by local or external factors.

These results demonstrate that distinct co-occurrence relationships and correlation struc-
tures exist among sewer pipe damage items. For damage groups with strong associations,
such as structural damage, crack and infiltration, the evaluation items may contain overlap-
ping information. Therefore, selecting representative items for urgency assessment could
enable a reduction in the number of evaluation items. Similarly, for items sharing structural
characteristics, such as protruding lateral connection, joint displacement and mortar depo-
sition, representative item selection may also be feasible. Rather than treating evaluation
items as completely independent, integrating items based on co-occurrence tendencies is
considered an effective approach for reducing evaluation items.
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Figure 5 Relationship network based on Lift values

5 Conclusion

This study developed a span-based urgency assessment method using GNN for sewer pipe
maintenance, incorporating pipe attributes and damage evaluation information obtained
from inspections. By constructing a graph structure based on feature-vector similarity, with
each span treated as a node, relationships among spans with similar attributes and damage
characteristics are integrated into the learning process. The results demonstrate stable clas-
sification performance on test data, confirming the effectiveness of the GNN-based urgency
assessment approach. In addition, association analysis was applied to eight damage items
evaluated during television camera inspections to examine their co-occurrence relation-
ships. Strong associations were identified among structural damage, crack and infiltration,
while associations were also observed among mortar deposition, protruding lateral connec-
tion and joint displacement. These findings indicate that grouping damage items based on
co-occurrence tendencies and occurrence mechanisms may reduce the number of evaluation
items while preserving information required for urgent assessment.

Future work includes reconstructing the GNN model using features derived from a reduced
set of evaluation items and quantitatively comparing model performance to assess the im-
pact of item reduction on urgency assessment accuracy. Improving practical applicability
will further require incorporating features that account for spatial relationships and temporal
progression of damage, as well as graph definitions that partially reflect the actual sewer
network structure.
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