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Abstract

Corrosion in carbon steel piping systems is a critical issue in hydroelectric power plants,
as progressive wall thickness loss may compromise integrity and operational reliability.
This study proposes a data-driven framework combining descriptive statistical analysis
and distinct clustering methods to map and rank corrosion conditions in water pipeline
systems of a hydroelectric power plant in Brazil. A total of 4916 pipe segments from
20 generators (generating units 1 and 2) were evaluated and the feature matrix included
wall loss descriptors, measured thickness statistics, minimum allowable thickness, wall
integrity indicators, pipe geometry, segment type, and system information. Descriptive
analyses revealed heterogeneous corrosion patterns across generating units, segment types,
diameters, and inspection points, with localized severe wall loss conditions in specific
segments. A principal components analysis was applied to reduce the original feature
space while preserving approximately 80% of the cumulative variance, as suggested by the
literature. The best clustering solution was obtained using a weighted consensus model
based on the Calinski-Harabasz index, resulting in five degradation/integrity profiles
that support segment-level corrosion ranking and inspection prioritization. The proposed
framework provides a structured basis for integrating inspection data, statistical descriptors,
and integrity indicators into maintenance and decision support processes for hydroelectric
power plant piping systems.

Keywords: corrosion assessment; hydroelectric plant; carbon steel pipes; clustering
techniques

1. Introduction

Pipelines are among the most important assets in civil infrastructure because of their
role in transporting materials such as oil, gas, and water [1]. In hydroelectric plants, pipes
are widely used in water cooling, draining and filling, and raw water systems.

In ref. [2], for example, the authors evaluated a leakage occurred on the water cooling
distribution pipe in a 175 MW hydroelectric power plant. In this work, the pipe, made
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of low-carbon steel and meeting the standard of ASTMAS595 (ASTM A595/A595M-22:
Standard Specification for Steel Tubes) grade A, is used to convey cooling water from the
penstock to the heat exchanger.

Nondestructive and metallographic analyses showed that the pipe leakage resulted from
localized severe erosion and uniform corrosion on the inner wall, mainly caused by flow tur-
bulence associated with the pipe elbow, for example, which led to progressive wall thinning.

Previous studies, such as those reported by [3,4], investigated systems with abrupt
changes in flow direction and demonstrated that mass transfer is directly proportional to
the corrosion rate and strongly dependent on the local flow geometry.

Other studies have also investigated the causes of pitting corrosion in stainless steel
gate slots of a hydropower station [5]. In addition, other equipment and their associated
pipes are commonly present in these systems and may also be affected by corrosion,
including heat exchangers, pumps, filters, and other components [6].

In this sense, assessing pipeline integrity is a highly relevant task, particularly when
considering the different corrosion patterns and their spatial distribution along the pipes.
Among the main steps in pipeline integrity evaluation are defect detection and identifi-
cation, which enable data collection from pipes through field inspections conducted by
technical personnel, in-line inspection, and/or non-destructive evaluation (NDE) [7].

Recent studies have shown that corrosion management should not rely solely on
isolated defect measurements, since degradation is typically heterogeneous and influenced
by multiple environmental, operational, and pipe-related factors [8].

Other research has addressed corrosion assessment in pipelines not only through
defect sizing, but also through the definition of severity levels, probability-of-failure [1,9,10],
and risk-based inspection thresholds, reinforcing the importance of stratifying corrosion
conditions before selecting mitigation or maintenance actions [11].

The work published by Ismail et al. [12] proposed a pipeline corrosion workflow that
combines probabilistic reliability analysis with machine-learning classification based on in-
line inspection (ILI) defect data. The core idea is to move beyond manual screening of large
ILI datasets by automatically classifying corrosion defects and supporting corrosion-growth
or remaining-life analysis.

In ref. [13], the authors highlighted that the manual processing of in-line inspection
data is time consuming, labor intensive, and prone to errors, particularly when large
datasets and multiple inspection runs must be matched. In ref. [14], for example, the
authors proposed a framework for the automated matching of corrosion features obtained
from ILI results. This highlights that, before modeling corrosion growth, risk, or mitigation
strategies, a critical step lies in the treatment and organization of inspection data, especially
when the objective is to track the spatial evolution of defects.

Another recent study, published by Hussain et al. [15], addressed an important gap
between ILI data collection and data quality assessment. In that work, different machine
learning models were tested for outlier detection in ILI data, including random forest
regression, linear regression, and nearest-neighbors-based methods. As pointed out by
Hussain et al. [15], data quality in ILI collection should be assessed by considering not only
missing values and inconsistent measurements, but also outlier values.

It is worth noting that, in recent years, several machine learning-based methodologies
have been proposed not only for corrosion growth evaluation, but also for supporting the
overall integrity and condition assessment of steel structures and pipeline systems [16-18].

Therefore, mapping, ranking, and categorizing corrosion conditions before selecting
mitigation actions is an important step to support inspection prioritization, risk-based
maintenance, and more rational integrity management decisions. Based on this premise,
the present study proposes a combined data-driven approach based on descriptive sta-

https:/ /doi.org/10.3390/app16167875


https://doi.org/10.3390/app16167875

Appl. Sci. 2026, 16, 7875 30f22

tistical analysis, principal component analysis (PCA), and consensus clustering to map
and rank the corrosion condition of pipeline segments in a hydroelectric power plant. The
proposed methodology was applied to more than 4000 pipe segments, integrating wall-loss
descriptors, measured thickness statistics, minimum allowable thickness, wall integrity
indicators, pipe geometry, segment type, and system information.

In addition, the best clustering configuration was obtained using a weighted consensus
model, leading to the identification of five degradation/integrity profiles. The resulting
cluster hierarchy demonstrated the potential of the proposed approach to support corrosion
ranking and inspection prioritization. The next section provides a detailed description of
the statistical and clustering methods used in this study.

2. Statistical Data Treatment and Clustering Methods

This section presents the statistical approach adopted in this study, as well as the main
theoretical foundations of the clustering methods used to achieve the most appropriate catego-
rization or ranking of the different corrosion levels observed in the examined water pipelines.

The mathematical concepts employed during the data preparation stage are presented
below, considering the measurements collected for each generating unit and each pipeline
segment type. This section also includes the tasks related to the exploratory descriptive
analysis of the corrosion data for each segment and inspection point.

2.1. Statistical Feature Engineering and Descriptive Analysis

After the restructuring data stage, each row of the dataset represented a specific
pipeline segment identified by its generating group (GG), generating unit (Ug), water
system (System), pipe tag (Tag), segment label (Segment), diameter (Diam), nominal
thickness (Nom_Thick), and wall pipe loss (Loss), as shown in Table 1.

Table 1. Example of measured data for selected pipeline segments and inspection points.

GG Ug System Tag Segment Point Diam. Nom_Thick Meas_Thick Min_Thick Delta_Thick Loss

GG1 UG1 AB 14”-AB-0101-A1  HSP1 1 14" 9.52 8.26 3.60548 1.26 13.2353
GG1 UG1 AB 14”-AB-0101-A1  HSP1 2 14" 9.52 7.64 3.60548 1.88 19.7479
GG1 UG1 AB 14”-AB-0101-A1  HSP1 3 14" 9.52 6.31 3.60548 3.21 33.7185
GG1 UG1 AB 14”-AB-0101-A1  HSP1 4 14" 9.52 7.66 3.60548 1.86 19.5378
GG1 UG1 AB 14”-AB-0101-A1  CURVE-1 1 14" 9.52 6.74 3.60548 2.78 29.2017

The measurements collected at the different inspection points of each segment were
then used to compute segment-level statistical descriptors. This representation made
it possible to summarize the corrosion and thickness conditions of each segment while
preserving the spatial variability observed among the inspection points.

In this research, we consider x;; as a value of a given variable measured at inspection
point j of pipeline segment i, where j = 1,2, ..., n;, and #; is the number of valid inspection
points available for segment i.

For each segment, the arithmetic mean of the pipeline thickness loss, expressed as
a percentage, was calculated and this metric provides a global estimate of the average
condition of the segment.

As highlighted in previous studies [19,20], the analysis of spatial corrosion patterns, or
more broadly the spatial distribution of corrosion, is highly relevant for integrity assessment.
Therefore, in the present study, the range between the maximum and minimum corrosion
values measured along each pipeline segment was adopted as a simple descriptor of spatial
variability, as shown in Equation (1).

R: = ) — i Py 1
i 12‘%’;{(%]) 12}1;”(951])/ 1)
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where R; measures the spread between the maximum and minimum observed values.

Two segments with similar mean loss values may still exhibit substantially different
corrosion profiles depending on the variability observed among their inspection points.

In addition, ¢; and ¢? quantify the dispersion of the measurements around the mean
value for segment i. Higher values indicate greater variability among inspection points,
which may be associated with more heterogeneous deterioration patterns.

It should be noted that, since the number of valid inspection points was not necessarily
the same for all pipe segments, the statistical descriptors were computed using only the
available measurements of each segment. This aspect is particularly important because it
explains the possible occurrence of undefined higher-order statistics, such as kurtosis and
skewness, in segments with a reduced number of valid points.Thus, kurtosis and skewness
were computed in order to characterize the shape of the distribution of the inspection values.

These statistical descriptors were computed for the main variables considered in
the study, namely, wall-loss values, measured thickness values, and minimum-allowable
thickness values.

Consequently, each pipeline segment was represented by a compact set of features
capable of describing not only the average condition of the segment, but also the degree of
spatial heterogeneity and the overall shape of the measurement distribution.

In addition to the statistical descriptors, integrity-related features were derived from
the measured thickness and minimum-allowable thickness values at the common inspection
) l(]mm)
thickness at inspection point j of segment i. According to [21], the assessment of in-service

points. We defined tgjm as the measured thickness and ¢ as the minimum-allowable

piping systems should consider inspection and minimum thickness requirements.
Thus, the local thickness ratio was defined as shown in Equation (2):

$m)
pij = =, 2)

tfj.m“"

which expresses the relative safety level between the measured wall thickness and the
minimum acceptable thickness.

From this local ratio, two aggregated features were computed. The mean thickness ratio
was defined as Equation (3) and the minimum thickness ratio was defined as Equation (4).

y
pi=— ) Pij 3)
n; &=
j=1
min __ . -
Pt = min l_(pz;)- (4)

The first metric provides an overall integrity indicator for the segment, whereas the
second emphasizes the most critical local condition.
Similarly, the local thickness margin was defined as Equation (5):

mij = tZ(jm) - tzg;nin)’ (5)

from which the average thickness margin and the minimum thickness margin were obtained
as Equations (6) and (7), respectively, as follows:

mp = — Z mij, (6)
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These variables directly quantify how far the measured wall thickness is from the minimum
allowable limit, both on average and at the most critical inspection point of the segment.

In addition to the corrosion and thickness measurements, contextual variables such
as segment type, nominal diameter, and local pressure measurements were preserved in
the structured dataset in order to support the interpretation of the statistical and clustering
results. Thus, the feature engineering stage produced a representation that combines
descriptive statistical information, structural integrity indicators, and contextual attributes
of the pipeline segments.

After the feature engineering stage, outlier detection was performed using a multivari-
ate interquartile range (IQR) criterion applied to the loss mean and measured thickness
mean. It should be noted that the segments flagged as outliers should not be interpreted as
failed components a priori; however, they represent atypical conditions that may indicate
increased structural vulnerability and therefore deserve priority in inspection and integrity
assessment. In Section 4.3, the outlier cases are presented and discussed.

Therefore, the aforementioned procedure enabled the removal of segments with
unusually extreme average corrosion or thickness values before the clustering stage. In the
next subsection, we present the main concepts behind the clustering methods used and
tested in this research.

2.2. Clustering Methods and Criticality Hierarchy

As discussed by Wang et al. [22], clustering techniques are suitable for classifying pipe
segments because segments assigned to the same cluster share similar characteristics in the
feature space.

In this work, two groups of clustering algorithms were employed. The first comprises
classical methods used both as standalone baselines and as generators of the base partitions
required by the consensus framework. The second group consists of the consensus-based
methods themselves.

2.2.1. Classical Methods

In this research, the classical clustering methods, such as K-means and agglomerative
hierarchical clustering, were also evaluated. The K-means algorithm and its main concepts
can be found in the seminal work of MacQueen [23], whereas hierarchical clustering
schemes were systematized in the classical work of Johnson [24].

2.2.2. Consensus-Based Methods

As mentioned in the previous section, this study also investigated the use of consensus-
based clustering methods. For this purpose, the consensus clustering framework de-
scribed by Unlu et al. [25] was adopted. In this framework, a pool of c base partitions,
P ={Py,..., P}, is generated from the PCA-transformed dataset X = {x;}" ,, where
x; € R™, using different clustering algorithms.

11k where

Each partition P, is encoded as a binary membership matrix H; € {0,1
Hili,j] = 1if segment i belongs to cluster j.
In the standard scheme, all partitions contribute equally, yielding the consensus
similarity matrix:
1

S ==
Cc

HH', H=[H | - |H], (8)
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where S[i, j] € [0,1] is the fraction of partitions that co-assign segments i and ;. In the weighted
schemes, each partition is scaled by a quality weight w;, giving the weighted hypergraph
matrix H* = [wiH;y | - - - | w.H¢| and the weighted similarity matrix (Equation (9)):

S=HH"". 9)

The normalized weight w; = @;/ }_; Wy is derived from an internal validation index ¢:
w; = ¢(P) for indices where higher values are better (Silhouette, Calinski-Harabasz),
and w; = 1/ (1 +¢ (Pl)) for the Davies-Bouldin index, where lower values are better.
These metrics, commonly referred to as clustering validity indices, are widely used in the
literature to assess clustering quality across different application domains [26,27].

Spectral clustering was then applied to S to obtain the final partition. The optimal
number of clusters k* was determined by a composite score that aggregates the three indices
via z-score standardization:

k= ZsHk — ZDBk + ZCH ks k* = arg max i (10)

where zgpy , Zpp x, and zcp  denote the z-scores of the Silhouette, Davies—Bouldin, and
Calinski-Harabasz indices evaluated for a given value of k, respectively. In the case of tied
or similar composite-score values, the consensus index proposed by Vinh et al. [28] was
used as a secondary criterion:

CI(P,) = g) Y ARI(P, Py), (11)
1<

which measures the mean pairwise agreement among the base partitions generated for
the same candidate value of k. Higher CI values indicate more stable clustering structures.
The cluster assignments obtained from this procedure were then used in the subsequent
criticality assessment, in which each cluster was ranked according to corrosion severity
indicators, as described in more detail in the next section.

3. Methodology for SAE-Based Corrosion Ranking

This section presents the main steps involved not only in pipeline corrosion inspection,
but also in the treatment of the measured data and in the corrosion ranking procedure, which
is based on a combination of statistical analysis and clustering methods, as shown in Figure 1.

As can be seen, the proposed methodology was structured as a sequential pipeline
comprising three major parts: (i) pipe thickness measurement and data collection, (ii) data
preparation and statistical analysis, and (iii) clustering, configuration selection, and critical-
ity assessment.

3.1. Thickness Loss Inspection Approach and Field Measurement

This section presents the inspection approach applied to the water pipelines of the
Santo Antonio Hydroelectric (SAE) Plant, Brazil, including the raw water (AB), cooling
(AR), draining/filling (EE), and drainage systems (DR).

In the present study, wall thickness loss was assessed in the pipelines under investiga-
tion, which were manufactured from ASTM A53 carbon steel. Thickness measurements
were performed using a B-scan ultrasonic thickness measurement device, model Epoch
XT/650/GE DMS5E, manufactured by Olympus/GE (Hamburg, Germany). A 12.7 mm di-
ameter transducer was employed during the inspections and the equipment was calibrated
to evaluate wall thicknesses up to 20 mm.

https:/ /doi.org/10.3390/app16167875
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The inspections were carried out sequentially across generating units 1 to 5 of the
SAE plant, as shown in Figure 2. At this stage of the study, only the wall thickness loss
data associated with generating units 1 and 2 were considered, since these were the only
datasets available for analysis at the time.

Additionally, the pipe sections considered in this study comprised horizontal straight
pipe (HSP) and vertical straight pipe (VSP) segments, as well as fittings /accessories such as
tees (TEE), bends/elbows (ELB), reducers (RED), and end caps (CAP), as shown in Figure 3,
for pipelines with nominal diameters of 6”, 8”,10”,12", 14", and 18".
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: TS TR
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Figure 1. Main steps of the present methodology.

Model Evaluati

Furthermore, as shown in Figure 3, different inspection points were defined for each
type of pipeline segment during the measurement procedure, allowing the evaluation of
thickness loss at multiple locations along each geometry.

After the measurement phase for generating units 1 and 2 had been completed (total
of 20 generators), the collected data were compiled, organized, and processed according to
the methodology proposed and described in the following section.
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B Generating unit 5

Figure 2. Distribution of the generating units for SAE Plant (adapted from [29]).
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Figure 3. Pipe segments used for thickness loss inspection using B-Scan (adapted from [29]).

3.2. Data Preparation and Descriptive Statistical Analysis

At this stage, the data measured in the field were loaded and cleaned for the post-
processing step. Each pipe segment was divided into one row in our dataset. As described
in Section 2, statistical feature engineering was carried out in order to extract some metrics
from the inspection points available for each segment, such as average condition, range
between maximum and minimum corrosion values, standard deviation, variance, kurtosis,
and skewness.

More specifically, numerical features were computed to support the initial assessment
of pipe corrosion. The mean wall thickness loss calculated for each segment was adopted as
the primary criterion for evaluating wall loss severity. The exploratory descriptive analysis
was mainly based on selected corrosion-related variables, including mean wall thickness
loss, loss variability, pipe diameter, segment type, and generating unit identifiers.

Boxplots, Pareto charts, and localized heatmaps were then used to examine the spatial
distribution of corrosion, identify the most critical pipe segments, and support the assess-
ment of corrosion severity at both the segment and generating-unit levels. Prior to this
analysis, outliers were removed using an IQR-based criterion, as illustrated in Figure 1.

In addition, it should be noted that outlier removal was performed before PCA using
the criterion applied to the mean thickness loss and, when available, the mean measured
wall thickness. A segment was removed when at least one of these variables fell outside the
interval defined by Q1 — 2IQR and Q3 + 2IQR. Outlier screening in this study was based on
an interquartile-range fence rule derived from Tukey’s approach [30], with a multiplier of 2.0
adopted as a conservative threshold to reduce the influence of highly atypical segments on the
clustering stage without excluding an excessive number of observations [31]. In Section 4.3,
the outlier segments are discussed in the context of the present study and its objectives.

https:/ /doi.org/10.3390/app16167875
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3.3. Clustering Approach and Criticality Assessment

This section presents the main steps involved in segment clustering and pipe criticality
assessment. As shown in Figure 1, PCA was first applied to reduce the dimensionality
of the feature space before performing the clustering analysis. However, before applying
PCA, the feature matrix was constructed by combining numerical descriptors and encoded
categorical variables, as shown in Table 2.

Table 2. Input features used in the PCA and clustering analyses.

Feature Group Variables

Geometrical DIAMETER_NUM

LOSS_MEAN, LOSS_RANGE, LOSS_STD, LOSS_VAR,
LOSS_KURTOSIS, LOSS_SKEWNESS

MEAS_THICKNESS_MEAN, MEAS_THICKNESS_RANGE,
MEAS_THICKNESS_STD, MEAS_THICKNESS_VAR,
MEAS_THICKNESS_KURTOSIS,
MEAS_THICKNESS_SKEWNESS

MIN_THICKNESS_MEAN, MIN_THICKNESS_RANGE,
Minimum allowable thickness MIN_THICKNESS_STD, MIN_THICKNESS_VAR,
MIN_THICKNESS_KURTOSIS, MIN_THICKNESS_SKEWNESS

Wall-loss

Measured thickness

Nominal thickness NOMINAL_THICKNESS
RATIO_MEAS_MIN_MEAN, RATIO_MEAS_MIN_MIN,
Wall-inte grity THICKNESS_MARGIN_MEAN, THICKNESS_MARGIN_MIN,

THICKNESS_MARGIN

segment_CURVE, segment_HSP, segment_RED,

Segment type encoding segment_TEE, segment_VSP

System encoding system_AB, system_AR, system_DR, system_EE

The numerical descriptors included pipe diameter, wall loss statistics, measured-
thickness statistics, minimum-allowable thickness statistics, nominal thickness, and wall
integrity indicators. In addition, segment type and system information were converted into
binary variables using one-hot encoding. As a result, the final input matrix used for PCA
comprised 34 variables, including 25 numerical features and 9 encoded categorical features.

As described by Jolliffe [32], in many applications of PCA, the primary objective
is to represent a large set of original features by a much smaller number of principal
components (PCs), while retaining most of the information present in the data. Although
there is no universally accepted minimum threshold for cumulative explained variance
in PCA, practical cutoffs in the range of 70% to 90% are often used for retaining principal
components, depending on the objective of the analysis [32].

Since these variables have different physical meanings and numerical scales, the
complete feature matrix was standardized before PCA using z-score normalization. This
step ensured that variables with larger numerical magnitudes, such as thickness-related
measurements, did not dominate the computation of the principal components. PCA was
then applied to the standardized matrix, and the number of retained components was
selected according to the cumulative explained variance criterion. In this study, only PCA
configurations retaining at least 80% of the cumulative variance were considered for the
subsequent clustering stage.

The resulting principal components were used as the input space for the clustering
algorithms. Therefore, clustering was not performed directly on the original variables, but
on a reduced and orthogonal representation of the corrosion-related information. This
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procedure allowed the clustering stage to consider the combined effect of wall loss severity,
spatial variability, pipe geometry, wall integrity condition, segment type, and hydraulic
system, while reducing redundancy among correlated features.

It should be noted that, although PCA was applied to a feature matrix combining
continuous and one-hot encoded binary variables, we acknowledge that this represents a
pragmatic simplification rather than the statistically optimal treatment of mixed-type data.
This choice was guided by the exploratory nature of the clustering step, for which linear
PCA provided an interpretable and computationally efficient reduction. Given the presence
of categorical variables, more specialized techniques such as Factor Analysis of Mixed
Data (FAMD) or Multiple Factor Analysis (MFA), which jointly accommodate continuous
and categorical variance structures, represent a valuable direction for future refinement of
this pipeline.

4. Results and Discussion

This section presents the results obtained from both the descriptive statistical analysis
and the clustering methods, with the aim of assessing the corrosion condition and criticality
of each water pipeline system in the SAE plant. In total, 4916 pipe segments associated
with the 20 generators were evaluated. Prior to the descriptive statistical analysis, PCA,
and clustering, an IQR-based outlier detection procedure was applied, resulting in the
exclusion of only 21 segments, which represents approximately 0.43% of the initial dataset.
The remaining 4895 segments were retained for the descriptive and multivariate analyses,
as shown in the following subsections.

4.1. Statistical Descriptive Results

As described, the first analysis was carried out using descriptive statistical metrics.
Figure 4 shows the distribution of mean wall thickness loss for each generating unit (UG).
As a first pipeline severity evaluation, we defined three corrosion degradation zones. The
background bands indicate the severity zones: Zone 1, corresponding to losses below 15%,
Zone 2, corresponding to losses between 15% and 30%, and Zone 3, corresponding to losses
above 30%. Overall, most generators present median values within Zone 1, indicating
that the central tendency of wall loss remains below the moderate severity threshold for
most UGs.

However, several generators show wide interquartile ranges, long upper whiskers,
and isolated high loss observations extending into Zones 2 and 3. This behavior suggests
that, although the average degradation level is generally moderate to low, localized critical
conditions may exist in specific pipe segments or inspection points. In particular, the
presence of outliers above 30% indicates localized severe wall loss, which was further
investigated in the subsequent criticality and clustering analyses (Section 4.2).

As can be seen, the boxplot also reveals differences in the dispersion of wall loss val-
ues among generators. Some UGs exhibit more compact distributions, suggesting more
homogeneous corrosion behavior, whereas others show greater variability, indicating a more
heterogeneous spatial distribution of wall loss, such as the case of UGS, for example. Therefore,
this analysis supports the identification of generating units with higher corrosion variability
and helps guide the prioritization of pipe segments for detailed integrity assessment.

It should be noted that the data associated with the group labeled UG1-UGS, high-
lighted in Figure 4, refer to a specific pipeline that serves all eight generating units si-
multaneously. In particular, this pipeline corresponds to the total downstream draft-tube
dewatering line, which is used for the complete draining of the pit. Therefore, unlike the
other boxplots, which represent measurements associated with individual generating units,
the UG1-UGS group represents a shared hydraulic structure encompassing the eight units.
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Figure 4. Wear severity by generating unit (UG).

Table 3 complements the boxplot analysis by quantifying the distribution of mean wall
thickness loss for each generating unit. In general, most UGs presented mean loss values
between approximately 9% and 14%, while the median values were generally lower than
the corresponding means. This behavior indicates right-skewed distributions, in which a
limited number of segments with higher wall loss increase the average loss values.

Table 3. Descriptive statistics of mean wall-thickness loss by generating group (GG) and generating
unit (UG).

GG UG Mean Median Std Q1 Q3
GG1 UG1 10.009 7.060 9.682 2.663 14.387
GGl1 UG2 11.020 11.812 8.308 2.670 16.712
GG1 UG3 11.063 9.137 9.044 3.642 16.923
GG1 UG4 9.286 6.754 8.908 2.813 13.300
GG1 UG5 11.090 7.551 9.999 3.344 17.522
GG1 UG6 10.590 7.173 9.727 3.328 15.797
GG1 UG”7 11.946 8.206 10.469 3.344 19.652
GG1 UG8 14.811 11.736 11.215 5.440 23.207
GG2 UG9 10.738 7.565 9.906 2.555 17.599
GG2 UG10 13.238 11.045 9.504 5.798 19.478
GG2 UG11 12.036 9.420 10.266 3.474 17.974
GG2 UG12 12.207 10.491 8.538 6.226 17.826
GG2 UG13 9.467 5.825 9.636 1.746 15.307
GG2 UG14 12.568 10.417 8.390 6.587 18.480
GG2 UG15 11.250 8.567 9.954 3.303 17.096
GG2 UGl6 12.729 10.194 9.050 5.407 19.531
GG2 UG17 12.679 10.595 10.478 3.344 20.460
GG2 UG18 13.740 10.513 10.623 5.313 21.656
GG2 UG19 12.706 11.736 11.100 2.050 19.560
GG2 UG20 12.613 10.761 9.075 5.996 18.096

Among the generators, UG8 showed the highest mean loss in GG1, with a mean
value of 14.811% and an upper quartile of 23.207%. In GG2, the highest mean values were
observed for UG10, UG16, UG17, UG18, and UG19, all with mean losses above 12.6%.

The standard deviation values, mostly between 8% and 11%, also reveal considerable
variability among pipe segments within the same generating unit. Therefore, the corrosion
condition cannot be fully characterized by the mean loss alone. The combination of
mean, median, quartiles, and maximum values suggests that some UGs present generally
moderate degradation, while others contain localized critical segments that require further
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investigation through the subsequent clustering-based criticality analysis, as shown in
Section 2.

In addition, Figure 5 shows the distribution of mean wall-thickness loss by segment
type and pipe diameter. The boxplot by segment type shows that corrosion severity is
not uniformly distributed across the evaluated pipeline geometries. Among the analyzed
categories, CURVE segments exhibited the highest median mean loss, indicating that this
geometry tends to concentrate more severe degradation levels than the others.

In addition, CURVE, HSP, and VSP segments showed relatively large interquartile
ranges and several upper outliers, suggesting that these segment types are not only more
affected on average, but also more heterogeneous in terms of corrosion behavior. By
contrast, RED and TEE segments generally presented lower median losses, although
isolated severe cases were still observed.
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Figure 5. Mean loss distribution by segment type and diameter.

A complementary evaluation is provided by the boxplot by diameter, which indicates
that the 14-inch pipelines displayed the highest median mean loss among the evaluated
nominal diameters. This result suggests that, in the present dataset, this diameter class
may be associated with less favorable operating or geometric conditions from the corro-
sion standpoint.

Nevertheless, other diameters, such as 10 and 18 inches, also exhibited substantial
dispersion and several upper outliers, indicating that severe degradation is not restricted
to a single diameter category. In our study, these two figures suggest that both segment
geometry and pipe diameter influence the observed corrosion patterns, with geometry
appearing as a particularly relevant factor in explaining the concentration and variability
of wall-thickness loss.

As shown in Figure 6, the Pareto graph highlights that HSP, CURVE, and VSP are the
main contributors to the accumulated wall thickness loss, with HSP and CURVE alone
accounting for most of the total contribution (almost 80% of the total mean loss). The
segments TEE and RED presented comparatively smaller contributions. This result sug-
gests that corrosion degradation is concentrated in specific segment types, supporting the
prioritization of HSP, CURVE, and VSP segments in the subsequent criticality assessment.
In Figure 7, for example, a corrosion case is illustrated in a HSP segment.

It should be noted that, the study reported by [11], for example, also defined
three severity levels for pipeline corrosion. However, as discussed in the next subsec-
tion, the clustering based criticality analysis proposed in the present study allowed the
identification of different degradation profiles among pipe segments, resulting in a data-
driven classification that was not restricted to three predefined severity levels.
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Figure 7. Corrosion case found in the HSP segment.

4.2. Clustering Results and Corrosion Ranking

As described in Section 2, before applying the clustering methods, in the present
study, for each candidate value of k, several base partitions were generated from the PCA-
transformed data. As shown in Figure 8, the cumulative explained variance increased
progressively with the number of retained principal components (varying from 3 to 12).
However, because the first configuration exceeding 80% cumulative explained variance
was obtained with nine principal components, only PCA configurations with nine or more
components were considered in the clustering stage.

After applying PCA, different clustering configurations were evaluated for both classi-
cal and consensus clustering methods. The best configuration was then selected based on
the combined score, as described in Section 2 and defined in Equation (10). As can be seen
in Figure 9 and Table 4, the WCCH model achieved the highest combined score, which
indicates that the weighted consensus clustering approach based on the Calinski-Harabasz
(WCCH) index provided the best clustering configuration among the evaluated methods.

This composite score was applied uniformly across all candidate models, using nine
principal components, both classical and consensus-based, and all values of k, varying from
3 to §, so that the final configuration (model and number of clusters) was jointly determined
by the highest ¢y, as shown in Table 4. Thus, in our study, the best case was obtained using
nine principal components, five clusters (k = 5) and the WCCH method.
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Figure 9. Best combined clustering score by model.

In comparison, the PCA-based models generally achieved better results than the
corresponding solutions obtained without dimensionality reduction. Among them, WCCH
presented the highest combined score, followed by K-Means and Ward, while WCDB,
Consensus, and WCSH also showed positive and competitive performance. In contrast,
most models without PCA yielded negative combined scores, indicating a poorer balance
among cohesion, separation, and global partition quality in the original feature space.

Table 4. Combined scores for clustering approaches with and without PCA.

Approach Model Combined Score
With PCA K-Means 0.8379
With PCA Ward 0.7835
With PCA Complete 0.0243
With PCA Consensus 0.5994
With PCA WCSH 0.4873
With PCA WCCH 0.9309
With PCA WCDB 0.7779
Without PCA K-Means —0.5588
Without PCA Ward —1.0663
Without PCA Consensus —0.8533
Without PCA WCCH —0.4960
Without PCA WCDB —0.8533

Table 5 summarizes the main parameter settings adopted in the dimensionality reduc-
tion and clustering stages, including the tested PCA configurations, the cluster range, the
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evaluated methods, and the final selected solution. This table is intended to improve the
clarity and reproducibility of the proposed methodology.
Figure 10 shows the projection of the final clustering solution onto the first two prin-

cipal components. Although the best WCCH model was obtained using nine principal

components, the two-dimensional projection already reveals a good organization of the

clusters in the PCA space.

Table 5. Main parameter settings adopted in the PCA and clustering stages.

Parameter/Setting Value Description
PCA candidate range 312 Tested number of retained principal
components.
Minimum cumulative 80°% Threshold adopted to retain PCA
explained variance ’ configurations for clustering.
PCA configurations used Only cor}flgurathns excegdmg 80%
. . 9-12 cumulative explained variance were
in clustering .
considered.
First configuration exceeding the 80%
Selec.ted P¢A 9 threshold; used in the best final solution
configuration .
(Figure 8).
Cluster number range (k) 3-8 Candlqate number of clusters tested for all
clustering models.
Classical clustering 5 methods K-Means, Ward, Average, Complete, and
methods Single.
Consensus-based methods 4 methods Consensus, WCSH, WCCH, and WCDB.
. Weighted consensus clustering based on
Best clustering method WCCH the Calinski-Harabasz index.
Best number of clusters k=5 Number of Clgsters associated with the
highest combined score.
Model selection criterion e Combined score defined in Equation (10),

used to rank candidate solutions.
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Figure 10. Final cluster distribution in PCA space for best configuration (WCCH/PCA =9/k =5).
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Clusters C1 and C3, for example, occupy more distinct regions, while C0, C2, and
C4 are located in intermediate areas with partial overlap. This behavior indicates that
relevant differences among the degradation/integrity profiles can already be observed
in the first two principal components, even though the final clustering was performed
in the nine-dimensional PCA space. The centroid positions also support the separation
among the identified groups. Cluster C1 is mainly distributed toward negative values
of the first principal component, whereas C3 is concentrated toward positive values of
both principal components. Cluster CO represents the largest group (with 2498 pipe
segments) and occupies a central-to-lower region of the PCA plane, while C2 and C4
appear as intermediate profiles. Therefore, the scatter plot provides visual evidence that the
proposed PCA-based weighted consensus clustering approach produced distinguishable
corrosion/integrity groups.

An additional insight provided by the PCA scatter plot is that the internal dispersion
of the clusters is not uniform. In particular, Cluster C1 exhibits a much broader spread,
especially along the negative direction of the first principal component, which suggests a more
heterogeneous degradation/integrity profile. By contrast, Cluster C3 appears more compact
and concentrated in the positive region of both principal components, indicating a more
cohesive and well-defined group in the reduced feature space. This difference in compactness
reinforces that the clustering solution captured not only distinct group locations, but also
different levels of internal variability among the identified corrosion/integrity profiles.

Another important observation is that the visual separation among the groups seems
to be driven mainly by the first principal component, whereas the second component plays
a complementary role in refining the distribution of the intermediate clusters. Moreover,
the partial overlap observed among C0, C2, and C4 suggests the existence of gradual
transitions between some degradation states rather than completely rigid boundaries.
From an engineering perspective, this behavior is consistent with the continuous nature
of corrosion processes, in which intermediate conditions may arise between more clearly
separated profiles. Therefore, the scatter plot supports the interpretation of the final
clustering solution as a hierarchy of distinguishable but physically connected corrosion or
integrity states.

In Figure 11, the cluster profile analysis shows that the WCCH model separated
the pipe segments into distinct degradation and integrity profiles. Cluster C1 exhibited
the highest mean wall-thickness loss, together with the largest loss range and standard
deviation, indicating severe and heterogeneous degradation. In a similar case, the Cluster
C4 also showed high mean loss, although with lower variability than C1.

Cluster Profile — WCCH
Approach: With PCA|PCA=9 | k=5

Loss and Silhouette Profile by Cluster Wall Thickness Profile by Cluster

= Loss Mean mmm Meas Thickness Mean
Loss Range m=m Meas Thickness Std

= Loss Std == Min Thickness Mean
== Silhouette === Min Thickness Std
ea

Mean Value
Mean Value

co a =] c ca co a @ c3 ca
Cluster Cluster

Figure 11. Loss, silhouette, and wall thickness profile by cluster (WCCH/PCA =9/k = 5).

In contrast, C3 presented the lowest loss-related indicators and the highest wall-
thickness margins, suggesting the most favorable integrity condition. Therefore, the cluster
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profiles confirm that the proposed clustering approach captured not only differences in
average wall loss, but also differences in spatial variability and remaining wall-thickness
margin among the inspected segments.

Another type of analysis, as depicted in Figure 12, shows the mean criticality score
for each cluster obtained from the final clustering solution. The results indicate a clear
criticality hierarchy among the identified groups, with C1 presenting the highest mean
score, followed by C4. Both clusters were classified as high-criticality groups, suggesting
that they represent the most severe degradation profiles among the inspected pipe segments.
Clusters C2 and C0 showed moderate criticality levels, whereas C3 presented the lowest
mean score and was classified as a low-criticality group. These findings confirm that the
present clustering-based approach was able to distinguish pipe segments according to
different levels of corrosion severity and wall-integrity condition.

Cluster Class
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Figure 12. Mean criticality level by cluster.

In Figure 13, we present another kind of evaluation highlighting the distribution of
segment criticality scores within each cluster. The results confirm the criticality hierarchy
previously observed from the mean scores, with C1 and C4 classified as high-criticality
clusters, C2 and CO as moderate-criticality clusters, and C3 as a low-criticality cluster.
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Figure 13. Distribution of segment criticality score by cluster.
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Cluster C1 presented the highest mean score and included the most severe cases,
with criticality values reaching 100. On the other hand, C3 showed the lowest mean
score and the most favorable integrity condition. Although C2 was classified as moderate
on average, it exhibited a wide dispersion and included some high-criticality segments,
indicating a heterogeneous degradation profile. These findings show that the clustering-
based approach not only ranked the clusters by average criticality but also revealed the
variability of segment-level severity within each group.

Finally, the results shown in Table 6 reinforce the practical relevance of the proposed
methodology. Rather than providing only a global corrosion indicator for the plant, the
proposed approach assigns each pipe segment to a final cluster and associates it with an
individual criticality score. Since the corresponding pipe TAGs are preserved throughout
the analysis, maintenance professionals can directly identify the specific sections that
require higher inspection priority, particularly those classified in high-criticality clusters
and presenting criticality scores above 90. This is especially relevant considering the
approximately 18 km of pipelines subject to inspection in the hydroelectric power plant.
Therefore, the final ranking provides a direct link between the multivariate clustering
results and actionable maintenance decisions, supporting a more objective and data-driven
corrosion management strategy.

Table 6. Top-five most critical pipe segments in each final cluster.

GG UG System Tag Pipe Segment  Final Cluster Criticality Score
GG2 UGl11 EE 10" EE-1108A1  VSP1 3 32.7325
GGl UGI1-UG8 EE 14" EE-0807A1  VSP1 3 33.2682
GGl UG3 EE 12" EE-0303A1 CURVE-1 3 33.7625
GG2 UGI18 EE 12" EE-1803A1 CURVE-4 3 34.4085
GG2 UG17 EE 12" EE-1703A1 CURVE-4 3 34.5514
GG2 UGI10 AR 10” AR-1007A1 HSP7 0 44.2044
GG2 UG20 AR 10" AR-2005A1 HSP5 0 44.2077
GG2 UGI13 AR 18" AR-1301A1 HSP4 0 44.2407
GGl UG6 AR 10" AR-0605A1 HSP5 0 44.3278
GG2 UGl14 AR 10" AR-1407A1 HSP4 0 44.3812
GG2 UG13 AR 14" AR-1303A1 CURVE-1 2 76.1691
GG2 UG17 AR 14” AR-1701A1 CURVE-1 4 76.4239
GGl UGS DR 8" DR-0844A1  CURVE-6 2 76.8853
GG2 UGl11 AR 14”7 AR-1101A1 CURVE-2 2 77.1359
GGl UG6 AB 14" AB-0601A1 CURVE-4 2 78.3890
GG2 UGI18 AR 10" AR-1805A1 CURVE-5 4 78.8182
GGl UG”7 AR 14" AR-0702A1 CURVE-1 2 79.1199
GG2 UGI19 AR 18" AR-1901A1 TEE1 4 79.8405
GGl UGI1-UG8 EE 14" EE-0808A1 CURVE-2 4 80.4071
GGl UGl AR 14" AR-0103A1 CURVE-1 4 84.9335
GGl UGS AR 14" AR-0802A1 VSP2 1 93.8585
GGl UG”7 AR 10” AR-0705A1 CURVE-1 1 94.1364
GGl UG8 AR 10" AR-0806A1 HSP1 1 94.4717
GGl UG7 AB 14" AB-0701A1  VSP1 1 96.8575
GGl UG5 AB 14" AB-0501A1 HSP9 1 100.0000

4.3. Discussion of Outlier Segments

In this section, an additional discussion of the outlier segments is provided. As mentioned
earlier, after processing the raw data during the feature engineering stage, the outlier cases
were separated, resulting in 21 pipeline segments. The analysis of these segments, flagged as
outliers, provides additional engineering insight beyond the clustering results.
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As previously described, a segment was removed whenever at least one of the vari-
ables, namely, mean thickness loss, or mean measured wall thickness, fell outside the

interval defined by Q1 — 2IQR and Q3 + 2IQR, as discussed in Section 3.2.
As shown in Figure 14, the outlier segments ranked by mean loss exhibited markedly
elevated degradation levels, with several segments presenting average loss values close
to or above 50%, indicating highly atypical corrosion conditions when compared with
the remaining dataset. In particular, the most severe outliers were mainly associated
with CURVE segments, suggesting that these geometries may be more susceptible to
localized or intensified degradation under the operating conditions considered in this study.

Nevertheless, some outlier segments did not present measurable thickness loss, which
indicates that the outlier detection was based on a multivariate criterion rather than on

mean loss alone.

Although the outlier ranking by mean loss highlights segments with atypically high
degradation values, the comparison between measured and minimum-allowable thickness
shows that many of these cases still remain above the structural limit. In some segments,

the measured thickness is even higher than the nominal thickness, indicating that these
outliers should not be interpreted a priori as imminent failure cases, but rather as atypical

conditions requiring individual engineering assessment.
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Figure 14. Outlier pipe segments split by mean loss.
Thus, while Figure 14 emphasizes the severity of the outlier cases in terms of mean loss,

Figure 15 shows that their structural interpretation must be complemented by thickness-
based indicators, since high loss values do not necessarily imply that the segment is close

to the minimum-allowable condition.
group in terms of structural condition. While some segments exhibit measured thickness

values only slightly above the minimum-allowable thickness, suggesting reduced integrity
margins, others remain well above the admissible limit and therefore cannot be interpreted
as imminent failure cases. This result indicates that the statistical identification of outliers

In other words, Figure 15 shows that the outlier segments do not represent a uniform
should not be directly equated with critical structural condition, but rather interpreted as

evidence of atypical behavior requiring individual engineering assessment.
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5. Conclusions

This study proposed a data-driven framework combining descriptive statistical anal-
ysis, PCA, and clustering methods to support corrosion mapping and criticality ranking
of water pipeline systems in a hydroelectric power plant. A total of 4916 pipe segments
associated with 20 generators (generating units 1 and 2) were initially evaluated.

The descriptive statistical analysis showed that wall thickness loss was not uniformly
distributed across the plant. Differences were observed among generating units, segment
types, pipe diameters, and inspection points. Although most segments presented median
losses within the low severity range, localized severe wall loss conditions were identified
in specific segments. Pareto analyses indicated that HSP, CURVE, and VSP segments were
the main contributors to the accumulated wall-thickness loss, reinforcing the importance of
considering segment geometry in inspection prioritization.

The PCA step reduced the dimensionality of the original feature matrix while preserv-
ing most of the information contained in the data. Nine principal components retained
approximately 83.3% of the cumulative explained variance and were therefore used as
the reduced feature space for clustering. This representation allowed the clustering stage
to integrate wall loss descriptors, wall thickness statistics, wall integrity indicators, pipe
geometry, segment type, and system information in a compact and less redundant form.

Among the evaluated clustering configurations, the best result was obtained using the
WCCH weighted consensus model, with nine principal components and five clusters. This
result indicates that weighting the base partitions according to the Calinski-Harabasz index
improved the quality of the final consensus partition. The resulting cluster hierarchy iden-
tified two high-criticality groups, two moderate-criticality groups, and one low-criticality
group. In particular, clusters C1 and C4 represented the most critical degradation/integrity
profiles, whereas C3 corresponded to the most favorable condition.

Finally, the results demonstrated that the proposed PCA-based weighted consensus
clustering approach can distinguish different corrosion and integrity profiles among pipe
segments. The methodology provides a structured basis for corrosion ranking, inspection
prioritization, and maintenance planning, supporting more rational integrity management
decisions in hydroelectric power plant piping systems.

Future studies should evaluate the proposed approach using data from all five gener-
ating units, corresponding to a total of 50 generators.
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