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Pipeline damage in mission-critical systems, such as pipelines within naval ships, can result in substantial consequences.
Compared to manual inspection of pipeline damage by crew members onboard, structural health monitoring of pipeline systems
offers prompt identification of damage sites, enabling efficient damage mitigation. However, one challenge of this approach is
deriving an optimal sensor placement (OSP) strategy, given the large and complex pipelines found in real-scale naval vessels. To
address this issue, a search space reduction method is proposed for OSP suitable for the large and complex pipeline systems found
in naval ships. In the proposed method, the original search space for sensor placement is reduced to a manageable scale using an
explainable artificial intelligence (XAI) technique, namely, a gradient-weighted class activation map (Grad-CAM). Grad-CAM
enables quantification and visualization of the contribution of individual pipeline nodes to classify damage scenarios. Noncritical
sensor locations can be excluded from the candidate search space. Furthermore, a peak-finding algorithm is devised to select only
a limited number of nodes with the highest Grad-CAM values; in this research, the algorithm is proven effective in reconstructing
the search space. As a result, the original OSP problem—which has an extremely large search space—is reconstructed into a new
OSP problem with a computationally manageable search space. The new OSP problem can be solved using either meta-heuristic
methods or exhaustive search methods. The effectiveness of the proposed method is validated through a case study on a real-scale
naval combat vessel, measuring 102 m in length and carrying a full load of 2300 tons. The results show that the proposed XAI-
based search space reduction approach efficiently designs an optimal pipeline sensor network in real-scale naval combat vessels.

Keywords: explainable artificial intelligence; genetic algorithm; optimal sensor placement; sensor network design; structural
health monitoring

1. Introduction

Pipeline damage in safety-related and mission-critical sys-
tems can result in substantial losses. To avoid such incidents
and mitigate their consequences, structural health moni-
toring (SHM) has been implemented for various pipelines in
engineering assets, such as petrochemical plants, power
plants, ships, and buildings. The smart valves that the US

Navy developed to enable prompt response to pipeline
damage on combat vessels are an excellent example of SHM
[1]. Recently, automated pipeline diagnostic systems on
naval vessels have also been studied with the aims of (1)
ensuring efficient mitigation of damages and (2) reducing
the number of crew members needed onboard [2, 3]. Op-
timal sensor placement (OSP) is required to successfully
implement SHM in the large and complex pipelines found
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on naval ships. If OSP is not performed properly (i.e., if the
number of sensors is insufficient and/or the sensors are not
placed at critical locations), the SHM outcome can suffer
from fault-detection errors caused by unoptimized data
acquisition. Thus, the SHM approach cannot produce the
desired level of target detectability [4].

Numerous OSP studies were conducted to improve
optimization algorithms [5], evaluation criteria [6], and
frameworks [7, 8]. Enhanced optimization algorithms were
actively studied. The OSP problem can be treated as an NP-
hard problem in the mixed integer nonlinear programming
(MINLP) form, while evolutionary algorithms (EAs) are
suitable for solving OSP problems. To this end, variants of
standard EAs were developed by introducing new encoding
techniques [9], modifying the fitness function [10], and
devising new operators [11-13]. Among them, genetic al-
gorithms (GAs) have become a widely accepted approach.

Selecting sensor types and evaluation criteria are im-
portant in developing OSP procedures. In structural sys-
tems, modal information is widely employed. For example,
modal analysis-based information entropy, the modal as-
surance criterion, and modal shape reconstruction methods
are employed to evaluate the performance of sensor con-
figurations [14-17]. On the other hand, it is limited to di-
rectly employ the evaluation criteria in pipeline structures
that transport fluids. Damage detection methods for pipe-
lines can be classified into exterior, visual, and interior
methods, along with numerical approaches. Among these
methods, it was reported that only interior methods, in-
cluding mass-volume [18, 19] and pressure data [20-22], can
cover a large system area [23]. Therefore, this paper adopts
an interior method based on pressure data, combined with
a numerical approach.

This study devises a search space reduction method
suitable for OSP in the large and complex pipeline systems
found on naval ships. As mentioned, most existing OSP-
related studies focused on two aspects: (1) optimization
algorithms and (2) evaluation criteria. However, conven-
tional methods are limited in addressing the curse of di-
mensionality. The required sensor number increases
exponentially with higher detectability targets, resulting in
numerous local minima and elevated computational costs.
Furthermore, GA approaches face challenges in sensor
network design as their solution quality and computational
efficiency decline in extremely large search spaces. They also
lack effective guidance for relocating sensors when physical
constraints make placement infeasible. To this end, the
proposed method introduces a significant shift in focus by
addressing the search space where optimization algorithms
identify optimal sensor locations. Specifically, a novel
framework was proposed by incorporating an additional
phase, search space reduction, before the optimization
phase. This innovation leverages explainable artificial in-
telligence (XAI) to determine critical sensor locations, ef-
fectively excluding nonessential regions from the original
search space (OSS). By reconstructing the OSS, optimization
algorithms can achieve the optimal sensor locations with
improved efficiency and solution quality. Moreover, the
application of XAI provides engineers with crucial insights
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into pipeline regions for damage detection, allowing them to
refine sensor placement when physical constraints make the
optimal design infeasible. In particular, the artificial in-
telligence (AI) model proposed in this study enhances the
explainability of AI, making it easier for engineers to in-
terpret and use critical information related to sensor
placement. In this study, we demonstrate the effectiveness of
the proposed method by applying it to the pipeline system of
a real-scale naval combat vessel, measuring 102 m in length
and carrying a full load of 2300 tons.

The remainder of this paper is organized as follows:
Section 2 presents the challenges inherent in the sensor
network design for studying the large and complex pipelines
found in naval ships. Section 3 describes the proposed
method. Section 4 presents a case study that was examined to
validate the effectiveness of the proposed method. Finally,
Section 5 concludes this paper.

2. Challenges in Sensor Network Design

This section provides an overview of the target system
considered in this study. Then, the OSP challenges associated
with the large pipelines found in the target system are briefly
summarized, followed by a literature review.

2.1. Pipelines in Naval Ships. The naval ship examined in this
study is an future frigate experimental (FFX) Batch-II, as shown
in Figure 1(a). The vessel has a full load displacement of up to
2300 tons. It measures 102 m in length and has a beam width of
11.5m. The vessel accommodates a crew of 150 personnel.
Additional details are not disclosed for national security rea-
sons. A drawing of a single section of the pipeline system of the
naval ship is depicted in Figure 1(b) [11]. For this study,
a testbed was built to emulate the hydraulic behavior of the
pipeline subsection of a naval ship; this testbed and its sim-
ulation model of a single section with 109 nodes are shown in
Figure 1(c). The simulation model was built using EPANET, an
open-source software developed by the US Environmental
Protection Agency (US EPA). The simulation model, which
represents the pipeline subsection of the entire system, was
initially designed to evaluate the feasibility of applying the OSP
procedure in a prior study [11]. Details of this model can be
found in the referenced study. In this paper, the simulation
model shown in Figure 1(c) is utilized to aid in the un-
derstanding of the proposed method.

The simulation model inputs include the pipeline ge-
ometry, hydraulic parameters (e.g., minor loss and rough-
ness coefficients), and pump specifications. The simulation
model with calibrated parameters is employed to predict the
hydraulic behavior of the main fire pipeline, such as the
pressure and flow rate, under the assumption of pipeline
damage due to ruptures. The damage scenarios (DSs) were
predefined by domain experts. For instance, a pipeline
rupture can result from a missile attack on the front, deck, or
stern of a naval ship, corresponding to Sites A, B, and C in
Figure 1(b). The scenarios “No damage” and damage at Sites
“A,” “B,” or “C” were designated as DSs 1, 2, 3, and 4, re-
spectively. If the pipeline is damaged by rupture, the water is
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FIGURE 1: A pipeline system in a naval ship: (a) FFX Batch-II, (b) drawing of a single section of the pipeline, and (c) simulation model.

drained out, resulting in a pressure drop from an initial high
pressure (9 bars) to the atmospheric pressure.

The simulation model, accounting for measurement
uncertainty and the inherent randomness of fluidic co-
efficients, can predict pressure data for given DSs. However,
it is challenging to directly measure uncertain parameters,
such as the minor loss and roughness coefficients, since an
experiment using real-scale naval ships is infeasible.
Therefore, in this study, the uncertain parameters are esti-
mated using the hydraulic values measured from sensors on
the testbed, which emulates one section of the pipeline
system in a real-scale naval ship. Details on the calibration
and validation of the simulation model can be found in the
previous work of Kim et al. [11].

2.2. Problem Statement. The OSP problem for pipelines in
naval ships can be formulated in a standard design opti-
mization model:

My

minimize f (x) = Y (1-D;(x)) x 100 (%),
i=1

subject to xj, < x < X,

1

where n,; is the total number of DSs, D; (-) is the evaluation
criterion for the ith DS (i.e., detectability), x is the design
vector that indicates the sensor location, xj, and x,,;, are the
lower and upper bounds of the sensor location, respectively.
A minimization problem is formulated by multiplying
minus one (—1) by the detectability D; (x) since the objective
of the optimization problem is to maximize the detectability
of damage. The optimization problem is formulated as an
MINLP since the design variables are node numbers in the
simulation model.

Two-step approaches have been implemented to enable
OSP to cope with the challenges posed by large structures
with thousands of degrees of freedom [5, 24]. In the two-step
approach, a reduced-order model is constructed first by
capturing the essential dynamics of the large structure; this
first step decreases the fidelity of the original structure and
thus mitigates the computational burden [25-27]. For ex-
ample, Casciati and Casciati [28] designed the control law
based on a reduced-order model in the wind-excited bridge.
The reduced-order model has proven effective for OSP in
large-scale structures, such as high-rise buildings, irregularly
shaped towers, and cable-stayed bridges. Sun and
Biiytikoztirk [29] built reduced-order models of large
structures, including a 21-story building and the 610-m high

95UBD17 SUOLLLIOD SAIERID 3(edljdde ay) Aq peusenob aJe sspiie YO ‘SN JO s3I J0j AeiqiauljuO AS|IA UO (SUDNIPLOD-PUR-SLLIBIALICD" B |IM-ALe1q)1BulUO//SdNY) SUONIPUOD PUe SWiB | 81 39S *[5202/60/50] U0 AiqITauIUO AB1IM *(S19) ABojouyde | puy 83uedS JO aImnsu| niBuems Aq ¥0029¥8/A1S/SSTT OT/I0p/W0D A8 |1 Alelq Ul |UO//StIY WO1) PePeouMOQ ‘T ‘SZ0Z ‘WLdS



Canton Tower. Cao et al. [30] reconstructed full-field dy-
namic responses using a set of basic vectors obtained from
high-fidelity data. The results demonstrated that the pro-
posed method is both efficient and practical. However,
unlike the large structures discussed above, reduced-order
models are not available for naval ship pipeline systems. The
large and complex pipelines of naval ships still require a full-
blown numerical analysis to predict their complicated sys-
tem behavior.

3. Proposed Method

This section presents a procedure for a sensor network
design with search space reduction by the XAI technique
[31, 32]. A flowchart of the proposed method for the sensor
network design is shown in Figure 2. First, a statistical
database is constructed using a simulation model that
emulates the hydraulic behavior of the pipeline system.
Then, a convolutional neural network (CNN) model is
trained on this database while optimizing its hyper-
parameters. After validating the CNN model, Grad-CAM
values are computed to exclude noncritical sensor locations
from the candidate search space. Consequently, the original
OSP search space is reconstructed using only the remaining
critical sensor locations. Finally, a meta-heuristic method is
employed to select optimal sensor locations in the reduced
search space (RSS) while ensuring target detectability.

3.1. Statistical Database Construction. Sensor data are re-
quired to develop a data-driven fault-diagnostic model for
pipeline systems. The hydraulic simulation model is built
and calibrated using the small-scale testbed’s experimental
data. After calibration, it is assumed that the simulation
model can emulate the target pipelines in real-scale naval
ships. More information can be found in the previous
publication by Kim et al. [11].

A statistical database is constructed using the Latin
hypercube sampling method with a calibrated simulation
model. A pair of inputs and corresponding outputs are
recorded as a single datum. A statistical database is con-
structed by accumulating individual data. The statistical
database contains values for the roughness coeflicient, minor
loss coefficient, measurement error, and pressure drops. For
training and testing CNN models in pipeline fault diagnosis,
the statistical database is divided into training and test sets.

3.2. Search Space Reduction. A custom-designed CNN
model with the Grad-CAM technique is proposed in Fig-
ure 3 [33]. The proposed model consists of convolutional
layers, a recursive-softmax layer, and dense layers. Pooling
layers are intentionally removed to preserve the spatial
resolution associated with individual sensor nodes in the
pipeline system. Inspired by the prior work [34], the pro-
posed model introduces the recursive-softmax layer at the
end of the convolutional layer. The main concept of the
recursive-softmax layer is to assign discrimination to the
output in the same layer. The recursive-softmax function is
as follows:
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FiGURE 2: Flowchart of the proposed method.

Xi

. zsqexk’

y(x) = xif (%) = x (2)
where x; is the output for the ith node in the last con-
volutional layer, f(-) is the softmax function, and K is the
total number of nodes in the layer. In equation (2), the
output of the softmax function is recursively multiplied by
itself. The denominator normalizes the node x; along the
vector x, which is the layer output. Therefore, the recursive-
softmax function increases the difference between nodes in
the same layer. As a toy problem, suppose that two outputs
of A7=10 and A} =20 exist in the second convolutional
layer of the proposed model. When the outputs are fed into
the recursive-softmax function, the recursive-softmax layer
provides 4.5398 x 107* and 19.9991. As a result, the differ-
ence between the outputs increases from 10 to 19.9986 (= an
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F1GURE 3: Schematic showing the process of obtaining Grad-CAM values in the proposed CNN models: (a) calculating contribution weights
and (b) visualization by taking the rectified linear unit (ReLU) function of the weighted sum.

increase of 99.99%). Using the recursive-softmax function
makes the distribution of the Grad-CAM values more
sensitive. The recursive-softmax function offers increased
sensitivity of sensor locations to the predicted class.

The proposed CNN model is trained to classify the DSs
using the statistical database. The hyperparameters of the
CNN model, such as the number of layers, kernel size, and
activation function, are optimized so that the detectability is
maximized. Figure 3(b) illustrates how to compute Grad-
CAM values. The Grad-CAM values indicate the contri-
bution of individual sensor nodes at the convolutional layer
for the predicted class. Therefore, Grad-CAM values are
used to reconstruct the OSS into a reduced one that only
includes critical sensor locations for classifying DSs.

The contributions of individual sensor locations to
classify DSs are calculated using the Grad-CAM values. For
example, the Grad-CAM values of the small-scale testbed are
presented with three DSs, as shown in Figure 4. In
Figure 4(a), Nodes 31, 44, and 68 have the highest peaks of

Grad-CAM values for DS 2, DS 3, and DS 4, respectively.
This indicates that the three nodes offer the most critical
information for classifying the DSs. When the CNN model
has a recursive-softmax layer, the difference in Grad-CAM
values between sensor nodes increases, as shown in
Figure 4(b). The Grad-CAM values at the three nodes have
sharp peaks compared to those shown in Figure 4(a). Thus, it
is verified that the proposed CNN model with the recursive-
softmax layer effectively visualizes the sensor location
contribution for given DSs.

Grad-CAM values are distributed with a peak value at
a particular region. Including all the nodes in a single region
as candidates for a RSS is unnecessary. Instead, finding
several candidates in multiple regions effectively maximizes
the detectability. To this end, a peak-finding algorithm
(PFA) is devised to select a small number of nodes with the
highest Grad-CAM peaks in individual DSs. This algorithm
identifies sensor nodes with peak Grad-CAM values. The
pseudo-code for the algorithm is described in Algorithm 1.
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the recursive-softmax layer and (b) CNN model with the recursive-softmax layer.

Initialize iterator: t «—1
Initialize selected nodes: D,;:=[]
while length(D,,) <, do
Check the constraint:
If (all index in Dy,;—t) <b,:
fe—1t+1
Else:
Select node indexed by t: D,,; «— [D,,, D,,,, [t]]
te—1t+1
end if
Return D,

Require: One-dimensional Grad-CAM data D, the number of peaks 7, the bounds of distance from selected nodes b,
Collect peak nodes and sort based on the Grad-CAM values: D

Select nodes with the highest peak of Grad-CAM value: D, «— [D,,, D,,,,[t]]

ot < sort (D)

ALGORITHM 1: Peak-finding (D, "y by).

The PFA is executed repeatedly for all DSs to select critical
nodes based on Grad-CAM values, classifying the given DSs.

The PFA has two hyperparameters. First, the number of
nodes to be selected (n,)) corresponds to the required nodes
for each DS. Choosing a large value of 7, diminishes the
effectiveness of the search space reduction, whereas
choosing a small value of 1, can exclude potentially effective
sensor locations. Thus, a tradeoff is required to select
a proper value of n,. Based on the authors’ experience, n,
should be chosen considering the total number of candidate
sensor locations. For example, when 1, was set to 2, 3, and 4,
the number of peak nodes increased to 5, 7, and 9, re-
spectively, with two additional nodes added for each in-
crement of n1,,. Smaller n, values reduce computational costs.
However, they can eliminate critical sensor locations for

damage classification. Gradually increasing n, improves the

likelihood of including the critical sensor locations. Thus,

this study recommends starting with a smaller n, and in-

crementally increasing it while verifying compliance with
the target detectability. We set 11,, to 3 in this study. Second,
the bounds of the distance (b,) are used to avoid selecting
already-selected sensors. The bounds of the distance are
associated with the size of the convolutional operation
kernels in the CNN model. During CNN model training,
information regarding nodes is aggregated by the con-
volutional operator since the kernel size of the CNN model
determines the node quantity. Therefore, the Grad-CAM
values already include node information as the kernel size. In
this study, b, is set as the kernel size to avoid selecting
redundant information from neighboring nodes.
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Using the nodes selected by the PFA, search space re-
construction is performed. The search space reconstruction
comprises two steps: (1) adding neighboring nodes and (2)
clustering. In the first step, physically adjacent nodes are in-
corporated with the existing ones. This step aims to reduce the
discrepancy between Grad-CAM values and the physical lo-
cations of the corresponding sensor nodes. For example, the
neighboring nodes within 1m of the selected node were ad-
ditively selected, as shown in Figure 5. Grad-CAM values are
visualized through the node color. The higher the Grad-CAM
values of nodes, the closer is to yellow, while lower values are
represented by shaded closer to blue. In the second step, selected
nodes are clustered using the density-based spatial clustering of
applications with noise (DBSCAN) algorithm [35]. After the
node groups are clustered, the empty spaces within individual
groups are filled. Subsequently, clustered candidate node sets are
selected. An illustrative example of the node index is presented
in Figure 6. The final candidate nodes span the entire search
space, ensuring comprehensive coverage (i.e., all design points).
The total number of candidate solutions is expressed as N,
where N represents the number of final candidate nodes, and
the superscript n denotes the number of sensors used in the
sensor network design. Six groups are clustered, and empty
spaces for individual groups are filled. The individual groups
consist of 1-4 (4 nodes), 11-14 (4 nodes), 28-31 (4 nodes),
41-44 (4 nodes), 65-69 (5 nodes), and 86-97 (12 nodes), re-
spectively. Finally, 33 nodes are selected as the candidate sensor
locations in total. A new RSS is constructed using the final
candidate sensor nodes. The physical locations of the final
candidate sensor nodes are described in Figure 7. Intuitively,
one might assume that the damage points exhibiting the greatest
pressure drops are the optimal locations for sensor installation.
However, regions distant from the damage points (A, B, and C)
are also included among the final candidate sensor locations.
This suggests that classifying all DSs requires obtaining com-
prehensive information from multiple sensor locations.

3.3. Sensor Network Design. The sensor network design
requires multiple iterations of classifying DSs using sensor
measurements (e.g., pressure) to determine the sensor lo-
cations that maximize detectability. The sensor measure-
ments are obtained by simulating the hydraulic model that
produces a pressure distribution.

The classification of DSs can be conducted using sta-
tistical methods and machine learning methods. Examples
are Euclidean distance, Mahalanobis distance (MD), support
vector machine, multilayer perceptron, and CNN. In
principle, any method can be used to solve the classification
problem. This study adopts the MD classifier for the sensor
network design since MD is computationally less demanding
and has no hyperparameter. MD measures the distance
between a sample point and a probability distribution. It
quantifies the proximity of a sample (i.e., test data) to the
probability distribution (i.e., training data). The mathe-
matical form of MD is as follows:

MD;; = \/(Xi - M;) 55! (X,-M;) 3)

1

LR 1

o0 ec0e0es 0 e 0 e .

*Distance between two adjacent nodes = 0.5 m

—> Selected node from peak-finding algorithm
—>» Neighboring nodes within 1 m

FIGUre 5: Visualization of the Grad-CAM for the small-scale
simulation model and selected node from the peak-finding algo-
rithm and its neighboring nodes within 1 m.
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FIGURE 6: The final candidate nodes and their groups for a small-
scale pipeline system.

where X; is the vector of the ith test data acquired from
sensors and M; and Z; are the mean vectors calculated using

training data for the jth DS and the covariance matrix,
respectively. The notation i is the number of corresponding
test data out of the n,, test data samples. In contrast, the
notation j is the number of DSs out of ny, DSs. Therefore,
MDs between the test data and the DSs are presented in the
MD matrix of n,, by ng. A classification of the DSs is made
using the MD values. For the given test data, the DS with the
smallest MD value was selected as the best possible DS.
As presented in Section 3.1, measurement uncertainty
and the inherent randomness of fluidic coefficients in the
pipeline system can lead to uncertainty in the classification
results. Consequently, a probabilistic approach should be
implemented to evaluate the performance of the sensor
network design (i.e., detectability). A probability-of-
detection (PoD) matrix describes the detectability reflecting
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FiGure 7: Final candidate nodes set for a small-scale pipeline
system.

uncertainty [36]. The PoD matrix has the size of ny by ng4
where ny, is the number of DSs. The elements of the PoD
matrix at the ith row and jth column are as follows:

PoD (i, j) = Pr (Classiﬁed as DSj|System isat DSi), (4)

where DS; and DS; represent the ith and jth damage sce-
narios, respectively. The diagonal term of the PoD matrix
corresponds to the conditional probability of the correct
classification. Then, the detectability for the ith DS is defined
as

D; =PoD(j, i) = Pr(Classiﬁed as DS,|System is at DSi),
(5)

The detectability metric for a given sensor network
design (D) is
1 Mgs

D=— D.. 6
ndzl ; (6)

The OSP aims to find optimal sensor locations that
maximize the evaluation criterion. To design a sensor net-
work, the optimization problem is formulated in equation
(6). This study employed detectability as the evaluation
criterion. Detectability can be calculated using the PoD
measure, which is the probability of the correct classification
of detection of the classification algorithm [36].

The solution to the OSP problem can be found by
implementing three steps. First, the number of sensors is set
to be the lowest bound allowed in the optimization problem.
Second, a search is conducted for a combination of sensor
locations that exceeds the target detectability. If the target
detectability is not achieved, the number of sensors is
incremented by one. Last, the second step is repeated until
the target detectability is achieved or the upper bound of the
number of sensors allowed is reached. With the RSS dis-
cussed in Section 3.1, meta-heuristic methods such as GAs
can be implemented to find the optimal solution. An
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exhaustive search will be feasible when the RSS is small, and
the computational burden is tolerable.

4. Case Study

In this section, we move from the small-scale model pre-
sented in Figure 1(c) to the real-scale model of the pipeline
system used in an FFX-Batch II naval combat vessel, as
shown in Figure 8. The real-scale model is employed to verify
the effectiveness of the proposed method. First, the imple-
mentation details of the proposed method are described.
Then, the results are described, and a performance com-
parison is provided. Last, a discussion of the case study and
its results are presented.

4.1. Implementation Details. The real-scale pipeline simu-
lation in Figure 8 is approximately ten times larger than the
small-scale pipeline system in the prior study [11]. As
a result, the quantity of sensor nodes increased from 109 to
1026, all are potential locations for sensor placement. Fifteen
failure sites were identified by domain experts, considering
possible attacks from an enemy. Due to the increased
number of potential failure sites, the number and complexity
of possible DSs have likewise grown. Among them, ten DSs
were simulated in this case study (i.e., no damage + nine
combinations of damage sites).

The normal state without any damage was defined as DS
1. DSs 2 to 4 were defined as single damaged points at L,, R,
and R;. DSs 5 to 7 were defined with two damaged points in
each scenario, at (Rs, V3), (Ry, R3), and (L, Ls), respectively.
DSs 8 to 10 were set with three damaged points for each
scenario, at (R,, Rs, V), (Ly, Ls, Lg), and (Lg, Ry, Vy),
respectively.

The nominal pressure values along the sensor node from
the real-scale simulation model are shown in Figure 9. An
optimal sensor location cannot be determined by visual
inspection since the pressure distribution is too complicated.
Moreover, the pressure values deviate due to measurement
uncertainty and the inherent randomness of the pipeline
systems. Therefore, an optimal sensor network should be
determined by the systematic approach.

A statistical database was constructed using the real-scale
simulation model. The dominant uncertainty sources of the
simulation model were minor loss and roughness co-
efficients since the dominant factors affecting the hydraulic
flow in a pipeline are corrosion and turbulence. Measure-
ment errors induced by the variability in measurements were
incorporated into the model. The pipe’s roughness and
minor loss coefficients were modeled as normal distribu-
tions, N(0.05, 0.005) and N(150, 15), respectively [37, 38].
The mean value for the roughness coefficient was de-
termined based on the material (i.e., stainless steel) used in
our experiment. The mean value of 150 for the minor loss
coefficient was selected considering the bends in the
designed pipeline system. The standard deviations were set
to have a coefficient of variance of 0.1 [39, 40]. The mea-
surement error was assumed to follow a normal distribution
N(0, 0.0138). As reported in [3], the standard deviation of the
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FiGure 8: Hydraulic simulation model for a real-scale pipeline system in a naval ship.
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FIGURE 9: Nominal pressure distribution calculated from the real-scale simulation model.

measurement error was characterized through repeated
pressure measurements using a prototype nonintrusive
sensor system. Uncertainty propagation was conducted via
a Monte Carlo sampling method, with 10,000 data samples
generated for each DS. A statistical database was constructed
using pressure data from 90,000 data samples along the
pipeline for the nine DSs, excluding the normal state. Of the
total database, 80% was allocated for training, and the
remaining 20% was reserved for testing. In summary, the
datasets for the individual DSs were divided into training
and test data with 72,000 and 18,000 data samples,
respectively.

A CNN model was built to classify the DSs for the real-
scale pipeline system. The architecture of the CNN model is
shown in Table 1. The input was the pressure values of the
1026 nodes from the simulation model, while the output was

one of the nine DSs. DS 1 was excluded from the classifi-
cation task since the pressure value for the normal state was
evident (i.e., 9 bars throughout the pipeline). The grid-search
method optimizes the hyperparameters of the CNN model,
such as the number of layers, kernel size, and activation
function. The CNN model was trained to classify the nine
DSs. A validation accuracy of 100% was achieved during the
training process. It is important to recall that the objective of
building the CNN model is to calculate the Grad-CAM
values.

The contribution of the sensor locations to damage
classification was calculated using the Grad-CAM technique.
The Grad-CAM results of the real-scale pipeline system for
all DSs are described in Figure 10(a). The horizontal axis
indicates the sensor node number, and the vertical axis
indicates the Grad-CAM values. The individual lines present
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TaBLE 1: CNN model architecture with Grad-CAM.
Layer Output shape Number of parameters Note
Input layer (None, 1,026, and 1) 0 —
Convolutional layer 1 (None, 1,026, and 8) 96 Kernel = 5; filter=16
Convolutional layer 2 (None, 1,026, and 16) 544 Kernel = 1; filter =32
Recursive-softmax layer (None, 1,026, and 16) 0 —
Flatten layer (None, 32, and 832) 0 —
Output layer (None and 9) 295,497 —
1 3 1
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FIGURE 10: Sensor node contribution in classifying individual damage: (a) Grad-CAM values for all the damage scenarios, (b) Grad-CAM
values for DS 2, (c) histogram with recursive softmax, and (d) histogram without recursive softmax.

the contribution along the sensor node number for indi-
vidual DSs. For this case study, the effect of the proposed
model with the recursive-softmax layer is compared with
that of a conventional CNN model without the recursive-
softmax layer. As a representative example, the Grad-CAM
values of DS 4 are shown in Figure 10(b). As expected, the
Grad-CAM values from the CNN model with the recursive-
softmax layer showed sharp peaks compared to the results
without the recursive-softmax layer. The effectiveness of the
proposed model with the recursive-softmax layer can be
analyzed statistically. When two individual Grad-CAMs are
fitted to the exponential distribution, the individual

hyperparameters (A) are estimated as 0.19 and 0.38, re-
spectively. The distributions of the Grad-CAM values with/
without the recursive-softmax layer can be graphically
compared, as shown in Figures 10(c) and 10(d). The pro-
posed method yields the Grad-CAM distribution that tends
to lean toward zero values. Consequently, it can be inferred
that the proposed model better emphasizes the highlighted
Grad-CAM values than the conventional CNN model.
The PFA was used to determine the sensor nodes that
exhibit the highest Grad-CAM peaks. The parameters of the
PFA, including n,andb,, were set to three and five, re-
spectively. As a result, 22 peaks were identified by the PFA
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across all DSs. The search space was reconstructed in two
steps. In the first step, neighbors within 1 m of the peaks
were added as candidate sensor locations, as illustrated in
Figure 11. The Grad-CAM values indicated by the color at
the node are between zero and one. The yellow color in-
dicates that Grad-CAM values are closer to one, while the
blue color represents that the Grad-CAM values are closer to
zero. The sensor node indicated by the red arrow is de-
termined by the PFA, while the sensor nodes indicated by
blue arrows are neighboring nodes within 1 m of the peak
node. It should be noted that the distance between adjacent
nodes is 0.5m. Consequently, the number of candidate
sensor nodes increased from 22 to 97. In the second step, 97
sensor nodes were clustered using the DBSCAN algorithm,
and individual clustered groups were filled out to eliminate
any empty spaces. The 97 sensor nodes were clustered into
five groups, and individual groups were filled without any
missing nodes, resulting in a final count of 171 candidate
sensor nodes. The sensor nodes within individual groups
consist of 5-13 (9 nodes), 172-279 (108 nodes), 334-355 (22
nodes), 411-426 (16 nodes), and 1011-1026 (16 nodes), as
shown in Figure 12. The physical locations of the final
candidate sensor groups are illustrated in Figure 13. Among
15 candidate damage points, five (Lg, Ry 5 3 5) are included in
candidate sensor groups, while 10 locations are excluded.
The counterintuitive observation can be explained by the
assumption that the AI classified all DSs simultaneously
rather than individually.

The original and RSSs are visualized in Figure 14,
where two sensors are employed. The horizontal and
vertical axes indicate the sensor node number of the first
and second sensors, respectively. The color of the heat
map represents the objective function values (i.e., fitness),
and magenta circles illustrate the candidate sensor
combinations. In the proposed method, the optimization
algorithm explores only the RSS, which is only 2.76%
(14,535/525,825) of the OSS. For the case of three sensors,
sensors within three groups are combined; thus, the total
number of sensor combinations becomes 818,805. The size
of the OSS is 179,481,600 when three sensors are
employed. Therefore, a search space reduction of 99.54%
is achieved in the second case.

4.2. Results. Optimal sensor networks were designed using
the proposed method. The optimization procedure was
conducted by increasing the quantity of sensors until target
detectability was achieved. In this study, the desired level of
target detectability was determined to be 99%. The results of
OSP using the proposed search space reduction method are
summarized in Table 2. To consider the probabilistic nature
of the meta-heuristic algorithm, 30 optimizations were
performed, and the detectability and computational costs
were determined using the average values. As expected, as
more sensors are employed, the detectability also increases.
Finally, the target detectability of 99% was achieved using 20
optimal sensor locations with a computational time of
3819.2s.
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Ficure 11: Visualization of the Grad-CAM for the real-scale

simulation model and selected node from the peak-finding algo-
rithm and its neighboring nodes within 1 m.
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FiGgure 12: The final candidate nodes and their groups for a real-
scale pipeline system.
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Figure 13: Final candidate nodes set for a real-scale pipeline
system.
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FIGURE 14: Two-dimensional original search space with selected nodes as the reduced search space and the optimal sensor networks
calculated by existing methods and the proposed method.

TaBLE 2: Optimal sensor locations using the proposed method.

Computational costs (seconds)

Sensor quantity Sensor locations Detectability (%)

Search space reduction Optimization
1 76.6 (342) 65.9
90.6 (174, 346) 83.1
3 16.0 132.2 (175, 178, 347) 86.7
19 199.5 (174, 182, ..., 1025) 98.9
20 236.1 (174, 178, ..., 1025) 99.0
Total 3819.2 — —

The effectiveness of conducting OSP in RSS against OSS
was evaluated. For this purpose, the existing state-of-the-art
(SOTA) meta-heuristic methods were implemented in RSS
and OSS. Table 3 shows five SOTA optimization algorithms,
including GA-LXPM (SGA in MATLAB; GA with Laplace
crossover and power mutation), discrete artificial bee colony
algorithm (DABC), Adam-mutated GA (AMGA), improved
real-coded GA (IRGA), and GA-two direction crossover
(GA-TDX). The OSP results are summarized in Table 4. Due
to the proposed search space reduction method, the number
of sensors required to achieve target detectability (i.e., 99%)
decreased. The results indicate that higher detectability can
be attained when the same number of sensors is given.
Therefore, it is corroborated that the proposed method
improved solution qualities for all individual SOTA opti-
mization algorithms. For example, in the case of SGA, the
number of employed sensors to achieve the target de-
tectability of 99% was reduced from 25 to 20 (-20%). With
DABC, only 18 sensors (—5.3%) were required in the pro-
posed method, while 19 were employed using the conven-
tional OSP approach (ie., no use of the search space
reduction). The improvement in solution qualities is
explained graphically in Figure 15. The required sensor
quantity was reduced in the proposed method for all cases
against the conventional OSP without search space
reduction.

The effectiveness of the proposed method was also ob-
served in the aspect of efficiency. For all cases, the computing
time decreased by at least 23.8%. The enhanced efficiency can
be explained using the accumulative computational costs
shown in Figure 16. First, the number of total OSP trials was
reduced. Due to the improvement in solution qualities, the
target detectability was achieved with fewer sensors. For
example, five additional OSP trials were saved using the
proposed method in the SGA case. Second, the computing
time in a single OSP procedure was reduced. The slope of
accumulative computational costs in Figure 16 indicates that
the optimization algorithms can return the optimal solution
faster in RSS than in OSS. Therefore, both aspects of sensor
quantity and efficiency contributed to the lower computa-
tional costs in the overall procedure of OSP.

4.3. Discussion. The proposed method offers the flexibility of
relocating sensors by visually inspecting the Grad-CAM
image of the pipelines when sensor placement at the opti-
mally designed locations is not feasible due to physical
constraints at the specified locations. As shown in Figure 11,
the sensor can be relocated manually by visually comparing
the Grad-CAM values when a sensor cannot be placed at the
optimally selected node. If GA-based methods are used, this
option (the relocation of sensors) will not be available since

85UB0|7 SUOWILIOD 3AITER10 3edldde ayp Aq pausenob 8e Ssppiie YO SN JO s3I0} ArIqIT8UIIUO AB|IA UO (SUOIPUOD-PUR-SLLIBYLLICO" A 1M AR1q 1 BUI UO//:SdNY) SUORIPUOD PUe SWiB | 81 88S *[5202/20/50] U0 ArigiTaulluO A8|IMm ‘(S19) ABojouye | puy 80Usios JO sIninsu| nibuems Aq ¥0029¥8/0%/SSTT OT/I0p/W0D A8 | Arelq Ul juo//:Sty Wo1j pepeojumoq ‘T ‘SZ0Z ‘WUds



schm, 2025, 1, Downloaded from https://onlinelibrary.wiley.com/doi/10.1155/stc/8462004 by Gwangju Institute Of Science And Technology (Gist), Wiley Online Library on [05/03/2025]. See the Terms and Conditions (https://onlinelibrary.wiley.com/terms-and-conditions) on Wiley Online Library for rules of use; OA articles are governed by the applicable Creative Commons License

13

[#%] uoneynuwr padnoin JOAOSSOID UOTIIIIP-OM], (XAL-VD) I9A0SSOID UONOIIP-0M] [JIM WIILIOF[E d1JoUaD)
[11] uoneINUW Wepy JIaA0Ss01d doe[de] (VOIY) witiode onousd pajejnwi-wepy
[s7] uoneINW [EUOTIAIIJ JI2A0SSOID [RUOTIIII(] (VvOuI) wiptiod[e onousd papoo-Tear pasoiduy
[62] 239 JN0ds pue 92q INOO[Uo Daq pakorduyg (DGV ) Luojod daq [edYnIE 332181
(2% “1¥] uoneINW 1P9MoJ 124055010 doe[de (NIXT-VD vOS) uonenur omod pue 194085010 oe[deT Y3im WyjLIoS[e d1ouan
SIUIIYIY J03erado uoneIny 10je13do 19A08501D) uryuroSfe uonezrumdQ

*dSO ur pasn sunyurode wonezrundQ :¢ 414V,

Structural Control and Health Monitoring



14 Structural Control and Health Monitoring

TaBLE 4: OSP results using the proposed reduced search space (RSS) method against the original search space (OSS) method.

Computational costs (seconds; included search space

Sensor quantity reduction cost)

Algorithm RSS method D d RSS method D d
0SS method metho ecreaseo expense 0SS method metho ecrease0 expense
(proposed) (%) (proposed) (%)
SGA 25 20 -25.0 6255.2 3835.3 —38.7
DABC 19 18 -53 8639.9 6580.3 -23.8
IRGA 33 23 -30.3 15,410.0 9029.0 —41.4
AMGA 22 20 -9.1 6290.2 4371.2 -30.5
GA-TDX 28 22 -21.4 14,700.1 9901.5 -32.6
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FiGgure 15: Continued.
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F1Gure 15: Comparison of OSP results in the original search space (OSS) with that in the reduced search space (RSS) to achieve the target
detectability; optimization algorithms of (a) SGA, (b) DABC, (c) IRGA, (d) AMGA, and (e) GATDX.
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FIGURE 16: Accumulative computational costs and employed sensor quantity to achieve the target detectability; optimization algorithms of

(a) SGA, (b) DABC, (c) IRGA, (d) AMGA, and (e) GA-TDX.

no information near the optimally selected nodes is pro-
vided. If sensor relocation becomes necessary, the calcula-
tion must be repeated after excluding the problematic sensor
location, significantly increasing the computational burden.
In fact, noncritical sensor locations can be excluded before
finalizing the solution. In such cases, there is no significant
difference between conventional methods and our proposed
approach. However, if engineers encounter infeasibility in
sensor placement due to physical constraints, our proposed
approach offers an efficient guideline for relocation. Unlike
conventional methods, which require repeating the opti-
mization process, our approach enables engineers to make
faster decisions using the Grad-CAM value distributions,
highlighting optimal areas for sensor placement. Thus, the
proposed framework facilitates easy adjustment of sensor
locations, minimizing trial and error.

It is important to note that the proposed method is not
limited to the OSP of naval ships. The key idea, namely, XAI-
based search space reconstruction, can be extended to the
large, complex pipeline systems of other engineered assets.
The result could be a significant reduction in the required
sensors without compromising the target detectability. For
those applications (such as petrochemical plants), the costs
of initial sensor installation, data acquisition and processing,
and big data analytics can be critical for the successful
implementation of SHM.

5. Conclusions

This study proposed a novel framework for OSP in a large,
complex pipeline system. Compared to the existing
framework, the proposed framework that combined the SSR
method with XAI was never reported in the literature.
Previous studies have focused on enhancing individual
components within the existing OSP frameworks, such as
improving optimization algorithms or evaluation criteria. In
contrast, this study introduces a novel framework in-
corporating an entirely new phase (i.e., SSR) alongside the

conventional phases. This sets our approach apart because,
unlike other methods that require replacing existing com-
ponents, our proposed method can be seamlessly integrated
into the existing OSP framework without removing or
substituting the components. In doing so, it enhances the
effectiveness of the original framework, yielding improve-
ments in both solution quality and computational efficiency.

To account for the expansibility of the proposed method,
the performance of the proposed framework was evaluated
using SOTA GAs in the RSS, including GA-LXPM, DABC,
AMGA, IRGA, and GA-TDX. It was found that the pro-
posed framework improved both solution quality and
computational efficiency. The proposed framework offers
a unique benefit: the flexibility of relocating sensors by vi-
sually inspecting the XAI images of the pipelines when
sensor placement at the optimally designed locations is not
feasible due to physical constraints at the specified locations.
The key idea of the proposed framework using SSR by XAI
has the potential for extension into other application do-
mains beyond the OSP for naval ships, such as petro-
chemical plants and thermal power plants. Therefore, the
proposed framework will benefit many researchers and
industrial engineers.

The XAI technique (i.e., Grad-CAM) with the PFA was
proposed to reconstruct the search space to design an op-
timal sensor network. For OSP, a combinatorial optimiza-
tion problem was tackled to be solved using an exhaustive
search. However, the computational cost was not manage-
able for large, complex pipeline systems such as naval ships.
With advanced GAs, it was possible to obtain a sensor
network design solution. However, the quality of the so-
lution was not satisfactory. The proposed method signifi-
cantly enhanced the quality of solutions from optimization
algorithms. The sensor network design of pipeline systems
was a multimodal problem in which numerous local minima
exist. The proposed method effectively found an enhanced
solution with even less computational time. The effectiveness
of the proposed method was demonstrated in the case study
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of a real-scale pipeline system of an FFX Batch-II naval
combat vessel. Using the proposed method, an optimal
sensor network was designed to satisfy the target damage
detectability of 99% with the reduced number of sensors
compared with the existing methods. It is concluded that the
proposed method can improve the solution quality when the
same number of sensors is given.

This study focused on developing and validating a single-
objective optimization framework for OSP, serving as
a foundational step. However, it is limited in addressing
practical scenarios involving multiple conflicting factors,
such as information redundancy and coverage efficiency.
Future work should extend the framework to a multi-
objective optimization perspective, enabling the evaluation
of tradeoffs between conflicting objectives. Incorporating
additional indicators will enhance the framework’s adapt-
ability to real-world applications and provide engineers with
a comprehensive tool for OSP in complex systems.
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