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Abstract—1In the labor-intensive Roll-On/Roll-Off (RO/RO)
terminal environment, research on vehicle transport robots
with mobility, stability, and reliability is receiving increasing
attention. This paper presents a novel control framework for
a Straddle-Type Dual-Body vehicle transfer robot. Initially,
fine segmentation and processing of point clouds from differ-
ent areas of the robot are performed, switching perception
strategies for different areas based on event triggers. For
target pose estimation, a traversal-based point cloud matrix
fitting algorithm is designed. Additionally, for loading and
unloading operations, a docking controller based on real-time
target detection is developed to ensure minimal lateral and
angular errors during target docking. Finally, the proposed
control framework is validated through operations of the vehicle
transfer robot in outdoor RO/RO terminal yards. Experimental
results indicate that the average docking error remains within
3cm, with a 6.5% reduction in docking time under the same
conditions. The docking precision and stability performance
of the vehicle transfer robot surpass traditional methods,
demonstrating satisfactory performance.

I. INTRODUCTION

As a pivotal transit hub for both maritime and land-
based logistics, ports handle 85% of global logistics tasks.
Automobile transfer operations at Roll-On/Roll-Off (RO/RO)
terminals are crucial to port logistics[1]. In RO/RO terminals’
challenging environments, human drivers face issues like
low efficiency, high costs, safety hazards, and environmental
pressures[2]. Thus, developing robots for vehicle transfer
operations at RO/RO terminals holds great potential.

In the industrial transportation sector, various types of han-
dling robots play a significant role and are widely utilized[3].
For instance, indoor-operating forklift robots were introduced
for pallet handling tasks in [4]. Additionally, [5] presents
an automated manufacturing system tailored for flexible
workshops, enabling material transfer operations within the
workshop. Moreover, [6] details the development of a de-
centralized and efficient cooperation system to guide indoor
handling robots.

In response to the growing demand for commercial ve-
hicle transportation, robots must meet higher safety and
precision standards. These robots include underbody carriers,
transverse forklifts, and longitudinal loaders. [7] describes
an underbody carrier robot for indoor flat environments,
but it lacks vehicle recognition capability. [8] presents a
longitudinal loading robot using Lyapunov-based control for
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navigating narrow lanes. [9] developed a transverse forklift
robot for commercial vehicle transfers. Path planning for
transverse forklift robots was studied in [10], while [11]
investigates multi-vehicle coordination for underbody carrier
robots.

This study focuses on investigating a Straddle-Type Dual-
Body robot designed for vehicle transport in unstructured
environments at RO/RO terminals. This robot offers several
advantages, including low environmental requirements, high
parking density, rapid travel speed, and minimal parking
lot modifications. The primary focus of the control strategy
research lies in detecting target vehicle poses and controlling
robot-to-vehicle docking.

Pose estimation algorithms for handling robots use various
types of information, including visual, radar[12], depth, and
pressure data. For instance, [13] proposed a convolutional
deep network algorithm based on radar information for
maritime mobile robot docking. In [14], visual recognition
combined with depth information from point clouds was used
for automatic positioning of vehicle components in painting
robots. [15] introduced a robot grasping system using multi-
view depth images for visual target pose acquisition. Ad-
ditionally, [16] investigated a convolutional neural network
algorithm using binocular images for fruit detection and pose
estimation. [17] proposed a method using touch for pose
estimation, while [9] introduced a system based on a pressure
sensor array, though it had limited accuracy for vehicle pose
estimation.

Several strategies for robot docking control focus on error
correction and path-planning[18]. For instance, [19] used
laser scanning data to detect angle and distance deviations,
designing control laws for error correction. Similarly, [20]
employed visual recognition to identify pallets and tracked
their pose to facilitate docking. [21] used a fifth-order
polynomial to generate forklift trajectories for precise pallet
positioning. [22] utilized continuous curvature turning to
create high-quality paths for accurate docking. Lastly, [23]
generated continuous curvature paths for docking maneuvers,
followed by path tracking control to adhere to predefined
routes.

This article presents a novel control framework for a
Straddle-Type Dual-Body vehicle transfer robot, designed for
efficient goods handling and vehicle transfer operations. The
main contributions are:

1) A control framework is developed for a Straddle-type
Dual-body vehicle transport robot, which includes a
range detection strategy switching algorithm based on
event triggering, a target attitude observer based on
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LIDAR, and a docking controller based on real-time
detection, for challenging transportation operations in
unstructured environments.

2) Extensive experimentation validates the effectiveness
and engineering applicability of our developed control
framework for the straddle-type vehicle transport robot,
particularly in navigating unstructured terrains within
RO/RO terminals.

The structure of the remaining sections is as follows:
Section II provides an overview of the vehicle transfer robot
system and its kinematic model. Section III introduces the
control strategy. In Section IV, we demonstrate the method’s
effectiveness through three field tests. Finally, Section V
summarizes the study’s contributions.

II. ROBOT SYSTEM

In non-structured environments like RO/RO terminals, the
Straddle-Type Dual-Body robot offers flexible movement
and minimal environmental constraints. With four clamping
mechanisms inside the cavities, the robot efficiently and
stably executes vehicle transfers. This paper introduces the
development of this robot, shown in Fig. 1. It can swiftly
traverse uneven surfaces with loaded vehicles and maneuver
flexibly in congested yards.

The straddle-type dual-body vehicle transport robot com-
prises a chassis, perception system, four-wheel independent
drive steering system, clamping mechanism, and power
system. The perception system includes multi-line LIDARs
around the robot and four single-line LIDARSs on the clamp-
ing mechanism. The clamping mechanism grips the target
vehicle’s tires during loading and unloading. The four-
wheel drive system enables steering, self-rotation, and lateral
movement. The power system provides energy, while the
communication network includes CAN bus, RS232, and a
5G module.

III. ROBOT CONTROL STRATEGY
A. Robot kinematic model

The system structure and kinematic model of the ve-
hicle transport robot were analyzed previously. This sec-

Integrated control box Clamp control box

2
3. Integrated gripping mechanism

4. Energy power system

5. Drive mechanisms

6. Robot positioning system

Fig. 1: The structure of the vehicle transfer robot system

Fig. 2: Vehicle Transfer Robot Control Diagram

tion discusses the control strategy, including four parts:
Event-Triggered Range Detection Strategy Switch Algorithm
(ETRDSSA), Target Vehicle Pose Estimation Algorithm (TV-
PEA), and Real-Time Target Measurement Docking Con-
troller (RTTMDC), as shown in Fig. 2.

B. Event-triggered range detection strategy switch algorithm

The robot’s environmental detection aims at target identi-
fication and obstacle recognition. ETRDSSA addresses two
key challenges: First, LIDAR struggles to distinguish be-
tween target vehicles and obstacles compared to visual data.
Second, effective obstacle avoidance requires considering the
robot’s motion mode, task type, and current stage.

ETRDSSA divides the robot’s omnidirectional perception
area into various ranges: front and rear central, edge, and
corner areas; left and right side areas; and internal front
and rear areas, as shown in Fig. 3. An event-triggered
mechanism then applies different control strategies based
on the vehicle’s state, including target detection, obstacle
detection, and ignoring. This mechanism facilitates strategy
changes under specific conditions:

rze VU ={xestates |t =T;,,d=D;,p=PF}, (1)

where Pst represents different control strategies for various
detection regions, T; denotes task types (pick-up, drop-off,
movement), D; signifies motion directions (rotation, four-
wheel straight, lateral movement), and P; indicates robot
stages (navigation, pick-up, drop-off). The trigger conditions
are as follows: during navigation, the robot focuses on
obstacle detection based on its motion direction; during pick-
up, it detects targets and controls obstacles in the front
region; and during drop-off, it performs target detection and
obstacle control in the front region.

C. Target Vehicle Pose Estimation Algorithm

When using multi-line lidar for long-distance detection,
vehicle transport robots can only detect the target vehicle’s
outline facing the lidar. TVPEA uses a search-based ap-
proach to approximate the best-fit rectangle, estimating the
vehicle’s relative pose, as shown in TABLE 1.

TVPEA is a traversal-based matrix fitting method that
estimates the pose of vehicles using range data points X,
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TABLE I: Main technical indicators of the vehicle transport
robot

Algorithm Traversal-Based Matrix Fitting Target Pose
Estimation Algorithm

Input: range data points X € R"*?

Output: rectangle edges {a;z + by =¢; | i=1,2,3,4}
I:Q<+— ¢

2: for =0 to /2 — ¢ step § do

3: é1 < (cosO, sind)

4: é9 + (—sinb, cost)

5.0« X -éT

6: Oy X - &F

7: 9 < max {C1}, M« min {Cy}

8: ¢ < max {Cy}, A" <+ min {Cy}

9: a — 7(6?7(&1‘ _ C’inln) . (C'énax _ C’énzn)

10: insert a into @) with key ()

11: end for

12: select key (6*) from @ with maximum value

13: Cf « X - (cosO*,sind")T, C3 <« X -
(—sind*, cos*)T

14: a1 < cosb*, by < sinb*, ¢c; < min{C7}

15: ag < —sinb*, ba < cosb*, co < min {C5}

16: a3 + cos0*, by + sinf*, c3 + max {CT}

17: ag + —sind*, by < cosb*, cy + max {C3}

where X € R™*? represents the point cloud data in the laser
coordinate system. The algorithm projects X onto various
angles, calculating maximum and minimum values, and an
evaluation criterion a, to determine the vehicle’s position and
orientation on the plane. The criterion a is computed using
the maximum ¢J*** and minimum c}*" values along one
projection direction, and the maximum c5'** and minimum
3™ values along the perpendicular direction. The difference
(efraw —cnin)). (enat —ctviny provides the evaluation criterion
a, reflecting the shape and compactness of the vehicle’s
outline at angle 6. The algorithm then selects the angle 0*
with the maximum criterion and computes the four boundary
points of the vehicle. This method accurately estimates the
vehicle’s pose using partial outline information, especially

useful for long-distance detection.

D. Real-time Target Measurement Docking Controller

After obtaining the target pose in real time, the RTTMEC
controller can generate the overall velocity and steering angle

of the vehicle transport robot, enabling it to complete tasks
such as picking up and dropping off vehicles.

The ideal robot is constructed, and discussions revolve
around its motion planning. Upon acquiring the target pose,
achieving a path with zero angular and lateral deviations is
termed the safe path. Controlling the ideal robot to move
along this safe path, the ultimate goal is to accomplish
docking. The initial position of the ideal robot (zir0, ¥ir.0)
is set on the safe path at the point closest to the robot. The
motion trajectory of the ideal robot is as follows:

Tir Zir,0 Virtsindr

|:yir:| B Lhr,o} * |:'UirtCOSQT:| @
where (z;,, y;-) is the position of the ideal robot, ¢ is time,
v, 18 the velocity of the ideal robot, and 67 is the heading
angle of the target vehicle.

The pose information of the robot can be obtained through

GPS sensors, and the pose of the ideal robot in the robot
coordinate system can be acquired.

By ] [ cosOg
By | — | —sinfp

R0, = 0r — 04,

sinfg ] [ Tir — TR }
cosfp Yir —Yr | (3)

where (Rl‘m Ryir) is the relative position of the ideal robot
in the robot’s coordinate system, (g, yr,0r) is the robot’s

pose, and 6;,. is the ideal robot’s heading angle.

After incorporating the relative pose of the target in the
robot’s coordinate system obtained by TVPEA into Equation
2, we can obtain:

R R
Lir o xTr
[Ryml_{’%w %{

R

cosOr

sinfr cosfgr yr - Yir

sin g } { TT  Tir ]
where ( T, RyT) is the relative position of the target in
the robot’s coordinate system and (z7, yr) is the position of
the target.

Afterward, taking the derivative, we obtain:

R : R R
T = VR SIN QR Yir /TR + Vir COS0; — VR COS PR,

B = —vpsinopfa, /rr — virsin 70, )
Rfs. = vpsinppr/rg.
where, ©0;,. represents the actual values of the heading angle
of the ideal robot in the robot coordinate system.
Due to the occasional relationship between vy and ¢g,
a new set of variables u; and wo is established. They are
introduced into Eq. 5 as follows:
Bt = ur®yin /TR + vir cos 0ir — ug,
Jir = —u1 M@ /T — Vi sin 05, (6)
Reir = Ul/’I"R.
where u; = VR sin R, U2 = VR COS YR.
The difference between the actual heading angle of the

ideal robot in the robot coordinate system and the desired
heading angle is introduced as follows:

95, = 10, — 105, (7)

2239



where, #6S is the desired values of the heading angle of the
ideal robot in the robot coordinate system.

Introducing Eq. 7 into Eq. 6 yields:

Ry,
By = —uy — up + vy cos 05y,
TR
R.- Rl‘ir R - RpC : R,
Yir = — . w1 — Vi (Sin 0z — sin ©057) — vy sin(ky i),
: U k1R,
Rﬁfr = 71 Mul + klvir sin RHZ-T.
TR TR
(®)
The Lyapunov function is constructed as follows:
V= (Fzi)? /2 4+ Fyar)? /2 + (705,)% /2, 9
Differentiating the Lyapunov function, we obtain:
V = Rj:i'rin'r + RyirRyir + Réeroier
—Baiug + P, cos 0,
—Ryirvir(sin Bg.. — sin ROZ-(;:)
. 1+ ki B
_Ryirvir Sln(klRyir) + T”Reierul
+k, R0 i, sin 116, (10)

The 7 is introduced as follows:

n = (sin %6, —sin 705 /705, (11)
By substituting 1 into Eq. 10, we obtain:
1+ kg Bay,

Uy = iy cos 0 + ksTay.

Uy (—kvir sin B0, — k™05, + Fyipvim),
(12)
Finally, we transform w; and us into the direct control
variables vr and g for the robot, yielding:

v = VA+ B,
Vi c0s B0 + ks Tz,
Vir ’

(13)

@R = arccos

where: )
A =12 (Pyirvien — krvip sin %05, — k2705)7 /(1 4 ki By
B = (vi cos B0 + kngir)2
At this point, the derivative of the Lyapunov function is:
V = —Ryirl}i,- sin(klRyi,.) — kg(RGfr)Q — k‘3in7.2. (14)
IV. EXPERIMENTAL RESULTS

This section introduces and discusses the experimental
results of the proposed method through application.

no

A. Port terminal yard experiment

This section validates the proposed method through field
experiments with a vehicle transport robot equipped with
four multi-line LIDARs for real-time detection and a single-
line LIDAR on the gripping mechanism for tire alignment.
Point lasers ensure secure gripping. RTTMEC switches per-
ception regions based on the robot’s state, and TVPEA
obtains the target pose. During docking, as the relative pose
between the robot and the target vehicle changes, the contour

Lateral deviation of 8m and
angular deviation of 0.7rad

Lateral deviation of 8m and
angular deviation of Orad

Lateral deviation of 0Om and
" angular deviation of 0.7rad

Fig. 4: Vehicle Transfer Robot Pickup Scene

of the target vehicle facing the robot varies. Accurate target
pose estimation is crucial for docking control.

TVPEA’s effectiveness is first validated. To demonstrate
RTTMEC’s superiority, comparative experiments were con-
ducted with three common methods: (1) SLTT, which plans a
safe path using a pure trajectory tracking algorithm; (2) CCA,
a correction docking algorithm based on angular and lateral
deviations; and (3) BSTT, which plans a smooth docking
curve using third-order B-spline interpolation and a pure
trajectory tracking algorithm.

B. Performance analysis

The proposed method allowed the vehicle transport robot
to complete tasks autonomously without human interven-
tion. This section analyzes three experiments to assess the
method’s performance.

1) Experiment 1: Yard Vehicle Retrieval

In Fig. 4, three scenarios are examined for lateral and
yaw angle deviations: 0 lateral and 0.7 rad yaw; 8 m lateral
and 0 yaw; and 8 m lateral with 0.7 rad yaw. Fig. 5 shows
TVPEA outcomes for 8 m lateral and 0.7 rad yaw deviations.
Significant changes in z, y, and yaw angle of the target
vehicle are detected by the robot at 40 s. The y change is
most pronounced because the robot initially scans only the
rear contour, with full contour scanning possible after 40 s.
Maximum detection errors for x, y, and yaw angle are 0.32
m, 3.18 m, and —0.02 rad, respectively, with y deviation
about half the vehicle length.

Fig. 6 shows the path and heading angle variation during
docking in three scenarios. Fig. 7 presents the time taken
to pick up and grasp the target car using different methods
across ten scenarios. The robot remains in autonomous mode.
In the first five scenarios, the initial angle deviation is 0, with
lateral deviations of 4m, 5m, 6m, 7m, and 8m. In the latter
five, the initial angle deviation is 0.7 rad, with the same
lateral deviations.

RTTMEC outperforms CCA and SLTT, generating dock-
ing paths with minimal deviations, approaching zero. BSTT
takes the most time, significantly impacting efficiency due to
the robot’s large volume and complex kinematics, requiring
extensive path planning. In contrast, RTTMEC, which avoids
path planning, significantly reduces runtime, improving effi-
ciency by 6.5%.

2) Experiment 2: Yard Vehicle Parking

In automobile terminal yards, densely packed vehicle
storage areas are common. Robot parking relies on the
arrangement of nearby parked vehicles to optimize space
and conserve resources. Fig. 8 illustrates parking in a dense
yard. The robot uses TVPEA to dynamically obtain positions
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and orientations of vehicles on the left and right, estimates
the parking area’s pose, and utilizes RTTMEC to complete
parking. As lateral and angular deviations approach zero, the
robot scans vehicles ahead and around in real-time. When the
distance between vehicles reaches 30, cm, the robot stops to
complete parking.

Fig. 9 shows the point cloud and driving path of a robot
placing vehicles in a dense yard, with the ideal path in red
dots. Using laser radar, the robot acquires point cloud data,
calculates the parking area’s pose, and plans the ideal path.
It then tracks this path, correcting deviations until docking is

time(s)

1 2 3 4 5 6 7 8 9 10
The index of the scenario

Fig. 7: Comparison of Docking Times under Different Dock-
ing Algorithms

Fig. 8: Dense Area Vehicle Parking Experiment Scenario
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Fig. 9: Dense Area Vehicle Retrieval Path under RTTMEC

complete, resulting in precise and reliable vehicle placement.

3) Experiment 3: Compression Test

The vehicle transfer robot must execute back-and-forth
operations for picking up and placing vehicles at the Ro/Ro
terminal, requiring high stability in its control system. Fig.
10 show the lateral and longitudinal deviations between the
target vehicle and the robot during 110 picking operations
in a real outdoor scenario at the Ro/Ro terminal yard. These
deviations, obtained from single-line LIDAR scans of vehicle
tires on the robot’s gripping mechanism, achieve millimeter-
level accuracy.

As depicted in Fig. 10(a)(b), the lateral deviations between
the robot and the target vehicle’s front and rear wheels
mostly range from —0.03 to 0.03, indicating high precision
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viation. (d) Rear Wheel Longitudinal Deviation

in the robot’s picking and docking operations, meeting
practical production requirements. Similarly, as shown in
Fig. 10(c)(d), the longitudinal deviations, influenced by the
robot’s parking control and lateral movement control of the
gripping mechanism, also predominantly range from —0.03
to 0.03.

V. CONCLUSION

This study proposes a novel control framework for a
Straddle-Type Dual-Body vehicle transfer robot to meet the
control requirements in roll-on/roll-off terminals. The frame-
work includes perception area detection strategy switching,
target pose estimation, and docking control. Tailored to the
robot’s structure, fine segmentation and processing of point
clouds from different areas are performed, with perception
strategies switched based on event triggers. A traversal-
based point cloud matrix fitting algorithm is used for pose
estimation. A docking controller, based on real-time tar-
get detection, minimizes lateral and angular errors during
loading and unloading operations, ensuring precise and safe
docking.

Experimental validation conducted in outdoor roll-on/roll-
off terminal yards confirms the effectiveness of the proposed
framework. Compared to traditional methods, there is a 6.5%
improvement in operational efficiency, with docking devia-
tions maintained within 3cm over 110 docking operations.
The robot also performs effectively in dense unloading areas,
highlighting the control framework’s potential for addressing
complex material handling tasks.
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