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ABSTRACT: Maintaining overhead distribution facilities inherently involves high risks for operators, where ensuring
worker safety and operational efficiency remains a paramount challenge. In particular, automating the positioning
of aerial work platforms is crucial to mitigate electrocution hazards during live-line maintenance tasks. This paper
proposes a novel autonomous framework for detecting jumper lines that could be employed to estimate the optimal
bucket position in live-line maintenance of overhead distribution systems. The proposed framework comprises three
core modules to form a unified pipeline for autonomous field inspection: a 4D multi-modal map, Sparse-dense
fusion network (SDFNet), and Rotational multi-pyramid Transformer with texture and augmentation (RoMP-Tax).
The 4D multi-modal map aims to establish an accurate spatial-temporal representation of the maintenance area by
integrating light detection and ranging (LiDAR), camera, inertial measurement unit (IMU), and global navigation
satellite system (GNSS) measurements. The SDFNet detects telegraph poles from the 4D multi-modal map through
geometry, pseudo, and fusion streams, which effectively extract both geometric and optical features. The RoMP-
Tax, designed with a hybrid CNN-Transformer architecture enhanced by LBP-based texture encoding and Mixup
augmentation, identifies insulators under complex textures and varying illumination. Extensive evaluations on field
measurements and benchmark datasets demonstrate the high accuracy and consistent performance of the proposed
framework with respect to multiple quantitative metrics, validating its robustness and generalizability. The proposed
framework, deploying core technologies of the fourth industrial revolution, provides a reliable and efficient solution
for estimating optimal bucket positioning, thereby contributing to the establishment of safe, data-driven live-line
maintenance of distribution facilities.

KEYWORDS: Jumper line detection; live-line maintenance; sensor fusion; simultaneous localization and mapping;
object detection

1 Introduction

Modern power distribution infrastructure constitutes a critical foundation for sustaining industrial
productivity, social stability, and public safety in contemporary society. The uninterrupted supply of electrical
energy supports the continuous operation of essential services, including transportation, communication,
manufacturing, and residential utilities, thereby ensuring economic resilience and quality oflife [1]. However,
the structural components of distribution facilities, including conductors, insulators, and jumper lines, are
continuously exposed to environmental loads such as mechanical stress, thermal expansion, and wind-
induced vibration, which gradually lead to corrosion, fatigue, and joint loosening of power facilities [2].

Copyright © 2026 The Authors. Published by Tech Science Press. This work is licensed under a Creative Commons Attribution 4.0 International
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.


https://www.techscience.com/journal/CMES
https://www.techscience.com/
https://doi.org/10.32604/cmes.2026.081475
https://www.techscience.com/doi/10.32604/cmes.2026.081475
mailto:kiyongoh@hanyang.ac.kr

2 Comput Model Eng Sci. 2026;147(3):21

These progressive degradations not only deteriorate the structural integrity of the distribution network
but also increase the likelihood of the disruption of electric supply, caused by issues such as insulation
failure, conductor separation, and service interruption [3-5]. Hence, periodic inspections and timely repairs
are indispensable to sustaining the operational reliability of distribution networks and prevent unexpected
power outages.

The conventional operation and maintenance (O&M) of overhead distribution facilities is primarily
performed by electricians using aerial lift vehicles, which impose limitations on the safety, consistency, and
operational efficiency of live-line maintenance. Specifically, operators repeatedly adjust the position and
angle of an aerial bucket to secure an appropriate working posture and tool clearance because jumper lines
are installed with irregular orientations around insulators and conductors. This bucket placement in close
proximity to high-voltage power distribution facilities exposes workers to severe electrical hazards, fall risks,
and mechanical interference, often resulting in accidents and occupational injuries [6,7]. Accurate bucket
placement also depends heavily on the operator’s experience, visibility, and situational awareness, suggesting
that optimal bucket placement varies considerably under field conditions [8]. These difficulties suggest
that automated maintenance of distributed networks could be effective; employing unmanned or sensor-
assisted platforms may reduce manual intervention and enable remote operation in power transmission
and distribution networks [9,10]. However, the application of unmanned systems to live-line maintenance
should account for payload constraints and electrical hazards arising from their proximity to energized
conductors [11,12]. While previous studies have remained a distinct challenge for active maintenance
operations. This difficulty arises from the necessity of maintaining extreme spatial accuracy and robust sensor
performance while navigating within the strong electromagnetic interference (EMI) fields generated by live
distribution lines.

These limitations have motivated extensive research into multi-modal sensing methods for environ-
mental cognition. Specifically, various multi-modal sensors, including optical cameras, light detection and
ranging (LiDAR), inertial measurement units (IMUs), and global navigation satellite systems (GNSSs),
have been developed for power infrastructure monitoring [13,14]. Each sensor supports complementary
perceptual functions, including the geometric reconstruction of pole-mounted components and motion or
positional estimation of the aerial bucket. Specifically, optical sensors provide detailed surface information
that facilitates the assessment of contamination, cracks, and physical degradation [15]. LIDAR can offer accu-
rate three-dimensional (3D) representations of surrounding structures [16]. IMU and GNSS measurements
contribute to the precise estimation of motion and position, enabling the establishment of consistent spatial
references across sequential viewpoints [17,18]. However, achieving a reliable perception of the environment
in real time during live-line maintenance remains challenging. The reason is that the integration of multi-
modal sensor measurements requires simultaneously ensuring consistent data acquisition and robust spatial
awareness under diverse structural and environmental conditions.

Multi-modal mapping and localization frameworks have been extensively investigated by integrating
LiDAR-IMU information to enhance spatial robustness [19,20]. These frameworks typically employ com-
plementary sensor modalities to support real-time mapping, state estimation, and environmental cognition
in complex outdoor environments. Specifically, LIDAR-based frameworks, including LIDAR odometry and
mapping (LOAM) [21] and LiDAR inertial odometry via smoothing and mapping (LIO-SAM) [22] utilize the
loosely coupled LIDAR-IMU integration method in which each sensor is processed independently before
global registration. Although this configuration enhances computational efficiency, geometric-temporal
misalignment remains unavoidable under dynamic motion or environmental interference [23,24]. Hence,
temporal desynchronization among the LiDAR, camera, and IMU measurements results in the accumulation
of spatial drift and distortion, particularly in environments with reflective conductors or irregular terrain.
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To address this issue, new frameworks, including FAST-LIO [25], which has shown high efficiency in
infrastructure mapping with rapid motion [25], and LINS [26], have been proposed. These methods jointly
estimate system states by directly integrating LiDAR feature observations with inertial measurements
through an iterated Kalman filter. Recent multi-modal frameworks have further extended this concept to
LiDAR-camera-IMU fusion by jointly optimizing geometric and photometric constraints across modalities,
including LiDAR-visual-inertial odometry via smoothing and mapping (LVI-SAM) [22] and Robust real-
time RGB-colored LiDAR-inertial-visual tightly-coupled state estimation (R3LIVE) [27]. These methods
significantly improve mapping precision and global consistency in complex environments. Nevertheless,
accurate environmental reconstruction and cognition in distribution line environments require not only
geometric consistency but also stable localization performance under complex visual and structural con-
ditions. Hence, research on multi-modal localization should be further studied not only to adaptively
synchronize LiDAR and optical observations but also to compensate for environment-induced drift in
power-distribution environments.

Recognition of facility components also plays a critical role in autonomous maintenance. Recent studies
have actively explored object recognition with optical sensors [28-31]. Specifically, neural networks (NNs)
for object detection, including Faster region-based convolutional neural network [32], M2Det [33], and
the YOLO family of detectors [34-37], have been proposed for detecting the poles and cross-arms of
distribution networks due to their lightweight architectures and real-time inference capabilities. Despite
effectiveness in general detection tasks, these conventional detectors exhibit significant challenges in the
precise localization of inclined objects. These challenges are primarily attributed to the inherent high
aspect ratio of inclined objects, which causes standard bounding boxes to incorporate excessive background
noise. This noise results in a decrease in the Intersection-over-Union (IoU) accuracy and insufficient
orientation awareness, thereby hindering the establishment of the precise spatial coordinates required for
safe robotic operation [38]. To address these limitations, detection networks employing rotational bounding
boxes, including Oriented R-CNN [39], RetinaNet [40], and Gliding Vertex [41], have been introduced,
improving localization accuracy for inclined objects. However, these approaches still rely on CNN-only or
Transformer-only architectures, restricting feature representation to either local geometric details or global
contextual relationships [42,43]. These limitations suggest that further research should focus on vision-based
NN capable of jointly capturing local and distant features and robustly detecting inclined objects under
geometrically complex and cluttered environments.

Two-dimensional (2D) object detection has limited accuracy and robustness because it relies solely
on image information without considering depth information. This inherent limitation renders 2D object
detection unsuitable for use in localization tasks for autonomous maintenance in large-scale distribution
environments. Specifically, Dist-YOLO [44] and an extension of YOLOV3 [36] exhibit meter-level positional
errors due to inherent depth ambiguity. These errors suggest that accurate distance-aware perception requires
a new method for 3D object detection. Detection networks have been introduced to address this limitation
with 3D point cloud data from LiDAR. Specifically, BtcDet was proposed to address occluded feature loss
by addressing a Behind-the-Curtain method that reconstructs invisible regions for robust 3D detection [45].
PV-RCNN was also proposed by employing voxel-to-point feature fusion and keypoint refinement to
enhance spatial localization accuracy [46]. A new neural network, titled PointNet, was proposed by directly
learning geometric representations from unstructured point clouds without voxelization or projection [47].
These NNs would be more effective than conventional NNs for 2D object detection. However, the sparse
characteristics of LiDAR still limit the capture of dense texture features that are essential for complex
environments. Notably, overhead distribution facilities feature geometrically irregular and densely connected
structures, suggesting that sparse geometric cues are insufficient for reliable detection [48]. Hence, object
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recognition requires methods that can jointly extract both sparse geometric and dense texture features to
ensure robust detection under real power distribution environments.

To overcome these limitations, this paper proposes a unified perception framework for the autonomous
live-line maintenance of overhead distribution facilities. The proposed framework integrates 4D multi-
modal map construction for global spatial registration, SDFNet-based pole detection for defining the region
of interest, and RoMP-Tax-based insulator detection for isolated jumper line extraction. By leveraging
information-level multi-modal fusion, the framework enables accurate, robust, and spatially consistent
identification of jumper line positions, thereby providing essential spatial information for estimating the
optimal bucket position during maintenance operations. The novelty and major contributions of this study
are summarized as follows:

o The proposed framework integrates the inter-dependencies between 4D multi-modal mapping,
SDFNet-based ROI definition, and RoMP-Tax-based insulator detection to fundamentally address the
spatial inconsistency between global mapping and object detection. This integrated framework prevents
the accumulation of independent errors from disconnected modules and provides a high-fidelity spatial
foundation that moves beyond the limitations of standalone perception tasks.

«  Anewmethod is proposed to construct a unified 4D multi-modal map for live-line maintenance of over-
head distribution facilities. This method executes an information-level mutual correction between IMU
and GNSS information to enhance odometry and map stability. This method also employs an adaptive
balancing method to handle the accuracy discrepancy between Visual-Inertial Odometry (VIO) and
LiDAR-Inertial Odometry (LIO), thereby mitigating error propagation and ensuring consistent object
localization within complex and feature-sparse structural environments.

o A multi-stream neural architecture, titled Sparse-dense fusion network (SDFNet), is introduced for
utility pole detection from the 4D multi-modal map. SDFNet features a dedicated pseudo stream that
aligns RGB features with LiDAR sparsity to address the intrinsic information imbalance in multi-
modal fusion. These features are integrated by a neural network-based fusion stream, enabling robust
pole localization even under sparse LiDAR information and varying illumination. This method secures
reliability for establishing a precise region of interest (ROI) in complex field environments.

o A hybrid rotated-object detection neural network, titled Rotational multi-pyramid Transformer with
augmentation and texture extraction (RoMP-Tax), is proposed to accurately detect insulators for
extracting isolated jumper lines. The RoMP-Tax is specifically designed to leverage fine-grained texture
features to detect objects from the highly complex and cluttered backgrounds of power-distribution
environments. By incorporating a specialized texture-encoding module into the CNN-Transformer
hybrid backbone, the neural network effectively utilizes additional object-specific characteristics that
are often obscured in standard feature maps. This feature ensures the precise localization of high-aspect-
ratio, inclined, and partially occluded components, which is critical for safe robotic intervention.

The remainder of this paper is organized as follows. Section 2 presents the proposed framework,
including the overall procedure, construction of the 4D multi-modal map, and architectures of SDFNet and
RoMP-Tax. Section 3 describes the experimental setup, including the hardware configuration of the aerial
work platform, data-acquisition process, and neural network construction. Section 4 presents the details
of the results and discussion, analyzing the accuracy of the 4D multi-modal map and the performance
of SDFNet and RoMP-Tax. Finally, Section 5 concludes this paper by summarizing the major findings
and discussing potential directions for future research on autonomous live-line maintenance of overhead
distribution systems.
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2 Proposed Framework
2.1 Entire Procedure

This subsection outlines the proposed framework for extracting jumper lines from live-line distribution
facilities. The proposed framework comprises four phases for autonomous maintenance and repair with a
robotic system. Prior to the four phases, the preprocessing phase synchronizes asynchronous inputs from
various sensors, including LiIDAR and GNSS at 10 Hz, a camera at 30 Hz, and an IMU at 120 Hz (Phase 0
in Fig. 1). The preprocessing phase utilizes the 120 Hz IMU timestamps as the primary temporal reference to
align all other sensor data onto a unified clock. The framework projects the relatively sparse measurements
from LiDAR, GNSS, and the camera onto this high-frequency reference grid through linear interpolation.
The framework aligns measurements based on a single, high-frequency internal clock to compensate for the
significant sampling rate discrepancies between sensors. The preprocessing phase estimates a measurement
Marges a target time ¢ stamp by interpolating between two adjacent measurements M; and M; recorded at
t; and t; as follows:

t—t;

Mtarget =M, + (Mj_Mi) f_t
j i

)

The implementation of the preprocessing phase ensures that multi-modal sensor measurements from
LiDAR, camera, GNSS, and IMU remain strictly aligned regardless of the original sampling frequencies. This
alignment is essential to confirm that the system maintains data consistency and spatial accuracy during the
integration of multi-modal information. Following this pre-processing, the framework sequentially executes
the four phases for jumper line detection.

First, a 4D multi-modal map is constructed by fusing LiDAR, camera, IMU, and GNSS measurements
((1) in Fig. 1). This phase aims to create an accurate spatial representation of the maintenance area. Specifi-
cally, the aerial lift car moves along its path while LiDAR, camera, IMU, and GNSS sensors spontaneously
gather environmental information. Hence, the proposed system builds a global 4D map that includes
telegraph poles and surrounding infrastructure. The detailed construction procedure of the 4D multi-modal
map is described in Section 2.2.

Second, the real-time detection of the telegraph pole is executed in the distribution facilities ((2)
in Fig. 1). This phase was examined to detect the telegraph pole using the SDFNet 3D object detection
network. The detailed architecture and characteristics of the SDFNet are presented in Section 2.3. The
locations of all telegraph poles are designated in the 4D multi-modal map and then the point-cloud data
(PCD) of the telegraph pole of interest is extracted. This phase comprises two procedures: global frame
transformation and coordinate aggregation. The former transforms the locations of telegraph poles detected
in a single frame into coordinates defined in the global frame and then defines the geometric location of each
pole with duplicate detections. This transformation is necessary because telegraph poles detected in a real-
time process often result in duplicate detections owing to overlapping frames. Telegraph pole localization
computes the global coordinates of each detected pole through a rigid-body transformation. The local
detection results obtained using the SDFNet define each position in a single frame. The proposed method
transforms these coordinates into the global frame using the estimated LiDAR-inertial pose, which consists
of a rotation matrix R and translation vector T. The coordinate transformation is calculated as follows:

P¢=R-Pl+T, )
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Figure 1: Schematic flowchart of the proposed framework for isolated jumper line detection.

where P¢ and P} denote the global position of the iy, telegraph pole and local coordinates detected
by SDFNet, respectively. This transformation is essential because real-time detection frequently produces
duplicate detections of the same pole owing to overlapping frames during continuous scanning. The
coordinate aggregation procedure merges duplicate detections of the same telegraph pole into a single
representative location within the global frame. To integrate duplicate detections of the same pole captured
from varying viewpoints into a single global coordinate system, the proposed method utilizes an incremental
k-d tree (iKD-Tree) [49]. This structure enables the real-time spatial indexing and dynamic updating of pole
coordinates, which is crucial for maintaining spatial consistency as the aerial lift moves along the distribution
line. The transformed point T'p; retrieves nearby candidates within a predefined radius r. The candidate
process is calculated as follows:

Ci={PeT||P-P7|, <r}, ©)

where C; and T denote the set of candidate points located within radius r and the IKD-Tree storing previously
registered pole locations, respectively. This process integrates the candidate telegraph pole coordinates into
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a single centered geometric location to ensure consistent frames. The final integrated position is used to
designate the corresponding telegraph pole region, which subsequently serves as the spatial reference for
isolated jumper line extraction in later stages of the framework. Specifically, a subset of the point cloud is
extracted within a three-meter range along the x and y axes centered at the unified telegraph pole location,
to define the spatial region of interest. This localized point cloud region provides a bounded context for
identifying jumper lines that are physically connected to the designated telegraph pole.

The third phase ((3) in Fig. 1) removes structural components, including both the vertical body and
horizontal arms of a telegraph pole, through an unsupervised clustering algorithm. Specifically, DBSCAN
identifies circular structures from the RGB point cloud projected onto the bird’s eye view (BEV). DBSCAN
classifies a point as a cluster member when the number of neighboring points satisfies the density condition
with a predefined radius [50]. DBSCAN is formulated for telegraph pole clustering as follows:

Ne(p) > {q € D|dist(p,q) <€}, (4)

where N.(p), g and e denote the set of neighboring points within a radius centered on point p, an individual
point within the dataset D and the number of points required to form a dense area, respectively. The system
filters out the pole body by extracting clusters that satisfy this criterion. The proposed method eliminates the
remaining pole arms and attaches distribution lines using Mean shift clustering (MSC). These line structures
exhibit elongated and linear shapes that differ geometrically from the circular pole body. MSC detects clusters
by iteratively shifting candidate centers towards regions with higher local density. The MSC is formulated as

_ i K (xi —x)wix;
ST KK (xi—x)w;’

m(x) (5)
where m(x), and K(-) denote the mean shift vector and the kernel function, respectively. The subscripts i
denote the number of iterations and the number of PCD, respectively. This iterative process converges the
cluster center to the local density peak, allowing the system to identify and eliminate elongated structures
while preserving the jumper line.

The fourth phase ((4) in Fig. 1) eliminates the insulator in the distribution line to extract the isolated
insulators using RoMP-Tax. Note that detecting insulators is difficult using only LiDAR because they appear
small in the frame of the distribution line taken from an aerial lift car. Hence, this study incorporated texture
information from optical images to detect insulators in the distribution line. The detailed architecture and
characteristics of RoOMP-Tax are described in Section 2.4. In addition, the isolated jumper line clustering
groups each of the extracted isolated jumper lines into individual lines. This clustering process employs
the MSC algorithm given by Eq. (4). The extracted isolated jumper line provides the structured spatial
information necessary for decision-making. This isolated jumper line information enables continuous
monitoring and allows the system to confirm the spatial positions of each jumper line in real time. The
extracted jumper line positions assist in defining the optimal bucket location of the aerial work platform and
automating bucket control operations.

2.2 Construction of 4D Multi-Modal Map
This subsection describes the detailed procedure for constructing the 4D multi-modal map ((1) in Fig. 1).
This phase comprises six steps for integrating LIO and VIO.

Prior to describing the six steps, the proposed framework explicitly defines the coordinate systems and
transformation notations to ensure spatial consistency and technical reproducibility. As illustrated in Fig. 2,
five primary coordinate systems are employed: the global frame F¢ defined in the east-north-up (ENU)
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system, the body frame Fj attached to the inertial measurement unit (IMU) sensor, the LiDAR frame F,
the camera frame F¢, and the pole frame Fp centered at the base of the target structure. The spatial mapping
of a point from the frame F; to frame J; is represented by a 4 x 4 homogeneous transformation matrix Tjj,
which is defined as:

R;: t;
Tij = [ 0] 1] ]’ (6)

where R;; and t;; denote the 3 x 3 rotation matrix and 3 x 1 translation vector, respectively. In this framework,
while the extrinsic parameters between the sensors, denoted as T; and Tp, are pre-calibrated and remain
static to ensure spatial consistency. Spatial alignment is achieved through a target-based optimization using
a checkerboard, which transforms each sensor’s coordinate system into the body frame. Furthermore, as
described in Section 2.1, temporal registration is ensured by aligning sensor timestamps through linear
interpolation. Based on this precise spatial and temporal calibration, the global trajectory T (t) is estimated
online through the following procedure.
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» . ,,_.-I [N ¥4
+ LN g LS ¥4 P
”» LS ¥
Motion TT
L
Pm
Optimal
Velocity Gyroscope Pose & location

Relative { }
Global position position VIO update
(Latitude, Longitude, Altitude)
x¥,7)
g. e—%9

ENU

Velocity & acceleration State propagation
’ ’) o Status
Motion \‘~~-.,

i Frame optical flow Se W LY v g
RGB nmages P o NP LT g
o P ~

Optical image —_— VIO LIO Fusion

time

\ result result rcsult/

Figure 2: Flowchart of the 4D multi-modal map construction.

First, the motion of the mobile aerial work platform is estimated and compensated using LiDAR
measurements (blue box in Fig. 2). Specifically, the compensated motion of the LiDAR point p$°’" at
timestamp ith is computed as follows:

Py = Ty - Py, 7)

where Py, and T} denote the raw point cloud data and the continuous-time sensor pose at timestamp
k respectively. To ensure spatial consistency with the surrounding environment, the trajectory of the
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continuous-time sensor must be refined using the iterative closest point (ICP) between the transformed
LiDAR points at the source scan and the associated nearest neighbor in the target scan [51]. The relative
motion constraint is formulated for two LiDAR scans at different timestamps as follows:

AT =argminy. | T Peource — Prarget | (8)

where AT denotes the estimated relative transformation. The system incorporates ICP-based constraints
into the trajectory to ensure geometric consistency between the source and target scans and then updates
the LIDAR odometry with the newly registered PCD to refine the estimated sensor pose.

Second, the state of the mobile aerial work platform is propagated through IMU and GNSS mea-
surements (brown box in Fig. 2). Specifically, the trajectory X is estimated by minimizing a cost function
comprising the IMU and GNSS residuals as follows:

X =argmin (Zk Iroausl? + Zk HTGNss,k||2) , 9)

where 77y« and rgnss.x denote the IMU and integrated residuals at timestamp k, respectively. The IMU
residual r7pp  is calculated from pre-integrated inertial measurements between timestamps k as follows:

R{(Pkﬂ - px — VAt — %gAtz - (Xk)
TIMUk = R} (Va1 — vk — gAt) = By , (10)
(log (Rng+1))v - Hk

where Ry, pk, vk, At, g &k, Bi, and 0y denote the rotation matrix at time step k, position at time step k,
velocity, elapsed time between timestamps k and k + 1, gravity vector in the global frame, pre-integrated
position, velocity, and rotation increments computed from IMU measurements, respectively. Note that IMU-
only integration accumulates bias over time, resulting in drift problems. GNSS provides ENU-referenced
positions and is not affected by IMU integration drift [52]. Hence, GNSS and IMU measurements should
be combined to compensate for the limitations of each sensor. The integrated residual rgyss  is defined as
follows:

TGNSS,k = Pk — ZGNSS, k> (11)

where zgnssx denotes the relative position in the ENU frame from GNSS. Note that the combined
minimization of the GNSS and IMU residuals secures a globally consistent trajectory because this approach
effectively solves the long-term drift associated with IMU-only state propagation.

Third, the frame optical flow module (green box in Fig. 2) acquires consecutive RGB image frames to
estimate the dynamic trajectory of the aerial work platform. Specifically, this step computes the temporal
pixel displacement of visual features Au;, where the displacement of the i, feature between timestamps f
and ty,, is computed as follows:

Aui = ui(tk+1) - ui(tk), (12)

where u;(t;) denotes the 2D pixel coordinates of the feature point at timestamp f;. Hence, this process
enables the proposed framework to track the visual features of optical images at each timestamp.

Fourth, the LIO is updated at each timestamp to construct the 3D geometric structure of the 4D multi-
modal map by tightly coupling LiDAR, IMU, and GNSS measurements (yellow box in Fig. 2). Specifically,
the input LiDAR scan is registered by minimizing point-to-plane residuals, while motion distortion is com-
pensated by addressing continuous-time trajectory reconstruction, which estimates backward-propagated
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states by incorporating an error-state iterative Kalman filter (ESIKF) [25]. Specifically, the estimated state
%! at iteration i + 1y is computed as follows:

=0 @ (-Ker - I-KH) P (' © %1)) - (13)
where K, H, P, 53', and z; denote the Kalman gain, Jacobian matrix, predicted state covariance, estimated
state at the iy, iteration in frame k, and innovation residuals in the frame k, respectively. The subscripts i
and k denote the iteration number and current timeframe, respectively. @ and © denote the retraction and
inverse retraction operators defined on the state manifold, respectively. This iterative process minimizes the
overall estimation error by incorporating corrections from the sensor measurements into the state estimate,
thereby enhancing the accuracy of the global 4D map.

Fifth, the VIO update (orange box in Fig. 2) enhances the visual map by rendering its texture and further
refining the system state. This process minimizes two types of errors. The first error originates from the
frame-to-frame point-to-plane (PnP) reprojection. The correction of this error aims to track accurate pose
by projecting 3D map points onto the current image. Specifically, the frame-to-frame VIO minimization is
as follows:

in Y (5 poso Gy) + H8x, a1

where xi, 8xi, 7(), Hs, ps,k» and G, denote the system state at frame k, error-state vector, residual function
to compute the reprojection error between the observed 2D image points and projected 3D global map
points, Jacobian of the partial derivatives of the residual function r(-) with respect to the error-state vector
dxx, measurement noise covariance of the projected 2D map points at frame k, and global 3D position of
the points, respectively. The second error is the frame-to-map photometric error, which enforces texture
consistency by minimizing cross-timestamp intensity differences and refining the predicted trajectory [27].
Photometric error minimization is formulated by projecting the transformed 3D global map points onto the
current image frame and minimizing the intensity differences as follows:

min Zf\il ‘Ik (ﬂ(TkWGPf))_IW (ﬂ(GPz‘))|2’ (15)

where N, I, Ty, I, 7 (+),and G »i denote the number of selected points used for the photometric alignment,
and image intensities at the current frame k, relative transformation matrix, reference frame w, projection
function from the 3D space to 2D image plane, and 3D coordinates of the ith map point expressed in
the global frame. Note that the error couples spatial projection and photometric residuals to enforce color
consistency between reprojected map points and current-image pixels. Hence, minimizing the photometric
error aligns the texture across frames and improves visual tracking and mapping accuracy.

Finally, the 4D multi-modal map is constructed by integrating the outputs of both the LIO and VIO
updates (bold black box in Fig. 2). The frame optical flow estimates temporal pixel displacements and

identifies matching feature points, yielding pixel observations u; and u; at timestamps ¢; and ¢}, respectively.
cam

The corresponding 3D point p¢

4™ in the camera coordinate frame is calculated as follows:

peem = Triangular(u,-,uj, T Kcam) , (16)

ci’

where Triangular(-), T, and K.ay denote the process of back-projecting the pixel coordinates into

ci?
normalized 3D direction vectors, relative transformation from the camera frame at time ¢;, and camera
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cam
i
initial global position of point GlI;I-I 9 is estimated using the VIO-estimated camera pose as follows:

intrinsic matrix, respectively. The triangulated 3D point p$®™ is then transformed into a global frame. The

GHo = 110 g @)

where TLI denotes LIO-refined camera pose. This initial camera estimate provides a coarse alignment of
the map point within the global coordinate system to ensure subsequent refinement using the LIO update.
The final 4D multi-modal map point G,; is calculated as follows:

GLIO
G,i = pi ]eRﬁ, (18)
g [ of

where GIL,iI 9 and C; denote the updated pose from LIO and the corresponding color, respectively. The RGB
color corresponding to each 3D point is obtained by projecting the point onto the image plane, utilizing the
intrinsic parameters of the camera and sampling the pixel value at the projected location as follows:

Ci = Ii (ﬂ(Kcam .pgum)) > (19)

where I; denotes the projection function from 3D to 2D. This integration process combines the photometric
information obtained from the VIO module with the geometric precision provided by the LIO update. Note
that this 4D multi-modal map serves as the foundation for the subsequent phases of telegraph pole detection
and jumper line extraction. Hence, the proposed framework not only achieves a high level of mapping
precision but also ensures robustness to challenging environmental conditions.

2.3 SDFNet

This subsection describes the SDFNet, which detects the telegraph pole by analyzing the LiDAR
and optical features of the second phase ((2) in Fig. 1). The proposed neural network features three key
characteristics: geometry, pseudo, and fusion streams.

First, the geometry stream ((1) in Fig. 3) extracts geometric features from 3D PCD, which are structured
as RN*3 where N denotes a number of PCD. The inherent sparseness of PCD necessitates feature extraction
to be designed such that geometric consistency is retained while spatial resolution is enhanced. This
study addresses the architecture of multi-scale feature extraction (MS extraction) to overcome this spatial
resolution limitation. MS extraction employs multi-scale layers to extract various geometric features under
dynamic environmental conditions. Specifically, geometric feature maps F¥, F5, F§, and F§ are extracted as
follows:

F§ = Fus (P, 0r),k €{1,2,3,4}, (20)

where Fys(+), P, and 0 denote the multi-scale feature extraction, input PCD, and learnable parameters in
the geometry stream, respectively. The subscript k denotes the position of the kth layer within the network.
The number of MS was determined as four through Bayesian optimization (BO) to ensure accuracy and
robustness. Then, multi-scale fusion (MS fusion of (1) in Fig. 3) is executed to integrate each feature map to
the unified resolution and concatenate along the channel dimension as follows:

Féws = Concat (Fg,ng,Z’Fgﬁ’Fg"‘)’ -

where F é‘”’ S and Concat(-) denote the resulting multi-scale geometric feature map aggregated from various
geometric feature maps and concatenation along the channel dimension, respectively. The integrated
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multi-scale geometric feature map retains distinct features that preserve both global and local geomet-
ric characteristics.

Sensor data @ Geometric stream
W XHX3
* ‘ ‘—|_ MS geometric
Optical 7 - s feature
camera 72 ¥y
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Figure 3: Architecture of SDFNet for telegraph pole detection.
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Second, the pseudo stream ((2) in Fig. 3) extracts features from pseudo PCD by combining PCD and
RGB images. The RGB images are structured as R"*"*3, where superscript w and h denote the pixel width
and height, respectively, along with depth information. Note that the RGB texture in pseudo PCD enables
the network to incorporate dense photometric and spatial information that is not available in geometric
features [53]. Each geometric map g; encodes the real-world 3D coordinates at each spatial location in the
image domain as follows:

gi(u,v) =[x,y z]T e R, (22)

where g;(u,v) and [x, y, z] " denote the 3D spatial position corresponding to the image coordinate and the
lateral, vertical, and depth components of the geometric point, respectively. The associated RGB values are
extracted from image I; and concatenated with the spatial position to construct a colored pseudo point p;
as follows:

pi = Concat (g (u,v),1; (u,v)) € RS, (23)

where I;(u,v) denotes the RGB color vector obtained from an image. The set of all pseudo point clouds
Ppsuedo is represented as follows:

psueda {P }, 1° (24)
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where N denotes the total number of pseudo points generated from a single frame. The constructed pseudo
PCD are passed through a multi-scale feature extractor to obtain hierarchical features at different scales of
Fp1, Fy2, Fp 3, and F 4 as follows:

Fp i = Fars (Ppsucdor 1) - k € {1,2,3,4}, (25)

where Ppg,.4o and ¢ represent the dense RGB features and learnable parameters in the pseudo stream,
respectively. The number of MS layers in the pseudo stream is also optimized through BO to ensure the
accuracy and robustness of 3D object detection. To enable feature fusion across different spatial resolutions,
each feature map is resized to a unified resolution and concatenated along the channel dimension as follows:

F)'® = Concat (Fp1, Fy2, Fp3,Fpa) » (26)

where F }1,‘4 $ denotes the resulting pseudo feature map that aggregates hierarchical geometric and photometric
features. The aggregated pseudo-features are also refined through MS extraction, thereby leveraging both
geometric and texture information and enhancing the spatial features.

Finally, the fusion stream ((3) in Fig. 3) fuses geometric and pseudo features to construct a com-
prehensive multimodal map that incorporates both sparse LIDAR PCD and the dense RGB image. This
fusion process specifically addresses the sparse-dense imbalance inherent in LiDAR-camera systems by
compensating for the low resolution of LIDAR PCD with dense RGB texture. In the context of telegraph
pole detection, this architectural design is crucial because the proposed architecture of SDFNet preserves the
fine structural boundaries of slender objects that sparse LIDAR points alone may fail to capture. Specifically,
global average pooling (GAP) is applied to both streams to reduce the spatial dimensionality while retaining a
global summary of each activation map. The vectors processed by the GAP g, € R, g, € R’ are calculated
as follows:

1 h w
8= 1 it Zj:l (Féws)i,j € Cy»
1 h w
8p = ﬁ Zi:l Zj:l (F}J)V[S)i’j € CP’ (27)

where h and w denote the spatial height and width of each feature map, respectively, and C; and C,, denote
the numbers of channels in the multi-scale geometric and pseudo feature maps, respectively. The final fused
feature Fy,i,, is obtained through weighted feature aggregation as follows:

Frusion=0 (WFC - Concat (gg,gp) + ch) , (28)

where 0, W, and bpc denote the activation function, weight matrix, and bias, respectively. Note that
SDFNet effectively integrates multi-modal features by leveraging spatial and structural characteristics from
both sources. Specifically, geometric features contribute to precise spatial positioning, whereas the pseudo
features incorporate dense texture information derived from RGB images.

2.4 RoMP-Tax

This subsection describes the detailed architecture and key characteristics of RoMP-Tax, which is
effective for the insulator elimination phase ((4) in Fig. 1). Fig. 4 illustrates the architecture of the pro-
posed RoMP-Tax. Note that the RoMP-Tax has four key characteristics: a rotational bounding box, an
augmentation-texture feature learning strategy, a multi-scale multi-level (MSML) feature extraction module,
and a pyramid vision transformer (PVT). These four characteristics are described in detail below.
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Figure 4: Architecture of RoMP-Tax for insulator detection.

First, RoMP-Tax detects the object of interest through a rotational bounding box. The rotational
bounding box designates the inference region of interest with five parameters: coordinates of a center point x,
and y, width w, height /, and angle «. It is worth noting that RoMP-Tax incorporates an angle parameter « to
effectively detect the object of interest regardless of the inclination angle with respect to the background and
the high aspect ratio of objects. Specifically, a rotational bounding box has significant advantages in accurate
labeling and object detection because the angle a accounts for the sophisticated object area regardless of
the inclination angle of the object of interest with respect to the background. This feature also minimizes
features extracted from the background when executing object detection because the rotational bounding
box constrains the inference region in accordance with the geometric orientation and structural boundaries
of the target, improving the robustness for test images [38,54]. In comparison with segmentation-based
methods, constructing the ground truth by addressing rotational bounding boxes requires substantially less
annotation effort while maintaining comparable detection accuracy. In other words, the rotational bounding
box secures similar accuracy to segmentation, with minimal effort to prepare a large amount of labeled data
for supervised learning [55,56], suggesting that this feature is effective in terms of the accuracy, cost, and
effort of labeling.

Second, the augmentation-texture feature learning strategy incorporates Mixup data augmentation and
local binary pattern (LBP) for texture analysis [57,58]. This feature aims to further enhance the insulator
detection accuracy compared to RoMP-T. Specifically, Mixup augmentation generates augmented training
samples by linearly interpolating both the pixel values and corresponding labels of two randomly selected
images. The augmented image sp obtained by combining sample pairs sp; and sp; is calculated as

@z/\-spi+(l—l)-spj, (29)
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where A denotes the interpolation coeflicient. The interpolation coefficient A is determined through
hyperparameter optimization, as described in Section 3.3. Hence, the Mixup augmentation improves the
generalizability of the detector by constructing diverse training data and reducing the risk of overfitting. In
addition, LBP aims to account for fine-grained textural details by encoding local intensity variations through
a comparison between each pixel and its surrounding neighbors, thereby improving feature representation.
The LBP between a central pixel pixelc and the surrounding neighbors pixelp is calculated as follows:

P-1
LBPp g (xc, yc) = Y. s (pixelp — pixel.) - 2, (30)
p=0

where LBPp r(-), X¢, ¥, $(+), pixelp, and pixel. denote the LBP operator of the central pixel, x coordinate of
the central pixel, y coordinate of the central pixel, thresholding function, intensity values of the neighboring
pixels, and intensity value of the central pixel, respectively. The subscripts P and R denote the total number
of neighboring pixels and radius of the neighborhood, respectively. This process encodes local structural
patterns into a binary representation to improve the discriminative capability of the extracted features.

Third, the MSML feature extraction module employs a multi-level convolutional autoencoder architec-
ture. The detailed formula for extracting the MSML features is as follows:

Fii = Fi (Fus (Xpase-xi 1)) 1€ {12}, k € {1,2,3,4}, (31)

where F) k., Fi, Xpase> and x ,l(_l denote the extracted MSML features, the multi-level feature extractor, feature
with the iy, scale in the I — 1y, convolutional autoencoder, base feature, and Iy, convolutional operation
processing, respectively. Subscripts I and k denote the level and scale of the convolutional autoencoder,
respectively. These extracted MSML feature maps contain semantic and distinct features of different sizes
and levels of complexity. The MSML feature fusion module then combines several features extracted through
concatenation and elementwise computation-based 1 x 1 convolution (1 x 1conv). This concatenated feature
map Fy,cq: is calculated as follows:

Feoncar = Concat (Fixy), 1€ {1,2} ke {1,2,3,4}, (32)

where Concat(-) denotes the concatenation operation. Concatenated features are then condensed through
an elementwise operation on the channel axis by executing 1 x 1conv, resulting in the final MSML feature
map. This characteristic ensures high prediction accuracy and robustness when detecting the insulator
because incorporating several features at different sizes and levels is effective in constraining the feature map
in consideration of the operational conditions of jumper line detection.

Fourth, RoMP-Tax utilizes the PVT to extract the global correlation between all pixels. The PVT
includes three steps: patch embedding, position embedding, and Transformer encoder. Patch embedding
refers to grouping a set of pixels into one unit and treating them as one pixel in a 2D image. Specifically, the
patch embedding in the PVT reshapes the image x € R"***¢ into R"*(? ateh’c) \where H, W, ¢, Patch, and
n denote the height and width of the input image resolution, number of channels, size of patch, and total
number of patches, respectively. The positional embedding allows operation with 2D position information
in MLP. Specifically, the positional embedding in the PVT is calculated as

PE(;;y = sin (pos/looooﬁ) ,

PEi4) = cos(pos/lOOOOdmiidel )s (33)
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where PE, pos, and d,,,4.; denote the value of positional encoding, position of the patch, and dimension
of the PVT model in RoMP-Tax, respectively. The subscript i denotes the overall dimension of the flattened
features. This process prevents the loss of location information in 2D through a flattening process in the
PVT. The Transformer encoder performs attention operations by executing key k, query ¢, and value v,
denoting the main pixel value, the set of pixels providing information, and the semantic result for the key,
respectively. The three values of the key k, query g, and value v are calculated using parameters of Wy, Wy,
and W,, where Wy, W and W, denote the query, key, and value matrices, respectively. Finally, a new feature
map is constructed in the Transformer encoder through the interaction of key k, query g, and value v through
attention. Specifically, attention in the PVT with spatial reduction attention (SRA) is calculated as

T
. qk
Attention (q,k,v) = softmax(—v), (34)
V dhead

where Attention(-), softmax(-), and dj,s denote the SRA process, softmax function, and dimension
of head in RoMP-Tax, respectively. This SRA method significantly reduces the computational cost of
PVT, similar to other vision-Transformer-based neural networks (Wang et al., 2021), thereby optimizing
computational efficiency.

3 Experiments

This section describes the experimental setup designed to validate the proposed method for jumper line
extraction. This section comprises three subsections, describing hardware configuration, dataset acquisition,
and neural network construction. First, the hardware system integrating high-precision sensors with a
dedicated processing unit is presented in Section 3.1. This hardware system is designed not only for real-
time cognition of environments but also for the computation of accurate feature extraction to facilitate
robust detection of the overhead distribution facilities of interest in complex environments. Second, the
dataset acquisition is described in Section 3.2. This subsection describes the collection of field data from
overhead distribution facilities. This subsection also presents the KITTI-3D benchmark dataset [59] and
dataset for object detection in aerial images (DOTA-v2.0) [60], which is used for performance evaluation
of the proposed framework. By combining practical field measurements with a widely used benchmark, the
evaluation considers both the accuracy and robustness of 3D object detection. Third, the neural network
construction is presented in Section 3.3. This subsection describes the setup of the learning framework,
where SDFNet and RoMP-Tax are implemented to refine the feature representation and improve detection
accuracy. Note that the architecture of the proposed neural network aims to ensure stable operation across
diverse environments, where structural variability and visual complexity may degrade performance. The
incorporation of these neural networks establishes the algorithmic core of the proposed framework for
jumper line extraction.

3.1 Hardware Configuration of the Aerial Work Platform

This subsection describes the hardware configuration designed for data acquisition and real-time
processing (Fig. 5). The system consists of five primary components: LiDAR, RGB camera, IMU, GNSS
module and a signal processing unit. Table | summarizes the technical specifications of these components.
LiDAR measures the 3D geometry of the environment to satisfy the tolerance required for distribution
facility inspection. The RGB camera captures visual appearances to compensate for sparsity in LiDAR
measurements. IMU enables continuous state propagation for stable localization when global updates are
unavailable. The GNSS module provides absolute positions to minimize cumulative drift through real-
time kinematic correction. The signal processing unit executes high-throughput tasks to ensure real-time
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cognition and map construction. The hardware configuration is determined by minimum performance
criteria to ensure framework adaptability for live-line maintenance.

Table 1: Hardware specifications for the aerial work platform.

Components Model Specifications
LiDAR Velodyne Alpha Prime [61] 128 channels, 245 m range, +3 cm accuracy
Optical camera e-con Systems See3Cam [62] 1920 x 1080 @ 30 fps, 120° DFOV
IMU VectorNav VNI100 [63] 0.5° (Roll/Pitch), 2.0° (Yaw) accuracy
GNSS Ublox ZED-F9P [64] 2 cm accuracy (RTK support)
Processing unit Daven V200 i7-13700K CPU, 64 GB RAM, RTX 3070 GPU

(el

4
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lelodyne See3cam Ublox
Velodyne CU81 zed-f9p
Alpha prime e
Vectornav
VN100

Signal processing unit

Figure 5: Hardware configuration of the aerial work platform, comprising LiDAR, optical camera, IMU, GNSS, and
signal processing unit.

3.2 Data Acquisition

This study utilizes a field dataset and public benchmarks to evaluate the proposed framework [59,60].
Field measurements from distribution line experiments verify the jumper line detection procedure under
real-world conditions. To ensure a robust evaluation of these multiple tasks, we constructed a field dataset
comprising five scenarios with a total duration of 15 min and 26 s (Table 2). The KITTI-3D and DOTA-v2.0
benchmark datasets evaluate the 3D and 2D object detection performance of the SDFNet and RoMP-Tax.

First, the field experiments were conducted on three sites of distribution lines in South Korea (Fig. 6):
Gongneung-dong in Nowon-gu (GN), Munji-dong in Yuseong-gu (MY), and Songgang-dong in Yuseong-gu
(SY). Specifically, the GN site was located on flat terrain with minimal obstacles between utility poles, pro-
viding a controlled environment for baseline evaluation (Fig. 6A). The MY site, located on uneven ground,
served as an intermediate case for validating the robustness of the proposed framework under irregular
terrain conditions (Fig. 6B). The SY site is an energized distribution line located in a mountainous region
(Fig. 6C), representing a real live-line maintenance environment. Hence, these different characteristics of
the three sites are effective for evaluating the accuracy and robustness of the proposed framework in diverse
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environments. The five datasets in Table 2 were strategically selected to encompass two operational statuses,
two line types, and three different terrain characteristics. Specifically, the entire dataset was acquired to
include jumper lines, insulators, and telegraph poles in overhead distribution facilities. Datasets #1 to 4 were
measured on de-energized lines disconnected from the electrical grid to ensure operational safety of the
experiments, whereas dataset #5 was measured on energized lines to evaluate the proposed framework under
actual operational conditions, i.e., live-line conditions. The datasets from the field experiments included
a brief overview of the experiments, including the status of the aerial lift car, site locations, current state
of the distribution line, and experimental dates. These datasets also included 3D PCD from a 128-channel
LiDAR sensor, RGB images from an RGB camera, inertial measurements from an onboard IMU, and
absolute positioning from a GNSS receiver. All measurements were time-synchronized, suggesting that the
experiments recorded multimodal measurements at the distribution facilities. The proposed framework was
evaluated based on recorded measurements, and the detailed results are presented in Section 4.

Table 2: Experimental setup and conditions of field sites.

Aerial Lift Car Terrain

. i Line T D D i
No Status Site Name ine Type Characteristic ate uration
#1 24.07.31 Iml5s
#2 Static GN De-energized line Flat terrain 24.0814 1m25s
#3 24.09.04 1m28s
#4 Driving MY De-energized line Irregular terrain 24.01.22  3m37s
#5 Driving SY Energized line Mountainous 24.09.25 7md4ls
Total 2 Statuses 3 Sites 2 Types 3 Terrains 5Days 15m26s

Figure 6: Representative images of the three experimental sites: (A) GN, (B) MY, and (C) SY.

Second, two public benchmark datasets are further utilized to evaluate the object detection perfor-
mance [59,60]. The KITTI-3D dataset [59] provides a standard benchmark to compare SDFNet through
optical images and LiDAR point clouds [46,47]. The DOTA-v2.0 dataset [60] also validates the 2D object
detection performance of RoMP-Tax. This dataset contains aerial images with rotational bounding box
annotations to evaluate rotation-aware detection under diverse scenarios. These benchmarks ensure a robust
validation of the proposed detection capabilities.
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3.3 Neural Networks Construction

This subsection describes the construction of SDFNet and RoMP-Tax, which were designed to address
the challenges of jumper line detection in overhead distribution facilities. Four NVIDIA Tesla A100 GPUs
and two AMD EPYC 7543 CPUs were employed for training, validation, and testing of two neural
networks. The utilization of data parallelism across GPUs accelerated the training process while ensuring
stable convergence.

SDFNet integrates convolutional and fully connected layers for local and global representation learning
because it efficiently processes both point cloud and optical data in real time. Specifically, the architecture
of SDFNet comprises three main components: a geometric stream, a pseudo stream, and a fusion stream.
The geometric stream consisted of four 3D convolutional layers with 3 x 3 x 3 kernels, and the number of
channels was progressively increased from 32 to 256. Each convolutional layer was scaled by a factor of 1/2
for hierarchical feature extraction. The pseudo stream was constructed in a similar manner by employing
four 3D convolutional layers with 3 x 3 x 3 kernel to process RGB-depth data. This architecture ensures high
feature fidelity during multi-modal fusion, thereby strengthening the robustness of the neural network in
complex inspection environments.

RoMP-Tax integrates convolutional and Transformer-based layers to extract both local and correlation
features effectively. Specifically, this architecture consists of two autoencoders, each comprising four encoder
and decoder layers. Each feature map was scaled by a factor of 1/2 with respect to the layers of the CNN in
the encoder, whereas each feature map was scaled by a factor of two with respect to the layers of the CNN in
the decoder. Hence, each autoencoder composed of a CNN effectively extracted multi-scale features. A series
connection of the two autoencoders also yielded multi-level feature maps, implying that MSML feature maps
were generated by multi-level autoencoders. In the transformer, the patch size of the first stage was set to five
to reduce computational burden. Note that the first stage required significant memory capacity, which was
alleviated by applying a larger patch size. Each feature map was scaled by a factor of 1/5 with respect to the
first layer and by a factor of 1/2 with respect to the other layers of the Vision Transformer.

The authors directly collected the datasets for training, validation, and testing through field experiments
at the GN, MY, and SY sites. This self-captured data comprises annotated telegraph poles, insulators, and
vegetation. Table 3 summarizes the dataset configurations for both SDFNet and RoMP-Tax to provide details
on input types and instance numbers. SDFNet utilizes multi-modal data of LIDAR-based PCD and optical
images to train and evaluate the 3D object detection performance. RoMP-Tax employs optical images to
train and evaluate the 2D object detection performance. The detailed descriptions and experimental setups
regarding the hyperparameter optimization for these models are provided in the Supplementary Materials.

Table 3: Dataset configurations for SDFNet and RoMP-Tax.

Neural Network Data Type Instances Data
Train Validation Test
- Telegraph pole 1546 236 325
DF D PCD 1
SDFNet 3D PCD & Optical image Vegetation 919 108 176

RoMP-Tax Optical image Insulator 3717 531 1062
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4 Results and Discussion

This section presents the results of the field experiments and benchmark datasets with an in-depth
discussion. First, the detailed results from each phase are demonstrated using field measurements to verify
the feasibility of the proposed framework. Second, the accuracy of the 4D multi-modal map, which was
constructed by integrating LiDAR, camera, GNSS, and IMU data, was validated under field conditions to
ensure precise coordinate registration and geometric alignment. Third, the SDFNet detection of telegraph
poles was evaluated using PCD and optical images from the field experiments. The robustness of SDFNet was
further validated on the KITTI-3D dataset under urban driving environments with diverse viewpoints [59].
Fourth, the RoMP-Tax insulator detection was evaluated using optical images only from field experiments.
The robustness of RoMP-Tax was also validated on the DOTA-v2.0 dataset using satellite images with rotated
instances and complex backgrounds [60]. Because direct comparison of the entire proposed framework
with existing approaches is not feasible, the individual modules were validated on widely used benchmark
datasets, which enabled objective comparison of both neural networks with previous approaches. Most
previous studies have focused on single-modal sensing or partial anomaly detection.

4.1 Entire Procedure

This subsection describes the detailed results of the proposed framework comprising four sequential
phases (Fig. 7): 4D multi-modal map construction, telegraph pole detection, structural component removal,
and insulator elimination.

@ : label 1
: label 2
: label 3

Insulator detection
w/ RoMP-Tax

DBSCAN & MSC

W
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4 :"‘""'

@ : horizontal line
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Figure 7: Results from the proposed framework for jumper line detection.
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In the first phase ((D in Fig. 7), the proposed framework successfully generated a 4D multi-modal map
by combining LIO and VIO with GNSS measurements and optical images. Specifically, the multi-modal
sensor data were time-synchronized and consistently aligned into a unified global coordinate frame, enabling
precise representation of telegraph poles and surrounding facilities. Note that LIO ensured stable trajectory
estimation during long-range motion but had the limitation of reduced accuracy in local trajectory esti-
mation. In contrast, VIO effectively provided precise short-term refinements through image-based updates
but had the limitation of drift accumulation over extended trajectories. By maximizing the advantages
of LIO and VIO, while compensating for the disadvantages of LIO and VIO, the proposed framework
significantly improved the overall mapping accuracy. The integration of geometric and visual information,
as illustrated in (1) in Fig. 7, provides a comprehensive representation of the distribution facilities, including
their surrounding environment. This outcome established a reliable foundation for subsequent phases.

In the second phase ((2) in Fig. 7), telegraph poles were detected in real-time using SDFNet, which
utilizes voxelized PCD and optical images. Specifically, SDFNet employed parallel convolutional streams
to process the two modalities and fully connected layers to extract the fused features to identify pole
structures. The detected poles were then transformed into the global coordinate frame using the estimated
LiDAR inertial pose T(t;), ensuring consistency across overlapping frames. Duplicate detections caused by
continuous scanning were merged into unified pole positions by applying an iKD-Tree. As illustrated in 2)
in Fig. 7, the green-colored cylinders visualize the registered pole coordinates, verifying that the estimated
positions almost coincide with the actual telegraph poles. In the pole selection, a single telegraph pole was
uniquely retained in the global frame from the electrician, thereby ensuring stable and unambiguous pole
registration. The extracted PCD of the selected pole area enabled jumper line detection by isolating the
telegraph pole from the surrounding environment for subsequent phases.

In the third phase (3) in Fig. 7), structural components of the telegraph pole were eliminated from
the extracted pole area detected by SDFNet to isolate candidate line structures. Specifically, the horizontal
and vertical components of the poles were removed by applying the DBSCAN unsupervised clustering
method. This method was applied to the projected PCD, where MSC was used to extract elongated linear
structures that correspond to distribution lines. This removal process excluded the main pole structures
while preserving only the candidate jumper line and insulator segments. Fig. 7 (3) clearly depicts the
successful removal of the horizontal and vertical components, confirming that this phase provided a refined
structural representation in which only the target line components were retained for the subsequent insulator
elimination phase.

In the fourth phase (() in Fig. 7), insulators were first detected by RoMP-Tax, which incorporates both
convolutional and Transformer-based layers to enhance spatial and contextual reasoning. Optical images
were incorporated because the insulators represented in the PCD in the LiDAR-only frames have a limited
size and resolution. RoMP-Tax enabled the reliable identification of insulator regions with optical images, and
MSC effectively clustered the isolated jumper lines into individual groups. Hence, the insulator areas were
clearly detected and removed, as shown in Fig. 7 (9), verifying that this phase effectively provided structured
spatial information on jumper line locations. Note that MSC enabled the candidate jumper lines to be clearly
clustered into individual groups, thereby facilitating the assignment of precise work locations in subsequent
maintenance tasks.

The experimental results include an ablation study to clarify that each sensor modality contributes to
the overall system performance (Table 4). Specifically, the performance of the proposed 4D multi-modal
map was compared with two baseline configurations: a LIDAR-only map (w/o Camera), utilizing only LIO
updates, and a Camera-only map (w/o LiDAR), utilizing only VIO updates. Remarkably, the comparison
demonstrates that the proposed 4D multi-modal framework achieved the highest accuracies of 94.4%,
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100.0%, and 93.8% at the sites of GN, MY, and SY, respectively, yielding an overall average accuracy of
96.1%. These results confirm that the multi-modal approach outperforms the LiDAR-only configuration by
an average of 73% and the camera-only configuration by a substantial margin of 37.1%. These results also
indicate that the 4D multi-modal map significantly outperforms the single-modality baselines in that the
integration of LiDAR and camera data compensates for the limitations inherent in individual sensors. The
missed detections in the 4D multi-modal map were confined to regions not captured during sensor data
acquisition because occlusions from overlapping structural components and oblique sensor perspectives
hindered the camera and LiDAR from acquiring measurements of certain jumper lines. These occlusions
primarily arose from the constrained road-following trajectory of the aerial work platform, which limited
the available viewpoints during acquisition. This analysis suggests that the primary sources of error are from
the geometry of the data acquisition rather than from the proposed method.

Table 4: Jumper line detection accuracy per site.

Site Number of Jumper Lines
Sensor Accuracy
Detected Jumper Lines Ground Truth

Multi-modal sensor 17 94.4
w/o LiDAR GN 11 18 61.1
w/o Camera 16 88.8

Multi-modal sensor 8 100.0
w/o LiDAR MY 4 8 50.0
w/o Camera 8 100.0

Multi-modal sensor 30 93.8
w/o LiDAR SY 21 32 65.6
w/o Camera 27 84.4

4.2 Accuracy of 4D Multi-Modal Map

This subsection evaluates the effectiveness of the proposed method for constructing the 4D multi-modal
map of this study. Table 5 presents the comparative results of four representative state-of-the-art frameworks:
VINS-MONO [65], LVI-SAM [66], R2LIVE [67], and R3LIVE [27]. These methods were compared with
the proposed method because they also generate a multi-modal map based on RGB-PCD information. The
evaluation employed the three-field dataset to secure consistent environmental conditions with the metrics
of absolute trajectory error (ATE) and relative pose error (RPE), because these metrics represent global
trajectory accuracy and local pose consistency [68].

In a static scenario of the GN site, the proposed method achieved 0.02 m ATE and 0.45° RPE for
constructing a 4D multi-modal map. All methods achieved nearly identical performances because the global
drift and local deviation remained negligible. Although quantitative differentiation is inherently limited
under static conditions, the results verified that the proposed and other methods consistently ensure accuracy
in constructing a 4D multi-modal map. These results suggest that all methods successfully constructed a
multi-modal map in static environments, where the performance variations were minimal.
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Table 5: RPE and ATE comparison of RGB-PCD-based SLAM methods.

Accuracy

Method ATE [m] RPE [degree]
GN MY SY GN MY SY
VINS-MONO [65] 0.06 0.15 0.38 0.61 1.08 1.24
LVI-SAM [66] 0.02 0.14 0.26 0.47 0.99 1.10
R2LIVE [67] 0.04 0.14 0.29 0.50 1.09 1.13
R3LIVE [27] 0.02 0.09 0.24 0.45 0.97 1.09
Proposed method 0.02 0.08 0.15 0.45 0.94 1.05

In a short-range driving scenario at the MY site, the proposed method achieved the lowest ATE of 0.08
and RPE of 0.94. Specifically, VINS-MONO, which relies solely on monocular imagery and inertial sensing,
recorded 0.15 m ATE and 1.08° RPE because of accumulated drift in texture-sparse regions. An inherent
limitation of monocular odometry is that image-based measurements cannot achieve the geometric precision
of LiDAR, resulting in degraded accuracy in complex environments [65]. The comparison of ATE and RPE
quantitatively reveals this limitation of VINS-MONO, where the higher ATE clearly indicates accumulated
trajectory drift while the larger RPE reflects limited local pose consistency. In contrast, LVI-SAM and
R2LIVE achieved lower values in both metrics than those by the proposed method. This observation can
be explained by the fact that LVI-SAM and R2LIVE utilize a loosely coupled strategy in which LIO and
VIO estimate independently and are fused only in the optimization phase. This approach has a limitation
in ensuring feature-level constraints across multiple modalities, thereby producing large pose errors under
dynamic driving conditions [14]. Note that the proposed method addresses tightly coupled fusion in which
LIO, VIO, and GNSS measurements are jointly integrated during state propagation. This tightly coupled
integration enables local pose refinement and global drift suppression to act simultaneously, leading to a
47% reduction in trajectory error compared with VINS-MONO and 13% reduction in pose error compared
with LVI-SAM. Interestingly, R3LIVE achieved 0.09 m ATE and 0.97° RPE, suggesting that these values
from two metrics are very close to those from the proposed method. This high global trajectory accuracy
and local pose consistency can be attributed to the utilization of tightly coupled integration in both the
proposed method and R3LIVE [27]. However, the proposed method demonstrated superior robustness in
complex structural environments because state propagation is enhanced by IMU-GNSS integration, which
constrains long-term drift and provides globally consistent motion priors for LIDAR-camera fusion. By
contrast, R3LIVE relies only on IMU-based state propagation, resulting in gradual trajectory deviation
in extended or irregular scenes. These results demonstrate that tightly coupled integration provides high
reliability in terms of trajectory accuracy and pose consistency compared to loosely coupled integration
under short-range driving conditions.

In a long-range dynamic scenario of the SY site, the proposed method also achieves the lowest ATE of
0.15 m and RPE of 1.05°, whereas other methods indicate ATE ranging from 0.24 to 0.38 m and RPE ranging
from 1.09° to 1.24°. This analysis clearly suggests that the proposed method is superior to other methods.
In particular, the proposed method outperformed R3LIVE, which exhibited a performance similar to that
in the other two scenarios. Specifically, the proposed method reduces the trajectory error by 38% and pose
error by 4%. This difference originates from the GNSS correction used in the proposed method. Note that
both methods employ tightly coupled integration of LIO and VIO, but the proposed method employs GNSS
correction. Specifically, GNSS measurements are integrated directly into the state propagation process in
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the proposed method, whereas R3LIVE relies on IMU-only state propagation, which inevitably accumulates
error over extended distances [27]. Note that the errors at the SY site were larger than those at the GN and
MY sites because the longer trajectory of the SY site intensified the accumulated drift and local deviation
compared with those of the GN and MY sites. Hence, the effect of GNSS correction was particularly evident
at the SY site. The analysis of the SY site highlights the advantages of GNSS-assisted state propagation.
Specifically, GNSS-assisted correction preserves trajectory accuracy and pose consistency under long-range
dynamic driving conditions. LVI-SAM and R2LIVE, which rely on loosely coupled integration, also show
larger errors of 0.26-0.29 m in ATE and 1.10-1.13° in RPE, confirming that loosely coupled integration cannot
constrain drift accumulation under long-range dynamic conditions.

4.3 Superiority of SDFNet

This subsection evaluates the performance and generalizability of SDFNet through the KITTI-3D
benchmark and the field dataset in comparison with representative state-of-the-art frameworks. These neural
networks include BtcDet [45], PV-RCNN [46], GLENet [69], and EPNet [70] to encompass both LiDAR-
only and LiDAR-image fusion architectures. The quantitative metrics of AP and mAP were used to assess the
capability of each neural network to localize and classify instances under different levels of scene complexity.

First, the detection accuracy of the NNs on the field dataset was analyzed to evaluate the accuracy of
the SDFNet in our application (Table 6). Remarkably, the SDFNet achieved 77.4% AP for telegraph pole
detection, securing the highest accuracy among all compared networks. This result verifies the robustness
of the proposed architecture in maintaining stable and reliable detection performance across diverse field
conditions. This superior performance is attributed to the pseudo stream architecture, which jointly encodes
geometric and semantic representations before integration, thereby ensuring coherent multi-modal align-
ment and stable detection. LIDAR-only networks, including BtcDet [45], PV-RCNN [46], and GLENet [69]
show limited accuracy, with AP values of 73.4%, 72.8%, and 74.5%, respectively, suggesting that extracting
features from both 3D PCD and images would be effective for the detection of telegraph poles. However,
EPNet [70] fails to outperform LiDAR-only methods. This observation can be explained by the fact that the
direct concatenation of image and LiDAR features introduces spatial-semantic misalignment, resulting in
the lowest accuracy. This structural limitation degrades the coherence of feature representations, thereby
confirming the necessity of geometry-aware feature integration for multi-modal fusion. Specifically, the
pseudo stream in SDFNet refines the correspondence between RGB and PCD features through geometry-
aware encoding, enabling stable extraction of spatially matched image features compared with the direct
integration strategy of EPNet [70].

Table 6: Prediction accuracy on telegraph pole with tree labeling.

AP
Sensor Network w/o Tree Labeled w/Tree Labeled
Telegraph Pole Telegraph Pole Tree
BtcDet [45] 73.4 84.6 60.4
LiDAR PV-RCNN [46] 72.8 81.8 63.3
GLENet [69] 74.5 81.2 66.7
EPNet [70] 70.3 79.9 55.7

LiDAR & Optical SDFNet (proposed) 77.4 87.6 69.6
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Second, the application of tree labeling was analyzed because this strategy substantially improved the
detection accuracy of all networks. Remarkably, the accuracy of SDFNet increased from 77.4% to 87.6%
for detecting telegraph poles. Similar improvements were observed among all compared NN, confirming
that tree labeling enhances the capability of NNs to distinguish telegraph poles from adjacent vegetation,
leading to a reduction in false detections near vegetated regions. Specifically, the annotated tree instances
provide additional contextual information during feature learning, enabling refined spatial attention around
pole regions and suppressing irrelevant geometric responses from nearby vegetation. Note that, although the
detection accuracy for trees remains relatively low at 69.6%, this limitation does not affect the identification
of telegraph poles; rather, it provides auxiliary supervision that stabilizes the multimodal fusion process and
improves localization accuracy. The labeling of trees contributes positively to telegraph pole detection by
guiding the network to distinguish the target objects of telegraph poles from background vegetation, leading
to a reduction in false positive vegetated areas. Furthermore, the inclusion of tree labels provided additional
contextual constraints during feature learning, enabling SDFNet to refine spatial attention around pole
regions and suppress irrelevant geometric responses from adjacent trees. This auxiliary supervision enhances
the discriminative capability of SDFNet in partially occluded environments, leading to improvement in
classification and localization. Hence, the effectiveness of this tree labeling strategy demonstrates that
accurate background annotation serves not only as a supplementary dataset component but also as a critical
factor for stabilizing the multi-modal fusion process in SDFNet.

Finally, the detection accuracy of the KITTI-3D benchmark dataset was analyzed. This analysis aimed
to evaluate the overall detection accuracy and general applicability of SDFNet compared with standard
3D object detection tasks (Table 7). Remarkably, SDFNet achieved the highest overall detection accuracy
among all neural networks for 3D object detection. Specifically, SDFNet showed an overall mAP of
86.3%. This superior performance of SDFNet can be attributed to the structural advantages of the pseudo
stream fusion architecture. In particular, LIDAR-only networks, including BtcDet [45], PV-RCNN [46],
and GLENet [69], rely on geometric information, which restricts their capability to recognize objects with
low density and geometric contrast. Hence, these neural networks achieve high accuracy for vehicles but
exhibit noticeable degradation for cyclists and pedestrians under complex backgrounds. EPNet shows better
accuracy than these LIDAR-only networks because it employs a LIDAR-image fusion strategy based on the
direct concatenation of encoded features [70]. However, this approach often fails to ensure spatial-semantic
correspondence between multiple modalities, resulting in unstable learning and inconsistent accuracy across
difficulty levels. SDFNet overcomes these limitations by employing pseudo stream fusion, which jointly
encodes geometric and semantic representations before integrating each feature. Joint encoding preserves
the spatial correspondence between LiDAR and image features, leading to coherent cross-modal alignment
and balanced detection accuracy across the car, cyclist, and pedestrian classes. This distinct architecture
enables SDFNet to exploit complementary information from both modalities while mitigating the spatial-
semantic misalignment that frequently degrades the performance of conventional fusion networks, including
EPNet [70]. Interestingly, BtcDet attained slightly higher accuracy than SDFNet at the hard level. This
outcome may be associated with the simple and vertically oriented geometry of pedestrian instances, which
are effectively reconstructed by the behind-the-curtain method [45]. This tendency is also attributed to the
geometric regularity of symmetric or planar structures, where stable spatial consistency enables reliable
depth completion. However, this method is less effective when object geometry is irregular or asymmetric,
such as in complex scenes with diverse shapes and orientations.

In summary, SDFNet preserves stable accuracy even under diverse conditions, confirming that the
proposed architecture ensures uniform generalization and mitigates class-specific bias across various levels
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of scene complexity. Specifically, the pseudo-stream fusion architecture effectively preserves the geometric—
semantic correspondence between LiIDAR and image features, enabling consistent generalization, even in
complex field environments. The incorporation of tree labeling also reinforces this stability by enhancing
spatial discrimination between telegraph poles and surrounding vegetation.

Table 7: Comparison with state-of-the art on the KITTI-3D benchmark dataset.

Sensor Network Difficulty level AP mAP
Car Cyclist Pedestrian
Easy 94.8 75.3 90.6 86.9
BtcDet [45] Moderate 92.8 69.5 88.5 83.6 839
Hard 89.6 67.0 87.0 81.2
- Easy 935 857 86.5 88.6
LIDAR PV-RCNN [46] Moderate 899  80.5 835 846 846
Hard 872 78.0 76.5 80.6
Easy 84.7 86.2 83.8 84.9
GLENet [69] Moderate 91.6 79.9 79.9 83.8 821
Hard 88.5 721 72.1 77.6
Easy 94.9 82.0 90.4 89.1
. . EPNet [70] Moderate 94.1 80.0 88.3 875 849
LiDAR tical
iDAR & Optica Hard 888  70.0 755 78.1
SDFNet (proposed) Easy 973 86.4 84.6 894 863

4.4 Superiority of RoMP-Tax

This subsection evaluates the performance and generalizability of RoMP-Tax in comparison with
representative state-of-the-art oriented-object-detection frameworks, including OBBDetection [42], Ori-
entedFormer [71], RHINO [72], GRA [73], and RoMP-T [54]. These neural networks were selected for
quantitative comparison because these neural networks represent image-based architecture designed for
rotational bounding-box detection. This analysis clearly demonstrates that the combination of texture
transformation through LBP and data augmentation using Mixup not only enhances feature representation
but also strengthens the overall robustness of RoMP-Tax. The quantitative metrics of precision, recall, AP,
and mAP were used to assess the ability of each network to localize and classify rotated instances under
different levels of scene complexity.

First, the detection performance on the field dataset was analyzed to evaluate the accuracy and robust-
ness of RoMP-Tax compared to representative rotated object detection networks (Table 8). Remarkably,
the proposed neural network, i.e., RoOMP-Tax, achieved 93.4% precision, 90.0% recall, and 91.3% mAP,
outperforming representative rotated-object detection neural networks by averages of 13.5%, 7.1%, and 9.5%,
respectively. This improvement suggests that the hybrid architecture of CNN-Transformer, texture extrac-
tion with LBP, and Mixup augmentation effectively combines the local texture representation with global
contextual reasoning, ensuring robust and stable rotated-object detection in complex field environments.
Networks such as OBBDetection [42], OrientedFormer [71], and GRA [73], which utilize either a CNN
or Transformer architecture, restrict their ability to capture both local and global features within the same
representation space. ROMP-T [54] also results in insufficient integration between fine-grained texture cues
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and contextual dependencies because it employs a hybrid CNN-Transformer architecture but excludes
LBP-based texture extraction and Mixup augmentation. Interestingly, RHINO [72] shows a slightly higher
recall performance. This observation can be attributed to the Hausdorft distance-based matching cost,
which refines the localization precision during training because the metric directly penalizes the maximum
boundary deviation between the predicted and ground-truth boxes, thereby enforcing alignment along
object edges rather than overall overlap. However, this boundary-oriented optimization tends to increase
false-positive responses under complex textures and irregular boundaries, thereby reducing the precision
compared with RoMP-Tax and RoMP-T. Note that RoMP-Tax maintains a balanced precision-recall trade-
off by integrating LBP-based texture encoding and Mixup augmentation, thereby enhancing local feature
distinctiveness while preventing over-adaptation to specific geometric patterns.

Table 8: Comparison with state-of-the-art on field and DOTA-v2.0 datasets.

Dataset Network Precision Recall mAP

OBBDetection [42] 69.4 75.6 75.0

OrientedFormer [71] 71.6 79.9 74.9

) RHINO [72] 86.0 91.7 89.8
Fiel

ield dataset GRA [73] 81.6 82.4 82.2

ROMP-T [54] 90.8 85.1 87.0

RoMP-Tax (proposed) 934 90.0 91.3

OBBDetection [42] 49.3 54.8 52.6

OrientedFormer [71] 50.4 52.0 50.8

RHINO [72] 57.6 61.4 59.9

DOTAV20 GRA [73] 533 57.9 55.1

RoMP-T [54] 59.3 56.4 58.5

RoMP-Tax (proposed) 617 59.9 61.4

Furthermore, the generalizability of RoMP-Tax was evaluated using the DOTA v2.0 dataset [60], which
contains various aerial scenes with diverse orientations and scales. Similar to the detection performance
on the field dataset, RoMP-Tax showed superior performance compared with other representative neural
networks for rotated-object detection. Specifically, the RoMP-Tax achieved a precision of 61.7%, a recall
of 59.9%, and mAP of 61.4%, corresponding to average gains of 7.7%, 3.4%, and 6.0%, respectively, over
other representative rotated-object detection networks. These results confirm the strong generalizability
and broad applicability of RoMP-Tax beyond the field dataset. RHINO also exhibited a relatively high
recall value on the DOTAv2.0 dataset, which originated from its Hausdorft distance-based matching loss.
However, RoMP-Tax achieved a balanced improvement in both precision and recall by enhancing texture
representation through LBP extraction and improving robustness via Mixup augmentation. Note that both
the Transformer and CNN, including OBBDetection [42], OrientedFormer [71], and GRA [73], primarily
rely on global feature aggregation and orientation regression, which limits the ability of neural networks to
extract localized features and correlation compared with the hybrid CNN-Transformer hybrid architecture
employed in RoMP-Tax. This integrated design enables RoMP-Tax to maintain a high recall even for small
or highly rotated objects, thereby ensuring stable precision and robust generalization across large-scale
aerial environments.

To elucidate the contribution of texture extraction and Mixup data augmentation to performance
enhancement, the field dataset from the GN, MY, and SY sites was utilized for RoMP-Tax (Table 9).
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The baseline configuration recorded an AP of 87.0% without LBP and Mixup. Mixup augmentation increased
the AP to 90.8% because this method stabilizes the training process, thereby improving generalization under
limited data conditions. LBP-based texture extraction also increased the AP to 90.5% because this method
enhances the discrimination of texture features between background and target regions. Remarkably, the
integration of LBP and Mixup with the hybrid CNN-Transformer architecture achieved the highest AP of
91.3%, verifying that feature- and data-level enhancements provide complementary effects. Note that this
synergy reinforces the robustness of the network against illumination variations and background clutter,
ensuring consistent detection performance across diverse scenes. When compared with the results on the
DOTA v2.0 dataset presented in Table 8, this improvement indicates that the effect of LBP-based texture
encoding and Mixup augmentation might become more pronounced when the available training data are
limited, demonstrating the scalability of RoMP-Tax across different data densities.

Table 9: Effectiveness of the texture extraction and Mixup augmentation.

Network Texture Augmentation mAP
w/o LBP w le’;up gg'%

RoMP-Tax WP :
w/o Mixup 90.5

w/LBP w/Mixup 91.3

In summary, RoMP-Tax achieved stable and superior detection performance across both field and
large-scale benchmark datasets, verifying that the proposed neural network architecture ensures consistent
generalization under diverse scene conditions. The integration of LBP-based texture encoding and Mixup
augmentation enhances feature robustness and stabilizes the learning process, leading to reliable recognition
of oriented objects with complex textures and varying illumination. This hybridization further demon-
strates greater effectiveness in data-limited environments, confirming that RoMP-Tax maintains a uniform
generalizability and scalability, regardless of dataset size or texture complexity.

5 Conclusion

This paper proposed a jumper line detection method to support maintenance planning in live distri-
bution facilities. The proposed framework integrates 4D multi-modal mapping, SDFNet, and RoMP-Tax for
field inspection of distribution facilities. The 4D multi-modal map is constructed by fusing LiDAR, camera,
IMU, and GNSS measurements to generate an accurate spatial representation of the maintenance region.
This mapping process ensures a consistent perception of complex environments, overcoming the limitations
of motion distortion and sparse sensor observations in conventional mapping approaches. SDFNet detects
utility poles from multi-modal sensor data through geometry, pseudo, and fusion streams that jointly learn
geometric and optical features. The detected pole coordinates are aggregated within a global reference frame
by employing an iKD-Tree, providing consistent spatial information for subsequent analysis. The RoMP-Tax
network detects insulators and isolates jumper lines from localized point-cloud regions. The hybrid CNN-
Transformer architecture, enhanced by LBP-based texture encoding and Mixup augmentation, enables the
robust recognition of small and highly rotated components under complex textures and variable illumination
conditions. Comprehensive experiments conducted on field and aerial datasets demonstrated significant
improvements in precision, recall, and mAP, thereby validating the robustness and generalizability of the pro-
posed framework. Although the proposed framework demonstrates high accuracy in detecting and localizing
jumper lines, the present study is primarily focused on the perception phase under experimental conditions.
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Further validation is required to evaluate the performance of this method within actual live-line maintenance
workflows using aerial lift vehicles. The integrated architecture provides a reliable and eflicient solution for
distribution line inspection and enables optimal bucket positioning for autonomous maintenance operations.
Future work will utilize the extracted jumper-line position information to support real-time task planning
and collision avoidance during high-voltage proximity operations. Furthermore, the framework will be
extended to multi-robot cooperation and dynamic state estimation. These advancements will ultimately
enable fully autonomous decision-making in large-scale power distribution facility environments.
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Nomenclature

Abbreviation Full description

2D/3D/4D Two/Three/Four Dimensional

BEV Bird’s-eye view

BO Bayesian optimization

BtcDet Behind-the-curtain detection

CNN Convolutional neural network

DBSCAN Density-based spatial clustering of applications with noise
DFOV Diagonal field of view

Dist-YOLO Distance-estimation you only look once

ENU East-north-up

FAST-LIO Fast LIDAR-inertial odometry

Faster R-CNN Faster region-based convolutional neural network
GNSS Global navigation satellite system

ICP Iterative closest point

ikd-Tree Incremental k-dimensional tree

LBP Local binary pattern
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LiDAR Light detection and ranging

LINS LiDAR-inertial-network-based simultaneous localization and mapping

LIO-SAM LiDAR inertial odometry via smoothing and mapping

LIO/VIO LiDAR-inertial odometry/Visual-inertial odometry

LOAM LiDAR odometry and mapping

LVI-SAM LiDAR-visual-inertial odometry via smoothing and mapping

M2Det Multi-level multi-scale detector

MLP Multi-layer perceptron

MSC Mean shift clustering

MSML Multi-scale multi-level

PCD Point cloud data

PnP Point-to-plane

PV-RCNN Point-voxel region-based convolutional neural network

PVT Pyramid vision transformer

RoMP-Tax Rotational multi-pyramid transformer with texture and augmentation

SDFNet Sparse-dense fusion network

SLAM Simultaneous localization and mapping

YOLO You only look once
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