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Abstract— Multi-object tracking (MOT) plays a critical role
in applications such as autonomous driving and surveillance.
Camera-based approaches offer rich texture features for
object association, while LiDAR-based methods provide
accurate geometric information for spatial reasoning. Although
each modality addresses different challenges, their intrinsic
discrepancies hinder effective cross-modal fusion and unified
representation learning. To overcome these limitations,
we propose IMH-MOT, an interactive multi-hierarchical
MOT framework comprising three key modules. The
Multi-modality Alignment Module (MMAM) enhances spatial
representations by sampling and clustering instance-level point
clouds. From different modalities are motion cues integrated
by the Multi-modality Motion Estimation Module (MMEM)
to build a unified motion model. To mitigate the impact
of occlusion on single-frame appearance features, the
Long-term Appearance Module (LAM) captures temporal
appearance consistency by constructing a long-term appearance
embedding. Guided by modality-aware cues from MMAM,
MMEM generates reliable spatial representations, while
LAM encodes robust long-term appearance features.
These components are jointly integrated through a
Multi-hierarchical Data Association (MHDA) strategy,
enabling stable and accurate tracking. Extensive experiments
on the KITTI MOT benchmark demonstrate the effectiveness
of our framework, achieving 80.90% HOTA, 89.73% MOTA,
and 470 IDSW, outperforming state-of-the-art methods in both
standard and challenging scenarios.

I. INTRODUCTION

Multi-object tracking (MOT) aims to maintain consistent
identification for each target across the sensor data stream
and build trajectories for newly detected targets. Accurate
and continuous MOT algorithms are essential for ensuring
the safety of autonomous driving systems [1], [2] and
mobile robots [3], [4]. Robotic systems equipped with
Light Detection and Ranging (LiDAR) and cameras utilize
MOT methods to collect critical information from the
surrounding environment and assess the status of targets to
reduce potential risks [1], [2].
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Fig. 1. Different MOT methods based on the TBD paradigm. (a) Early
methods directly use single 3D or 2D detections to estimate and update
the motion state. (b) While recent methods integrate 2D detections into
the data association stage of 3D MOT, they often fail to consider that
the lack of simultaneous observations typically results from insufficient
point cloud density. (c) IMH-MOT aims to leverage multi-modal synergy to
enhance the tracking process. First, MMAM processes the detections and
clusters the original point cloud to recover the spatial information of 2D-only
observations. Then, MMEM predicts target motion across modalities.
Finally, LAM aggregates historical trajectory information to enhance
appearance modeling and performs association with current detections.

Existing MOT methods primarily utilize camera [3],
[5] and LiDAR [1], [4] as key sensors, as illustrated in
Fig. 1a. Cameras provide rich texture details by capturing
color and light intensity information about targets, and
their cost-effectiveness has made them a popular choice
in robotics [5]. However, the performance of camera
can degrade significantly in overexposed or low-light
environments, resulting in a substantial decline in detection
and tracking accuracy. Additionally, due to the lack of spatial
information, occlusion frequently leads to tracking failures.
In contrast, LiDAR is less influenced by ambient lighting
conditions and consistently captures spatial information,
ensuring stable performance regardless of the time of
day, which has driven the development of LiDAR-based
method [2]. However, due to the inherent sparsity of
LiDAR data, these methods rely on extensive point cloud
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accumulation to ensure reliable performance and often
struggle with irregular object motion.

Despite considerable advancements in single-modality
approaches [2], [5], their fundamental limitations persist
under complex scenarios. Under occlusion conditions or
irregular motion patterns, these methods suffer significant
performance degradation. Numerous multi-modality fusion
methods [1], [6]–[8] have emerged with representative
architectures illustrated in Fig. 1b. AdaptiveTrack [8]
achieves robust tracking by employing multi-feature
fusion with adaptive weighting to compute cross-modal
similarity and dynamically select the association range.
FusionTrack [7] leverages 2D detection results as
prior information to filter out false positives in 3D
detection, thereby enhancing overall tracking performance.
MCCA-MOT [9] proposes an end-to-end framework that
incorporates an adaptive diffusion fusion module for point
cloud features, effectively increasing point cloud density and
improving tracking stability. However, these methods still
face challenges when objects are located at long distances.
In such cases, objects may be visible in the 2D image plane
but fail to appear in the 3D point cloud due to sparsity
or occlusion, leading to incomplete spatial information.
Moreover, current approaches often rely on rigid priors
or fixed modality fusion strategies, which may degrade
performance under varying observation conditions. A more
flexible and context-aware fusion mechanism is therefore
needed to improve robustness in diverse scenarios.

To address the aforementioned challenges, this paper
presents a multi-hierarchical MOT framework for robust
object tracking by fusing point cloud and image data, as
illustrated in Fig. 1c. At each time step, the LiDAR and
camera independently capture point clouds and images,
which are processed by 3D and 2D detectors to generate
detection results. MMAM evaluates cross-modal similarity
to identify non-overlapping view targets. For these targets,
an instance-level clustering algorithm is applied to recover
their spatial information from sparse point clouds. In
parallel, 3D detections are projected onto the 2D image
plane, enabling LAM to extract texture features for each
target. During the association stage, MMEM performs joint
motion estimation across modalities, while LAM leverages
long-term appearance cues to enhance association robustness.
Finally, MHDA fuses spatial and appearance information to
achieve stable and reliable multi-object tracking.

In summary, the contributions of this study are as follows:
• To address the limitation of overlapping-view

between images and point cloud, a
Multi-modality Alignment Module (MMAM) is
introduced. By exploiting inter-modal geometric
consistency through physical symmetry constraints,
our module effectively suppresses outlier point cloud
measurements.

• To address the unreliability of appearance features
in single-frame observations, we propose a
Long-Term Appearance Module (LAM) with
temporal encoding. By leveraging a Long-Term

Transformer, LAM encodes texture features along the
temporal dimension, significantly enhancing trajectory
appearance representation. Additionally, we introduce
a Multi-Hierarchical Data Association (MHDA)
strategy to integrate state associations across different
modalities.

• Extensive experiments demonstrate that the proposed
IMH-MOT achieves state-of-the-art performance on
the KITTI benchmark. Additionally, ablation studies
validate the effectiveness of both the MMAM and LAM.

II. RELATED WORK

A. Camera-based Multi-Object Tracking

Many camera-based methods have achieved significant
progress, primarily driven by advances in object detection.
A common approach is the tracking-by-detection (TBD)
framework, which treats detection and association as separate
steps. SORT [10] employs a Kalman filter to predict
bounding box motion and uses intersection-over-union (IoU)
for association. Building on this, SelectMOT [11] adopts a
two-stage matching scheme and improves accuracy through
quality-aware selection, mitigating the misalignment issues
of confidence-based methods. To enable joint optimization
of detection and tracking, end-to-end architectures have
also been explored. ADA-Track [5] introduces a learnable
association module based on edge-enhanced cross-attention,
effectively fusing appearance and geometric features to
enhance tracking performance. However, these methods
still struggle with spatial reasoning. In particular, under
occlusion, degraded texture information often leads to
reduced accuracy.

B. LiDAR-based Multi-Object Tracking

Recent advancements in point cloud representation and
3D object detection have significantly improved multi-object
tracking (MOT) performance [2], [12]. PolarMOT [12]
formulates detections as graph nodes and employs a graph
neural network to compute trajectory similarity, enabling
robust tracking. HybridTrack [2] enhances accuracy by
introducing a learnable Kalman filter that directly estimates
residuals and Kalman gain from data, addressing the limited
generalizability of hand-crafted models. However, these
methods often struggle with irregular object motion, which
degrades tracking stability. Furthermore, despite recent
progress, they remain limited by point cloud sparsity. In
sparse environments, detectors may lack sufficient contextual
cues, hindering accurate and consistent tracking.

C. Fusion-based methods

EagerMOT [1] achieves high performance by
independently modeling the motion of 2D and 3D detection
bounding boxes, but it continues to struggle with occluded
targets. To address this limitation, CAMO-MOT [13]
introduces an occlusion prediction network and adaptively
selects optimal texture features during the association
process to maintain stable tracking. Building on this,
DeepFusion [14] improves robustness by dynamically
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Fig. 2. Architecture of the Proposed IMH-MOT Framework. First, MMAM assigns cross-modal information to jointly observed targets. For targets
visible only in the image modality, a 2D detection-guided clustering approach is applied to the raw point cloud to recover spatial information. For the
remaining detections, only their 2D state information is retained. Subsequently, MMME predicts motion states based on the available modality, while LAM
encodes long-term appearance features. Finally, MHDA performs multi-stage data association, and the trajectory management module handles the update,
creation, and termination of trajectories based on the association outcomes.

selecting modality-specific cues to compute similarity
under varying scenarios. Distinct from previous approaches,
YONTD [15] unifies detection and tracking within a
single framework to simplify the association process. In
addition, it incorporates a confidence fusion module that
jointly suppresses redundant trajectories and detections,
thereby enhancing tracking accuracy. However, these
methods often overlook the overlapping-view problem
between modalities. When 2D and 3D observations are not
temporally aligned, detections are processed independently
without leveraging complementary information from the
raw data. To mitigate this issue, IMH-MOT classifies 2D
and 3D detections to identify targets with inconsistent
observations and applies a target-guided point selection
strategy to extract sparse point clouds, thereby compensating
for missing spatial information. Furthermore, to address
the limitations of fusion schemes that rely solely on
single-frame appearance features, a LAM is introduced
to enable trajectory modeling over extended temporal
windows. Finally, a MHDA mechanism integrates both
modules to achieve complementary fusion of spatial and
texture information across modalities.

III. IMH-MOT

This section presents an overview of the proposed
MOT framework IMH-MOT as shown in Fig. 2. MMAM
leverages 2D detection priors to guide point cloud sampling
and clustering, thereby enriching spatial information in
non-co-view scenarios. MMME then fuses motion cues from
both modalities for accurate motion estimation. Finally,
LAM addresses the limitations of single-frame appearance
association. It encodes temporal and aggregates appearance
features over time.

A. Multi-modality Alignment Module (MMAM)

MMAM utilizes 3D and 2D detectors to generate two
detection sets, D3d = {D3d

1 , D3d
2 , . . . , D3d

t } and D2d =
{D2d

1 , D2d
2 , . . . , D2d

t }, where the subscript t represents the
frame number, and F is the total frame number of a video
sequence. At frame t, each detection in D3d

t is defined as
{x, y, z, w, l, h, θ}, where (x, y, z) denotes the object center,
(w, l, h) the width, length, and height, and θ the heading
angle of the 3D bounding box. Similarly, each detection in
D2d

t is represented as {u, v, wp, hp}, where (u, v) is the 2D
box center and (wp, hp) are its width and height.

Existing methods [1], [14] typically consider either the
texture features of detection results or the spatial information
of the point cloud but fail to account for situations where
the 3D detector may fail to detect the target due to an
insufficient number of point clouds. 2D detector typically
have a longer viewing distance, enabling them to effectively
observe distant targets. However, it is often affected by
occlusion due to the lack of spatial information. The original
point cloud is sampled and clustered based on 2D detections
to compensate for the lack of spatial information in the image
plane. As described in [1], IoU is employed to establish
the correspondence between 3D and 2D detections within
the image plane at moment t. The similarity matrix can be
written as U2D

3D = IoU(π(D3d
t ), D2d

t ), where π(·) denotes
the projection operation that maps a 3D bounding box
from the world coordinate system onto the image plane,
incorporating both intrinsic and extrinsic camera parameters.
Based on the similarity matrix U2D

3D , the Hungarian algorithm
is used to obtain the corresponding one-to-one matching.
According to the matching threshold θfusion, both D3d

t and
D2d

t are divided into two non-overlapping sets: D3d
t =

bothD3d
t ∪ onlyD3d

t and D2d
t = bothD2d

t ∪ onlyD2d
t .

Based on onlyD2d
t , the point cloud P is projected onto

the image plane, and points within each 2D bounding
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box are extracted. To reduce noise and irregularities,
the point closest to the box center is selected as the
reference origin, and all points are transformed to this local
coordinate frame. The center of mass is computed, and
the mean squared deviation (MSD), defined as the average
squared Euclidean distance to the center, is used to quantify
spatial dispersion. If the MSD exceeds a predefined threshold
smax, the farthest point is iteratively removed and the MSD
recalculated until the condition is satisfied. The final center
is regarded as the estimated 3D position of the target.
Accordingly, onlyD2d

t is refined as onlyD2d
t = pointD2d

t ∪
pixelD2d

t , where pointD2d
t includes 2D detections with point

cloud refinement, and pixelD2d
t includes detections based

solely on image bounding boxes. An illustration is provided
in Fig. 3.

B. Multi-modality Motion Estimation Module (MMEM)

The motion state of the target is a critical clue of MOT,
which has been extensively studied [2], [10], [11]. However,
existing methods often focus on motion representation within
a single modality, overlooking the correlation between
multiple modalities. To address this limitation, MMME is
proposed to select the most suitable motion strategy from
different modalities based on the current state of the target.

Based on the motion states Xt = {X1
t , X2

t , . . . , XM
t }, a

motion model is constructed, where M denotes the number
of trajectories. Each state Xj

t = {3DXj
t , 2DXj

t } incorporates
both 2D and 3D information. Specifically, 3DXtj =
[x, y, z, ẋ, ẏ, ż, ẍ, ÿ, z̈] and 2DXtj = [u, v, w, a, u̇, v̇, ẇ, ȧ],
where (x, y, z), (ẋ, ẏ, ż), and (ẍ, ÿ, z̈) represent the
object’s 3D position, velocity, and acceleration, respectively.
(u, v, w, a) denote the pixel coordinates of the bounding box
center, its width, and aspect ratio, while (u̇, v̇, ẇ, ȧ) represent
their corresponding rates of change. A 3D Kalman filter [4]
is employed to estimate motion in 3D space for Dt3D and
pointDt2D, while a 2D Kalman filter [10] is used for pixelD2D

t

to estimate motion within the image plane.
After obtaining the predicted state, the core task in MOT

is to find an observed state Zi
t from the set of observations

Zt = {Z1
t , Z2

t , . . . , ZM
t } that meets the association criteria,

and associate it with the predicted state X̂j
t , where M is the

number of detections. If a match is found, the target state Xj
t

is updated accordingly. For the 3D modality, the prediction

Linear

Norm

Relu

Long-term
Transformer

FT

W
K :  L×dtW

Q :  L×dt W
V:  L×dt

FT : M×L×dt

K: M×L×dtQ: M×L×dt V: M×L×dt

Sigmoid

output

dttdd

W
P :  L×L

M××LLLLLLLLLLLL×

Exp

Cov :  L×1

FD : N×dt

Concatenate
'

T
F

: M×dt
'

F
T
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Long-term Matcher module. Right: The computation graph of the Long-term
Transformer.

and update steps are formulated as follows:

3DX̂j
t = 3DA3DXj

t−1, (1)
3DŜj

t = 3DA3DSj
t−1

3DAT + Q, (2)
3DXj

t = 3DX̂j
t + K3D

t (3DZi
t − 3DH3DX̂j

t ), (3)

where Q ∈ R9×9 is the covariance matrix of

the state function, 3DA =
[

E3×3 δE3×3
1
2 δ2E3×3

O3×3 E3×3 δE3×3
O3×3 O3×3 E3×3

]
,

3DH = [ E3×3 O3×3 O3×3 ], St−1 ∈ R9×9 represents
the error covariance at discrete time t − 1, and Ŝt ∈ R9×9

denotes the predicted error covariance at discrete time t.
K3D

t is the 3D Kalman gain. Similar to the 3D motion state,
pixelD2d

t is updated using the following formula:

2DXj
t = 2DX̂j

t + K2D
t (2DZi

t − 2DH2DX̂j
t ), (4)

where 2DA =
[

E4×4 E4×4
O4×4 E4×4

]
and

2DH = [ E4×4 O4×4 ]. By updating trajectory states
with both 2D and 3D detections, the object’s motion is
jointly modeled in both spatial domains. In the subsequent
association stage, the two modalities are processed
independently to fully leverage their respective advantages.

C. Long-term Appearance Module (LAM)

Although the spatial relationship is established, it is
susceptible to disruption by the irregular motion of the
target, which is effectively addressed through the image
texture. However, existing methods [5], [13] depend on the
texture features from a single moment as the appearance
representation of the target, often overlooking the fact that
historical data is a crucial attribute of the trajectory.

To address this problem, LAM is proposed, and its
structure is shown in Fig. 4. Unlike the previous method [3],
[8], which uses the re-id branch as the identity representation
of the target. LAM draws on [16] and directly outputs the
similarity matrix Sa of detection and trajectory. First, image
data spanning L consecutive frames along the temporal
dimension is used as input. The trajectory and its associated
appearance features are then modeled using a long-term
matcher. To fuse the historical trajectory information, a
long-term transformer is employed. Inspired by [17], the
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temporal dimension is encoded with a learnable positional
parameter WP ∈ RL×L. The appearance features at multiple
moments are then taken as input and multiplied by the key,
query, and value, along with the corresponding projection
matrices WQ, WK , WV ∈ Rdt×dt . Specifically, given the
input trajectory feature FT ∈ RM×L×dt , the output feature
F′

T ∈ RM×dt is the fusion of position encoding and
appearance features across multiple moments:

Kt′ =
exp((FT WK)t′ + WP

t,t′)∑L
t′=1 exp((FtWK)t′ + WP

t,t′)
, (5)

where α′
t = σQ(Qt) ⊙ Kt′ , F′

T =
∑T

t′=1 αt′Vt′ , t′

represents the data of the corresponding temporal dimension.
Then, the trajectory features across multiple time steps
are encoded into an embedding F′

T , which is fused with
the appearance features of the detections FD ∈ RN×dt

to produce Sa, where M and N denote the number of
trajectories and detections, respectively.

The loss function for appearance similarity across multiple
moments consists of two components. The first one is the
association formed using the data from a single frame, and
the second component is the association loss derived from
long-term appearance fusion.

Lsingle = 1
L

L∑
t=1

Nmax+1∑
i=1

Nmax+1∑
j=1

A∗[i, j]log(S∗
a[i, j]),

Lfusion =
Nmax+1∑

i=1

Nmax+1∑
j=1

A∗[i, j]log(Sa[i, j]), (6)

Ljoint = Lsingle + Lfusion,

where A∗ represents the ground truth matching matrix. For
the element {i, j} ∈ A∗, If the trajectory i and detection j
correspond to the same object, the entry is set to 1; otherwise,
it is set to 0. Sa

∗ denotes the similarity matrix computed
from a single frame. To enhance the robustness of the
algorithm, the data are expanded to Nmax dimensions during
training, with random adjustments applied to object positions
to prevent the network from converging to local minima.
Subsequently, both row-wise and column-wise Softmax
operations are applied to Sa

∗ to normalize the similarity
scores into association probabilities, thereby enabling joint
optimization over both matched and unmatched pairs.

D. Multi-hierarchical Data Association (MHDA)

Through the above state modeling, the corresponding
features offer essential clues for association. However,
existing methods [2], [11] focus only on scenarios where
either a single modality or both modalities are present,
while neglecting associations when the modalities are
asynchronous. To address this issue, this paper divides the
association into three stages to enhance the information
complementarity between the modalities.
First stage data association. Since spatial information can
effectively mitigate the impact of occlusion, the first stage
of association prioritizes matching detected instances with

Algorithm 1 IMH-MOT algorithm
Input: Video sequence as ordered list I = {i0, i1, · · · , iT −1} of

images and L = {l0, l1, · · · , lT −1} of Point Clouds.
Output: Set of object trajectories T = {T1, T2, · · · , Tk} with

Tk = {Sk
t1 , Sk

t2 , · · · , Sk
tN
| 0 ≤ t1, · · · , tN ≤ T − 1 as a

list of ordered object bounding boxes Sk
t = (D3d

t , D2d
t , FT ).

1: T , Tactive, Tremove ← ∅;
2: for each it, lt ∈ I, L do
3: MMEM.predict();
4: D3d

t , D2d
t ← detector.detections(it, lt);

5: D3d
t , pointD2d

t , pixelD2d
t ←MMAM(D3d

t , D2d
t );

6: First stage:
7: S3D

m ←Euclidean distance(D3d
t , pointD2d

t , Tactive);
8: m1, ut1, ud1 ←Assignment(S3D

m );
9: Second stage:

10: S∗
a ←LAM(ud1, ut1);

11: m2, ut2, ud2 ←Assignment(S∗
a);

12: S2D
m ←IOUs(ud2, ut2);

13: m3, ut3, ud3 ←Assignment(S2D
m );

14: Third stage:
15: Sa ←LAM(ud3, Tremove);
16: m4, ut4, ud4 ←Assignment(S∗

a);
17: for each Tt ∈ Tactive; do
18: if Tt.age− Tt.match age > λnew then
19: Tactive ← Tactive − {Tt};
20: end if
21: if Tt.lost num > λremove then
22: Tactive ← Tactive − {Tt};
23: Tremove ← Tremove + {Tt};
24: end if
25: end for
26: for each ud ∈ ud4; do
27: Tactive ← Tactive + ud;
28: end for
29: Update(Tactive)
30: end for
31: T ← T + Tactive;

existing tracks. Specifically, the sets D3d
t and pointD2d

t

are used to compute association similarity based on 3D
euclidean distance. At this stage, a higher confidence
threshold is applied to jointly observed targets, which are
then incorporated into the similarity matching process:

S3D
m [i, j] = ∥3DZi

t − 3DX̂j
t ∥

αfusion
, (7)

where αfusion = α3D+α2D

2 , α3D and α2D represent the
detection confidences of 3D and 2D, respectively, each
of which is normalized to a range between 0 and 1.
The successfully associated trajectory set Tm

t is updated
according to part of subsection III-B, while the remaining
set Tu

t proceeds to the second stage of association.
Second stage data association. In this stage, pixelD2d

t is
merged with the remaining unmatched observations from the
previous step and associated with Tu

t using the Sa. However,
due to threshold constraints, certain instances may lie close
in the image plane but fail to meet the similarity criterion. To
address this, 2D motion estimation is additionally employed
to refine the similarity calculation.
Third stage data association. This stage primarily
handles the reappearance of previously lost tracks and the
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TABLE I
IMH-MOT AND YONTD WITH SAME DETECTOR

Detector HOTA↑ MOTA↑ MOTP↑ IDSW↓ FN↓ FP↓
PointRCNN [18] 54.25 48.34 87.17 16 4627 776
PVRCNN [19] 75.60 76.13 87.68 18 566 1757
Casa [20] 76.36 80.53 89.08 6 1411 493
PointRCNN [18] 73.53 80.79 86.78 618 654 612
PVRCNN [19] 76.03 83.14 88.71 480 550 624
Casa [20] 77.87 84.24 89.21 381 404 761

The results for YONTD are depicted in purple, while the results for IMH-MOT are
shown in green TABLE II

COMPARATIVE SUMMARY OF CAPABILITIES ACROSS METHODS

Method No-overlapping-viewOcclusionSparse pointsLong-term
mmMOT [22] ✗ ✗ ✗ ✗
EagerMOT [1] ✗ ✗ ✗ ✗
DeepFusion [14] ✗ ✓ ✓ ✗
YONTD [15] ✗ ✓ ✓ ✓
IMH-MOT†(ours) ✓ ✓ ✓ ✓

initialization of new ones. Since unassociated tracks may be
lost due to irregular motion or occlusion, appearance cues are
crucial for re-identification. If re-association fails, the track
is discarded. To reduce false positives, a new track must be
successfully associated across multiple frames before being
confirmed as valid.

By integrating the aforementioned modules, we implement
an online multi-modal MOT framework, termed IMH-MOT.
The complete workflow is summarized in Algorithm 1.

IV. EXPERIMENTAL RESULTS

A. Settings

1) Datasets: The KITTI benchmark [21] is widely
recognized for evaluating autonomous driving and related
technologies. All experiments in this paper are conducted
using the KITTI MOT dataset, which includes 21 training
sequences and 29 test sequences. Since the official dataset
does not provide a training/validation split, follow the
approach in [4] and select sequences 01, 06, 08, 10, 12,
13, 14, 15, 16, 18, and 19 as the validation set, with the
remaining sequences used for training.

2) Evaluation Metrics: The performance of the proposed
method is evaluated on the KITTI benchmark using
standard MOT metrics from CLEAR MOT [23], including
Multi-Object Tracking Accuracy (MOTA), Multi-Object
Tracking Precision (MOTP), ID Switches (IDSW), False
Positives (FP), False Negatives (FN). In addition to these
metrics, High-Order Tracking Accuracy (HOTA), Detection
Accuracy (DetA), and Association Accuracy (AssA) [24] are
also adopted, providing a more comprehensive understanding
of the tracking performance compared to traditional metrics.

B. Implementation Details

The model proposed in Section III-C is trained on 6 RTX
3090 GPUs using the ADAM optimizer with a learning rate
of 1.25 × 10−4. All code implementations are carried out
using PyTorch 2.0.0.

1) 3D object detection: For evaluation on the KITTI test
set, the 3D detection results generated by Point-GNN [25]
and Virconv [26]. In the ablation study, the module using the

TABLE III
COMPARISON WITH THE STATE OF ART METHODS ON KITTI

BENCHMARK

Method Input HOTA↑ MOTA↑ MOTP↑ IDSW↓ DetA↑ AssA↑
mmMOT [6] C/LD 62.05 83.23 85.03 733 72.29 54.02
EagerMOT* [1] C/LD 74.39 87.82 85.69 239 75.27 74.16
PolarMOT [12] LD 75.16 85.08 85.63 462 73.94 76.95
MCCA-MOT [9] C/LD 79.31 86.71 87.51 66 / 83.49
AdaptiveTrack [8] C/LD 79.23 86.60 87.52 145 76.07 83.13
DeepFusion [14] C/LD 75.46 84.63 85.02 84 71.54 80.05
DeepFusion* [14] C/LD 76.67 86.88 85.34 154 73.90 80.19
DeepFusion† [14] C/LD 78.91 87.20 87.56 90 76.44 82.10
YONTD [15] C/LD 79.52 88.06 86.24 37 75.83 84.01
IMH-MOT*(ours) C/LD 77.16 87.19 85.12 179 74.55 80.50
IMH-MOT†(ours) C/LD 80.90 89.73 87.32 470 79.42 83.10

The green row represents the Baseline method. “*” and “†” denote the use of the
same detection. “/” indicates the corresponding result is not available. “C” and “LD”
represent camera and LiDAR, respectively
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Fig. 5. Tracking Metrics and FPS

results from Point-GNN, which is employed by our baseline
method EagerMOT [1].

2) 2D object detection: For evaluation and ablation
experiments on the KITTI test and validation sets, the 2D
detection results generated by RRC [27], which is employed
by our baseline method EagerMOT [1].
C. Results

The proposed method is compared with other
state-of-the-art approaches [1], [9], [12], [14], [15],
[22] on the KITTI test set, utilizing the evaluation metrics
outlined in Section IV-A.2, a comparison of the capabilities
of various algorithms is shown in Table II.

As shown in Table III, the algorithm proposed in this
study achieves the highest HOTA, a comprehensive metric
for evaluating current MOT algorithms. When evaluated
against the baseline [1], the proposed method achieves
+2.77% in HOTA, a decrease of 60 in IDSW, and +6.34%
in AssA using the same detector. In comparison with the
first proposed multimodal MOT method [22], the proposed
method demonstrates +18.85% in HOTA, +6.5% in MOTA,
and a reduction of -554 in IDSW. Relative to the TBD
method [14], the proposed method exhibits gains of +5.44%
in HOTA, +5.1% in MOTA, and +3.05% in AssA. Lastly,
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(a) Inconsistent Observation Switching

(b) Occlusion

Fig. 6. Visualization of some special cases.
TABLE IV

TRACKING PERFORMANCE UNDER DIFFERENT MEMORY LENGTHS L

L HOTA↑ MOTA↑ MOTP↑ IDSW↓ DetA↑ AssA↑
1 76.78 91.01 90.70 282 84.78 69.65
3 78.63 91.34 90.76 256 85.44 72.47
6 75.84 90.52 90.77 320 84.73 67.99
8 76.52 90.86 90.77 292 84.63 69.29

10 77.09 91.16 90.77 274 84.77 70.21

when compared with the SOTA joint detection and tracking
method [15], the method shows an increase of +1.38% in
HOTA, +1.67% in MOTA, and +8.62% in MT. A visual
comparison is presented in Fig. 5 to more clearly demonstrate
the effectiveness of the proposed algorithm. To mitigate the
impact of detection on the algorithm, the same 3D detectors
are employed to evaluate YONTD, and the validation set is
partitioned based on YONTD. The results are presented in
Table I.

To evaluate the runtime performance of the proposed
algorithm under varying target densities, the relationship
between FPS and the number of detections and trajectories
is illustrated in Fig. 5c.

Visualization results are presented in Fig. 6 to illustrate the
effectiveness of the proposed algorithm. At large viewing
distances, LiDAR-based MOT fails to track the target, as
depicted in Fig. 6a. However, the proposed algorithm ensures
stable tracking and provides early warnings, irrespective of
whether the viewing distance increases or decreases. Fig. 6b
illustrates that camera-based MOT is particularly vulnerable
to occlusion. Upon occlusion, the target’s state changes,
causing tracking failure. In contrast, the proposed method
continues to track the target stably. These results substantiate
the effectiveness of the proposed algorithm.
D. Ablation Study

To evaluate the effectiveness of the proposed module, an
ablation studies is conducted on the KITTI [21] validation
set.

1) Module ablation: The validation set is used to evaluate
the performance of the algorithms in each module. When
only the 2D detection and 2D motion model were included,
the algorithm achieved 66.99% HOTA and 76.70% MOTA.
With the inclusion of appearance features, HOTA increased
by 7.85%, MOTA increased by 7.09%, and IDSW decreased

TABLE V
ABLATION STUDY OF IMH-MOT ON THE KITTI VALIDATION SET

3D 2D Points Filter AP HOTA↑ MOTA↑ MOTP↑ IDSW↓ DetA↑ AssA↑
✗ ✓ ✗ ✗ ✗ 66.99 76.70 90.82 1441 85.46 52.70
✗ ✓ ✗ ✗ ✓ 74.84 83.79 90.81 858 85.62 65.54
✗ ✓ ✓ ✗ ✗ 69.52 86.16 90.81 659 85.04 56.96
✗ ✓ ✓ ✓ ✗ 74.61 88.72 85.33 459 85.33 65.41
✗ ✓ ✓ ✓ ✓ 78.63 91.34 90.76 256 85.44 72.47
✓ ✗ ✗ ✗ ✗ 78.46 86.99 87.65 63 77.12 80.09
✓ ✗ ✗ ✗ ✓ 79.21 87.33 87.65 35 77.12 81.61
✓ ✓ ✗ ✗ ✗ 78.69 87.67 87.65 249 79.28 78.37
✓ ✓ ✗ ✗ ✓ 79.10 87.73 87.65 244 79.28 79.19
✓ ✓ ✓ ✗ ✗ 79.20 87.84 87.65 235 79.28 78.56
✓ ✓ ✓ ✓ ✗ 79.54 89.12 87.65 220 79.28 79.18
✓ ✓ ✓ ✓ ✓ 80.11 89.00 87.65 211 79.28 80.52

“3D” and “2D” denote the use of only motion estimation models, “Points” indicates
using the mean point within the 2D bounding box as the spatial center, “Filter”
corresponds to the proposed MMAM, and “AP” represents the LAM

TABLE VI
IMH-MOT WITH DIFFERENT CLUSTERING THRESHOLD sMAX

Thresh HOTA↑ MOTA↑ MOTP↑ IDSW↓ FN↓ FP↓
0.5m 78.63 91.34 90.76 256 409 61
1.5m 78.36 91.41 90.77 249 411 60
2.5m 78.20 91.72 90.77 225 410 59
3.0m 78.51 91.83 90.77 217 411 57

by 583. Incorporating the mean of point cloud clustering
as spatial information further improved performance, with
HOTA rising by 2.53%, MOTA by 9.46%, and IDSW
decreasing by 782, compared to the method using only
2D information. Building on this, the introduction of the
point cloud sampling filtering algorithm proposed in this
paper led to a further enhancement of HOTA by 5.09%,
MOTA by 2.56%, and a reduction in IDSW by 200.
Additionally, with the further incorporation of appearance
features, HOTA increased by 11.64%, MOTA by 14.64%,
and IDSW decreased by 1,185, compared to the initial state.
The inclusion of 3D detection further improved the results.
Upon separately adding various modules, compared to the
baseline with only 2D and 3D motion information, HOTA
improved by 1.42%, MOTA by 1.33%, and IDSW decreased
by 38. These comparisons strongly support the effectiveness
of the algorithm proposed in this paper.

2) Effect of memory length L: A comparison is conducted
to assess the effectiveness of the proposed LAM across
different memory lengths L. Notably, when 3D detection
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is included, the algorithm’s performance shows minimal
variation with changes in the time dimension. Therefore,
this section focuses on 2D evaluation to more clearly
highlight the algorithm’s performance. As shown in Table
IV, the performance of the algorithm with memory lengths
ranging from 1 to 10 is tested. Using appearance features
at a single time point, the algorithm achieved a HOTA of
76.8%, a MOTA of 91.01%, and an IDSW of 282. As
the memory length increases, the algorithm’s performance
gradually improves. The highest HOTA of 78.63% was
achieved with a memory length of 3. Compared to the
single-frame case, this resulted in a 1.85% improvement in
HOTA and 0.31% increase in MOTA, and a reduction of 26
in IDSW.

3) Effect of clustering threshold smax: When 3D
detection is introduced, fluctuations in the index remain
minimal. In order to more clearly illustrate the impact of
different clustering thresholds smax, this section concentrates
on 2D detections, with the reported value reflecting the
physical-space distance. As shown in Table VI, with a
clustering threshold of 0.5m, the algorithm achieves the
highest HOTA of 78.63%. When the clustering threshold is
set to 3m, the algorithm attains the highest MOTA of 91.83%
and the lowest IDSW of 217.

V. CONCLUSIONS
In this paper, an effective and robust interactive

multi-hierarchical multi-object tracking framework,
IMH-MOT, was proposed to address the challenges of
multi-modal MOT. A novel multi-modality alignment
module was designed to enable precise instance point cloud
sampling and provide target spatial information. To ensure
stable motion association across modalities, a multi-modality
motion estimation module was proposed to facilitate accurate
motion prediction. Additionally, a long-term appearance
module was introduced to achieve accurate embedding
association by modeling long-term trajectory appearance
features, thereby mitigating association errors caused by
occlusion or irregular motion. Extensive experiments on
the KITTI tracking benchmark demonstrated that the
proposed method significantly outperformed state-of-the-art
techniques in tracking accuracy.
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