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A B S T R A C T

Building plenum spaces house dense HVAC, electrical, and plumbing infrastructure where failures, such as 
structure deformation, water leakage, pose significant safety and service risks. Traditionally, labor-intensive 
inspections are inefficient and pose injury risks. To address this, autonomous solutions like mobile robots are 
emerging. These robots mainly rely on vision information. However, current robotic inspection methods struggle 
with environmental variability and temporal data reliance in crowded plenums, where the novelty affects the 
detection accuracy. The paper proposes STF-Inspector, integrating semantic information and object tracking to 
improve model generalization capability. Further refinements of point cloud distance and object thermal contrast 
ensure robust feature extraction. Experimental validation on a mobile robot confirms its superior performance 
and robustness compared to the traditional method.

1. Introduction

The plenum space is a place above the false ceiling that stores 
essential infrastructure, such as heating, ventilation ducts, electrical 
equipment and wiring, and plumbing systems [1,2]. This space must 
undergo routine maintenance procedures. Without regular inspection 
and maintenance activities, various health and safety risks will threaten 
building users, including water pooling, material corrosion, excessive 
sagging, and deterioration of concrete support structures [3]. However, 
this maintenance process is greatly dependent on human labor. The 
requirement for continuous and frequent maintenance is a considerable 
burden and raises the risk of injury to the workers.

Current inspection practices predominantly rely on manual work
flows involving ladders and scaffolding. These methods are inherently 
labor-intensive, inefficient, and expose inspectors to safety risks, such as 
falls from height and prolonged exposure to dusty environments. While 
robotic inspection systems have been proposed to mitigate these labor 
and safety risks, existing solutions face distinct limitations. For instance, 
vertical wall-climbing robots [4–6] involve direct surface contact, 
posing risks of accidental drops or surface damage, while fixed-shape 
ground robots [7] often lack the necessary vertical reach to inspect 
embedded infrastructure above the false ceiling. Other robots, such as 

the cable driven robot [8] and boom lift robot [9] are not suitable for the 
inspection task in the crowded plenum space. Therefore, a mobile ro
botic platform capable of extending to surface levels for comprehensive 
inspection offers a practical and innovative solution to these challenges.

To address these issues, this study targets the improvement of the 
inspection workflow and the enhancement of detection accuracy. The 
paper proposes a mobile robotic system that automates access to 
elevated plenum spaces, thereby reducing human safety risks. However, 
enabling such a robot to perform effective automatic inspection in
troduces new challenges. Due to the difficulties in using the contact- 
based sensors in the crowded space on the moving robot, these robots 
primarily use visual inspection. There are numerous works involved in 
the visual inspection algorithms that can work in conjunction with ro
bots. For example, Cai et al. [10] developed an autonomous robotic 
system that uses the You Only Look Once (YOLO) model on thermal 
images to detect heat leakage. Ge et al. [11] proposed a YOLO-based 
crack-detection method for inspection robots, additionally leveraging 
depth images for 3D fault localization. Semwal et al. [12] presented a 
plenum-space deterioration-detection framework based on Faster R- 
CNN. Atkinson et al. [13] addressed underfloor scene segmentation with 
Mask R-CNN, and Techasarntikul et al. [14] likewise applied Mask R- 
CNN for instance segmentation in plenum spaces to identify key objects. 
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Czerniawski and Leite [15] utilized semantic information to segment 
RGB-D images into 13 distinct building component classes. Menendez 
et al. [16] presented a tunnel inspection system that employs Convolu
tional Neural Networks (CNN) to identify surface defects and co
ordinates a robotic arm to place ultrasonic sensors for depth 
measurement. Jiao et al. [17] developed a real-time marine structural 
health monitoring system, employing a modified YOLO-Underwater 
model to identify concrete defects such as cracks and corrosion in 
complex underwater environments. Previtali et al. [18] presented a 
methodology for the automated generation of 3D building models from 
laser data and their integration with UAV-acquired thermal images to 
detect and localize thermal anomalies for energy efficiency retrofitting. 
Similarly, McLaughlin et al. [19] developed a framework for concrete 
bridge inspection using a mobile robot equipped with LiDAR, RGB, and 
thermal cameras, employing SLAM to fuse CNN-based defect predictions 
into a 3D map for precise area quantification. In a related multi-modal 
approach, Kim et al. [20] proposed a hybrid object recognition system 
using a mobile robot equipped with LiDAR scanners and an infrared 
camera. They developed a method to generate thermal-mapped point 
clouds, utilizing thermal data for segmentation and geometric features 
for classification. Palanisamy et al. [21] developed the reconfigurable 
robot ‘Raptor’, which fuses Deep Learning-based visual defect detection 
with LiDAR-SLAM mapping to accurately localize faults in complex 
drain environments. However, despite all these efforts, the methods they 
developed only use the single modality information for the fault detec
tion, even though some of the robots are equipped with sensors in 
multiple modalities. For the plenum space, it is often difficult to detect 
using the information from a single sensor alone due to several inherent 
limitations. Use the color image-based methods as an example. Many 
subtle structural defects, such as slight deformations or concealed 
leakage, exhibit minimal visual contrast against the surrounding sur
faces, making them virtually indistinguishable, but these faults can be 
easily detected by the LiDAR or the thermal camera. Hence, the fault 
detection method that utilizes data from different modalities is a more 
favored choice for the plenum space inspection.

Many papers have studied the vision-based fault detection method 
with multimodal data fusion, since multimodal sensors have been 
widely adopted on robots in different inspection tasks [22–25]. Han 
et al. [26] presented a multispectral water-leakage detection method for 
metro tunnels, using a Feature Pyramid Network (FPN) to fuse visual- 
optical (VIS) and thermal infrared (IR) imagery. Jalil et al. [27]. 
developed a transmission-line fault-detection framework that aligns 
color and infrared images captured by unmanned aerial vehicles. Li et al. 
[28] proposed a cross-modality learning architecture that extracts 

features from images and acceleration signals with CNNs and fuses them 
before the fault-identification module. Mussina et al. [29] developed a 
Fusion Convolutional Network (FCN) for insulator monitoring by 
combining surface-contamination images with leakage-current mea
surements. Mouzenidis et al. [30] proposed a Variational Faster R-CNN 
that fuses RGB and depth features in a discriminative latent space using 
Variational Auto-Encoders and channel attention, enhancing robustness 
for industrial object detection. Zhang et al. [31] proposed an end-to-end 
RGB-T network employing multi-branch group fusion and joint atten
tion to integrate multi-level features. Liu et al. [32] developed a target- 
aware dual adversarial learning framework that jointly optimizes fusion 
and detection to distinguish thermal targets from visible textures. 
Grandio et al. [33] presented a multimodal deep learning approach for 
panoptic segmentation of railway infrastructure, utilizing rasterized 
point clouds to filter irrelevant data and efficiently identify pole-like and 
linear assets at high densities. However, there are several limitations 
when it comes to the plenum space inspection. First, the high variability 
of object shapes, complex distributions, and noisy data limits the 
generalization capability of end-to-end learning methods, making them 
prone to failure in unseen scenarios. This necessitates a greater reliance 
on generalizable object detection and robust feature engineering. Sec
ond, the identification of many faults relies on comparison with his
torical data. For instance, a duct that is normally hotter than others 
could be flagged as a false positive if the model lacks a historical baseline 
for its normal operating state.

This paper introduces the Segmentation-Tracking-Fusion Inspector 
(STF-Inspector), a framework that addresses the challenges outlined 
above. Following Liu et al. [34] and Lee et al. [20], who used the open- 
set vision language model Grounded-SAM [35] for 3D inventories of 
transportation infrastructure and automated inspection of bridge 
expansion joints, this paper likewise adopts the state-of-the-art open-set 
vision language model SAM3 [36] for object detection in RGB images. 
This paper further incorporates Associating Objects with Transformers 
(AOT) [37] to track and associate the same objects across time. STF- 
Inspector fuses color, depth, and thermal imagery with environmental 
temperature and humidity to detect structure deformation and water 
leakage. There are many related papers regarding these faults. For 
example, to detect structure deformation, Jafari et al. [38] presented a 
3D point cloud change analysis method, using Iterative Closest Point 
(ICP) to align the point clouds of deformed and undeformed sample 
plates, then applying Cloud-to-Cloud (C2C) and Multiscale Model to 
Model Cloud Comparison (M3C2) methods to measure the difference 
between them. Graves et al. [39] use a laser scanner to measure the 
deformation of a bridge, and apply C2C, M3C2, and Point-to-Point (P2P) 

Fig. 1. Overview of the mobile robot plenum space inspection task.
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methods to calculate the deformation by comparing its point cloud to the 
reference surface. Kalasapudi et al. [40] proposed a multi-level 3D data 
registration approach that separates rigid body motions from element- 
level deformations to improve the reliability of spatial change classifi
cation in single-pier bridges. However, the existing point cloud com
parison methods exhibit excessive sensitivity to partial data, which is a 
significant drawback since inspection robots operate in crowded spaces 
where structure elements frequently exceed the camera frame of view or 
suffer occlusion, resulting in incomplete point cloud data. Furthermore, 
for the detection of water leakage, Hang et al. [41] proposed a method 
for the detection of water leakage of hot water pipes through pipe seg
mentation and thermal value distribution analysis. However, this 
method only considered the thermal value on the pipe, whereas the 
thermal difference between the pipe and its surroundings is not 
included. The key contributions of this paper are: 

• Introduces STF-Inspector, a vision-guided multimodal fusion 
framework that performs object-centric, temporal-difference fault 
detection in plenum spaces by combining RGB, depth, thermal, and 
environmental signals.

• Achieves robust feature extraction under mobile inspection con
straints, such as handling incomplete point clouds, occlusions, and 
sensor noise, by using open-set segmentation (SAM3) and temporal 
association (AOT) to maintain consistent object identities over time.

• Validates the full pipeline on a mobile robot in real building plenum 
spaces, with experiments comparing alternative feature designs for 
detecting structure deformation and water leakage.

The paper is structured as follows. Section 2 details the hardware 
setup, data preparation, and the STF-Inspector framework. Section 3 
validates the framework through experiments, comparative tests, and an 
ablation test. Section 4 concludes with technical contributions, model 
limitations, and future work.

2. Methodology

The overall pipeline of mobile robot plenum space inspection is 
shown in Fig. 1. An AGV-based robot with a telescopic link carries 
multimodal sensors to access the plenum space through a ceiling 
opening. Sensor observations and temporal features are streamed to a 
remote server. The streamed data is processed by the STF-inspector, 
which recognizes structure elements, performs multimodal data 
fusion, and detects faults. Target faults include structure deformation, 
water leakage, and loose bolts. Further information about the hardware 
setup and the STF-inspector will be detailed in the following subsections.

2.1. Sensor hub and Mobile platform for the inspection

The sensor hub is the critical component for plenum space inspec
tion. It is responsible for collecting, preprocessing, and transmitting 
inspection data remotely. The components contained in the sensor hub 
are listed in Table 1. It integrates a LiDAR, a color camera, a thermal 
camera, and a temperature and humidity sensor, all connected to a 
Raspberry Pi. The Raspberry Pi handles data preprocessing and trans
mission, with all components housed within a compact box measuring 
107 × 70 × 148 mm, as shown in Fig. 2. The Raspberry Pi runs the Robot 
Operating System (ROS), which provides a unified framework for 
managing the sensors. It is also equipped with a WiFi module, enabling 
remote communication with the mobile robotic platform's controller. 
Since fault detection requires Compute Unified Device Architecture 
(CUDA) for object detection, the Raspberry Pi transmits the collected 
data to a high-performance remote server for further processing. The 
LiDAR used is the Realsense L515, which includes an integrated color 
camera. This sensor has an ideal working range of 0.25 m to 9 m; To 
ensure high accuracy and dense point cloud data of the on-site envi
ronments, the optimal range is 0.25 m to 4 m. The built-in color camera 
has a resolution of 1920 × 1080 and supports accurate SAM3 detection. 
The thermal camera, Lepton 3.5, can detect thermal values ranging from 
− 10 ◦C to 140 ◦C, with a resolution of 160 × 120. Additionally, the 
DHT11 temperature and humidity sensor measures temperatures from 0 
◦C to 50 ◦C and relative humidity levels between 20% and 90%.

A robotic platform is designed to provide mobility for the sensor hub, 
as shown in Fig. 3. The platform's core components include a four-wheel 
AGV, which serves as the system's base. The telescopic link with a 
rotational platform provides precise height adjustment and angle posi
tioning for the sensor hub. The platform is designed for fully autono
mous operation rather than relying on manual remote control. It 
operates on a pre-built occupancy grid map, utilizing Adaptive Monte 

Table 1 
Sensor hub components specification.

Components Function Specification

L515 LiDAR and color camera

1920 × 1080 (color image) 
< 6 m (color image) 
640 × 480 (depth image) 
0.25 m to 4 m (depth image)

Lepton 3.5 Thermal camera
160 × 120 
− 10 ◦C to 140 ◦C

DHT11
Temperature and humidity 
sensor

0 ◦C to 50 ◦C (temperature) 
20% and 90% (relative 
humidity)

Raspberry Pi Data preprocessing and 
transmission

16GB RAM

Fig. 2. Sensor hub comprising the color, depth, thermal camera, with a tem
perature and humidity sensor.

Fig. 3. Mobile platform setup and its operation at the ceiling inspec
tion opening.
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Carlo Localization (AMCL) for precise positioning. Upon receiving a 
target coordinate, the system's global planner generates a collision-free 
path, and the AGV navigates to the vicinity of the inspection point. Once 
arrived, the robot switches to a fine-positioning mode, using ceiling- 
referenced LiDAR data to align the telescopic link vertically with the 
center of the opening before raising the sensor hub. The detailed spec
ifications are shown in Table 2. Considering that plenum spaces are 
typically dark environments without external illumination, the mobile 
platform is equipped with a 5 W LED lighting module mounted on the 
sensor hub. This onboard lighting provides sufficient illumination for 
the color camera to capture clear images of objects within a 5-m range.

To ensure precise operation, the navigation targets are formally 
defined as Inspection Openings (IOPs), specific ceiling voids that offer 
sufficient vertical and lateral clearance for the sensor hub's safe inser
tion. These targets are identified through a dual-plane mapping frame
work where the system analyzes the ceiling-referenced point cloud to 
isolate height-constrained regions. A morphological erosion process is 
applied to filter out noise and identify valid openings that meet the 
collision-free clearance requirements. While the detection of candidate 
IOPs is automated via this geometric screening, the final selection of 
targets is confirmed by the user to ensure safety. Once the targets are set, 
the platform runs fully automatically in the inspection area. Regarding 
operational capacity, the platform is designed for 4 h of continuous in
spection, capable of covering a 3500 m2 area on a single charge. To 
mitigate potential sensor interference, the sensor hub employs a 
modular design that spatially integrates the LiDAR and environmental 
sensors. The inspection protocol dictates a 60-s stationary dwell time at 

each angle primarily to ensure stable data capture. Concerns regarding 
thermal accumulation are mitigated by the system's design: sensors 
operate sequentially rather than continuously to minimize heat gener
ation, and the sensor hub's structural layout physically isolates the 
temperature and humidity sensor from internal heat sources with its 
Acrylic shell, ensuring accurate readings.

Despite these capabilities, the current system has specific operational 
limitations that define its applicability. First, the robot lacks a manip
ulation mechanism to physically open or remove ceiling tiles. Conse
quently, it requires pre-existing inspection openings or panels that have 
been manually removed prior to deployment to access the plenum space. 
Second, to ensure operational safety and data consistency, inspection 
missions are strictly scheduled during unoccupied hours (e.g., early 
morning). This timing avoids dynamic interference from building oc
cupants and ensures the static environment necessary for accurate 
autonomous navigation and thermal data collection.

2.2. Multimodal field-collected plenum space dataset

A real-world plenum space environment was selected to construct 
the dataset for evaluating the proposed method. The site was a ceiling 
inspection opening providing access to overhead infrastructure such as 
support frames and water pipes. Because these systems were opera
tional, modifications were not permitted. Therefore, the scene tempo
rarily introduced fault-inducing objects to simulate failure cases.

To ensure realistic variability and operational relevance, a cyclic 
data acquisition protocol was employed. The process began with the 
AGV autonomously navigating to the vicinity of the ceiling inspection 
opening. Once positioned, a specific environmental state, including 
normal conditions, structure deformation, or water leakage, was phys
ically staged within the plenum space. The sensor hub was then raised to 
capture synchronized multimodal data, including color, depth, thermal, 
temperature, and humidity readings. To simulate the natural positioning 
errors inherent in autonomous navigation, the AGV was translated 
slightly with randomized shifts before the next capture. This loop of 
setting up the environment, capturing data, and shifting the robot was 
repeated to build the dataset.

The dataset includes specific physical variations to test detector 
sensitivity. Structure deformation was simulated by displacing struc
tural steel elements relative to their original position. These de
formations were categorized into two severity levels, consisting of small 
displacements of approximately 10 to 20 mm and large displacements of 
approximately 40 to 50 mm. Additionally, foreign objects such as extra 
steel bars were introduced to simulate items that had fallen or been 
misplaced. For water leakage, the scenarios varied from localized partial 
wetting, where small droplets covered a specific section, to complete 
surface saturation, creating varying thermal signatures as the water 
cooled.

Ground truth annotation followed a multi-label binary classification 
strategy. Each sample was assigned a label vecto, where 1 indicates the 
presence of a fault and 0 indicates a normal state. This resulted in four 
distinct sample categories based on the combination of structure 
deformation and water leakage labels: normal (0,0), structure defor
mation only (1,0), water leakage only (0,1), and combined failures (1,1).

The total dataset comprises 127 samples. These were partitioned into 
a training set of 58 samples and a testing set of 69 samples. This specific 
split ratio was chosen based on the architectural design of the STF- 
Inspector. Since the final decision-making module is a lightweight 
Multi-Layer Perceptron (MLP) that processes low-dimensional feature 
vectors rather than raw high-dimensional images, it does not require 
massive datasets to converge. Consequently, a larger proportion of the 
data was reserved for testing to evaluate the model's reliability and 
generalization capability on unseen data. Table 3 demonstrates raw data 
variations. Furthermore, the statistical breakdown of this partition is 
visually detailed in Fig. 4. These distributions confirm that despite the 
inherent difficulty in capturing real-world faults, the dataset maintains a 

Table 2 
Mobile robotic platform specification.

Overall system Height range 2.0–3.75 m

AGV
Size 650 × 550 × 440 mm
Load capacity 80 Kg
Driving mode Omnidirectional

Telescopic link
Load capacity 10 Kg
Position Shift ≤ 5 mm

Rotation platform
Load capacity 5 Kg
Rotation range 360◦

Rotation accuracy 0.1◦

LED light Power 5 w

Table 3 
Demonstration of the raw data for the structure deformation and water leakage 
detection.

Normal Fault

Structure deformation

Structure deformation 
(foreign objects)

Water leakage

Structure deformation, 
Water leakage
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sufficient representation of fault classes (10,01,11) relative to the 
normal class (00). This balanced distribution is critical for the learning 
process, as it prevents the classifier from becoming biased toward the 
non-fault state and ensures that the model is exposed to adequate vari
ations of deformation and leakage scenarios during training.

Data collection in plenum spaces presents specific environmental 
challenges. These spaces are typically cluttered and unstructured, 
characterized by dense infrastructure that leads to frequent occlusion 
and complex background interference. While the AGV performs data 
acquisition in a static state, our dataset was constructed by sampling the 
same targets across different temporal instances. Due to the inherent 
variability in navigation, the robot's stopping position naturally differed 

slightly between these sessions. As illustrated in Fig. 5, the dataset in
troduces positional variations in the AGV's coordinates and different 
target objects and scenes. These natural deviations capture the opera
tional reality where precise repeatability is rarely achieved, thereby 
enriching the dataset with a representative distribution of AGV positions 
and preventing the framework from overfitting to a single, fixed 
perspective.

2.2.1. Multimodal images alignment
The depth image and thermal image should be aligned with the color 

image frame. The L515 camera provides built-in alignment between its 
depth and color images. However, the thermal camera needs an addi
tional calibration procedure.

The thermal camera and color camera are coplanar, so the multi- 
camera system can be treated as a simple stereo system as in Fig. 6, 
where the center of the target object is marked as the red point in 
different images for camera calibration. In the diagram, an object was 
placed at a distance of d. All images have undergone distortion removal 
processing, so they can be treated as the pinhole camera model. The 
mapping of the object's pixel position between the thermal camera and 
the color camera should be: 

uT = fT

(
uC − cC

fC
+

L
z

)

+ cT (1) 

In the equation, uT and uC are the pixel positions in the thermal 
camera and color camera sensor frame, L is the distance between the 
main axis of the color camera and the thermal camera, z is the object 
distance measured by the depth camera. Ideally, the Eq. (1) can be used 
for the calibration directly. However, there is a small installation error θ, 

Fig. 4. Distribution of the constructed dataset.

Fig. 5. Partly presented dataset, featuring different target objects, scenes, and AGV sampling locations.

Fig. 6. Stereo system of the color camera and thermal camera.
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so the calibration process should be further refined.
For the condition where h+ Lʹ≫ΔL, the camera model can be written 

as: 
⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

h
z
=

xC − cC

fC
,

h + Lʹ

z
≈

xT − cT

fT
,

Lʹ = L − ΔL.

(2) 

Hence, the actual mapping is: 

uT = fT

(
uC − cC

fC
+

L
z

)

− fT
ΔL
z

+ cT ,

= uT − fTtanθ = uT + C.
(3) 

It shows that the actual mapping position uT has an offset C on the 
ideal mapping position uT. This offset can be obtained by identifying the 
same object in the color and thermal images of a heated object.

2.3. STF-inspector architecture

The overview of the STF-inspector is presented in Fig. 7. First, the 
data collected from the plenum space test area will be rearranged by 
time, each set will contain a color, depth, and thermal image, with the 
environmental temperature and humidity. The open-set object detection 
model SAM3 is incorporated to detect the target object following the 
given text prompt. After the object detection, the detected object should 
be compared with its baseline. The AOT is used to detect the same object 
in the baseline data. With the object detection and tracking, the tem
poral comparison pair is established and ready for the feature extraction. 
Before extracting features, the depth and thermal images are aligned 
with the color image, so the point cloud and thermal value inside the 
object mask can be extracted and compared. This paper developed 
robust, physically grounded feature extraction methods to eliminate the 
possible disturbance that affects the final decision-making process. The 
following subsections will discuss the details.

Fig. 7. Overview of the STF-Inspector.

Fig. 8. Process to calculate the metric of the point cloud distance difference ΔD.
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2.3.1. Structure deformation and water leakage detection
The framework begins with the color image of the test data. In this 

step, SAM3 detects objects for the “color (test)” in the object detection. 
Next, the identified masks are tracked in “color (normal i)” which are 
used as the baseline for comparison. With these two methods embedded, 
our framework can focus on the same objects between two images. The 
outputs of “color (test)”, Sj, are the masks of the identified objects, where 
j ∈ {1,2,⋯,M} represents the object IDs. The framework uses text 
prompts like “beams” and “pipes” for SAM3 to identify objects associ
ated with structure deformation and water leakage. In our test, SAM3 
demonstrated reliable performance in segmenting objects related to the 
prompts in images within novel environments featuring complex 
structural arrangements. Once the masks Sj are obtained, they are used 
to derive the tracking masks ̃Sij in the “color (normal i)” through segment 
tracking, where i ∈ {1,2,⋯,N}. Using the initial masks Sj, the AOT 
tracks the object masks and maintains their IDs in S̃ij. To address po
tential situations such as when objects appear in the test data but not in 
the normal data, the mask missing ratio is calculated during the tracking 
process. The expression for the mask missing ratio is: 

η =
1
N

∑N

i=1

mi

M
(4) 

where mi is the count of the missing masks in the “color (normal i)”.

Next, the object masks Sj and ̃Sij are used to extract the object's point 
cloud and mean thermal value from the depth and thermal images of the 
test and normal data. The point cloud distance ΔDij and the relative 
thermal value difference ΔTij are calculated to quantify structure 
deformation and water leakage. The process of calculating the point 
cloud distance ΔDij is illustrated in Fig. 8. It first aligns the global point 
cloud to eliminate the difference introduced by the robot movement and 
then measures the structure deformation by calculating the object's 
point cloud difference. And the process of calculating the relative ther
mal value difference ΔTij is illustrated in Fig. 9. It first compares the 
mean thermal value of the object and its peripheral area, and then cal
culates the difference between the relative thermal values of the test 
data and the normal data.

After this process, a list of ΔDij and ΔTij are obtained, which are 
further refined into two aggregated metrics, ΔD and ΔT, defined as: 
⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

ΔD =
1
N

∑N

i=1
max

j
ΔDij,

ΔT =
1
N

∑N

i=1
max

j
ΔTij.

(5) 

The environmental temperature and relative humidity (T&RH) dif
ferences are also incorporated into fault detection. They are denoted as 
ΔTe and ΔHe, with the expression: 

Fig. 9. Process of calculating the metric of the relative thermal value difference ΔT.

Fig. 10. Demonstration of the neural network data stream.
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{
ΔTe = Te − T0,

ΔHe = He − H0.
(6) 

In the equations, Te and He are the environmental temperature and 
humidity of the test data, T0 and H0 are the average environmental 
temperature and humidity of the normal data.

Finally, the multi-layer perceptron (MLP) consists of two hidden 
layers and one output layer, as shown in Fig. 10. The network uses η, ΔD, 
ΔT, ΔTe and ΔHe to generate a probability prediction of the structure 
deformation and water leakage. The input passes through two fully 
connected layers, each with 32 neurons and ReLU activation function. 
The network has 2 outputs, and a Sigmoid to convert into fault proba
bilities of the structure deformation and water leakage.

2.3.2. Calculation of point cloud difference
Global and object point clouds are extracted from depth images for 

structure deformation detection. To address LiDAR measurement noise, 
Density-Based Spatial Clustering of Applications with Noise (DBSCAN) 
filters outliers by clustering dense regions. For alignment, global point 
clouds (test vs. normal data) are registered using Fast Point Feature 
Histograms (FPFH) features with Random Sample Consensus (RANSAC) 
for coarse alignment, followed by Iterative Closest Point (ICP) with 
Point-to-Plane metric for refined transformation. Object point clouds are 

aligned using the derived global transformation matrix before 
computing deformation differences.

Structure deformation is detected by calculating differences between 
object point clouds. After aligning the global point clouds, these dif
ferences should stem solely from the object's movement relative to the 
environment. While Hausdorff distance might seem a natural choice for 
quantifying such differences, its application in the plenum space pre
sents challenges: beams and pipes frequently extend beyond the frame 
and occlude each other in most configurations. Consequently, even 
undeformed objects exhibit different masks between “color (test)” and 
“color (normal i)” due to robot motion. The Hausdorff distance can be 
expressed as: 

Fig. 11. Loss curve of the MLP training.

Fig. 12. MLP prediction evaluation: heatmap comparison of 69 structural monitoring test cases.

Table 4 
Demonstration of the structure deformation and water leakage detection.

Normal Structure deformation Water leakage

Table 5 
Demonstration of the structure deformation and water leakage detection.

Fault Precision Recall F1-Score

Structure deformation 97.26% 93.55% 95.37%
Water leakage 100.00% 91.43% 95.52%
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H(A,B) = max
{

max
a∈A

min
b∈B

‖ a − b ‖,max
b∈B

min
a∈A

‖ a − b ‖

}

(7) 

It takes the maximum distance between the point clouds A and B in 
both directions, which is very sensitive to the point cloud completeness. 
Hence, the point cloud comparison is further refined by using the 
percentile function: 

D
(

A,B
)

= min
{

max
a∈A

Q0.9min
b∈B

‖ a − b ‖,max
b∈B

Q0.9min
a∈A

‖ a − b ‖

}

(8) 

The notation maxQ0.9 means that the function sorts the distances 
from small to large and takes the value at 90%. It takes the minimum 
rather than the maximum distance in both directions because the 
function should focus on the overlapping region. In our following test, 

this function shows better robustness against the mask being incomplete 
and occlusion.

2.3.3. Generalization capability through decoupled architecture
To address the challenge of limited real-world fault data and the 

constraints of artificial defect generation described in Section 2.2, the 
STF-Inspector employs a modular design that significantly enhances 
generalization capability. Unlike traditional end-to-end fault detection 
networks that are susceptible to Out-Of-Distribution (OOD) errors when 
facing unseen environments or textures, our framework relies on the 
pre-trained foundation model SAM3 and explicit physical features. 
SAM3 provides robust open-set segmentation capabilities derived from 
vast pre-training, while the extracted features, point cloud distance, and 

Fig. 13. MLP prediction evaluation (Hausdoff distance to measure the point cloud distance): heatmap comparison of 69 structural monitoring test cases.

Fig. 14. MLP prediction evaluation (use absolute object temperature difference): heatmap comparison of 69 structural monitoring test cases.
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relative thermal difference are physically grounded metrics independent 
of specific visual appearances. Consequently, the training process is 
confined solely to the lightweight MLP classifier based on these unified, 
low-dimensional feature vectors. This decoupling of feature extraction 
from decision-making ensures that the system maintains high perfor
mance across diverse plenum environments without requiring extensive 
retraining on massive, task-specific datasets.

3. Experiment

The fault classification model (a multi-layer perceptron) was 
implemented using the PyTorch framework on a workstation with an 
Intel Xeon w5–3425 CPU and a single NVIDIA GeForce RTX 4080 SUPER 
GPU (for the SAM3 model deployment). The model parameters are 
optimized by using the Adam optimizer with a fixed learning rate of 
0.001. The binary cross-entropy loss function (BCELoss) was employed 

to supervise the multi-label classification task. The model was trained 
using full-batch gradient descent for 400 epochs. No early stopping 
criteria were applied as the loss curve demonstrated stable convergence 
without overfitting within this duration. The loss curve of the MLP 
training is provided in Fig. 11. The entire training pipeline required 
approximately 1 h. This duration primarily accounts for the computa
tionally intensive extraction of geometric and thermal features from the 
raw multimodal dataset before the rapid MLP optimization phase.

The demonstration of the MLP's input-output relationships against 
ground truth labels of all test samples is shown in Fig. 12. The results 
reveal two distinct patterns: structure deformation probability increases 
proportionally with mask missing ratios and mean point cloud differ
ences, while water leakage likelihood shows an inverse correlation with 
thermal variations and a positive correlation with humidity differences. 
These trends align with fundamental engineering failure principles. The 
output of the MLP model is shown in Table 4, and the model perfor
mance evaluation metrics: precision, recall, and F1-score are provided in 
Table 5. As described in the previous section, the trained MLP discrim
inator is an independent module decoupled from the feature extractor: it 
only receives feature vectors from the fusion network, thus remaining 
unaffected by image resolution or target quantity constraints. 
Leveraging this property, the MLP can operate directly on local features 
extracted from any candidate box/segmented region.

Comparative experiments are designed to evaluate critical compo
nents: 1) Replacing our point cloud distance method with Hausdorff 
distance for structure deformation detection, as shown in Fig. 13, and 2) 
Using the absolute thermal value difference rather than the relative 
thermal value difference to reveal its impact on leakage identification, as 
shown in Fig. 14. An ablation experiment is also designed to evaluate the 
impact of removing the environmental temperature and humidity from 
the system input, the result is shown in Fig. 15.

Comparative experiments validate the effectiveness of the proposed 
framework. For the structure deformation detection test, as shown in 
Table 6, the STF-Inspector achieves a true positive rate (TP) of 93.55% 
and true negative rate (TN) of 97.37%, outperforming the Hausdorff 

Fig. 15. MLP prediction evaluation (excluding environment temperature and humidity): heatmap comparison of 69 structural monitoring test cases.

Table 6 
Structure deformation detection result comparison.

Method True 
Positive

False 
positive

True 
Negative

False 
Negative

STF-Inspector 93.55% 2.63% 97.37% 6.45%
Hausdoff 

distance
83.87% 13.16% 86.84% 16.13%

Table 7 
Water leakage detection result comparison.

Method True 
Positive

False 
positive

True 
Negative

False 
Negative

STF-Inspector 91.43% 0.00% 100.00% 8.57%
Absolute thermal 

difference 88.57% 5.88% 94.12% 11.43%

Table 8 
Ablation experiment result.

Fault Method True Positive False positive True Negative False Negative

Structure deformation
STF-Inspector 93.55% 2.63% 97.37% 6.45%
STF-Inspector (excluding T&RH) 87.10% 2.63% 97.37% 12.90%

Water leakage
STF-Inspector 91.43% 0% 100.00% 8.75%
STF-Inspector (excluding T&RH) 94.29% 0% 100.00% 5.71%
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distance method (TP: 83.87%, TN: 86.84%) with significantly lower 
false positives (2.63% vs. 13.16%) and false negatives (6.45% vs. 
16.13%). In the water leakage detection test, as shown in Table 7, the 
STF-Inspector demonstrates higher robustness with 100% TN and an 
8.57% false negative rate, surpassing the absolute thermal value dif
ference method (TN: 94.12%, FN: 11.43%). These results confirm the 
framework's reliability in critical infrastructure monitoring, balancing 
sensitivity and specificity for safety-critical applications.

To assess the contribution of environmental conditioning, environ
mental temperature and relative humidity inputs are removed from STF- 

Inspector while keeping all other settings unchanged. As the result 
shown in Table 8, eliminating these signals has little effect overall. For 
water leakage detection, the specificity remains essentially unchanged, 
and the miss rate varies only marginally, indicating that the model relies 
primarily on relative thermal contrast rather than absolute ambient 
values. In contrast, structure deformation detection shows a slight drop 
in TP (with a corresponding increase in FN) after removing the envi
ronment cues. Because deformation cues are predominantly geometric- 
based, this can be attributed to minor fluctuations in feature extraction. 
In conclusion, with the object's thermal value difference provided, the 

Fig. 16. A representative false prediction with 1 false positive and 1 false negative of the structure deformation.

Fig. 17. Comparison of the point clouds of the fault-inducing object (ID: 1) in the test data and baseline.

Fig. 18. Comparison of the point clouds of the false positive object (ID: 9) in the test data and baseline.
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detector is insensitive to ambient temperature variations, as the thermal 
frames already encode the necessary temperature context.

3.1. Failure analysis

To provide a deeper understanding of the system's limitations, a 
granular analysis of the false predictions observed in the experimental 
results is conducted. Specifically, it isolates characteristic FP/FN sam
ples to examine the feature vectors and the corresponding response of 
the MLP neurons.

Two distinct failure modes for structure deformation are analyzed: 

one related to sensitivity thresholds and the other to data quality. First, 
as shown in Fig. 16, an FN occurred with object ID 1. In this case, the 
fault-inducing object experienced a minor displacement primarily in the 
XY plane (horizontal shift). This detection failure stems from the single- 
viewpoint nature of the data acquisition. Since the sensor only captures 
the visible surface facing the robot, the resulting point clouds for beams 
and pipes appear as partial, planar patches rather than complete 3D 
volumes. Consequently, when such a “flat” surface undergoes a small 
lateral shift (sliding along its own plane), the computed point-to-plane 
distance remains negligible compared to shifts along the depth axis (Z- 
axis), causing the MLP to miss the fault, as shown in Fig. 17. Second, 

Fig. 19. Representative false prediction with a false negative of the water leakage.

Fig. 20. Thermal value inside/outside the mask of the false negative prediction.
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Fig. 18 presents a False Positive case involving object ID 9. This object is 
a thin, distant structural component. Due to the sparsity of the LiDAR 
point cloud at longer ranges, the captured geometry was incomplete and 
noisy. When compared to the baseline, the “missing” points caused by 
sensor resolution were misinterpreted by the algorithm as significant 
geometric deformation, triggering a false alarm. This indicates a limi
tation in processing objects with low point density.

For water leakage detection, the primary failure mode is thermal 
equilibrium. Fig. 19 illustrate an FN case where the system failed to 
identify a leak. As seen in the thermal distribution analysis (Fig. 20), the 
temperature difference between the wet surface (inside the mask) and 
the surrounding area (outside the mask) was minimal. This occurred 
because the leak was small and had cooled to the ambient temperature 
of the plenum space. Without a significant thermal gradient, the relative 
thermal difference metric remained low, causing the MLP to classify the 
state as normal. This highlights the challenge of using passive ther
mography for detecting “isothermal” leaks that have stabilized the 
environment.

4. Conclusion

This paper presented STF-Inspector, a segmentation–tracking–fusion 
framework for mobile-robot inspection of building plenum spaces. It 
combined open-set object segmentation (SAM3) with temporal associ
ation (AOT) to enable object-centric, history-aware fault detection by 
fusing RGB, depth, thermal, and environmental data. The pipeline used 
global-to-object point-cloud registration with a percentile-based dis
tance metric, and incorporated relative thermal contrast with ambient 
context to improve robustness to occlusion, incomplete views, and 
sensor noise common in crowded plenums.

Experiments in an operational plenum showed that the percentile- 
based point-cloud difference was more robust than Hausdorff distance 
for deformation detection under partial observations, and that relative 
thermal contrast identified leakage better than absolute temperature 
differences. Ablation results indicated that the feature design remained 
stable even without temperature/humidity inputs, suggesting that the 
proposed physically grounded features captured the dominant fault 
cues. Overall, the study argued that decoupling foundation-model 
perception from physics-based feature extraction could yield reliable 
inspection in visually diverse real-world plenums, and highlighted that 
maintaining temporal object identity was as critical as instantaneous 
perception for safety-relevant inspection.

Failure analysis revealed limitations: the geometric module strug
gled with small in-plane displacements when the observed surface was 
nearly planar in a single view and was vulnerable to sparse or low- 
quality depth measurements for distant or light-absorbing materials; 
the leakage module could miss isothermal leaks when wet areas equil
ibrated with the environment and thermal gradients faded. These issues 
suggested that some fault modes were inherently ambiguous under 
passive single-view sensing.

Future work will focus on: (1) multi-view or active viewpoint plan
ning to reduce planar ambiguity and improve in-plane sensitivity; (2) 
complementary sensing or active thermography for sparse point clouds 
and low-contrast leaks; (3) uncertainty-aware inference to separate oc
clusion/sensor degradation from real changes; (4) long-term de
ployments addressing seasonal/operational drift via baseline updating 
and asset-specific normalization; and (5) operational support for open
ing/removing ceiling tiles to reduce reliance on existing access points. 
STF-Inspector targets preventive maintenance in large infrastructures 
and can integrate with CMMS and digital-twin/BIM workflows for trend 
monitoring, prioritized work orders, and data-driven inspection 
scheduling.

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.autcon.2026.106889.
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