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Abstract—To increase the safety and reliability of au-
tonomous driving systems in complex traffic environments,
this paper proposes a novel 3D multiobject tracking (MOT)
method that integrates center-plane adaptive multisensor fu-
sion, motion compensation, and multilevel data association.
Unlike traditional methods, our approach employs a center-
plane adaptive fusion strategy to align LiDAR and visual data
precisely, mitigating errors in the target width caused by pose
variations, and improving tracking accuracy. To address vehicle
motion-induced association errors in dynamic scenarios, we
incorporate IMU and GPS data for high-frequency vehicle
pose estimation and compensation, ensuring stable and robust
target association. Additionally, a rotational geometric distance
intersection-over-union (RGDIoU) cost function is introduced,
combined with multilevel spatial indexing, to optimize the
data association efficiency and accuracy. The experimental
results on benchmark datasets, including KITTI and nuScenes,
demonstrate that our method achieves state-of-the-art (SOTA)
performance across multiple tracking metrics, including HOTA
and sAMOTA, while maintaining real-time performance at
90 FPS. Specifically, our method improves SAMOTA tracking
accuracy by 13% over the best existing methods and achieves
a HOTA score of 50.24%, surpassing all compared methods.

I. INTRODUCTION

Multiobject tracking, as a core technology for environmen-
tal perception, is widely applied in fields such as autonomous
driving, intelligent transportation, surveillance systems, and
robotics [1]. In autonomous driving systems, the primary
task of MOT is to track multiple dynamic objects in the
environment in real time and continuously update their
position and state data to support critical functions such
as path planning, collision warning, and decision-making
control. By tracking surrounding vehicles, pedestrians, and
obstacles in real time, the MOT system helps autonomous
vehicles avoid potential collisions and make safe decisions,
thus enhancing overall safety and robustness [2], [3].

Currently, the main methods of MOT include tracking-by-
detection [4], [5], joint detection and tracking [6], [7], joint
detection and embedding [8], [9], and tracking-by-attention
[10]. Among these methods, tracking-by-detection methods
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are widely applied because of their simplicity and efficiency
[4], [5]. The basic process of tracking-by-detection involves
target detection and cross-frame data association to form
continuous target trajectories. Although deep learning has
improved the accuracy of target detection in recent years,
existing methods still face challenges in complex scenarios,
particularly in cases of target occlusion, target disappearance,
interference from similar targets, and environmental changes.
These issues lead to data association errors, as well as
difficulties in target prediction.

One of the fundamental causes of these challenges is the
limitations of single-sensor systems. While visual sensors
provide rich texture and color information aiding object
classification and recognition, they lack depth information
[11]. LiDAR (light detection and ranging), on the other hand,
captures high-precision three-dimensional spatial data, but
its sparse and unordered point clouds lack semantic infor-
mation, leading to poor object recognition and classification
performance [12]. To overcome these limitations, this paper
introduces multisensor fusion by combining target informa-
tion from 2D images with point cloud features, thereby
leveraging the strengths of different sensors to enhance 3D
object detection and tracking performance.

The existing LiDAR-camera fusion methods can be cat-
egorized into three types: data-level, feature-level, and
decision-level fusion [1]-[3], [5], [7], [9], [13], [14]. Data-
level fusion enhances point clouds with image semantics
but is constrained by calibration errors and adaptability to
dynamic scenes [13], [14]. Feature-level fusion improves
robustness through multi-modal feature collaboration, yet
faces challenges such as alignment accuracy and compu-
tational complexity [1], [5], [7], [9]. Decision-level fusion
independently generates detection proposals and performs
cross-scale fusion, complementing the semantic information
of images with the spatial localization advantage of LiDAR,
thereby improving both accuracy and robustness [2], [3].

This paper proposes a method based on decision-level
fusion, aimed at high-dynamic autonomous driving scenar-
ios, to efficiently integrate LiDAR and camera data. The
effectiveness of this method relies on the precise alignment
of camera and LiDAR features [13]. Particularly when the
target is not facing the camera directly, traditional methods
often encounter misalignment due to inconsistent viewpoints,
leading to shifts in the target’s side view and its projected
position in the camera’s field of view. This results in "width
expansion” errors. To address this issue, this paper introduces
a center-plane adaptive fusion method to eliminate the width
expansion errors caused by variations in the target pose.
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In addition, vehicle motion in dynamic environments, es-
pecially rotational motion, can affect the relative position and
motion state of targets, thereby impacting data association
accuracy. Existing vehicle motion estimation methods [15],
[16] can alleviate this problem, but their application in com-
plex scenarios involving highly dynamic rotations remains
limited. This paper further integrates IMU and GPS data
and proposes a vehicle pose estimation and compensation
method to mitigate the interference of vehicle motion in
target tracking. Since data association depends on the relative
pose, this method maintains strong adaptability even without
GPS signals by relying on relative pose estimation.

To achieve robust target tracking, in addition to higher
accuracy requirements for fusion alignment and motion com-
pensation strategies, the tracking system must also maintain
efficient and accurate data association in dynamic traffic en-
vironments with high target density and frequent occlusions
[17]. However, as the number of targets and interframe mo-
tion uncertainty increase, traditional data association methods
based on intersection over union (IoU) struggle to meet the
dual requirements of robustness and real-time performance,
particularly in scenarios involving target rotation or fast
movement, where matching errors or ID switches are prone
to occur [5], [18], [19]. While association methods based
on complex cost functions, such as appearance similarity,
can improve matching robustness, they increase the compu-
tational load and degrade real-time performance [8]. In light
of these challenges, this paper designs an efficient 3D MOT
method that combines adaptive fusion strategies, precise
motion compensation, and multilevel data association mecha-
nisms, improving accuracy while maintaining computational
efficiency and robustness in complex traffic scenarios. The
main contributions of this paper are as follows:

e An improved LiDAR and visual data fusion strategy
is proposed based on a center-plane adaptive fusion
method, which overcomes the limitations of single-
sensor systems in depth information and target classifi-
cation and eliminates the width expansion errors caused
by target pose variations in traditional fusion methods.

« A motion compensation mechanism based on an IMU
and a GPS is introduced to estimate the vehicle’s
pose and displacement accurately, thereby mitigating the
effects of vehicle motion on target tracking.

e A cost function based on the RGDIoU is proposed,
which combines multilevel spatial indexing and fine-
grained retrieval to increase the efficiency and accuracy
of data association.

The remainder of this paper is organized as follows.
Section 2 reviews related work in multisensor fusion—based
multi-object tracking. Section 3 presents the proposed
method. Section 4 reports the experimental results. Section
5 concludes the paper and discusses future work.

II. BACKGROUND
A. Multisensor Fusion

Multisensor fusion technology can compensate for the lim-
itations of individual sensors and improve the performance

of multiobject tracking (MOT) systems. Current mainstream
multimodal fusion methods can be categorized into data-
level, feature-level, and decision-level fusion methods. Data-
level fusion methods [14], [15] align raw sensor data to
generate multimodal inputs, making full use of the original
information. However, in practical applications, these meth-
ods face challenges such as large data volumes and high
computational resource consumption, which make it difficult
for them to meet real-time requirements. Feature-level fusion
[11, [5], [7], [9] combines features from multiple modalities
through joint encoding within a network to increase the
robustness of perception systems. However, this approach
has high computational complexity and requires high-quality
and consistent data annotations. Moreover, it still faces lim-
itations in adapting to dynamic scenarios and heterogeneous
sensors. Decision-level fusion [2], [3] integrates information
after independently performing detection or tracking tasks,
offering high flexibility and fault tolerance. Although these
methods improve the performance of multisensor fusion,
achieving more efficient fusion in complex environments
and addressing challenges related to real-time performance
and robustness remain pressing issues. The multisensor fu-
sion framework proposed in this paper offers advantages
in addressing these problems, as it enhances robustness by
eliminating errors caused by target pose variations through
a center-plane adaptive fusion method.

B. Motion Compensation

In dynamic environments, vehicle motion causes global
background shifts, which in turn interfere with target pre-
diction and data association in multiobject tracking. To
address this, existing methods mainly use three mechanisms
for compensation: first, Kalman filtering combined with
appearance features to enhance occlusion robustness [15];
second, explicit incorporation of IMU or visual odometry
information to optimize state prediction [16]; and third,
coordinate alignment on the basis of global motion mod-
eling from the camera [20]. Although these methods have
improved tracking continuity and matching accuracy to some
extent, most still face challenges in real-time performance
and adaptability in highly dynamic or resource-constrained
scenarios. This paper proposes a lightweight vehicle pose
estimation and compensation method that combines an IMU
and a GPS, which ensures real-time performance while
maintaining tracking robustness in highly dynamic scenarios.

C. Prediction and Association

Detection-based MOT methods are widely used in au-
tonomous driving. These methods associate predicted trajec-
tories with detection results via trajectory prediction and cost
functions. Common trajectory prediction methods include
history-based motion feature prediction using Long Short-
Term Memory (LSTM) networks [8] and prediction methods
based on kinematics and filtering models [4], [21]. LSTMs
offer higher accuracy but are computationally expensive,
whereas kinematics and filtering models improve real-time
performance without training.
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In data association, traditional methods such as nearest
neighbor (NN) [17], intersection over union (IoU) [22],
and joint probabilistic data association (JPDA) [23] are
computationally efficient and suitable for low-complexity
scenarios. However, in high-density or complex occlusion
environments, they are prone to misassociation and ID
switching. Deep learning-based methods, such as graph neu-
ral networks (GNNs) [24], improve association accuracy by
combining appearance, trajectory, and spatiotemporal infor-
mation. However, their high computational complexity limits
their widespread use in real-time applications. To address this
issue, the Hungarian algorithm [4], [5], [25], as an efficient
association method, provides excellent performance in real-
time scenarios, but its effectiveness depends on the design
of the association cost function.

D. Association Cost

The design of association cost functions is of paramount
importance in MOT [26]. Owing to its simple structure, ease
of implementation, and scale invariance, the commonly used
TIoU-based cost function is widely applied in MOT methods
[4]. However, when the target boxes do not overlap, the loU
fails to reflect the relative distance or spatial relationship
between the targets, limiting its application in complex
scenarios. To address this, researchers have proposed variants
such as the P-IoU [18], SDIoU [5], and distance IoU (DIoU)
[19], which optimize the matching process by introducing
the minimum enclosing rectangle or center point distance.
However, in scenarios with complex occlusions or target
intersections, association errors or failure in the fusion of
detection results may still occur. Therefore, designing a
cost function that comprehensively considers both target
geometry and motion information [17] while ensuring high
accuracy and controlling computational complexity remains
a key challenge in current MOT research. The cost function
based on the RGDIoU proposed in this paper optimizes
computational efficiency while improving accuracy, thus
effectively enhancing the stability of data associations.

III. PROPOSED METHOD

This paper proposes an online 3D MOT framework for
autonomous driving, which integrates adaptive fusion tech-
nology, motion compensation, and multilevel data association
methods to improve detection and tracking accuracy and
robustness in complex traffic scenarios. The overall process
of the framework is illustrated in Figure 1.

The framework consists of complementary modules. First,
LiDAR and camera data are preprocessed for multisensor
fusion. The center-plane adaptive fusion method combines
these two types of sensor data, increasing the detection
accuracy. A motion compensation mechanism based on an
IMU and a GPS reduces the impact of vehicle motion on
target localization. An RGDIoU cost function, combined
with multilevel spatial indexing, improves data association.
Finally, a coupled state filter optimizes target state estima-
tion, enhancing tracking stability.
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Fig. 1: Proposed system pipeline.

A. Center-Plane Adaptive Fusion

Target Detection: For each frame of the LiDAR point
cloud data, 3D object detection is performed via the
voxel convolutional network proposed by J. Deng et al.
[12]. This method produces a 3D detection set DtL =

Ny

{(mk, Yk 2k hk, Wi, lk, Gk), cé}k:l’ where (xk, Yk, Zk) rep-
resents the target’s center coordinates, (hg,wy,l)) are the
target’s dimension parameters, 6y, is the yaw angle, and cﬁ
is the target’s class label. On the corresponding visual image
at the same timestamp, 2D object detection is performed
via the YOLOvV8 model [27], resulting in the 2D detection
set DY = {bY,cY iw:”l, where b! is the 2D bounding box
of the target, and c}: is the class label. To enhance the
robustness and generalization ability of the YOLOvVS model,
data augmentation strategies such as color normalization,
random cropping, and brightness perturbation are introduced
during the training process.

Center-Plane Adaptive Fusion: First, the 3D detection
box DF{k} in the LiDAR coordinate system {L} is con-
verted into a homogeneous coordinate vector of the eight
vertices P = (27,5, 2 1)T, where i denotes the
vertex index, ¢ = 1,...,8. Using the LiDAR-to-camera
transformation matrix Ty, € R**4, which includes both
the rotation and translation components, and the camera
calibration matrix R, the vertex coordinates in the camera
coordinate system are computed as:

Pg) = Reeet - Ter - Pél) = (x(l)ay

O yD 0T )

c

Next, a composite projection matrix M = PoR ot Tor €
R3*4 is constructed via the camera intrinsic matrix P €
R3*4, and the standard pixel coordinates {(u;,v;)}5_, for
each vertex Pg) are calculated as:

= ar?) e )] ]

, )

where {M PE)} ~ denotes the j-th component of the vector
‘ J

M Pé’). By performing extremum calculations, the axis-

aligned 2D detection box bF = (Umin, Vmin, Umax, Vmax) 1S
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obtained, where Ui, = min; 4;, Vmin = MiN; V;, Umax =
max; u;, and vmax = max; v;. The horizontal width of the
detection box is given by:
f%cos@—i—f%sinﬁ —f%cosﬁ—f%sin&
Ze — g5 sinf + %cos@ Ze+ g sinf — écos@
3)
where f represents the camera focal length. When the target’s
orientation angle is not 90 degrees, wsp,: Will be larger than
the actual target width. To avoid diagonal pseudodistortion,
this paper proposes an adaptive projection correction method
based on the center-plane. This method selects two pairs of
center points from the sides that best represent the target’s
width and automatically decides whether to use the ‘left-
right’ or ‘front-back’ sides for correction on the basis of an
adaptive surface selection criterion. This adjustment aims to
correct the horizontal boundary of the projection box.
Specifically, the center points of the left and right sides,
cr and ¢y, and the center points of the front and back sides,
cr and cpg, are defined as:

Wept =

1 7 1 %
i€{1,3,5,7} i€{2,4,6,8}
1 i 1 i
CF:Z Z Pé), CB:Z Z Pé) (4)

i€{1,2,5,6} i€{3,4,7,8}

The adaptive selection of the two center points, ¢t and ¢~
and the adaptive surface selection criterion are as follows:

cp,cp, if 0> tan™! (%)
(ct,e™) = w &)
cr,cr, if @ <tan~! <7>
The horizontal width is given by:
flZ.sin6
Z2 —lcosf/22’
fwZ.cosb
Z2 —wsin6/22’
To prevent instability due to wsp; — 0, a lower limit
Smin = 0.75 is introduced. The horizontal boundary is then
corrected by the coefficient:

if 6 > tan~! (%)

if 6 <tan™! (%) ©

Weaa =

Se = MmMax (UA)CAA/UA/Sptv Smin) (7)

Finally, the corrected boundaries are as follows:

CAA

Upin = (Umin + Umax — Sc(umax - umin))/2

ul(yjlj;xA = (umin + Umax + Sc(umax - umin))/2 (8)

2D MultiObject Association and Classification Cor-
rection: In the 2D object association phase, the center-
plane adaptive projection box of the LiDAR is denoted as
{bE ek, Z% wy, 1}, and the YOLOVS detection box is
denoted as {bY, ¢V }M . For each pair (k, s), the L; distance

between the centers of the two boxes is calculated as Ay, =
lm(bE) — m(bY )1, where m(-) represents the pixel center

coordinates of the detection boxes. A candidate pair is added
to the matching list only if Ay, < 5%—?, where 8 = 0.15.
This depth-normalized threshold is automatically relaxed for
closer distances and tightened for longer distances.

For all candidate pairs, a composite score is defined as:

Sks = WIoU * IOU(bﬁ, b;/) + Wes - “Ac]lc‘zcy (9)

where IoU(-) is the intersection over union function, and
where ¥ is the Iverson bracket function. The Hungarian
algorithm is used to minimize the cost —Si, to obtain
a global optimal one-to-one match, discarding pairs with
scores below a threshold 7g.

For category correction, a weighted posterior method is
used, specifically:

ck = arg max [0.2P1(c|b¥) + 0.8Py (c[by )] (10)
where Pr, and Py represent the classification confidence of
LiDAR and visual detection, respectively. For unmatched
LiDAR boxes, if they are outside the camera field of view,
they are retained; if inside the view, they are retained only if
ZZ > 30m; otherwise, they are considered false detections
and discarded.

B. Motion Compensation

This paper proposes a motion compensation method that
combines an inertial measurement unit (IMU) and a global
positioning system (GPS) for vehicle motion. By accurately
estimating the vehicle’s pose and displacement, the target
position can be transformed from the vehicle coordinate
system to the world coordinate system, thereby reducing the
impact of vehicle motion on target position estimation and
association. The specific method is shown in Algorithm 1.

Algorithm 1: Object Coordinate Transformation

Input: LiDAR object position Pjigar = [Ziidar, Yiidars Zlidar]» Vehicle
GPS (latcar, loncar), attitude (¢, 0, 1)), reference GPS (lato, long), Earth
radius R
Output:  Object
[xworlch yworld]
1: Step 1: Convert GPS to world coordinates using Mercator projection

Twortd = R+ (loncar — long) - cos(latcar X 155),

Yworld = R - In (tan (% . 71')) -cos(latcar X %80)
2: Step 2: Compute rotation matrix Ryepicie for vehicle-to-world trans-

formation

position in  world coordinates  Pyorid,, =

R’uehicle = Rz(w) . Ry(e) . Rz(¢)

where R.(v), Ry(0), and Ry (¢) are the rotation matrices for yaw,
pitch, and roll angles, respectively.
3: Step 3: Transform LiDAR position to world coordinates
P'Luorld = Rvehicle : PlidaT + Tvehicle

where T),enicle 1S the vehicle’s position in world coordinates.

In the tracking process of each frame, the target position
is first transformed into the world coordinate system via
Algorithm 1. Then, target prediction and data association
are performed in this coordinate system. This transformation
ensures that the prediction and association processes are
unaffected by the vehicle’s movement and rotation. Even
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when the vehicle undergoes a large-angle rotation, the rel-
ative position of the target remains stable, thus improving
the accuracy of target association and the robustness of the
tracking system. Since the IMU provides high-frequency
pose and acceleration data while the GPS provides low-
frequency position information, it is necessary to perform
linear interpolation on the GPS data to align it with the IMU
timestamps. In practical applications, an error-state Kalman
filter (ESKF) [28] is used to filter the IMU and GPS data,
optimizing the data accuracy.

C. State Modeling and Filtering

To comprehensively characterize the three-dimensional
dynamic properties of the target, a high-dimensional coupled
state vector is adopted. This vector combines the target’s 3D
position, velocity, size, size change rate, heading angle, and
rate of change. The state vector is defined as:

T
S(k) = [$7y7 Z, lawa h797véra Vyy Vzy ULy Uy Uh,OJ]

Y

where x,y, z are position coordinates, v, v,, v, are velocity
components, [, w, h are target dimensions, vy, v, v, are size
change rates, 6 is the heading angle, and w is the heading
angle rate.

The system uses a constant velocity (CV) motion model
with standard linear Gaussian Kalman filtering. The state
transition equation is as follows:

Atl7yr

S(k+1) = d-Sk) +w(k), @ = [Im i

O7x7

] 12)

where w(k) represents process noise and ® is the state
transition matrix.
The observation equation is as follows:

H = [Irx7 O7x7]

where v(k) represents observation noise. The system follows
standard Kalman filter recursive updates [4]. Coupled mod-
eling improves continuity and adaptability, ensuring stable
tracking in dynamic environments.

M(k) = H - S(k) + v(k), (13)

D. 3D RGDIoU-based MultiObject Association

In 3D MOT for autonomous driving, as the number of
detected objects N and tracking trajectories M increase, the
calculation of the association costs between trajectories and
detections becomes a performance bottleneck. The compu-
tational complexity of traditional methods is O(M x N),
which makes it difficult to meet real-time requirements
when the number of objects and the computational load
of the cost function are large. To address this, an efficient
3D multiobject association method is proposed, aiming to
reduce computational complexity and improve the accuracy
of associations.

Multilevel Spatial Association: To improve computa-
tional efficiency, a multilevel spatial association structure
combining coarse-grained filtering and fine-grained retrieval
is proposed to reduce the number of associations and compu-
tational load. First, on the basis of scene density and object

distribution, the 3D space is dynamically divided into coarse-
grained grids with a side length of L, and fine-grained tree
structures are built in grids with a larger number of objects
for retrieval. For each predicted trajectory position, the query
radius rgq is dynamically set on the basis of the maximum
velocity vp,q4, the time step At, and a safety margin § as:

Thd = Umax * O+ 6 (14)

The association cost cost; ; is calculated only for the
retrieved object pairs, thereby reducing the computational
complexity.

3D RGDIoU-based Cost Function Construction: To
measure the overlap between trajectories and detected objects
accurately, we introduce an improved 3D RGDIoU. This
method combines the object’s rotational angle and geometric
distance factors to provide a more precise overlap metric.

1) 3D IoU Calculation: First, the overlap region in the 2D
plane, denoted as I>p, is computed. Then, on the basis of
the height of the overlap region, the 3D overlap region is
obtained as I3p = Isp - overlap_height. Next, the union of
the volumes of the two boxes is calculated as:

Usp = (Wa - la - ha) + (wp - Iy - he) = Isp ~ (15)

where wg, lq, hy and wy, Iy, hy represent the width, length,
and height of boxes a and b, respectively. The basic 3D IoU
value is as follows:

IoUsp = I3p/Usp,

2) 3D RGDIoU Calculation: First, on the basis of the
Bird’s Eye View (BEV), the diameter of the minimum

enclosing circle ¢ = max; (\/(acz — ;)% + (yi — yj)z)

with Usp >107%  (16)

and the center point distance d = \/(a:a —xp)% + (Yo — yp)?
are calculated. Here, (z;,y;) and (z;,y;) are the coordinates
of all the vertices of the boxes, and (x,,y,) and (xy, y,) are
the center coordinates of boxes a and b, respectively. Then,
the normalized distance is calculated as:

dis,, = d/(c+107) (17)

Next, the difference in rotation angles between the two
boxes is calculated as 6§ = |0, — 05|, and we take 6 =
min(d, 2w — ) to ensure that the rotation angle difference
remains within the range [0, 7]. The normalized rotation
angle difference is then computed as:

ang, = 0/m (13)
Finally, the 3D RGDIoU value is given by:
RGDIoU; ; = IoUsp — « - dis,, — 8 - ang,, (19)

where o = 0.7 and 8 = 0.5 are tuning weights that control
the influence of distance and rotation differences on the
RGDIoU.

3) Cost Calculation: To minimize the cost function, the
cost function is defined as:

cost; j = 1 — RGDIoU; ; (20)

18462



The objective of this cost function is to minimize the
association error. A smaller cost indicates a more accurate
association result.

Compared with traditional IoU methods, 3D RGDIoU
accounts for the rotational differences and geometric dis-
tances between targets, providing a more accurate overlap
measurement when dealing with rotating and dynamic tar-
gets. By introducing normalized distance and angle ratios,
3D RGDIoU improves the accuracy of target association
in autonomous driving scenarios, particularly in dynamic,
rotating, and complex environments, offering significant ad-
vantages.

Optimization Matching: After determining the associ-
ation cost between tracks and detected targets, we use
the Hungarian algorithm to achieve optimal matching and
minimize the total association cost. First, construct a cost
matrix of size m x n, where m is the number of tracks being
tracked currently, and where n is the number of detected
candidate targets. The matrix elements cost; ; are computed
as in equation (20). The cost matrix is defined as:

costy 1 costy p

1)

CoStmatric =

Costy,, 1 costyn, n

The cost matrix cost,,qtrip 1S then input into the Hun-
garian algorithm to solve the minimum cost bipartite graph
matching problem. We define the binary variable z;; to
indicate whether track ¢ is matched with detection j. The
optimization objective is as follows:

min E cost; j - T ;
1,3

(22)

IV. EXPERIMENT

In this section, we analyze the experimental results of
the proposed method on the KITTI and nuScenes datasets
to evaluate its performance in 2D and 3D MOT tasks and
compare it with existing state-of-the-art methods. The ex-
periments include quantitative analysis and ablation studies,
aimed at validating the effectiveness, generalizability, and
advantages of the proposed method. All the experiments were
conducted on a lightweight computing platform equipped
with an Intel Core 17-13700 processor, 32 GB of RAM, and
an NVIDIA RTX 2050 GPU.

A. Experimental Setup

Datasets: The primary dataset used in this experiment is
the KITTI MOT dataset [29], which provides images, 3D
LiDAR point clouds, and GPS/IMU reference trajectories.
Experiments were performed on both the validation and
test sets to assess the proposed method comprehensively.
Additionally, we performed a quantitative analysis on the
nuScenes dataset [30]. Both the KITTI and nuScenes datasets
provide ground truth labels for target detection, but the
ground truth labels for the test sets are not directly accessible.
To evaluate the test set, submissions are made to the official
KITTI and nuScenes websites for comparative analysis.

Since pedestrian tracking is more challenging than vehicle
tracking is, our focus is primarily on the pedestrian subset,
and the results are compared with those of other state-of-the-
art (SOTA) methods.

Evaluation Metrics: In the KITTI dataset, the evaluation
is based on the CLEAR MOT [31] and HOTA [32] stan-
dards, which include metrics such as the number of identity
switches (IDSw), frame rate (FPS), number of fragments
(Frag), multiobject tracking precision (MOTP), multiobject
tracking accuracy (MOTA), AMOTP, AMOTA, sAMOTA,
and the overall metric HOTA. These metrics provide a
comprehensive evaluation of tracking accuracy and target
association performance.

Baseline Methods: To demonstrate the effectiveness of
the proposed method, we compare it with several recent state-
of-the-art (SOTA) methods, including QDense (CVPR2021)
[11], CTrack (ECCV2020) [6], Polar (ECCV2022) [26],
AB3D (IROS 2020) [4], FNC2 (TIV 2024) [21], Eager
(ICRA 2021) [21], SF (SJ 2023) [5], MPN (IJCV 2022) [24],
Triplet (CVPR2022) [8], EAFF (SP 2024) [17], YONTD
(arXiv 2023) [7], MM (TII 2024) [9], APP (1IJCV2025) [33],
AHMOT (I0TJ 2025) [2], and CR3DT (IROS 2024) [25].

Object Detectors: This study uses widely adopted ob-
ject detectors for a fair comparison with SOTA methods.
YOLOVS8 [27] is used as the 2D detector in both the KITTI
and nuScenes datasets, while Voxel R-CNN [12] is employed
for 3D detection on KITTI, and Largekernel [34] is used for
3D detection on nuScenes.

B. Quantitative Experimental Results

KITTI 2D MOT: To comprehensively evaluate the per-
formance of the proposed method in 2D MOT, we compare
it with various state-of-the-art algorithms. Table I shows the
performance of different methods on the KITTI 2D MOT
test set, including key metrics such as MOTA, HOTA, DetPr,
AssA, and FPS.

Table I clearly shows that the proposed method outper-
forms the other methods in terms of both the MOTA and
HOTA metrics. Compared with MM, our method shows
an improvement of 3.77 percentage points in MOTA and
0.96 percentage points in HOTA, indicating a advantage in
accuracy and consistency for multiobject tracking. Although
the detection precision (DetPr) is slightly lower, our method
clearly has an advantage in terms of association accuracy
(AssA) because of its efficient data association strategy,
which outperforms most comparison methods. Despite a
lower FPS than some other methods, the FPS is still sufficient
to meet the requirements of most real-time applications,
demonstrating that our method maintains reasonable com-
putational efficiency while optimizing accuracy.

Fig. 2 compares the tracking performance of our method
with AB3D under scenarios involving multiple object inter-
actions and occlusions. Between frames 136 and 165, AB3D
(red and purple dashed boxes) suffers from missed detec-
tions, identity switches, and tracking errors caused by ego-
vehicle motion. In contrast, our method maintains accurate
associations and continuous trajectories despite challenges

18463



=53 o ) ,
Fig. 2: Comparison of tracking performance on the KITTI dataset between the AB3D method (a) and our proposed method

(b). Different colors correspond to distinct object identities. In sequence 18, AB3D demonstrates identity switches (a), while
our method ensures continuous trajectory maintenance despite challenging conditions (b).

TABLE I: Performance Comparison of LiDAR or Image-
based Methods on the KITTI 2D MOT Leaderboard

. NN ‘ |

Method MOTAT  HOTAtT  DetPrt AssAT  FPST
QDense [11] 55.55 41.12 70.39 38.10 14.3
CTrack [6] 53.84 40.35 66.83 36.93 222
Eager [21] 49.82 39.38 61.49 38.72 90.9
MPN [24] 46.23 45.26 58.30 47.28 50
Polar [26] 46.98 43.59 57.40 48.12 50
SF [5] 39.04 43.42 53.81 48.83 100
Triplet [8] 50.08 42.71 7191 46.54 10
AB3D [4] 38.13 37.81 59.35 44.33 212
YONTD [7] 26.19 25.89 54.99 25.02 10
EAFF [17] 42.01 40.20 60.03 45.63 100
FNC2 [21] 56.05 46.55 59.38 46.68 100
MM [9] 56.19 49.28 72.98 55.33 74
APP [33] 55.45 42.73 67.27 41.15 25
Ours 58.92 50.24 63.33 50.71 90

such as ego-motion, dense target distributions, and severe
occlusions, thereby significantly reducing mis-associations
and identity switches and ensuring stable, robust tracking.

nuScenes 3D MOT: To validate the generalizability and
robustness of the proposed method in more complex scenar-
ios, we conducted experiments on the nuScenes dataset, with
the results shown in Table II.

TABLE II: 3D MOT performance achieved on the nuScenes
Test Sequences.

Method AMOTAT  AMOTP  Recalll  IDSw)
QDense [11] 0312 0.485 0.448 2011
Triplet [8] 0.362 0.362 0.489 528
AB3D [4] 0.141 0.141 0.257 1088
CTrack [6] 0.142 0.887 0431 2086
Eager [21] 0.744 0414 0.797 574
Polar [26] 0.806 0.398 0.800 171
SF [5] 0.621 0.505 0.698 572
CR3DT [25] 0.339 0.409 0.430 864
AHMOT [2] 0.714 0.439 0.750 359
Ours 0.808 0.419 0.861 311

As shown in Table II, the proposed method outperforms
other methods in terms of AMOTA and Recall, demonstrat-

ing stronger robustness and higher recall ability, enabling
more effective detection and tracking of targets. The IDSw
of 311 is lower than that of most comparison methods,
indicating that the proposed method performs better in terms
of target association and identity consistency, effectively
reducing identity switches and ensuring continuous tracking
of targets. These results show that the proposed method has
strong generalizability and robustness in complex scenarios,
maintaining efficient and stable tracking performance.

C. Ablation Study

To comprehensively evaluate the contribution of each
module in the proposed system, we designed and conducted
four sets of ablation experiments, analyzing the effective-
ness of the RGDIoU-based cost function (R.), center-plane
adaptive fusion (F.), and inertial navigation-based motion
compensation (C.) modules. Table III summarizes the ex-
perimental results under different configurations.

TABLE II: Impact of Component Removal on Tracking
Performance: Ablation Study Results

R. FE C. sAMOTAt AMOTP{ Recallf IDSw) Frag|
v v v 86.55 70.13 88.01 173 365
v v o oXx 78.88 70.35 83.33 308 492
v oox v 80.98 61.33 85.36 184 527
x v Y 84.08 68.09 90.16 303 535
X X X 71.75 61.25 83.73 269 582

The results of the ablation study show that center-plane
adaptive fusion, the RGDIoU-based cost function, and iner-
tial navigation-based motion compensation modules all play
significant roles in system performance. When all the mod-
ules are enabled, SAMOTA, Recall, and IDSw achieve the
best performance, indicating that the synergistic effect of the
modules effectively improves the accuracy and consistency
of multiobject tracking. The removal of any module leads
to a decrease in performance, particularly in accuracy and
stability. For example, removing the fusion module results
in a decrease in SAMOTA to 0.8098; removing the motion
compensation module increases IDSw to 308; and removing
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the RGDIoU-based cost function significantly increases Frag.
Overall, the collaboration of these modules plays a critical
role in achieving efficient and stable object tracking in
complex dynamic environments.

V. CONCLUSION

In this paper, we propose a novel 3D multiobject tracking
method that integrates center-plane adaptive multi-sensor
fusion, motion compensation, and precise data association
algorithms. The aim is to enhance the safety and reliability of
autonomous driving systems in complex traffic environments.
The experimental results show that the proposed method
outperforms the compared state-of-the-art methods in terms
of tracking accuracy and stability on both the KITTI and
nuScenes datasets. Notably, substantial improvements were
observed in the HOTA and sAMOTA metrics. Despite the ex-
cellent performance in most scenarios, there is still room for
improvement in metrics such as MOTP. Future research will
focus on further optimizing tracking accuracy, particularly in
complex scenarios with fast-moving objects and occlusions.
Additionally, research will explore more efficient sensor
fusion and data association optimization strategies to further
enhance the practical application potential of multiobject
tracking systems in the field of autonomous driving.
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