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Abstract

Gas-insulated substations (GISs) have been widely adopted in modern power systems due
to their compact design and high reliability. However, the potential generation of toxic
byproducts poses significant risks to manual operations such as gas pressure adjustments,
highlighting the necessity for robotic deployments. This paper proposes a Robot Operating
System (ROS)-based robotic framework with human-robot collaborative autonomy for GIS
operations. The framework employs a 6-degree-of-freedom (6-DOF) robotic arm, integrated
with a motion control system for trajectory execution, a visual perception system enhanced
by the coordinate attention (CA) mechanism for small-scale detection and localization, and
a communication system for data exchange. The framework improves the accuracy of
component perception and enables fine manipulation in complex environments, reducing
reliance on manual intervention while facilitating a safe collaborative autonomous work-
flow through dynamic adjustment of autonomy level and control authority. Experimental
results on the representative gas pressure adjustment task demonstrate an autonomous
operational success rate exceeding 90% under the proposed configuration in dynamic
scenarios. By enhancing safety and precision, this study advances robotic solutions for
hazardous operations and lays a foundation for broader infrastructure applications.

Keywords: robot operating system (ROS); collaborative autonomy; small-scale component
detection; fine manipulation; infrastructure operation

1. Introduction

Gas-insulated substations (GISs), characterized by compact design, low current losses,
and high reliability, have been widely deployed in modern power transmission networks.
Typically, a GIS employs sulfur hexafluoride (SF6) as an insulating medium. However,
under partial discharge or high temperatures, SF6 can be decomposed into toxic byproducts
including sulfur tetrafluoride (SF4) and sulfur dioxide (SO2) [1], posing risks of dizziness,
unconsciousness, or fatality upon inhalation, especially in poorly ventilated and confined
areas such as control rooms [2]. Such environments highlight the need for enhanced safety
and efficiency in GIS operations.

Traditionally, GIS operational tasks, such as gas pressure adjustment, required hu-
man operators to work in hazardous conditions. While advanced sensors and imaging
technologies have improved the detection of faults, these systems have primarily focused
on data collection rather than direct intervention due to the complexity of precise ma-
nipulation and control [3,4]. Recent advances in robotics, particularly in autonomous
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systems and fine manipulation, have provided promising solutions for GIS management
and maintenance [5,6].

Robotic technologies have been extensively employed in infrastructure inspections
across various industries, including energy, transportation, and civil engineering. Un-
manned ground vehicles (UGVs) and unmanned aerial vehicles (UAVs) have demonstrated
flexibility in inspecting transmission lines, bridges, and tunnels. Equipped with visual
sensors and LiDAR, UAVs have been utilized to detect anomalies in hard-to-reach ar-
eas [7-9]. For ground-level tasks, UGVs have been proven effective for thermal and visual
inspections, equipment fault detection, and gas leakage localization [10,11]. Despite these
advancements in inspection, robotic systems for operational tasks, such as gas pressure
adjustment in GISs, remain unexplored due to the requirements of fine manipulation.

This study proposes a Robot Operating System (ROS)-based robotic framework for
GIS operations, addressing challenges in small-scale object detection, precise manipulation,
and seamless human-robot communication. Given its high frequency in routine mainte-
nance and the precision required for both perception and manipulation, the gas pressure
adjustment task is adopted as a representative and safety-critical case for demonstration
and evaluation, executing the complete perception-communication—-manipulation pipeline.
Specifically, in the framework, a motion control system is implemented for kinematics
computation, motion planning, and collision detection. To enhance the detection and
localization of small components such as gas valves, a coordinate attention (CA)-enhanced
efficient YOLOVS8 network for improved small-scale object detection is integrated. In addi-
tion, a communication system is developed to provide interaction channels among different
robotic systems and support the collaborative autonomy paradigm, in which the robot
executes routine steps autonomously while dynamically transferring control authority to
the human operator when necessary, providing an efficient and reliable balance between
autonomy and supervision. The proposed framework enables the robotic arm to detect and
manipulate gas valves with a high degree of autonomy in GIS environments, demonstrating
potential for broader applications in infrastructure maintenance and offering a safe and
efficient alternative to manual operations.

The key contributions of this study are as follows.

1. We develop a ROS-based robotic framework for collaborative autonomous GIS op-
erations. The framework integrates a visual perception system optimized for the
task scenario, a motion control system for precise manipulation, and a communica-
tion system for efficient human-robot collaboration (HRC) and data exchange into a
unified platform.

2. We implement a collaborative autonomy paradigm, which supports dynamic HRC by
enabling autonomous execution with on-demand remote intervention and control au-
thority transition, improving framework reliability and reducing operator workload.

3. We propose an enhanced YOLO-based detection network integrating a CA module,
significantly improving the detection of small-scale components in complex opera-
tional environments.

4. Through extensive experiments, we evaluate the performance and adaptability of the
proposed robotic framework, demonstrating its potential to improve efficiency and
safety in relevant tasks and facilitate the advancement of industrial robotics.

This paper is organized as follows. Section 2 reviews related research on robotics for
infrastructure applications, as well as relevant vision models and ROS-based frameworks.
Section 3 details the methodology, including the environment setup and the mechanisms of
visual perception, motion control, and communication. Section 4 presents the experimental
results and relevant discussion, followed by conclusions and future work in Section 5.
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2. Related Work
2.1. Robotic Systems for Infrastructure Applications

Infrastructure such as substations, which serve as critical components of power
networks, requires periodic inspection and management to ensure functional reliabil-
ity. Robotic platforms, including UAVs and UGVs, have been widely deployed across
various scenarios to enhance inspection efficiency and accuracy while minimizing human
exposure to hazards. For example, Deng et al. [4] and Langdker et al. [7] deployed UAVs
for aerial inspection of transmission lines and substations. With their compact size and
aerial perspectives, UAVs were also utilized in hard-to-reach areas such as tunnels and
towers [8,12]. Some aerial robots were equipped with monocular or binocular cameras, in-
frared sensors, and LiDAR to detect faults, including insulator contamination and structural
damage [9,13,14].

In comparison, UGVs are suited for ground-level inspection tasks due to their stability
and high payload capacity. Equipped with vision sensors and LiDAR, UGVs have been
deployed for inspections in power plants, bridges, and tunnels [3,15,16]. Lu et al. [10]
reviewed UGVs for ground-based inspections of substations, which navigate along prede-
fined paths to capture thermal and visual data of components. Kumar et al. [11] developed a
ground mobile robot for gas source localization to prevent leakage incidents. Lim et al. [17]
utilized a UGV-based robot for concrete crack detection, while Nguyen et al. [18] equipped a
UGV with cameras, ground-penetrating radar (GPR), and electrical resistivity (ER) sensors
for overall assessment of structural health conditions.

Recent studies have also advanced the performance analysis and control of robotic
systems. For instance, Shen et al. [19] proposed a Bayesian inference-assisted reliability
analysis framework for robotic motion systems, and Liu et al. [20] developed a fixed-time
neural control scheme for robots under input-saturation and prescribed-performance con-
straints. Additionally, Sinico et al. [21] compared PID and model-based control strategies for
trajectory-tracking performance on open PLC-based robot controllers, highlighting the im-
pact of control schemes on the capabilities of robotic automation. These works demonstrate
the importance of reliability assessment and control strategies in robotic deployments.

Despite these advancements, most robotic systems in infrastructure settings have pri-
marily focused on data collection and inspection rather than physical operations, which are
often characterized by complexity and variability, requiring fine and precise manipulation
and control [22]. Recent developments in robotic arms and control algorithms have enabled
new possibilities for the deployment of robots in operational tasks [5]. In this work, we
develop a robotic platform for executing manipulation tasks in substations, rather than
being limited to inspections. This study has the potential to advance robotic operational
solutions to broader applications, thereby enhancing the efficiency and reliability of various
civil infrastructures.

2.2. Vision Models for Small-Scale Component Detection

Precise and efficient detection of target components is critical for robotic operations.
Contemporary detectors are typically categorized into two-stage and one-stage approaches.
Two-stage detectors, such as Faster R-CNN [23] and Cascade R-CNN [24], can achieve high
accuracy but may suffer from slower inference [25,26], while one-stage detectors, such as
YOLO [27,28], have been widely adopted for real-time processing in engineering practice.
For example, the YOLO algorithm has been applied for concrete corrosion detection to assist
in civil infrastructure inspections [29]. Some studies have also applied YOLO for insulator
defect and rusted component identification [30,31]. Additionally, transformer-based models,
such as Real-Time Detection Transformer (RT-DETR) [32], capture long-range dependencies
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and contextual information, improving object localization through self-attention [33], and
have been utilized for bridge crack and pavement inspection [34,35].

However, gas valves, switches, and connectors in substations often appear as small-
scale objects within the working environment, occupying few pixels in captured images
and hindering effective feature extraction [36]. Given the requirement for real-time in-
ference, complex models cannot be a feasible solution for this issue. While the existing
detection models, including the YOLO series and DETRs, have demonstrated satisfactory
performance in general object detection, their effectiveness on such small components
remains suboptimal [37,38].

In recent years, attention mechanisms have attracted interest for enhancing feature rep-
resentation in detection networks, and several designs have been proposed with different
exploitation approaches to spatial and channel information. Traditional channel attention,
such as Squeeze-and-Excitation (SE) [39], reweights channel-wise feature responses accord-
ing to global pooling statistics but does not explicitly model spatial positioning. This idea
was extended by the Convolutional Block Attention Module (CBAM) [40], which sequen-
tially generates a channel attention map and a spatial attention map to refine features along
both dimensions, and by Efficient Channel Attention (ECA) [41], which avoids reducing
the channel dimension through local interaction across channels to lower complexity while
preserving channel relationships. At the kernel level, Selective Kernel (SK) networks [42]
adaptively fuse multi-branch features with different receptive fields via softmax attention,
capturing scale variability for objects of differing sizes, although the fusion weights are
shared across all spatial positions. More recently, CA [43] was proposed as a lightweight
mechanism that embeds positional information by splitting global pooling into two separate
pooling steps, encoding spatial relationships along the horizontal and vertical directions.
In contrast to SE and ECA, which only model dependencies among channels and do not
explicitly encode spatial cues, and to CBAM, which generates a spatial map through a local
operation with limited interaction over long distances, CA captures dependencies over long
ranges along each spatial direction while preserving explicit coordinate information along
the orthogonal direction. In this study, we enhance YOLOvVS by integrating the CA mech-
anism as an adaptive augmentation to improve small-scale component perception while
maintaining real-time inference capabilities, enabling reliable detection and localization of
GIS components, thereby facilitating accurate robotic operations.

2.3. ROS-Based Frameworks

ROS has emerged as a standard middleware for robotic applications and has been
widely implemented across various infrastructure scenarios [44]. ROS-based frameworks
play a crucial role in the development and validation of robotic systems. For instance,
they have been utilized for deep learning-based visual perception and navigation for
autonomous ground vehicles [45], UAV navigation in cluttered environments integrating
vision-based localization and obstacle avoidance algorithms [46], robotic grasping with
reinforcement learning policies [6], and multi-robot collaboration and exploration [47].
However, there remains a gap in the development of a comprehensive framework that fully
integrates robotic operations for GISs.

This study develops a comprehensive ROS-based framework for autonomous oper-
ations in GISs, integrating a CA-enhanced perception system for small-scale component
detection, a motion control system for precise and efficient command execution, and a
communication system for data interaction and feedback. By unifying these components,
the framework provides an extensible and flexible platform for developing and executing
autonomous operational strategies.

As an overview, the representative related studies are summarized in Table 1.

https://doi.org/10.3390/s26185877


https://doi.org/10.3390/s26185877

Sensors 2026, 26, 5877

50f23

Table 1. Summary of the representative related studies with relative advantages and limitations.

Category

References

Relative Advantages

Relative Limitations

UAV-based platforms

[4,7-9,12-14]

Rapid coverage of wide
areas and high accessibility
to hard-to-reach areas

Limited payload,

weather-dependent, and signal

limitations in GPS-denied or
confined spaces

UGV-based platforms

[3,10,11,15-18]

High payload capacity and
stability, as well as
suitability for confined
spaces

Terrain restrictions, relatively
slow speed, and limited
coverage

Two-stage detectors

[23-26]

Strong performance in
complex scenes and high
localization accuracy

Slower inference speed, high
computational cost, and

challenges in real-time system

deployment

One-stage detectors

[27-31]

Fast inference speed,
suitability for real-time
applications, and easier

deployment on edge

devices

Potential performance

degradation in crowded scenes

and sensitivity to class
imbalance

RT-DETR (Vision
Transformer-based)

[32-35]

Strong global context
modeling and competitive
performance on general
datasets

Architectural complexity for
edge deployment, higher

sensitivity to hyperparameters
and data scale, and potentially

higher training cost

Attention mechanisms (SE,

CBAM, ECA, SK, CA)

[39-43]

Enhance feature
representations by
dynamically recalibrating
channel and/or spatial
dimensions

SE and ECA lack spatial
positional encoding, CBAM

could have limited long-range

interaction, SK shares fusion
weights across all spatial
positions, and CA may
inadequately model
non-axis-aligned 2D spatial
correlations

3. Methodology

The proposed robotic framework consists of four primary components, as illustrated

in Figure 1. Specifically, first, we design and implement a virtual operational environment,

which provides an intuitive platform for data collection, framework execution, and per-

formance evaluation. Second, we establish a motion control system primarily based on

inverse kinematics, motion planning, and collision detection, enabling precise handling

and execution of operational commands. Third, we develop an enhanced visual perception
system, in which a CA module is integrated into the backbone of the YOLO network to
improve the performance of object detection. Lastly, we implement a communication

system for the framework, facilitating seamless collaborative autonomy and data exchange.

This section provides a comprehensive explanation of the incorporated environment and

systems in the framework.
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Figure 1. Overall architecture of the proposed robotic framework.

3.1. Environment Setup

This section introduces the design and implementation of the virtual operational
environment, which provides a realistic operational setting for data collection and serves
as a controlled testbed for evaluating the performance of the proposed framework.

In this study, Gazebo is utilized for assembling a customized operational scenario
following the Unified Robot Description Format (URDF). The complex components, in-
cluding the robotic arm and gas valve, are modeled using 3D mesh files [48], encoded in
standard triangle language (STL) and digital asset exchange (DAE) formats, and defined in
the form of link-joint structures. Xacro (XML Macros) is employed to simplify URDF con-
figuration through a modular approach, enabling seamless integration of new components
for further development.

As shown in Figure 2, the simulation environment mainly consists of a 6-degree-of-
freedom (6-DOF) robotic arm and GIS-related environmental objects. The robotic arm
configuration allows for flexible positioning and orientation of the end-effector, while
the environmental components include a gas valve assembly, a supporting link, and a
table that together constitute part of the GIS setting. To enable realistic actuation of the
gas valve, the valve body is modeled as a rigid link connected to the fixed supporting
structure via a rotational joint. The physical resistance and mechanical constraints of
the valve are modeled through the dynamics and limit properties in the Open Dynamics
Engine (ODE). For smooth validation of the perception—-communication-manipulation
pipeline, the properties are configured to ensure the required manipulation torque remains
within the capability of the end-effector setup. During actual deployment, selection of
hardware configurations should be performed based on the torque requirements of the
target valve specifications. The manipulation is performed through position control, where
the achievement of the target angular position rather than the applied torque determines
task completion.

Without loss of generality, the ABB IRB 120 robot is selected for experimental demon-
stration due to its agility, compactness, and lightweight properties, which make it well-
suited for the planned fine manipulation tasks. The robotic arm consists of six rotational
joints, and the end-effector is equipped with a SCHUNK EGP 64 gripper for securing and
adjusting operations on gas valves, as shown in Figure 2a. The framework is compatible
with various arms, and the experiments so far have confirmed smooth operation with IRB
120 and UR3e robots.

To ensure the perception capability, an RGB-D camera is mounted on the fifth link
of the robotic arm, providing a first-person view (FPV) of the execution area. The camera
is attached via a fixed joint, minimizing collision and relative displacement risks and
ensuring consistent coordinate calibration. The camera specifications mainly include a
frame resolution of 640 x 480, a frame rate of 30 FPS, and an operating range of 0.05 m to
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3 m. Alternative sensors with different specifications can be integrated through the modular
configurations according to specific task requirements. The transformation between the
camera and the end-effector coordinate frame is calibrated for accurate spatial positioning
and manipulation, supporting monitoring and intervention during execution.

Tt @ Joint 4

gas valve

end-effector

supporting
link

(a) 6-DOF robotic arm (b) environmental objects

Figure 2. Elements in the virtual operational environment.

Overall, the virtual operational environment provides an adaptable platform for
validating and refining autonomous operational strategies in GIS settings. The modular
nature of the environment allows for further expansions, such as additional sensors or
robotic arms, for broader engineering applications.

3.2. Motion Control

The overall performance of the framework depends heavily on the ability to precisely
interact with and operate in complex environments. This section presents the methodolo-
gies of the motion control system in the proposed framework, focusing on the mechanisms
for inverse kinematics (IK) computation, motion planning, and collision detection.

3.2.1. IK Computation

To simplify user interaction and facilitate collaborative autonomous operations, all
goal requests sent by human users and action clients are specified with respect to the end-
effector frame. Consequently, before executing any motion, the framework first computes
appropriate joint angles for the arm according to the desired end-effector position and
orientation, which are fundamental for precise manipulation.

For this purpose, we employ the Kinematics and Dynamics Library (KDL) as the
primary solver, utilizing the Newton-Raphson method with joint limit constraints to
iteratively solve the following system of nonlinear equations:

fkl(ql" ’ '/qn) — Pgoall 0
k L, — 0

= fky(m :qn) Pgoal2 _ : )
fkm(q1/"' n) — Pgoalm 0

where m represents the dimension of the operational space,  is the number of actuated
joints of the robotic arm, and g denotes the joint angles to be determined; fk,, denotes
the forward kinematics function, which maps joint angles to the end-effector pose, while
Pgoaim Tepresents the target point of the end-effector in the corresponding dimension of
the workspace. For the IRB 120 model, n = 6, which corresponds to the six rotational
joints of the robotic arm, and m = 6, representing the three translational DOFs (x, y, z)
and three rotational DOFs (roll, pitch, yaw) of the task space. Therefore, the robotic arm
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is non-redundant as n = m. Replacement with a higher-DOF robotic arm will result
in kinematic redundancy (n > m), increasing flexibility while introducing additional
computational demands.

To solve the IK equations in Equation (1), the Jacobian matrix is computed as in
Equation (2), and joint angles are updated using the iterative formula in Equation (3).

g1 9qn
flf=]=17: - )
afkm afkm
991 “9qn
] 1
+
q> qz _
o= T e 3)
e ar

where e represents the error between the current and target end-effector poses. The Moore—
Penrose pseudo-inverse | T is substituted when the Jacobian is not invertible. The iteration
is repeated until the solution g converges within a position error tolerance of 107% m, or is
terminated after 0.05 s or 100 Newton—-Raphson iterations, with an error message returned
for operator judgment to maintain computational efficiency.

3.2.2. Motion Planning and Collision Detection

To facilitate effective motion planning, we implement a versatile planning interface
supporting various algorithms. In this work, the rapidly-exploring random trees-connect
(RRT-Connect) algorithm is adopted for trajectory generation, which iteratively extends
two trees from the initial and goal positions through random exploration to form a valid
motion path. The planning process terminates upon reaching 5000 iterations or a time limit
of 5 s. In this study, the step size for joint space search is configured as 0.1 rad. To accelerate
convergence while avoiding local minima, we introduce a 10% probability of expanding
directly toward the target instead of sampling a random pose. These parameters were
selected to ensure planning efficiency while maintaining the quality of solutions and can
be reconfigured for adaptation to other task scenarios.

Collision avoidance is a critical aspect of robotic motion to ensure the robotic arm does
not interfere with itself or environmental objects. In the proposed framework, the Flexible
Collision Library (FCL) is employed to handle collision detection, and the Bounding Volume
Hierarchy (BVH) is utilized for efficient computation, where axis-aligned bounding boxes
(AABBs) and oriented bounding boxes (OBBs) are generated for each mesh link.

In this study, both self-collision between different parts of the robotic arm and full
collision between the robot and external obstacles or objects are considered. Such compre-
hensive collision awareness is essential for safe operation during intricate movements. To
optimize efficiency, an allowed collision matrix is adopted to exempt predefined link pairs
from collision checks if they are physically unlikely to collide. In this study, the matrix
is generated by sampling points and further supplemented by the authors. For instance,
adjacent links connected via rotational joints and distant links are excluded, reducing
computational demands and improving planning efficiency.

Overall, by implementing the kinematics computation, motion planning, and collision
detection mechanisms, the motion control system ensures precise and smooth execution of
robotic operational tasks.

https://doi.org/10.3390/s26185877
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3.3. Visual Perception

The visual perception system in the proposed robotic framework serves to detect the
gas valves from visual input and to determine the optimal approaching point for robotic
manipulation. This system plays a crucial role in ensuring precise operation by enabling
real-time perception and localization of target components in complex environments.
Given the challenges associated with small-scale object detection, we enhance a YOLO-
based detector by integrating a CA module to improve accuracy. This section details the
integration of the CA mechanism and the coordinate transformations from the image frame
to the robot’s operational space.

3.3.1. Integration of Coordinate Attention

The proposed framework employs a YOLO-based vision network for gas valve de-
tection in the workspace. As reviewed in Section 2.2, while YOLO is recognized for its
accuracy and efficiency in general object detection, it encounters limitations when applied
to small-scale components such as gas valves in GISs, which occupy few pixels in captured
images, leading to limited feature extraction when incorporated into the framework.

To address this limitation, we propose to employ YOLO as the foundation of the
visual perception network and integrate the CA mechanism [43], which embeds positional
information into channel attention, improving the representation of relevant objects while
maintaining computational efficiency. Through this integration, the sensitivity of the per-
ception system to fine-grained features of components can be enhanced, thereby improving
the accuracy of localization and identification.

In this study, we insert a CA module into YOLOVS, positioning it as the last layer in
the backbone, as shown in Figure 3. This placement is crucial as premature applications
might act on relatively raw features, while late applications might lead to the loss of
fine-grained spatial details necessary for localizing small targets. Specifically, the CA
module operates by separately aggregating visual input features along the vertical and
horizontal axes to generate two attention maps, where each element encodes the positional
relevance and reflects the presence of the interested object in the corresponding row and
column. Subsequently, the attention maps are applied to the intermediate feature tensor
through multiplicative weighting, outputting a transformed tensor with enhanced feature
representations while preserving spatial integrity. At this stage, the features passed to
the subsequent neck structure are already enhanced with attention-guided information.
Through this integration, we intend to direct the vision model to attend to the critical spatial
regions and features relevant to small-scale objects before proceeding to feature fusion,
thereby enabling better localization of gas valves in cluttered backgrounds. Consequently,
the enhanced network, referred to as YOLOvVS-CA, is expected to outperform the original
YOLOV8 and achieve higher performance within the proposed framework.

3.3.2. Coordinate Extraction and Transformation

When the YOLOv8-CA network detects a gas valve, the visual perception system
transforms the detected bounding box coordinates from image space into robotic opera-
tional space to enable precise grasping through coordinate extraction, camera calibration,
and multi-step coordinate transformations.

Specifically, the vision network first predicts and outputs a bounding box around
the detected gas valve, from which the center grasping point P; is extracted in image
coordinates. Then, using the camera intrinsic parameters, a transformation matrix TIC is
established, which converts pixel coordinates into the camera coordinate system, where the
resulting point is denoted as P.. Lastly, based on robot model parameters, two additional
transformation matrices, Tg and T8, are derived, which describe the translation and rotation
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of the camera and end-effector frames with respect to the base link of the robot, respectively.
These transformations enable the conversion to P, in the end-effector frame. The complete
transformation is defined by Equation (4) and illustrated in Figure 4.

Xe Xi
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+

|- + [ .
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{ : !
' [ {
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camera
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Oend -effector

Figure 4. Transformation from image coordinates to robot end-effector coordinates.

The aforementioned transformations ensure accurate mapping of detected gas valve
coordinates into the robot’s operational space, enabling precise manipulation of the robotic
arm. Notably, in the proposed framework, the visual perception system is designed as an
independent ROS package, allowing convenient integration and replacement of detection
models. Future updates and alternative vision models can be seamlessly integrated without
modifying the core framework. This modular feature enhances the scalability and versatility
of the framework.
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By integrating a CA-enhanced vision model and a precise coordinate transformation
pipeline, the visual system provides improved perception capabilities, ensuring accurate
and reliable detection and localization.

3.4. Communication Paradigm

Robust and efficient communication is essential for coordinating robotic subsystems
and ensuring seamless data exchange, command execution, and real-time feedback. The
framework employs a modular communication architecture, where nodes continuously
exchange sensor outputs, control commands, and feedback signals to ensure smooth and
coordinated operations. Serving as the backbone for collaborative autonomy, this system
enables dynamic adjustment of execution autonomy levels, allowing for seamless human
intervention when necessary. The proposed framework incorporates multiple ROS-based
communication mechanisms, including topics, services, parameters, and actions, each
serving specific roles in handling different types of data interactions.

3.4.1. Topic-Based Communication

The topic-based communication follows a publisher—subscriber paradigm for continu-
ous data streams. The primary application in the framework is the transmission of visual
data from the camera to the YOLOVS-CA detection node, as shown in Figure 5, where nodes
are represented as ellipses and topics as rectangles. The ‘pub” with solid lines and “sub’
with dashed lines denote the publishing and subscribing streams, respectively. Specifically,
raw images are published from the camera node /arm_camera_controller to the topic
/arm_camera/image_raw, which is subscribed to by /yolo/yolov8_node for detection.
The detection results, including the bounding boxes and confidence scores, are published
to /yolo/detections, with /yolo/tracking maintaining continuous tracking in dynamic
scenes. Lastly, the /yolo/debug_node publishes annotated images to /yolo/dbg_image
for visualization, with examples provided in Figure 6.

/arm_camera/
image raw

L TTe——l
sub i sub me

v

. pub  /yolo/debug sub . pub yolo/tracking
o — —— - o _
/yolo/dbg_image node -« /yolo/tracking node

Figure 5. Topic-based communication for visual perception.
’ u 1

(b)
Figure 6. Visualization examples of topics: (a) /arm_camera/image_raw and (b) /yolo/dbg_image.

pub sub /yolo/yolovs__ pub

/arm_camera
= = —_————
node

controller

/yolo/detections
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b
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The topic-based mechanism allows multiple nodes to publish or subscribe to a single
topic as needed, facilitating flexible integration of additional processing modules. Multi-
subscriber topics provide a unified environment representation for human operators and
robotic modules, improving transparency and interpretability in collaborative autonomy.

3.4.2. Service-Based Communication and Parameter Configuration

Different from topic-based communication that follows one-way data flows, service-
based communication operates on a request-response paradigm, which is suitable for on-
demand queries and commands, particularly those with logical processing requirements.
In the proposed framework, the main application is the IK solver, as illustrated in Figure 7.
To invoke this service, a client node from the motion planning module sends a request
containing the desired end-effector pose, motion constraints, and timestamp. The server
then processes the request and returns the joint values required to achieve the target end-
effector pose. In the proposed framework, this service is typically invoked during motion
planning processes. Compared to unidirectional and continuously streamed topics, service-
based communication is bidirectional, ensuring each request receives a corresponding
response, making it ideal for complicated queries.

i
| Service: /compute_ik !
i I
1

Request message (end-effector pose)
i Server
I Node

Client :
I
1
Response message (joint states)
: .
I
I
I
L

Node

Figure 7. Service-based communication for IK computation.

Similar to the idea of distributed architectures, each node in the framework maintains
independent parameters that can be stored, retrieved, and modified dynamically during
runtime, without restarting nodes. For instance, the camera node stores the frame rate at
which the camera generates image data, and the node for coordinate system transformations
is configured with the transformation settings between the corresponding parent and child
frames. The parameters, stored as key-value pairs, allow users to fine-tune system behavior
without stopping or recompiling the framework. The parameter inherits the lifecycle
from the node it belongs to and can be dynamically modified through service invocations,
enhancing the flexibility of system configuration and improving the adaptability to different
operational conditions.

3.4.3. Action-Based Communication

Since robotic motion typically involves long-duration tasks, action-based communica-
tion provides real-time feedback and the ability to intervene during execution, which is
critical for safe collaborative autonomy. The mechanism primarily operates through the
exchange of goal, feedback, and result messages. Specifically, an action client first sends a
goal request, specifying the target or path, movement speed, and other necessary parame-
ters. The server then provides continuous updates on the status, allowing users to monitor
the execution progress or send additional requests. Upon completion, the server returns
the final execution result for confirmation. To facilitate the issuance of commands through
human-machine interfaces (HMIs) such as the command line, a series of predefined action
commands is implemented, as shown in Table 2, which serve as operator-facing verbs
in the paradigm of collaborative autonomy. As an illustration, the communication flow

https://doi.org/10.3390/s26185877


https://doi.org/10.3390/s26185877

Sensors 2026, 26, 5877

13 of 23

of the /MoveLin action is visualized in Figure 8. The framework also supports defining
action sequences of arbitrary length and executing them as an integrated unit. Through
action-based communication, the framework ensures real-time monitoring and smooth
execution of robotic operations.

Table 2. Predefined action commands for the robotic arm.

Action Name Command Parameters Description
/MoveJoints joint 1, joint 2, ..., joint 6 (rad), speed (rad/s) Moves the robotic arm to a specific joint position
/MoveGP delta (m), speed (m/s) Moves the fingers of the gripper to a specific pose
/MoveLin deltaX, deltaY, deltaZ (m), speed (m/s) Moves the end-effector linearly along the specified Cartesian path
/MoveRot yaw, pitch, roll (rad), speed (rad/s) Rotates the end-effector with the specified Euler angles
/MovePos X, y, z (m), speed (m/s) Moves the end-effector to a specific position
/MoveEE X, y, z (m), yaw, pitch, roll (rad), speed (m/s) Moves the end-effector to a specific position and orientation
[T
i Action: /MoveLin '
/MoveLin_ ! i /MoveLin_
client | Goal Service ' server

Goal request (path, speed)
Goal Client 1 Goal Server

Goal response message

Feedback
Subscriber

Feedback

Feedback topic (states) \ Publisher

Result Service

1
1
1
i
1
1
i
I
1
i
I
1
i
i
1
i
i
1
i
i
1
i
i
1
1
i
1
i
i
I
)

Result request message

Client Server

1
1
i
1
Vol Result
1
1
1
1

1
1
|
1
Result [
i Result response (finished)
1
1,

Figure 8. Communication mechanism of the /MoveLin action.

3.4.4. Collaborative Autonomy

Existing robotic systems for infrastructure operations can be broadly categorized into
teleoperation-based systems, where human operators command all actions in real time,
resulting in high cognitive load and latency issues, and pre-programmed fully autonomous
systems, where robots operate independently but lack situational awareness and adaptive
intervention capabilities needed in complex and unpredictable environments [49]. The col-
laborative autonomy paradigm implemented in this framework operates as a process that
dynamically allocates control authority between the robot and the human operator based
on situational uncertainty. This section details the trigger conditions and implementation
logic for autonomy level transition and control authority transfer.

The framework continuously monitors three uncertainty indicators during au-
tonomous execution, including the detection confidence score from the visual perception
system, planning validity from the motion controller, and manipulation deviation from
the feedback signals. The perception-related trigger for authority transfer occurs when the
detection confidence falls below the predefined threshold, indicating insufficient reliability
to proceed autonomously. Other triggers include planning failures, such as when the
RRT-Connect planner fails to find a feasible trajectory within the iteration or time limits,
and manipulation deviations, such as when unexpected collisions are detected or when the
end-effector pose deviates significantly from the predetermined path. When any of these
conditions are met, the robot immediately suspends its autonomous sequence and raises a
human intervention request via the HMI.
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During task execution, the human operator can monitor the perception and motion
control data remotely, including detection results, real-time sensor readings, and planned
trajectories. Upon receiving an authority transfer request, the HMI presents the task
state, the intervention reason, and relevant sensor data. The operator can then take over
teleoperation through the predefined action commands listed in Table 2. Once the operator
confirms that the situation is resolved or the task is completed, execution authority is
returned to the robot. In addition to on-demand transfer, the framework also supports
proactive autonomy level transition, where the operator can issue commands directly at
any point during execution. This strategy ensures that the robot handles routine and low-
uncertainty steps autonomously while the human operator intervenes only when necessary,
thus balancing safety and reliability.

Overall, the proposed framework integrates multiple communication mechanisms to
facilitate efficient data exchange, real-time feedback, and collaborative autonomy, achiev-
ing seamless HRC and intra-framework coordination, thereby ensuring safety, efficiency,
and reliability.

4. Experiments and Discussion
4.1. Experimental Setup

To evaluate the proposed framework, we conducted a series of experiments for a
systematic assessment of the gas pressure adjustment task in GIS operational settings. To
ensure the consistency and reliability of evaluation, each trial followed a specified sequence
as follows.

(1) Initialization and perception. The robotic arm was reset to a predefined configuration,
as shown in Figure 2a, with the first two links perpendicular to the base and the
others parallel. The visual perception system then captured RGB-D images for gas
valve detection. The confidence score and bounding box determined the execution
feasibility and the optimal approaching point, which was transformed from pixel
coordinates to the operational space for spatial localization.

(2) Motion command computation and verification. The framework computed a joint
motion command to position the end-effector at the target location and orientation.
Before execution, the command was displayed in the HMI for human-in-the-loop ver-
ification to reduce potential errors and enhance transparency. For rigorous evaluation,
trials failing user verification were recorded as failures.

(3) Command execution. The verified motion command was transmitted to the robotic
arm for execution. After reaching the target pose, the gripper secured the valve
component and rotated it to a specified angle for gas pressure adjustment.

The proposed framework was evaluated under two separate settings. In the first
setting, the robot was placed at a fixed and randomly selected position without prior
knowledge, evaluating the consistency of outputs and robustness against random noise
through iterative execution. In the second setting, the relative position between the arm
and the gas valve was randomly sampled from a uniform distribution within the range
specified in Equation (5) for each trial, evaluating the adaptability under realistic opera-

tional conditions.
xT — x4 € [0.35, 0.55] m

Yr —YaA € [—0.15, 0.15] m (5)
zr —z4 € [—0.20, 0.15] m

where x7 4, y7,4, and z7 4 stand for the x, y, and z coordinates of the target and the
end-effector of the robotic arm, respectively.
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Each trial was supervised and rigorously assessed throughout the evaluation. Since the
gripper fingers move synchronously, slight horizontal deviations could result in eccentricity
and insufficient holding force, while vertical deviations could introduce additional torque
requirements, increasing the difficulty of manipulation. As experimentally tested, to ensure
smooth operations, the horizontal and vertical coordinate deviations of the grasping point
should be limited to 2 mm and 15 mm, respectively, based on the component dimensions
and gripper constraints. Figure 9 presents the execution process during an experiment
from first-person and third-person perspectives. The experiments were designed to com-
prehensively evaluate the framework’s capability in detecting target components, as well
as inferring and executing manipulations in the operational environment.

Executing movement Approaching the target Reaching the target Closing gripper Adjusting the valve

Figure 9. First-person and third-person views of the execution process during an experiment.

It should be noted that the experiments are designed to evaluate the integrated pipeline
from perception to manipulation and the overall performance of the proposed framework.
While Gazebo provides a controlled testbed for this validation, several factors should be
considered when migrating to physical hardware deployment. Calibration errors such as
residual hand—-eye calibration bias, while controllable in simulation, may become notable
in physical systems due to mounting offsets and mechanical vibrations. Additionally,
communication and control latencies are also controlled in simulation but may introduce
additional delays in practical deployments. The complex and dynamic lighting fluctuations
in physical settings are also difficult to fully replicate during vision model training, posing
challenges to perception. To address these gaps, domain randomization, synthetic-to-real
fine-tuning, and physical deployment have been planned as future directions for this
work. The collaborative autonomy paradigm also enables mitigation of such deployment
discrepancies by transferring control to human operators when necessary.

4.2. Vision Model Evaluation

In this section, comparative experiments were conducted to evaluate the proposed
YOLOvS-CA detection model against several baseline models, including YOLOvV5-CA,
YOLOvS, YOLOvVS5, and RT-DETR. Ablation studies were also performed to assess the
proposed architectural enhancement. This evaluation aimed to analyze the impact of CA
integration on small-scale component detection, thereby assessing the overall performance
of the visual perception system.

For the purpose of model training, a dataset consisting of 664 images extracted from
the virtual operational environment was established. The images had a resolution of
640 x 480 and were manually annotated using Labellmg. The dataset was divided into
training (70%), validation (20%), and testing (10%) subsets. Several data augmentation
techniques, including random rotation, color jittering, and Gaussian noise injection, were
applied to enhance the robustness and generalization capability of the models.

Based on the analysis presented in Section 3.3.1, a CA module was embedded at the
final stage of the YOLOVS8 backbone. To validate this architectural decision, ablation studies
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were conducted by varying the insertion position of the CA module, where the adopted
configuration was benchmarked against multiple variants, as shown in Table 3.

Table 3. Ablation studies on the insertion position of the CA module.

CA Insertion Position mAP50-95 F1 FPS
Final backbone stage (the proposed YOLOvS-CA) 0.741 0.914 55.556
Backbone P4 (after C2f) and P5 (after SPPF) 0.719 0.908 53.251
Backbone P5 (after SPPF) and Neck P4 in both upsampling and downsampling paths 0711 0.891 47953
(after C2f)
YOLOVS8 baseline w/o CA 0.704 0.895 65.085
After each C2f stage in the backbone 0.703 0.881 45.105
Backbone P4 (after C2f) 0.699 0.916 60.669
Backbone P5 (after SPPF) and Neck P3 and P4 in the upsampling path (after C2f) 0.694 0.897 49.020
Neck P3 (after Concat) 0.676 0.899 59.336

It is worth mentioning that the CA module operates on the feature tensor without
changing the number of channels. Here, P3, P4, and P5 denote the three multi-scale feature
levels of YOLOVS, corresponding to the outputs passed to the neck. In the neck, the upsam-
pling path denotes the pathway from P5 to P3 via upsampling and concatenation, and the
downsampling path refers to the reverse pathway via downsampling and concatenation. It
can be seen from the table that the proposed insertion at the final backbone stage achieves
the highest mAP50-95 among all configurations, whereas the F1-score remains within a
narrow band of 0.88-0.92 across variants. In this context, since mAP50-95 computes the
mean of average precision (AP) across a range of intersection over union (IoU) thresholds, it
is more sensitive to localization precision and thus serves as the more discriminative metric;
Fl-score, in contrast, primarily reflects basic detection performance, capturing whether
objects are correctly detected rather than how precisely they are localized. Additionally,
our analysis indicates that embedding CA at shallow stages, such as the early feature levels
P3 and P4 with smaller receptive fields, may not provide sufficient semantic information
for the attention mechanism to leverage. Meanwhile, deploying CA across multiple stages
does not bring significant mAP50-95 advantages over the proposed single placement and
reduces inference speed to some extent, suggesting that redundant attention computation
is performed. Consequently, the proposed single insertion at the final backbone stage
provides the most favorable balance between localization accuracy and real-time efficiency
in this context, supporting the design adopted in YOLOvS-CA.

The training was conducted on a desktop equipped with an 8-core CPU and an NVIDIA
RTX 4060 GPU. The models were pre-trained on the COCO dataset [50] to accelerate con-
vergence and trained for 500 epochs, applying early stopping with a patience of 100 epochs.
Figure 10 presents the mAP50-95 curves for each vision model, which had undergone inde-
pendent hyperparameter fine-tuning processes to achieve optimal performance.

As shown in Figure 10, the curves for each model generally followed similar trends,
but significant differences were observed in terms of stability and final performance. The
YOLOV8-CA and YOLOV5-CA achieved higher peak and convergence mAP50-95 values
compared to the original YOLOv8 and YOLOV5, while also exhibiting slower convergence.
The training process of YOLOv8-CA reached the 500-epoch limit, indicating stable learning
behavior and continuous improvement. The original YOLOvS8 outperformed YOLOVS5,
while the integration of the CA module provided notable enhancements. In contrast,
while RT-DETR has demonstrated competitive performance on general-purpose datasets
such as COCO, its performance on the valve detection task reveals specific limitations
related to the visual characteristics of this scenario, representing a task-specific gap rather
than a general deficiency of the architecture. From the results, it may be inferred that
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the transformer-based global self-attention mechanism in RT-DETR captures long-range
dependencies, which may result in a relatively dispersed attention distribution and weaken
the emphasis on fine-grained local spatial features that are critical for detecting small-scale
objects. Comparatively, YOLOvV8-CA is designed to focus more on critical spatial regions
and features relevant to small-scale objects, with the CA module enhancing spatial local-
ization by explicitly encoding positional information along horizontal and vertical axes.
Additionally, the training instability observed in RT-DETR suggests that the transformer
architecture may require more hyperparameter tuning or larger datasets to converge ef-
fectively in this specific domain, whereas the proposed model demonstrated more robust
convergence behavior. Overall, the results indicate that the proposed YOLOvS8-CA out-
performed the baselines, demonstrating improved performance in detecting small-scale
components against varied backgrounds.

Yolov8-CA Yolov8 1 ‘ [ ——RT-DETR
07 Yolov5-CA Yolov5 0 L b 07
0.6 - |08
0.5 0.5
2t ;
% 0.4 r :r 04?
NS . o3k
0.68 ' |
02 - 0.66 0.2
L 0.64
0.1 0.62 |- 01f
0'0:\1_ | A A L | I 0'0' Nl Ly | Nl Liies
0 100 200 300 400 500 O 50 100 150 200 250
Epochs Epochs

Figure 10. mAP50-95 comparison of visual detection models.

It should be noted that while a higher mAP50-95 indicates superior capability of the
perception system, the comprehensive performance of the proposed robotic framework
depends on the results of manipulation tasks, specifically on whether the detections lead to
precise executions, which were evaluated in subsequent experiments.

After training and evaluation of the vision models, the best-performing weights were
integrated into the visual perception system and adopted for subsequent experiments. The
selected checkpoints with the corresponding metrics are summarized in Table 4.

Table 4. Metrics of the selected vision model checkpoints.

Model mAP50-95 F1 FPS
YOLOvS8-CA 0.741 0.914 55.556
YOLOv5-CA 0.717 0.896 49.866

YOLOv8 0.704 0.895 65.085
YOLOv5 0.694 0.879 55.230
RT-DETR 0.569 0.780 46.784

It can be concluded more intuitively from Table 4 that the CA integration effectively
improved visual detection. It is worth noting that the reported FPS values were mea-
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sured for the vision models, rather than representing the full pipeline latency. In practical
deployments, visual inference may benefit from cameras with higher frame rates and is
coupled with motion planning and communication delays. The proposed vision model
is expected to reserve sufficient computational and temporal budget for motion planning
and other concurrent tasks while ensuring reliable detection capability, thereby attaining a
balance between performance and inference speed. Overall, the YOLOvS8-CA achieved the
highest performance and maintained satisfactory inference speed, validating the method-
ology of the visual perception system and demonstrating its potential for the specified
operational task.

4.3. Task Execution

To evaluate the overall performance of the framework, including the capability of
comprehensive detection and manipulation with precision, and the adaptability to different
software and hardware configurations, a series of manipulation experiments was conducted,
with a focus on the success rate of task execution.

As detailed in Section 4.1, the experiments were conducted under different relative
positions between the robotic arm and the target valve component, and the framework was
evaluated across different hardware and vision model configurations. Specifically, each
framework configuration was tested in 100 trials for setting 1 with fixed relative positions,
and 300 trials for setting 2 with varied relative positions. A trial was considered successful
only if the robotic arm could smoothly detect, reach, and adjust the valve without errors or
collisions. The experimental results are summarized in Table 5.

Table 5. Task execution results of the proposed framework.

Framework Configuration Setting 1 Setting 2

Robotic Vision Model  Planning  Execution Success Planning Execution Success
Arm Integration Failure Deviation Rate (%) Failure Deviation Rate (%)

YOLOvVS-CA 5 16 93.0

YOLOv5-CA 7 25 89.3

IRB 120 0 0 1000 7 60 777

6 68 75.3

8 3 89.0 28 121 50.3

YOLOvVS-CA 6 18 92.0

YOLOvV5-CA 5 26 89.7

UR3e 0 0 1000 6 65 763

9 63 76.0

9 3 88.0 25 120 51.7

In this experiment, the planning failures include both motion planning errors and low-
confidence visual detections, where a detection is considered unreliable if the confidence
score falls below the predefined threshold. On the other hand, failures that occur during
the manipulation stage are recorded as execution deviations. To elaborate on this, each
such deviation can be attributed either to one of the perception-related factors discussed
above, including detector localization error, depth error, and residual hand—eye calibration
bias, or to one of the manipulation factors, including collision, grasping failure, and
rotational deviation in which the rotational displacement does not reach the target angle.
It was observed that most of the execution deviations during evaluation result from the
perception factors, while few arise from manipulation deviations. In the experiments
with varied relative positions, the YOLOv8-CA configuration produced 16 (IRB 120) and
18 (UR3e) execution deviation failures, corresponding to roughly 5-6% of trials, whereas
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other configurations exhibited substantially more. This indicates that the CA-enhanced
perception tightens the localization error distribution within the tolerance window, directly
raising the success rate of task execution, and also confirms that perception accuracy, rather
than motion execution, is the dominant source of execution deviations.

Regarding the propagation of perception-side uncertainties into the task execution
results, the relevant factors primarily include depth acquisition from the RGB-D camera,
hand-eye calibration accuracy, and localization error of the detected component. As the
target position P, of the end-effector is obtained through the chain illustrated in Equation
(4), a depth error Az is translated into a Cartesian error along the camera z-axis and is then
propagated through the coordinate transformation pipeline. Additionally, the hand—eye
transformation is derived from offline calibration. The camera is mounted on the fifth
link of the robotic arm via a fixed joint, which minimizes the risk of collision and relative
displacement, and the residual calibration error acts as a constant bias added to every
localized point and shifts the grasping pose. In addition, the detector localizes the valve
center with a pixel-level error, which becomes a spatial localization error in the operational
frame after inverse projection. The framework tolerates these errors within bounded grasp
windows, as noted in Section 4.1.

Generally, it can be observed that under the first setting, the proposed framework
achieved consistent success with most configurations, indicating effective environmental
noise resistance and high output consistency. In contrast, under the second setting with
varied relative positions, the success rates decreased across all configurations, reflecting
increased complexity of the task, where minor localization or manipulation errors could
lead to failures. However, the results suggest that the CA integration significantly narrowed
this gap. Specifically, both framework configurations with the CA module integrated
maintained success rates around 90%, demonstrating satisfactory robustness, while other
configurations experienced failures in over 20% of the trials. Additionally, our findings
indicate that the configurations with RI-DETR were less effective, with higher occurrences
of low-confidence detections and grasping deviations. Robotic arms with comparable
specifications exhibited similar performance, demonstrating scalability. The results also
highlight the satisfactory adaptability of the framework to variations in experimental
scenarios for small-scale component detection and manipulation, reducing reliance on
human intervention.

For the common practical scenario with random relative positions, a statistical analysis
has been conducted following established experimental design principles [51]. Figure 11
presents the 95% confidence intervals for the framework’s success rate under each con-
figuration. The results indicate that the framework can effectively integrate and leverage
the strengths of different visual modules and hardware configurations, demonstrating its
adaptability and extensibility under various operational conditions.

In summary, the experiments have confirmed the reliability of the proposed robotic
framework for GIS gas pressure adjustment tasks. The results demonstrate success rates of
over 90% under the proposed framework configuration in dynamic operational settings
and exhibit adaptability to different software and hardware configurations, indicating
potential for maintenance and operational applications, where precision, scalability, and
collaborative autonomy are key considerations.

Despite these results, several limitations should be acknowledged. First, while the
proposed framework is designed to be modular and expandable, the validated hardware
options remain relatively constrained and could be further expanded. Second, although
data augmentation, COCO pre-training, and random sensor noise are employed, some
physical lighting variations such as glare are difficult to fully reproduce, and the limited
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dataset size and the single-source domain restrict the complexity and diversity of the
training data. These limitations highlight the potential areas for future endeavors.
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Figure 11. Success rates of task execution under random relative positions with 95% confidence
intervals.

5. Conclusions

This paper presents a ROS-based robotic fine manipulation framework for high-
precision collaborative autonomous operations in power infrastructure, evaluated on the
task of gas pressure adjustment. With the integration of the CA module, the visual percep-
tion system demonstrates enhanced small-scale component detection. Furthermore, the
motion control system supports accurate and smooth execution of manipulation commands,
while the communication system enables seamless data interaction. The collaborative au-
tonomy paradigm ensures safety and reliability in hazardous environments, enabling
transitions between autonomous execution and remote human intervention as needed.
Overall, the proposed framework enables collaborative autonomous detection and manip-
ulation by robotic arm deployment in the GIS environment, demonstrating its potential for
engineering operational applications.

Extensive experiments are conducted to evaluate the proposed robotic framework.
The results confirm that the integration of the CA mechanism enhanced the performance of
small-scale component detection, reducing execution deviation failures to roughly 5-6% of
trials and yielding an approximately 15% improvement in task execution performance. In
terms of the overall task success rate, the evaluations in static environments demonstrated
satisfactory noise resistance and output consistency, while the trials in dynamic scenarios
achieved a success rate of up to 93% with the proposed visual detector and IRB 120
configuration, validating the robustness and reliability of the framework, which confines
human intervention to infrequent scenarios, thereby enhancing safety and minimizing
operator workload.

This study proposes an integrated robotic framework beyond isolated algorithms
and extends applied robotic capabilities from passive inspection to active manipulation
of gas valves in hazardous power infrastructure. This work has the potential to advance
infrastructure management and maintenance by providing a robotic alternative to manual
operations. The modular design of the framework ensures flexibility and extensibility,
enabling future integration with various robotic platforms and software techniques, laying
the foundation for broader adoption of robotics in infrastructure.

Future research will focus on validating the framework’s compatibility with multiple
robotic platforms, including FANUC and KUKA, and expanding the experimental scope to
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other operational tasks. Further domain randomization and synthetic-to-real fine-tuning
will be implemented for enhanced generalization, and digital twin-based online calibra-
tion will also be applied to compensate for visual discrepancies between simulation and
reality. Additionally, force and torque feedback will be explored for compliant control to
handle non-ideal working conditions such as unexpected mechanical resistance. Lastly,
deployment of the proposed framework in practical GIS scenarios and other infrastructure
applications is planned for further validation and improvement.

Author Contributions: Conceptualization, G.X.; methodology, G.X.; software, G.X.; validation, G.X.;
formal analysis, G.X.; investigation, G.X.; resources, Y.D.; data curation, G.X.; writing—original
draft preparation, G.X.; writing—review and editing, G.X. and Y.D.; visualization, G.X.; supervision,
Y.D.; project administration, Y.D.; funding acquisition, Y.D. All authors have read and agreed to the
published version of the manuscript.

Funding: This research was funded by the Research Grants Council of the Hong Kong Special
Administrative Region, China (Research Impact Fund (RIF) project, No. R5048-25).

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The data presented in this study will be made available on request
from the corresponding author.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.

10.

11.

12.

13.

Chu, EY. SF6 Decomposition in Gas-Insulated Equipment. IEEE Trans. Electr. Insul. 1986, 21, 693-725. [CrossRef]

Liu, C.-H.; Palanisamy, S.; Chen, S.-M.; Wu, P--S.; Yao, L.; Lou, B.-S. Mechanism of Formation of SF6 Decomposition Gas Products
and Its Identification by GC-MS and Electrochemical Methods: A Mini Review. Int. J. Electrochem. Sci. 2015, 10, 4223-4231.
[CrossRef]

Lattanzi, D.; Miller, G. Review of Robotic Infrastructure Inspection Systems. J. Infrastruct. Syst. 2017, 23, 04017004. [CrossRef]
Deng, C.; Wang, S.; Huang, Z.; Tan, Z.; Liu, J. Unmanned Aerial Vehicles for Power Line Inspection: A Cooperative Way in
Platforms and Communications. J. Commun. 2014, 9, 687-692. [CrossRef]

Liu, S.; Liu, P. A Review of Motion Planning Algorithms for Robotic Arm Systems. In Proceedings of the RiTA 2020, Virtual, 11-13
December 2020; Chew, E., Abdul Majeed, A.P.P, Liu, P, Platts, J.,, Myung, H., Kim, J., Kim, J.-H., Eds.; Springer: Singapore, 2021;
pp. 56-66. [CrossRef]

Joshi, S.; Kumra, S.; Sahin, F. Robotic Grasping Using Deep Reinforcement Learning. In Proceedings of the 2020 IEEE 16th
International Conference on Automation Science and Engineering (CASE), Hong Kong, China, 20-21 August 2020; IEEE: Piscataway, NJ,
USA, 2020; pp. 1461-1466. [CrossRef]

Langaker, H.-A.; Kjerkreit, H.; Syversen, C.L.; Moore, R.J.; Holhjem, @.H.; Jensen, I.; Morrison, A.; Transeth, A.A.; Kvien, O.;
Berg, G.; et al. An Autonomous Drone-Based System for Inspection of Electrical Substations. Int. J. Adv. Robot. Syst. 2021, 18,
17298814211002973. [CrossRef]

Petrlik, M.; Baca, T.; Heft, D.; Vrba, M.; Krajnik, T.; Saska, M. A Robust UAV System for Operations in a Constrained Environment.
IEEE Robot. Autom. Lett. 2020, 5, 2169-2176. [CrossRef]

Fernandez Galarreta, J.; Kerle, N.; Gerke, M. UAV-Based Urban Structural Damage Assessment Using Object-Based Image
Analysis and Semantic Reasoning. Nat. Hazards Earth Syst. Sci. 2015, 15, 1087-1101. [CrossRef]

Lu, S;; Zhang, Y.; Su, J. Mobile Robot for Power Substation Inspection: A Survey. IEEE/CAA ]. Autom. Sin. 2017, 4, 830-847.
[CrossRef]

Kumar, S.; Chouksey, S. Gas Leakage Source Localization and Boundary Estimation Using Mobile Wireless Sensor Network. In
Proceedings of the 2021 2nd International Conference on Computation, Automation and Knowledge Management (ICCAKM), Dubai, United
Arab Emirates, 19 January 2021; IEEE: Piscataway, NJ, USA, 2021; pp. 276-281. [CrossRef]

Fan, J.; Saadeghvaziri, M.A. Applications of Drones in Infrastructures: Challenges and Opportunities. Int. |. Mech. Mechatron.
Eng. 2019, 13, 649-655. [CrossRef]

Ma, Y,; Li, Q.; Chu, L.; Zhou, Y.; Xu, C. Real-Time Detection and Spatial Localization of Insulators for UAV Inspection Based on
Binocular Stereo Vision. Remote Sens. 2021, 13, 230. [CrossRef]

https://doi.org/10.3390/s26185877


https://doi.org/10.1109/TEI.1986.348921
https://doi.org/10.1016/S1452-3981(23)06617-8
https://doi.org/10.1061/(ASCE)IS.1943-555X.0000353
https://doi.org/10.12720/jcm.9.9.687-692
https://doi.org/10.1007/978-981-16-4803-8_7
https://doi.org/10.1109/CASE48305.2020.9216986
https://doi.org/10.1177/17298814211002973
https://doi.org/10.1109/LRA.2020.2970980
https://doi.org/10.5194/nhess-15-1087-2015
https://doi.org/10.1109/JAS.2017.7510364
https://doi.org/10.1109/ICCAKM50778.2021.9357732
https://doi.org/10.5281/zenodo.3566281
https://doi.org/10.3390/rs13020230
https://doi.org/10.3390/s26185877

Sensors 2026, 26, 5877 22 of 23

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Nex, E; Duarte, D.; Steenbeek, A.; Kerle, N. Towards Real-Time Building Damage Mapping with Low-Cost UAV Solutions.
Remote Sens. 2019, 11, 287. [CrossRef]

Caprari, G.; Breitenmoser, A.; Fischer, W.; Hiirzeler, C.; Tache, F; Siegwart, R.; Nguyen, O.; Moser, R.; Schoeneich, P.; Mondada, F.
Highly Compact Robots for Inspection of Power Plants. J. Field Robot. 2012, 29, 47-68. Erratum in J. Field Robot. 2017, 34, 426.
[CrossRef]

Le, T.; Gibb, S.; Pham, N.; La, H.M,; Falk, L.; Berendsen, T. Autonomous Robotic System Using Non-Destructive Evaluation
Methods for Bridge Deck Inspection. In Proceedings of the 2017 IEEE International Conference on Robotics and Automation (ICRA),
Singapore, 29 May-3 June 2017; IEEE: Piscataway, NJ, USA, 2017; pp. 3672-3677. [CrossRef]

Lim, R.S.; La, HM.; Shan, Z.; Sheng, W. Developing a Crack Inspection Robot for Bridge Maintenance. In Proceedings of the
2011 IEEE International Conference on Robotics and Automation, Shanghai, China, 9-13 May 2011; IEEE: Piscataway, NJ, USA, 2011;
pp. 6288-6293. [CrossRef]

Van Nguyen, L.; Gibb, S.; Pham, H.X.; La, H.M. A Mobile Robot for Automated Civil Infrastructure Inspection and Evaluation.
In Proceedings of the 2018 IEEE International Symposium on Safety, Security, and Rescue Robotics (SSRR), Philadelphia, PA, USA, 6-8
August 2018; IEEE: Piscataway, NJ, USA, 2018; pp. 1-6. [CrossRef]

Shen, S.; Cheng, J.; Liu, Z; Tan, J.; Zhang, D. Bayesian Inference-Assisted Reliability Analysis Framework for Robotic Motion
Systems in Future Factories. Reliab. Eng. Syst. Saf. 2025, 258, 110894. [CrossRef]

Liu, Z.; Zhang, O.; Zhao, Y.; Zhu, Q.; Liu, J. Adaptive Neural Network-Based Fixed-Time Control for Robots with Input Saturation
and Prescribed Performance. Nonlinear Dyn. 2025, 113, 18229-18241. [CrossRef]

Sinico, T.; Neto, P.; Boschetti, G. Impact of Control Strategy on Trajectory Tracking Performance in Open PLC-Based Robot
Controllers: A Comparison of PID and Model-Based Control. Results Eng. 2025, 28, 107664. [CrossRef]

Bulgakov, A.; Bock, T.; Otto, J.; Buzalo, N.; Linner, T. Requirements for Safe Operation and Facility Maintenance of Construction
Robots. In Proceedings of the 37th International Symposium on Automation and Robotics in Construction (ISARC), International
Association for Automation and Robotics in Construction (IAARC), Kitakyushu, Japan, 27-28 October 2020; pp. 369-376.
[CrossRef] [PubMed]

Ren, S.; He, K; Girshick, R.; Sun, J. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks. IEEE
Trans. Pattern Anal. Mach. Intell. 2017, 39, 1137-1149. [CrossRef] [PubMed]

Cai, Z.; Vasconcelos, N. Cascade R-CNN: High Quality Object Detection and Instance Segmentation. IEEE Trans. Pattern Anal.
Mach. Intell. 2021, 43, 1483-1498. [CrossRef] [PubMed]

Li, Y.; Wang, L.; Wang, Z. Single-Shot Object Detection via Feature Enhancement and Channel Attention. Sensors 2022, 22, 6857.
[CrossRef] [PubMed]

Zou, Z.; Chen, K,; Shi, Z.; Guo, Y.; Ye, J. Object Detection in 20 Years: A Survey. Proc. IEEE 2023, 111, 257-276. [CrossRef]
Redmon, J.; Divvala, S.; Girshick, R.; Farhadi, A. You Only Look Once: Unified, Real-Time Object Detection. In Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 26 June-1 July 2016; IEEE: Piscataway, NJ, USA,
2016; pp. 779-788. [CrossRef]

Terven, J.; Cérdova-Esparza, D.-M.; Romero-Gonzilez, J.-A. A Comprehensive Review of Yolo Architectures in Computer Vision:
From Yolov1 to Yolov8 and Yolo-Nas. Mach. Learn. Knowl. Extr. 2023, 5, 1680-1716. [CrossRef]

Guzman-Torres, ].A.; Dominguez-Mota, FJ.; Martinez-Molina, W.; Naser, M.Z.; Tinoco-Guerrero, G.; Tinoco-Ruiz, ].G. Damage
Detection on Steel-Reinforced Concrete Produced by Corrosion via YOLOvV3: A Detailed Guide. Front. Built Environ. 2023, 9,
1144606. [CrossRef]

Chen, Y.; Liu, H.; Chen, J.; Hu, J.; Zheng, E. Insu-YOLO: An Insulator Defect Detection Algorithm Based on Multiscale Feature
Fusion. Electronics 2023, 12, 3210. [CrossRef]

Song, Z.; Huang, X; Ji, C.; Zhang, Y. Deformable YOLOX: Detection and Rust Warning Method of Transmission Line Connection
Fittings Based on Image Processing Technology. IEEE Trans. Instrum. Meas. 2023, 72, 2504321. [CrossRef]

Zhao, Y.; Lv, W;; Xu, S.; Wei, ].; Wang, G.; Dang, Q.; Liu, Y.; Chen, ]. Detrs Beat Yolos on Real-Time Object Detection. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Seattle, WA, USA, 17-21 June 2024; IEEE: Piscataway, NJ,
USA, 2024; pp. 16965-16974. [CrossRef]

Xing, W.; Sultan Mohd, M.R.; Johari, J.; Ahmat Ruslan, F. A Review on Object Detection Algorithms Based Deep Learning
Methods. J. Electr. Electron. Syst. Res. (JEESR) 2023, 23, 1-13. [CrossRef]

Thantharate, A.V.; Goodwin, M.; Andersen, P--A.; Gupta, A. Towards Robust Road Quality Detection Using Different Detection
Models. In Artificial Intelligence Applications and Innovations; Maglogiannis, 1., Iliadis, L., Macintyre, J., Avlonitis, M., Papaleonidas,
A., Eds.; IFIP Advances in Information and Communication Technology; Springer Nature: Cham, Switzerland, 2024; Volume 713,
pp. 125-138. [CrossRef]

Dai, L.; Wang, D.; Song, F; Yang, H. Concrete Bridge Crack Detection Method Based on an Improved RT-DETR Model. In
Proceedings of the 2024 3rd International Conference on Robotics, Artificial Intelligence and Intelligent Control (RAIIC), Mianyang, China,
5-7 July 2024; IEEE: Piscataway, NJ, USA, 2024; pp. 172-175. [CrossRef]

https:/ /doi.org/10.3390/s26185877


https://doi.org/10.3390/rs11030287
https://doi.org/10.1002/rob.21411
https://doi.org/10.1109/ICRA.2017.7989421
https://doi.org/10.1109/ICRA.2011.5980131
https://doi.org/10.1109/SSRR.2018.8468642
https://doi.org/10.1016/j.ress.2025.110894
https://doi.org/10.1007/s11071-025-11103-5
https://doi.org/10.1016/j.rineng.2025.107664
https://doi.org/10.22260/ISARC2020/0053
https://www.ncbi.nlm.nih.gov/pubmed/42021835
https://doi.org/10.1109/TPAMI.2016.2577031
https://www.ncbi.nlm.nih.gov/pubmed/27295650
https://doi.org/10.1109/TPAMI.2019.2956516
https://www.ncbi.nlm.nih.gov/pubmed/31794388
https://doi.org/10.3390/s22186857
https://www.ncbi.nlm.nih.gov/pubmed/36146207
https://doi.org/10.1109/JPROC.2023.3238524
https://doi.org/10.1109/CVPR.2016.91
https://doi.org/10.3390/make5040083
https://doi.org/10.3389/fbuil.2023.1144606
https://doi.org/10.3390/electronics12153210
https://doi.org/10.1109/TIM.2023.3238742
https://doi.org/10.1109/CVPR52733.2024.01605
https://doi.org/10.24191/jeesr.v23i1.001
https://doi.org/10.1007/978-3-031-63219-8_10
https://doi.org/10.1109/RAIIC61787.2024.10670904
https://doi.org/10.3390/s26185877

Sensors 2026, 26, 5877 23 of 23

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.
49.

50.

51.

Liu, Y,; Sun, P.; Wergeles, N.; Shang, Y. A Survey and Performance Evaluation of Deep Learning Methods for Small Object
Detection. Expert Syst. Appl. 2021, 172, 114602. [CrossRef]

Miri Rekavandi, A.; Rashidi, S.; Boussaid, F.; Hoefs, S.; Akbas, E.; Bennamoun, M. Transformers in Small Object Detection: A
Benchmark and Survey of State-of-the-Art. ACM Comput. Surv. 2025, 58, 64. [CrossRef]

Cheng, G.; Yuan, X.; Yao, X.; Yan, K,; Zeng, Q.; Xie, X.; Han, J. Towards Large-Scale Small Object Detection: Survey and
Benchmarks. IEEE Trans. Pattern Anal. Mach. Intell. 2023, 45, 13467-13488. [CrossRef] [PubMed]

Hu, J.; Shen, L.; Sun, G. Squeeze-and-Excitation Networks. In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition, Salt Lake City, UT, USA, 18-22 June 2018; IEEE: Piscataway, NJ, USA, 2018; pp. 7132-7141. [CrossRef]

Woo, S.; Park, J.; Lee, ].-Y.; Kweon, I.S. CBAM: Convolutional Block Attention Module. In Proceedings of the Computer Vision—ECCYV,
Munich, Germany, 8-14 September 2018; Ferrari, V., Hebert, M., Sminchisescu, C., Weiss, Y., Eds.; Springer International Publishing:
Cham, Switzerland, 2018; pp. 3-19. [CrossRef]

Wang, Q.; Wu, B.; Zhu, P;; Li, P; Zuo, W.; Hu, Q. ECA-Net: Efficient Channel Attention for Deep Convolutional Neural Networks.
In Proceedings of the 2020 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Seattle, WA, USA, 13-19 June
2020; IEEE: Piscataway, NJ, USA, 2020; pp. 11531-11539. [CrossRef]

Li, X.; Wang, W.; Hu, X.; Yang, J. Selective Kernel Networks. In Proceedings of the 2019 IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), Long Beach, CA, USA, 16-20 June 2019; IEEE: Piscataway, NJ, USA, 2019; pp. 510-519. [CrossRef]
Hou, Q.; Zhou, D.; Feng, ]. Coordinate Attention for Efficient Mobile Network Design. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, Virtual, 19-25 June 2021; IEEE: Piscataway, NJ, USA, 2021; pp. 13713-13722. [CrossRef]
Collins, J.; Chand, S.; Vanderkop, A.; Howard, D. A Review of Physics Simulators for Robotic Applications. IEEE Access 2021, 9,
51416-51431. [CrossRef]

Azar, A.T.; Sardar, M.Z.; Ahmed, S.; Hassanien, A.E.; Kamal, N.A. Autonomous Robot Navigation and Exploration Using Deep
Reinforcement Learning with Gazebo and ROS. In Proceedings of the 9th International Conference on Advanced Intelligent Systems
and Informatics, Port Said, Egypt, 2022 September 2023; Hassanien, A., Rizk, R.Y., Pamucar, D., Darwish, A., Chang, K.-C., Eds.;
Lecture Notes on Data Engineering and Communications Technologies; Springer Nature: Cham, Switzerland, 2023; Volume 184,
pp. 287-299. [CrossRef]

Zhang, M.; Qin, H.; Lan, M,; Lin, J.; Wang, S.; Liu, K.; Lin, E; Chen, B.M. A High Fidelity Simulator for a Quadrotor UAV Using
ROS and Gazebo. In Proceedings of the IECON 2015—41st Annual Conference of the IEEE Industrial Electronics Society, Yokohama,
Japan, 9-12 November 2015; IEEE: Piscataway, NJ, USA, 2015; pp. 002846-002851. [CrossRef]

Yan, Z.; Fabresse, L.; Laval, J.; Bouraqadi, N. Building a Ros-Based Testbed for Realistic Multi-Robot Simulation: Taking the
Exploration as an Example. Robotics 2017, 6, 21. [CrossRef]

Edwards, S. Abb_Experimental. Available online: https://wiki.ros.org/abb_experimental (accessed on 8 November 2024).
Saidi, K.S.; Bock, T.; Georgoulas, C. Robotics in Construction. In Springer Handbook of Robotics; Siciliano, B., Khatib, O., Eds.;
Springer International Publishing: Cham, Switzerland, 2016; pp. 1493-1520. [CrossRef]

Lin, T.-Y.; Maire, M.; Belongie, S.; Hays, J.; Perona, P.; Ramanan, D.; Dolldr, P; Zitnick, C.L. Microsoft COCO: Common Objects in
Context. In Computer Vision—ECCV 2014; Fleet, D., Pajdla, T., Schiele, B., Tuytelaars, T., Eds.; Lecture Notes in Computer Science;
Springer International Publishing: Cham, Switzerland, 2014; Volume 8693, pp. 740-755. [CrossRef]

Dean, A.; Voss, D.; Dragulji¢, D. Design and Analysis of Experiments; Springer Texts in Statistics; Springer International Publishing:
Cham, Switzerland, 2017. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https:/ /doi.org/10.3390/s26185877


https://doi.org/10.1016/j.eswa.2021.114602
https://doi.org/10.1145/3758090
https://doi.org/10.1109/TPAMI.2023.3290594
https://www.ncbi.nlm.nih.gov/pubmed/37384469
https://doi.org/10.1109/CVPR.2018.00745
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1109/CVPR42600.2020.01155
https://doi.org/10.1109/CVPR.2019.00060
https://doi.org/10.1109/CVPR46437.2021.01350
https://doi.org/10.1109/ACCESS.2021.3068769
https://doi.org/10.1007/978-3-031-43247-7_26
https://doi.org/10.1109/IECON.2015.7392534
https://doi.org/10.3390/robotics6030021
https://wiki.ros.org/abb_experimental
https://doi.org/10.1007/978-3-319-32552-1_57
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-52250-0
https://doi.org/10.3390/s26185877

	Introduction 
	Related Work 
	Robotic Systems for Infrastructure Applications 
	Vision Models for Small-Scale Component Detection 
	ROS-Based Frameworks 

	Methodology 
	Environment Setup 
	Motion Control 
	IK Computation 
	Motion Planning and Collision Detection 

	Visual Perception 
	Integration of Coordinate Attention 
	Coordinate Extraction and Transformation 

	Communication Paradigm 
	Topic-Based Communication 
	Service-Based Communication and Parameter Configuration 
	Action-Based Communication 
	Collaborative Autonomy 


	Experiments and Discussion 
	Experimental Setup 
	Vision Model Evaluation 
	Task Execution 

	Conclusions 
	References

