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 A B S T R A C T

To ensure long-term field operation of Unmanned Ground Vehicles (UGVs) without human intervention, 
autonomous charging capability is essential. This paper presents a fully autonomous charging system that 
enables a UGV to perform path planning, align itself with the charging station, and a 6-DoF manipulator to 
locate and connect to the charging port without relying on external markers. By combining vision-language 
detection with geometric reasoning on RGB-D data, the system estimates a complete 6-DoF pose without 
relying on fiducial markers or task-specific retraining, thereby enhancing adaptability across different docking 
environments. Specifically, it employs the open-vocabulary object detector YOLO-World to identify the docking 
port in the RGB image and selects the corresponding 3D position from the depth map. To estimate orientation, 
the surrounding point cloud is clustered to extract the object shape, from which the without relying on fiducial 
markers or task-specific retraining, thereby enhancing adaptability across different docking environments. 
principal axis is computed, resulting in a fully generalizable and marker-free docking pipeline. This 6-DoF pose 
is used to compute a feasible manipulator configuration through inverse kinematics. The proposed pipeline 
is integrated into a ROS-based framework and enables precise docking in unstructured outdoor environments 
without manual supervision. Experimental results demonstrate the robustness and accuracy of the system under 
real-world conditions, achieving a docking success rate of 90% and an average total operation time of 34.4 s.
1. Introduction

The use of manipulators and unmanned ground vehicles (UGVs) 
is finding increasing use in military logistics, disaster relief, and in-
dustrial automation [1–3]. To remain in the field for hours or days 
without human intervention, such platforms must charge themselves 
autonomously. In this mission, the UGV navigates to a charging station, 
the arm locates the charging port of the vehicle, and the system 
completes the physical connection, all without external markers or 
teleoperation.

Early charging stations relied on planar fiducial markers such as 
AprilTag or ArUco to simplify pose estimation, yet these tags introduce 
three structural drawbacks: the charging port must follow a single, pre-
defined geometry; the markers are easily obscured by dirt, glare, or 
mechanical damage; and every station requires periodic calibration and 
maintenance, particularly costly in outdoor environments. Point cloud 
registration methods such as CAD-to-ICP alignment [4] eliminate visual 
tags but inherit the same predefined geometry and demand dense, 
low-noise depth data.

Traditional image-class pair-based detectors have raised detection 
accuracy to near-real-time levels on desktop GPUs, but their closed 
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vocabularies make them brittle in the field. Introducing a new port 
design still requires collecting and labeling hundreds of images, retrain-
ing or fine-tuning the network, and redeploying the weights, while any 
domain shift caused by dirt or wear can sharply erode performance. 
Even anchor-free YOLOv8 [5], although faster and more accurate, 
cannot escape this retraining cycle.

YOLO-World [6] represents a vision-language foundation model 
specifically redesigned for real-time object detection. Unlike conven-
tional YOLO detectors that rely solely on visual supervision, miti-
gates this limitation by integrating a compact CLIP-based [7] text 
encoder with a YOLOv8 backbone to enable open-vocabulary recog-
nition through image-text alignment. The CLIP text encoder is kept 
frozen without fine-tuning, while the RepVL-PAN module adaptively re-
parameterizes the vision-language features. Text prompts are encoded 
into 512-dimensional semantic embeddings and fused with visual rep-
resentations via region-to-text contrastive learning, allowing the model 
to detect unseen object categories while maintaining the speed and 
efficiency required for robotic perception.

Using the two dimensional map generated by LiDAR-IMU SLAM, 
the UGV autonomously drives to the front of the charging station 
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Fig. 1. Overall docking pipeline combining prompt-based object detection, 6-DoF pose estimation, and manipulator-UGV coordination.
while avoiding obstacles. Upon arrival, the vehicle relies on its onboard 
RGB-D camera to position itself inside the reachable workspace of the 
manipulator, ensuring stable and accurate docking. A RGB-D camera 
mounted on the station, together with the YOLO-World model, detects 
the docking port. A depth crop inside the bounding box produces a 
point cloud, and the point closest to the centroid defines a 3D goal. 
The manipulator’s inverse kinematics controller then aligns the end-
effector to this goal and executes the reach motion. Consequently, the 
full sequence shown in Fig.  1: UGV approach, vehicle positioning, port 
detection, manipulator control, and final docking concludes without 
human intervention even in cluttered environments.

This study makes the following main contributions:

(1) We propose a marker-free and retraining-free 6-DoF pose es-
timation framework built upon an open-vocabulary detection 
paradigm, enabling generalizable docking across diverse targets.

(2) We implement an integrated manipulator-UGV system that per-
forms autonomous path planning, alignment, and docking with-
out human intervention.

(3) We experimentally validate the proposed system on a real
robotic platform, achieving a 90% docking success rate and 
an average total operation time of 34.4 s under real-world 
conditions.

2. Related work

In this section, we review existing autonomous charging systems 
and highlight the key distinctions between them and the proposed 
framework. Traditional autonomous charging systems generally rely 
on 3-DoF pose estimation, which focuses on position and orientation, 
restricting their ability to align accurately with the docking port. In con-
trast, the method presented in this study utilizes 6-DoF pose estimation, 
allowing for full spatial alignment in all degrees of freedom, resulting 
in more precise docking. Furthermore, while conventional systems 
typically depend on pre-trained models, our approach incorporates 
open-vocabulary object recognition to detect novel docking targets. 
This learning-based method enhances flexibility and adaptability to 
diverse environments.

The following subsections discuss various strategies for docking 
technology employed in autonomous charging systems.
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2.1. Marker-based approaches

Early research on autonomous charging and docking relied heav-
ily on visual fiducial markers. The introduction of two-dimensional 
black-and-white markers such as ARTag and AprilTag rapidly acceler-
ated outdoor docking experiments for UGVs and UAVs [8,9]. Narváez 
et al. [10] proposed an autonomous docking system using a mo-
bile manipulator to track, approach, and connect with a VTOL UAV 
based on fiducial marker detection. Progressively, arranging multi-
ple tags on grid-style marker boards extended the detection range, 
and retro-reflective or optical fiber variants were developed to main-
tain robustness under extreme lighting conditions, including deep-sea 
and space environments [11,12]. Most recently, subpixel edge fitting 
techniques that minimize corner detection error [13], together with 
iterative visual servoing that predicts trajectories by tracking only the 
centroid marker [14], show centimeter-level precision with the same 
set of tags. Pivoňka et al. [15] applied monocular fiducial marker-based 
localization using a single monocular camera for autonomous docking 
of Autonomous Guided Vehicles (AGVs), estimating robot poses from 
marker positions. Bian et al. [16] introduced FiMa-Reader, a cost-
effective fiducial marker system combining ArUco and Data Matrix 
markers in a hybrid approach with an IR camera-based reader for 
robust marker detection under varying lighting conditions. But, the 
problem of pre-defined geometry, contamination, and regular correc-
tion has not been fundamentally solved, so the non-marker family has 
recently been studied.

2.2. Deep learning-based approaches

Deep learning-based detection methods in robotic docking can be 
broadly divided into conventional vision-based detectors, which rely on 
fixed label sets for supervised training (see Section 2.2.1), and vision-
language-based detectors, which leverage joint image-text embeddings 
to recognize unseen categories through cross-modal alignment (see 
Section 2.2.2).

2.2.1. Conventional vision-based detectors
Since the deep learning boom, research has shifted from marker-

based localization to direct object detection. The introduction of R-
CNN [17] enabled deep learning-based object detection, and Faster 
R-CNN [18] accelerated the detection pipeline. The YOLO detector 
series [5,19] further optimized real-time detection performance by 
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balancing speed and accuracy, making it widely adopted in robotics 
research [20–22]. There are docking studies [23–26] using these object 
detection models. Choi et al. [23,24] proposed a robust docking system 
for Unmanned Aerial Systems (UAS) by leveraging a YOLO-based object 
detection model. Yang et al. [25] proposed a 6-DoF refueling robotic 
arm positioning and docking method integrating YOLOv8 with the 
PnP algorithm for precise detection and pose estimation of refueling 
interfaces. However, this approach requires dedicated training for the 
docking port and does not integrate the entire refueling system includ-
ing the UGV, limiting its applicability in full autonomous refueling 
scenarios. Xu et al. [26] developed a YOLOv4-based detection and 
improved RRT∗ planning system for efficient and collision-free robotic 
arm docking in complex environments. However, the system relies 
solely on an RGB camera without depth sensing, which limits precise 
docking and makes the system sensitive to environmental changes, 
potentially leading to inconsistent performance. Ren et al. [27] pro-
posed a Dynamic Graph Transformer (DGT) that dynamically constructs 
local-to-global graph structures over 3D point clouds and applies self-
attention to capture long-range dependencies, improving robustness 
against occlusion and sparse observations. However, since the model 
is primarily designed for LiDAR-based 3D detection, its computational 
cost and data format make it less practical for real-time robotic dock-
ing. Das et al. [28] developed a hybrid Vision Transformer (ViT)-
Graph Convolutional Network (GCN) framework that jointly models 
global context and structural relations, demonstrating improved ac-
curacy under low-contrast and cluttered scenes. While this hybrid 
design enhances generalization and interpretability, it introduces con-
siderable architectural complexity and higher inference latency, posing 
challenges for deployment on resource-constrained robotic platforms. 
Yin et al. [29] combined graph neural networks with spatiotemporal 
Transformer attention for 3D video object detection, enabling temporal 
consistency and spatial reasoning across frames. This spatiotemporal 
modeling improves detection stability under motion and illumination 
variations, yet its heavy computational demand and sequence-based 
architecture make real-time integration difficult for continuous docking 
tasks.

2.2.2. Vision-language-based detectors
Vision-language-based detectors aim to generalize object recogni-

tion beyond fixed label sets by aligning image and text representa-
tions in a shared semantic space. CLIP learns a joint embedding in 
which a text prompt can retrieve visual concepts that were never 
seen during training. Building on CLIP, GLIP [30] extends this idea 
to sentence-level detection by predicting a bounding box for every 
noun phrase, and Grounding DINO [31] couples a large Transformer 
detector with a language encoder to ground arbitrary textual prompts 
in open-set images. Although these models achieve strong zero-shot 
accuracy, their hundred-million-parameter backbones and cross-modal 
decoders impose heavy computational and memory demands, making 
them unsuitable for real-time or embedded robotic perception. In con-
trast, YOLO-World inherits the vision-language alignment paradigm but 
employs a lightweight one-stage architecture with minimal cross-modal 
interaction, achieving high throughput and low inference latency. Due 
to its balance between semantic generalization and real-time efficiency, 
YOLO-World was selected as the core perception model in this study for 
real-time robotic docking tasks.

2.3. Reinforcement learning-based approaches

There are docking studies using reinforcement learning. These stud-
ies [32–34] focus on enhancing adaptability to dynamic environmental 
changes compared to conventional object detection-based docking sys-
tems. Reinforcement learning models learn optimal action strategies 
through reward-driven mechanisms, enabling dynamic obstacle avoid-
ance and performance improvement through iterative training. Chu 
et al. [32] proposed a reinforcement learning-based docking control 
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strategy for autonomous underwater vehicles by incorporating adaptive 
reward shaping to improve learning efficiency and docking perfor-
mance. Weber et al. [33] proposed a reinforcement learning-based 
robot docking system that leverages neural vision for adaptive pose es-
timation and policy learning in dynamic environments. Muse et al. [34] 
developed a robot docking method that integrates omnidirectional 
visual perception with an actor-critic reinforcement learning frame-
work to enable adaptive behavior in dynamic environments. However, 
such methods still require task-specific training for new target objects, 
resulting in high maintenance costs.

3. Method

In this section, we introduce the overall methodology of the pro-
posed system, which is divided into three functional modules. Sec-
tion 3.1 describes the UGV responsible for autonomous path plan-
ning. Section 3.2 provides a description of the docking port hardware. 
Section 3.3 explains the object recognition perception system that 
detects and localizes the docking port. Finally, Section 3.4 presents the 
manipulator module that executes the physical docking procedure.

3.1. UGV

The UGV employs a two-stage path planning approach for au-
tonomous docking: a global path is generated using the A* algo-
rithm [35] for collision-free navigation, and local adjustments are made 
in real-time with the Dynamic Window Approach (DWA) [36] to avoid 
dynamic obstacles and ensure smooth motion toward the manipulator. 
Once the UGV reaches the vicinity of the manipulator, it uses Algorithm 
1 to align itself with the docking direction, computing the heading 
angle based on the detected target center.

Algorithm 1: Vision-based heading control toward target point
Input:  Base frame base
 Target frame target
Output: Velocity command (𝑣, 𝜔) at each stage
Initialize stage 𝑠 ∶= 0;
while not shutdown do

if 𝑠 = 0 then
(𝑥, 𝑦) ← 𝑇 (base → target);
𝜃 ← atan2(𝑦, 𝑥);
if |𝜃| < 𝜖 then

𝑠 ← 1;
end 
𝜔 ← clip(𝜃,−𝜔max, 𝜔max);
(𝑣, 𝜔) ← (0, 𝜔);

else if 𝑠 = 1 then
(𝑥, 𝑦) ← 𝑇 (base → target);
if 𝑥 < 𝑑front then

𝑠 ← 2;
end 
𝜃 ← atan2(𝑦, 𝑥);
(𝑣, 𝜔) ← (𝑣fwd, clip(𝜃,−𝜔max, 𝜔max));

else if 𝑠 = 2 then
𝜙 ← 𝑇 (map → base);
if |𝜙 − (𝜙0 + 𝜋)| < 𝜖 then

exit loop;
break;

end 
𝜔 ← clip(𝜙target − 𝜙,−𝜔max, 𝜔max);
(𝑣, 𝜔) ← (0, 𝜔);

Publish (𝑣, 𝜔) to /cmd_vel;
end 
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Fig. 2. Docking/release sequence showing the effect of spring on actuation.

3.2. Docking port

The docking port used in this system is derived from a probe-and-
drogue mechanism design proposed by Choi et al. [23]. It features a 
recessed circular inlet with a diameter of 120 mm and is manufactured 
using high-resolution resin-based 3D printing as illustrated in Fig.  2.

Inside the port, a mechanical assembly enables passive switching 
between two discrete states: one in which the probe is secured and 
another in which it is released. This bistable behavior is achieved 
without continuous actuation by utilizing a torsional spring to support 
the locking phase and a pair of shape memory alloy (SMA) springs 
for releasing. The tapered inlet geometry and recessed profile guide 
the probe toward the locking interface, enabling smooth capture and 
reliable release through the bistable mechanism during the final stage 
of physical contact. In particular, the funnel-shaped lead-in surface 
and rounded entry boundary mitigate lateral misalignment during ap-
proach, allowing the probe to self-center even when positional or 
angular errors are present. Additionally, the internal locking latch is 
designed with mechanical compliance, allowing slight elastic deforma-
tion during insertion and ensuring firm engagement once the probe 
reaches the fully seated position. This geometry minimizes mechanical 
stress on both connector surfaces and provides robustness against small 
disturbances, ensuring repeatable docking and release cycles in real 
operation.

3.3. Object recognition

To detect the docking port, a YOLO-World model is used with 
open-vocabulary prompt. Unlike conventional object detectors that 
rely on closed-set classification and require retraining for new object 
types, YOLO-World allows open-vocabulary detection based on tex-
tual prompts. This flexibility is advantageous in outdoor autonomous 
systems, where target designs such as docking ports may vary across 
deployments and environments.

YOLO-World optimizes a total loss that combines four components: 
box regression, objectness, classification, and vision-language align-
ment. The total loss function is expressed as Eq. (1): 
total = 𝜆box ⋅ box + 𝜆obj ⋅ obj + 𝜆cls ⋅ cls + 𝜆align ⋅ align (1)

Each loss term is scaled by a corresponding weight coefficient 𝜆, 
which controls its contribution to the total objective during optimiza-
tion. As shown in Eq. (2), the box regression loss is defined using 
the Complete IoU (CIoU) metric, which incorporates the overlap area, 
center distance, and aspect ratio between the predicted box 𝑏pred and 
the ground truth box 𝑏gt: 
 = 1 − CIoU(𝑏pred, 𝑏gt) (2)
box
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Table 1
Descriptions of terms used in YOLO-World loss functions.
 Symbol Meaning  
 𝜆box Weight for box regression loss  
 𝜆obj Weight for objectness loss  
 𝜆cls Weight for classification loss  
 𝜆align Weight for alignment loss  
 𝑏pred Predicted bounding box  
 𝑏gt Ground truth bounding box  
 𝑝obj Predicted objectness probability  
 𝑦𝑖𝑗 Ground truth binary label (1 if match, else 0)  
 𝑁 Batch size  
 𝜙𝑖 Visual feature embedding from detector  
 𝑡𝑖 Ground truth text embedding corresponding to 𝜙𝑖 
 𝑡𝑗 Non-matching text embedding in the batch  
 𝜏 Temperature parameter for softmax  

A higher CIoU indicates better alignment, and the loss is defined as 
1 − CIoU to minimize poorly aligned predictions. The objectness loss, 
defined as in Eq. (3), uses binary cross-entropy between the predicted 
objectness score 𝑝obj and a target indicator function: 

obj = BCE(𝑝obj,1IoU>0.5) (3)

where the indicator function is defined inline as 1IoU>0.5 = 1 if IoU >
0.5,  else 0. This encourages the model to assign high confidence only 
to bounding boxes that sufficiently overlap with ground truth.

As shown in Eq. (4), the classification loss in open-vocabulary 
settings is computed using the cosine similarity between visual features 
𝜙𝑖 and text embeddings 𝑡𝑗 , passed through a sigmoid activation 𝜎(𝑥) =
1∕(1 + exp(−𝑥)): 
cls = BCE(𝜎(𝜙⊤

𝑖 ⋅ 𝑡𝑗 ), 𝑦𝑖𝑗 ) (4)

The output is compared against the ground truth label 𝑦𝑖𝑗 ∈ {0, 1}
using binary cross-entropy. The alignment loss, as shown in Eq. (5), en-
courages the visual embedding 𝜙𝑖 to be aligned with the corresponding 
text embedding 𝑡𝑖 via contrastive learning: 

align = − 1
𝑁

𝑁
∑

𝑖=1
log

exp(𝜙⊤
𝑖 𝑡𝑖∕𝜏)

∑𝑁
𝑗=1 exp(𝜙

⊤
𝑖 𝑡𝑗∕𝜏)

(5)

The temperature parameter 𝜏 scales the softmax distribution and 
stabilizes optimization. During inference, YOLO-World computes the 
class score between image region 𝑘 and text prompt 𝑗 as shown in 
Eq. (6): 
𝑠𝑘,𝑗 = 𝛼 ⋅ ‖𝑒𝑘‖ ⋅ ‖𝑤𝑗‖

⊤ + 𝛽 (6)

Here, 𝑒𝑘 and 𝑤𝑗 denote the visual and textual embeddings, re-
spectively, and 𝛼, 𝛽 are learnable scalar parameters. This formulation 
enables the model to measure semantic correspondence through a 
calibrated inner product, allowing open-vocabulary detection without 
relying on fixed category classifiers. The inference pipeline that realizes 
this computation is illustrated in Fig.  4, where image features and text 
embeddings are projected into a shared space and compared to produce 
region-level similarity scores (see Table  1).

To enable precise docking to a 6-DoF pose, it is necessary to estimate 
a reliable 3D reference point corresponding to the detected object. 
Since YOLO-World provides only a 2D bounding box on the image 
plane, a center-guided point cloud localization is used to locate the 
closest 3D point in the point cloud that best represents the center of 
the target object. Algorithm 2 identifies the 3D point in the point cloud 
whose 2D projection lies closest to the center of a bounding box. This 
point is selected as the docking target position and is also used by the 
UGV to align itself with the charging station. 𝑥̄, 𝑦̄, 𝑧̄ are the coordinates 
of the closest 3D point. 𝑤 and ℎ denote the image width and height. 𝛿
is the minimum 2D distance observed during the search. 𝑓proj and 𝑓dist
are defined as follows:
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Fig. 3. Full pipeline of object recognition. The process includes object detection, point cloud clustering, and orientation estimation. The blue box corresponds to 
Algorithm 2, while the green box represents Algorithm 3.
Algorithm 2: Find the closest point to the center of the bounding 
box
Input:  Point cloud 

 Bounding box 
 Camera parameters 𝑓𝑥, 𝑓𝑦, 𝑐𝑥, 𝑐𝑦

Output: Closest point coordinates (𝑥̄, 𝑦̄, 𝑧̄)
Initialize ̃ as empty list;
Initialize 𝑖 = −1, 𝑥̄ = 0, 𝑦̄ = 0, 𝑧̄ = 0;
Initialize 𝛿 = ∞;
for each point 𝑝 in  do

(𝑢, 𝑣) = 𝑓proj(𝑝, 𝑓𝑥, 𝑓𝑦, 𝑐𝑥, 𝑐𝑦);
if 𝑢 ≥ 0 and 𝑢 < w and 𝑣 ≥ 0 and 𝑣 < h and 𝑝.𝑧 > 0 then

if 𝑝 is inside  then
Add 𝑝 to ̃ ;
𝑢̂ = (.𝑥𝑚𝑖𝑛 + .𝑥𝑚𝑎𝑥)∕2;
𝑣̂ = (.𝑦𝑚𝑖𝑛 + .𝑦𝑚𝑎𝑥)∕2;
𝑑 = 𝑓dist(𝑢, 𝑣, 𝑢̂, 𝑣̂);
if 𝑖 == −1 or 𝑑 < 𝛿 then

Update 𝑖, 𝑥̄, 𝑦̄, 𝑧̄, 𝛿;
end 

end 
end 

end 
Return (𝑥̄, 𝑦̄, 𝑧̄);

• 𝑓proj: projects a 3D point to 2D image coordinates using camera 
intrinsics.

• 𝑓dist: computes the 2D Euclidean distance to the bounding box 
center.

The orientation estimation process is detailed in Algorithm 3. To-
gether with Algorithm 2, it forms the complete 6-DoF pose estimation 
pipeline that integrates position and orientation into a unified frame-
work. Prior to clustering, a depth-based cropping is applied to the 
filtered point cloud  ′ using a threshold parameter 𝜏, which excludes 
background points located beyond the expected object boundary. 𝜏
is experimentally set to 300 mm. The algorithm then applies DB-
SCAN [37] to the remaining points and selects the largest cluster 
based on point density, where a point 𝑝 ∈  ′ is defined as the core 
point as shown in Eq. (7): 
𝜖(𝑝) ∶= {𝑞 ∈  ′ ∣ ‖𝑝 − 𝑞‖2 ≤ 𝜖} ∧ |𝜖(𝑝)| ≥ 𝑘 (7)

Here, 𝜖 > 0 is the neighborhood radius, and 𝑘 ∈ N is the mini-
mum number of neighboring points required to form a dense region. 
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Weighted principal component analysis (WPCA) [38] is then applied 
to  to estimate the object’s orientation, as formulated in Eq. (8). 
The three eigenvectors obtained from WPCA define the object’s roll, 
pitch, and yaw orientations, forming a right-handed local frame. These 
vectors are physically valid only when the segmented point cloud has 
sufficient geometric asymmetry and point-density uniformity. In noisy 
conditions, random outliers can distort the covariance structure and 
cause unstable eigenvectors. To reduce this effect, spatial clustering 
is applied beforehand to remove spurious points and preserve the 
dominant geometry of the target. Each point 𝑝 is assigned a weight 
𝑤(𝑝) using a Gaussian kernel based on its distance to the unweighted 
centroid 𝜇0, as defined by Eq. (8): 

𝑤(𝑝) = exp
(

−
‖𝑝 − 𝜇0‖2

2𝜎2

)

(8)

Here, 𝜎 > 0 is a tunable parameter that controls the spatial decay 
rate of the weighting function. The weighted covariance matrix is 
computed, and its eigenvectors are used to determine the principal 
axes. The 𝑧-axis is set as the smallest eigenvector and flipped if mis-
aligned with the camera view. The final rotation matrix 𝐑 is built via 
orthogonalization using the estimated orthonormal basis vectors 𝑥⃗, 𝑦, 𝑧, 
and explicitly expressed as Eq. (9): 

𝐑 =
⎡

⎢

⎢

⎣

𝑟00 𝑟01 𝑟02
𝑟10 𝑟11 𝑟12
𝑟20 𝑟21 𝑟22

⎤

⎥

⎥

⎦

(9)

where 𝑟𝑖𝑗 are the individual components derived from the basis vectors. 
This matrix is then converted into a quaternion 𝐪 = (𝑥, 𝑦, 𝑧,𝑤), a 
compact and singularity-free representation of rotation suitable for 
robotic pose control.

The complete object recognition docking pipeline, which integrates 
the YOLO-World model along with Algorithm 2 and Algorithm 3, is 
illustrated in Fig.  3.

3.4. Manipulator

To evaluate whether a given pose is physically achievable by a 6-
DoF manipulator, we first characterize its reachable space in terms 
of docking feasibility. Fig.  5(a) illustrates the manipulator’s kinematic 
configuration, including its joints and links, which represent the physi-
cal structure of the robot. In Fig.  5(b), the reachable region is classified 
into stable, unstable, and unreachable zones, representing the area 
where the manipulator can operate effectively. This spatial classifica-
tion serves as the basis for interpreting the inverse kinematics solutions, 
which are then used by the system to calculate the required joint 
configuration for stable docking. The manipulator utilizes this configu-
ration to ensure the end-effector reaches the target position in a stable 
manner, facilitating a smooth and precise docking process.



M. Jung and A.J. Choi Alexandria Engineering Journal 134 (2026) 122–134 
Fig. 4. Inference pipeline of YOLO-World.

4. Experiments

The proposed charging system was tested using a hardware setup 
consisting of a 6-DoF robotic arm (based on the OpenManipulator-X), 
a UGV platform (based on TurtleBot), an LDS-02 2D LiDAR, and an 
Intel RealSense D435i depth camera. Each robot platform is equipped 
with an NVIDIA Jetson Xavier NX for onboard processing. The ma-
nipulator and UGV use Dynamixel actuators, which are controlled by 
dedicated controllers: the U2D2 interface for the robotic arm, and the 
OpenCR board for the mobile base. Both the Jetson Xavier NX and 
the OpenCR are powered by COMS 18650 triple-cell battery packs: 
a 12 V 3 A (3000 mAh × 3) pack for the Xavier NX, and a 12 V 
26 Ah (2600 mAh × 3) pack for the OpenCR. This separation ensures 
stable power delivery and prevents interference between compute and 
actuation modules. The object detection model and docking algorithms 
were executed on an external server equipped with an NVIDIA RTX 
3080 GPU. The full hardware setup is illustrated in Fig.  6.
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Algorithm 3: Estimate orientation from clustered point cloud 
around the closest point
Input:  Closest point 𝑝𝑐 = (𝑥̄, 𝑦̄, 𝑧̄)

 Filtered point cloud ̃
 Cropping threshold 𝜏

Output: Estimated orientation 𝐪
Initialize filtered set  ′ as empty list;
for each point 𝑝 ∈ ̃ do

if 𝑧̄ ≤ 𝑝𝑐 .𝑧 ≤ 𝑧̄ + 𝜏 then
Add 𝑝 to  ′;

end 
end 
Apply DBSCAN on  ′

Select label 𝑙∗ = argmax
𝑙

|

|

|

{

𝑝 ∈  ′ ∣ 𝓁(𝑝) = 𝑙
}

|

|

|

;

Extract cluster  = {𝑝 ∈  ′ ∣ 𝓁(𝑝) = 𝑙∗};
end
Apply WPCA to estimate orientation from 

Assign weight 𝑤(𝑝) to each point 𝑝 ∈  based on distance to 
centroid;
Compute weighted centroid 𝜇 = 1

∑

𝑤(𝑝)
∑

𝑤(𝑝) ⋅ 𝑝;
Compute weighted covariance matrix 
𝛴 = 1

∑

𝑤(𝑝)
∑

𝑤(𝑝)(𝑝 − 𝜇)(𝑝 − 𝜇)⊤;
Compute eigenvectors 𝑒1, 𝑒2, 𝑒3 of 𝛴 sorted by eigenvalues 
𝜆1 ≥ 𝜆2 ≥ 𝜆3;
Let 𝑧 = 𝑒3;
if 𝑧 ⋅ 𝑧cam < 0 then

𝑧 ← −𝑧;
end 
𝑥⃗ = 𝑒2 × 𝑧, 𝑦 = 𝑧 × 𝑥⃗;
Normalize 𝑥⃗, 𝑦, 𝑧 and form rotation matrix 𝐑 = [𝑥⃗ 𝑦 𝑧];

end
Convert 𝐑 to quaternion 𝐪 = (𝑥, 𝑦, 𝑧,𝑤);
Return 𝐪;

All experiments were conducted in a ROS Noetic environment. ROS 
(Robot Operating System) is an open-source robotics middleware that 
provides a standardized communication interface for distributed robot 
software components. It enables the design of modular systems by 
defining message-passing protocols for data exchange between pro-
cesses, known as nodes. Each node typically encapsulates a specific 
functionality, such as sensor acquisition, motion control, or localiza-
tion, and communicates with others via topics, services, or actions. ROS 
also includes a suite of development tools and libraries that facilitate 
real-time visualization, hardware abstraction, parameter management, 
and logging. The Noetic version, built on Python 3 and targeting 
Ubuntu 20.04, is the final long-term support (LTS) release of ROS 1, 
ensuring compatibility and stability for complex experimental setups.

4.1. UGV path planning

As an initial step toward autonomous docking, we assessed the per-
formance of path planning in a real-world indoor environment under 
standard LED lighting. The experiments were conducted on a map with 
a size of approximately 245 cm by 180 cm. A 2D SLAM (Simultaneous 
Localization and Mapping) algorithm was utilized to construct a map 
of the environment based on LiDAR data. SLAM enables simultaneous 
estimation of the robot’s pose and mapping of its surroundings. The 
resulting occupancy grid map is presented in Fig.  8(b), while the actual 
layout of the experimental site is depicted in Fig.  8(a). Path planning 
was performed on the SLAM-generated map.

For path planning, we adopted a two-stage planning strategy: the A* 
algorithm was used for global path planning to determine a collision-
free route to the docking area, and the Dynamic Window Approach 
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(a) 6-DoF manipulator.

(b) Reachable workspace of the 6-DoF manipulator.

Fig. 5. The reachable workspace (b) of the manipulator (a), where green 
points indicate stable configurations, orange points indicate unstable solutions, 
and red points denote unreachable targets. The init pose refers to the initial 
pose of the manipulator’s end-effector.

(DWA) served as the local planner, adjusting velocities in real time 
to account for dynamic constraints and nearby obstacles. This strategy 
guided the robot toward a position where the UGV could perform 
alignment using Algorithm 1, enabling visual detection of the docking 
target. The shortest feasible trajectory generated by this planning strat-
egy, which robots starting from various initial orientations successfully 
followed in the real environment, is visualized in Fig.  9. In a series of 
20 trials, with 10 trials from each of two different starting directions, 
the robot successfully reached the alignment position in 100% of the 
trials, with an average distance of 55.2 ± 1.8 cm from the target and an 
angular error within 15◦. Path planning was performed on the SLAM-
generated map, with an average total time of 13.2 ± 3.7 s, indicating 
consistent real-time feasibility in the tested environment.

Once the robot reached the alignment position, it used vision-based 
object recognition, as shown in Fig.  7(a), to identify the charging 
station. Subsequently, it performed fine alignment using Algorithm 
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Table 2
Quantitative results of vision-based alignment 
for manipulator to UGV docking.
 Metric Value  
 Position Error (cm) 1.7 ± 0.6  
 Orientation Error (◦) 6.1 ± 3.7  
 Alignment Time (s) 19.3 ± 4.1 

Table 3
Comparison of real-time performance among vision-language object detectors 
on the LVIS minival dataset in a zero-shot setting. In this study, the YOLO-
World-S model was utilized, and its results were compared against other 
vision-language detectors of comparable scale. All values are reported based 
on official measurements on a single NVIDIA V100 GPU without TensorRT 
optimization.
 Model Backbone Params FPS ↑ AP ↑ 
 GLIP-T [30] Swin-T [39] 232M 0.12 24.9  
 Grounding DINO-T [31] Swin-T [39] 230M 1.5 29.3  
 DetCLIP-T [40] Swin-T [39] 155M 2.3 34.4  
 YOLO-World-S [6] YOLOv8-S [5] 77M 74.1 26.2  

1 to ensure accurate docking orientation. The performance of this 
vision-based alignment is quantitatively evaluated over 20 trials, as 
summarized in Table  2.

4.2. Object recognition

To evaluate the proposed object recognition framework, we con-
ducted a series of real-world experiments focusing on three key mod-
ules: (i) object detection using a vision-language detector, (ii) instance-
level segmentation via point cloud clustering, and (iii) orientation 
estimation based on principal component analysis (PCA). The object 
detection component leverages YOLO-World, a prompt-driven zero-shot 
detector, to localize the docking target given natural language queries. 
Following detection, a clustering algorithm is applied to the filtered 
point cloud in order to isolate the target region. Finally, the 6-DoF 
pose estimation module combines the 3D localization and PCA-based 
orientation estimation described in Section 3.

Fig.  7 shows the target position and 6-DoF pose estimated during the 
real-world experiments. The green region represents the 2D projection 
of the 3D reachable workspace shown in Fig.  5(b). Fig.  7(a) illustrates 
the target position used for the UGV-to-manipulator approach, while 
Fig.  7(b) presents the 6-DoF target pose used by the manipulator to 
align with the UGV’s docking port. Both frames were captured from 
the actual experimental environment.

The subsequent subsections provide quantitative and qualitative 
analyses for each module, including prompt robustness of the detec-
tor, comparative evaluation of clustering algorithms, and sensitivity 
analysis of orientation estimation under noise and occlusion.

4.2.1. Object detection
To generate effective textual prompts for zero-shot detection, we 

queried a language model (GPT-4) with a brief visual context (e.g., ‘‘de-
scribe the object in the center of the image’’) to obtain semantically rich 
phrases. For instance, it suggested the term ‘‘cream-colored gripper’’, 
which was then directly used as the input to YOLO-World. This process 
is illustrated in Fig.  11.

To assess the real-time capability of YOLO-World within robotic 
perception tasks, we conducted a comparative evaluation against lead-
ing vision-language detectors, namely GLIP-T, Grounding DINO-T, and 
DetCLIP-T, under an identical zero-shot evaluation protocol on the 
LVIS minival dataset. In the case of the conventional YOLOv8 de-
tector, it performs strongly on categories seen during training but 
shows limited generalization to unseen objects. As shown in Table 
3, YOLO-World attains markedly higher processing speed (74 FPS on 
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Fig. 6. Experimental hardware setup.
Table 4
Backbone ablation results of YOLO-World evaluated on the LVIS minival
dataset in a zero-shot setting.
 Model Params FPS ↑ AP ↑ 
 YOLO-World-S [6] 77M 74.1 26.2  
 YOLO-World-M [6] 92M 58.1 31.0  
 YOLO-World-L [6] 110M 52.0 35.4  

an NVIDIA V100) while preserving comparable or superior average 
precision (AP) to transformer-based counterparts. In addition to the 
cross-model comparison, we also examined the internal architecture of 
YOLO-World to analyze how the backbone, neck, and head modules 
respectively influence overall accuracy and speed, as summarized in 
Table  4. Additionally, the RepVL-PAN neck and the language-aligned 
detection head were observed to improve multimodal feature fusion 
and zero-shot prediction stability, respectively, contributing to the 
overall efficiency of the architecture [6]. These findings indicate that 
YOLO-World achieves an effective trade-off between open-vocabulary 
generalization and execution efficiency, demonstrating its practicality 
for real-time robotic docking applications.

To evaluate robustness across diverse detection environments,
YOLO-World was tested using the prompt generated from the pipeline 
in Fig.  11. The same textual prompt was applied under four rep-
resentative conditions that commonly degrade visual perception in 
robotics: standard indoor LED lighting (approximately 620 lux), a low-
light environment (approximately 80 lux), partial occlusion caused by 
objects placed in front of the target, and scenes containing strong light 
reflections or noise. Illumination values were estimated at the target 
surface using a calibrated light-sensing module, and all measurements 
were taken at the same height and position as the object to ensure 
consistent acquisition. Because the language model captured both 
chromatic and geometric attributes during prompt generation, a single 
prompt remained sufficient for all conditions. As illustrated in Fig. 
10, YOLO-World maintained correct localization of the target object 
across all tested scenarios, demonstrating stable detection performance 
despite substantial variation in environmental appearance.

4.2.2. Clustering algorithms
To evaluate the effectiveness of density-based clustering algorithms 

that do not require the number of clusters as a prior input, we com-
pared three representative methods: Agglomerative Clustering [41], 
DBSCAN [37], and HDBSCAN [42]. These algorithms were applied to 
segment object boundaries from point cloud data. Table  5 summarizes 
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Table 5
Quantitative performance of clustering algorithms on the Iris dataset. Higher 
values of ARI, NMI, and Silhouette indicate better clustering quality, while 
lower runtime reflects higher computational efficiency.
 Algorithm ARI ↑ NMI ↑ Silhouette ↑ Time (ms) ↓ 
 Agglomerative 0.61 0.67 0.44 2.60  
 DBSCAN 0.57 0.73 0.58 1.92  
 HDBSCAN 0.54 0.68 0.54 4.34  

the performance of each algorithm in terms of clustering accuracy (ARI 
and NMI, both ranging from 0 to 1, where higher values indicate better 
agreement with ground truth), intra-cluster compactness (Silhouette 
Score, ranging from −1 to 1, where higher values indicate tighter and 
more distinct clusters), and computational efficiency (Runtime).

As shown in Fig.  12, DBSCAN demonstrated the most stable and con-
sistent clustering performance. In particular, it preserved well-defined 
cluster boundaries without over-segmentation or merging, even for 
objects with complex geometries. Considering both clustering quality 
and runtime efficiency, DBSCAN offered the best trade-off with minimal 
parameter tuning among the evaluated methods.

4.2.3. Orientation estimation
To quantitatively estimate object orientation, we conducted exper-

iments using PCA-based algorithms to extract the principal axis from 
3D point clouds. Each method computes a direction vector that is 
subsequently converted into a rotation matrix. The orientation error 
between the predicted rotation matrix 𝑅pred and the ground truth 
matrix 𝑅gt is computed as shown in Eq. (10): 

𝜃 = cos−1
(

Tr(𝑅⊤
gt𝑅pred) − 1

2

)

(10)

Here, Tr(⋅) denotes the matrix trace operator, and 𝜃 represents the 
minimal angle required to align the two rotations. The resulting value 
𝜃 is converted from radians to degrees and subsequently reported. 
Fig.  13 visualizes the comparison of direction vectors obtained by 
PCA, WPCA, and the ground truth (GT) from various viewpoints. This 
includes challenging views as in Fig.  7(b), demonstrating that the 6-
DoF pose can be robustly estimated even under perspective variation. 
The quantitative results are summarized in Table  6. This indicates that 
WPCA provides more consistent orientation estimation, even in the 
presence of noise and asymmetric point distributions.
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(a) 

(b) 

Fig. 7. Estimation results obtained from real experiments: (a) target position for UGV-to-manipulator approach and (b) 6-DoF target pose for manipulator-to-UGV 
docking. Both images are captured from RViz: the left shows the detection result from YOLO-World, and the right visualizes the goal pose as a TF frame.
Table 6
Average orientation error between predicted and 
ground truth directions. The lower the error, the 
better.
 Algorithm Error (◦) 
 PCA 7.87  
 WPCA 6.22  

4.3. Manipulator-UGV docking

To validate the effectiveness of the proposed docking framework, 
we conducted a series of experiments using the real-world hardware 
configuration illustrated in Fig.  14. The experimental setup consists 
of a 6-DoF manipulator mounted on a fixed platform, while a UGV 
autonomously performs path planning and drives toward the charging 
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station. The UGV is tasked with recognizing the target, aligning itself 
with the end-effector, and performing precise docking using both visual 
and geometric information. The manipulator executes inverse kinemat-
ics to reach the 6-DoF pose estimated by the object recognition system, 
enabling accurate spatial alignment with the incoming UGV.

In each trial, the UGV first executes zero-shot object recognition 
based on visual prompts, followed by a closed-loop alignment proce-
dure that leverages zero-shot pose feedback to refine its position and 
orientation. This two-stage process ensures that the final mechanical 
engagement with the docking port is both accurate and repeatable. 
The system’s performance was quantitatively assessed in terms of dock-
ing success rate and completion time, providing a reliable metric for 
evaluating docking effectiveness.

To assess the generalizability of the approach, the experiment was 
repeated 20 times under systematically varied initial positions and 
orientations of the UGV. These variations simulate realistic operational 



M. Jung and A.J. Choi Alexandria Engineering Journal 134 (2026) 122–134 
 
(a) 

  
(b) 

 

Fig. 8. Comparison between (a) the real experimental environment and (b) the SLAM-generated map.
 
(a) 

  
(b) 

 

Fig. 9. Effect of the initial orientation on path planning. Depending on the UGV’s initial pose, the path planner generates different global paths as shown in (a) 
and (b). The gray line indicates the generated global path, the blue arrow denotes the UGV’s heading direction, and the red arrow represents the manipulator’s 
viewing direction.
Fig. 10. Detection robustness of YOLO-World using the prompt generated in Fig.  11: ‘‘a cream-colored fan-shaped gripper with six arms in 
the center of a black robot’’. (a)–(d) represent four environmental conditions, indoor LED lighting, low-light environment, partial occlusion, and light 
reflection/noise with the corresponding detection results shown each input image.
uncertainty in field conditions. The resulting performance metrics, 
presented in Table  7, indicate that the proposed method consistently 
achieves successful docking with minimal variability, thereby demon-
strating its robustness and adaptability in real-world scenarios. Here, 
the success rate is defined as the percentage of trials in which the UGV, 
starting from its initial pose, successfully completed the full docking 
procedure with the manipulator.
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5. Conclusion

This study proposed an autonomous docking framework that inte-
grates open-vocabulary object recognition, geometry-based segmenta-
tion, and 6-DoF pose estimation to achieve reliable alignment between 
a mobile UGV and a stationary manipulator. The method combines 
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Fig. 11. Prompt generation pipeline using GPT-4 and YOLO-World for zero-
shot object detection.

semantic perception using vision-language models with spatial reason-
ing via clustering and principal component analysis, enabling robust 

performance in unstructured and partially occluded environments.

Fig. 12. Comparing clustering results of each algorithm: (a) input imag
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Table 7
Execution time and success rate of the dock-
ing process. Docking time includes only the 
manipulator-UGV alignment phase, path plan-
ning time covers global and local planning, and 
total time includes both.
 Metric Value  
 Path Planning (s) 13.2 ± 3.7 
 UGV-manipulator alignment (s) 19.3 ± 4.1 
 Manipulator-UGV docking (s) 1.9 ± 0.2  
 Total Time (s) 34.4 ± 8.0 
 Success Rate (%) 90.0  

Implemented on real robotic hardware within the ROS Noetic envi-
ronment, the framework demonstrates the feasibility of precise docking 
using onboard sensing and computation, with minimal reliance on 
external resources for visual inference. Experiments with a TurtleBot-
based UGV and a 6-DoF manipulator confirmed that the system suc-
cessfully completes the docking task in an average of 34.4 s, achieving 
a 90% success rate.

By coupling semantic-driven perception with modular control, the 
system maintains both flexibility and reliability under real-world oper-
ating conditions. These results highlight its potential for applications 
such as autonomous maintenance, mobile recharging stations, and 
logistics systems in environments where prior infrastructure cannot be 
assumed. 
e, (b) Agglomerative clustering, (c) DBSCAN, and (d) HDBSCAN.
Fig. 13. Comparison of PCA and WPCA orientation vectors with ground truth.
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Fig. 14. Overall process of the docking experiment using real robot.

In the future, the system will be extended to support dynamic 
targets with non-static configurations, enable multi-robot coordination 
for collaborative docking, and improve alignment precision to support 
tighter tolerances in mechanical engagement. Furthermore, the docking 
pipeline will be expanded to handle tool-changing operations, allowing 
task reconfiguration without manual intervention.
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