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ABSTRACT

Current LiDAR point cloud-based 3D single object tracking (SOT)
methods typically rely on point-based representation network. De-
spite demonstrated success, such networks suffer from some fun-
damental problems: 1) It contains pooling operation to cope with
inherently disordered point clouds, hindering the capture of 3D
spatial information that is useful for tracking, a regression task.
2) The adopted set abstraction operation hardly handles density-
inconsistent point clouds, also preventing 3D spatial information
from being modeled. To solve these problems, we introduce a novel
tracking framework, termed VoxelTrack. By voxelizing inherently
disordered point clouds into 3D voxels and extracting their features
via sparse convolution blocks, VoxelTrack effectively models pre-
cise and robust 3D spatial information, thereby guiding accurate
position prediction for tracked objects. Moreover, VoxelTrack incor-
porates a dual-stream encoder with cross-iterative feature fusion
module to further explore fine-grained 3D spatial information for
tracking. Benefiting from accurate 3D spatial information being
modeled, our VoxelTrack simplifies tracking pipeline with a sin-
gle regression loss. Extensive experiments are conducted on three
widely-adopted datasets including KITTIL, NuScenes and Waymo
Open Dataset. The experimental results confirm that VoxelTrack
achieves state-of-the-art performance (88.3%, 71.4% and 63.6% mean
precision on the three datasets, respectively), and outperforms the
existing trackers with a real-time speed of 36 Fps on a single TITAN
RTX GPU. The source code and model will be released.
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Figure 1: Comparison between existing point-based tracking
methods (a) and our proposed voxel-based tracking method
(b). The point-based methods include P2B series and M?Track
series. P2B series employs appearance matching techniques
to generate proposals and verifies one as tracking result,
while M?Track series models motion relation for tracking in
a two-stage manner. In contrast, our VoxelTrack explores 3D
spatial information through voxel-based representation for
tracking, thereby simplifying the tracking pipeline with a
single regression loss function.

1 INTRODUCTION

Single object tracking (SOT) plays a pivotal role in various com-
puter vision applications, such as autonomous driving [4, 59] and
visual surveillance systems [46]. Early research works in SOT have
predominantly focused on the 2D image domain [12, 60]. However,
images are often disturbed by light and noise, making it difficult to
track targets in the images. In recent years, with the rapid devel-
opment of LiDAR sensors and considering that point cloud data is
robust to light interference and environmental factors, many tech-
niques [15, 19, 36, 41, 55, 56, 64] for 3D SOT have been proposed.
Despite demonstrated success, these methods are built upon 2D
SOT techniques, which may not be directly applicable to 3D SOT
based on LiDAR point clouds, as point cloud data differs funda-
mentally from RGB image data. Therefore, it is crucial to develop
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tracking techniques tailored to disordered and density-inconsistent
point cloud data.

Currently, most of 3D SOT methods are based on point-based
representation networks [34, 52, 55, 63], such as PointNet [39] and
PointNet++ [40], which extract point features for subsequent task-
oriented modules. As illustrated in the left of Fig. 1 (a), P2B [41]
is an end-to-end tracking framework. It first encodes the semantic
features of the point cloud in the template and search region by
point representation based Siamese backbone [9], and then per-
forms appearance matching of the template and the search region
at the feature level. The proposals [16] are generated from the re-
sulting search region enriched by template information, where a
proposal is verified as the tracking result. Based on this strong
framework, a series of trackers are presented, such as BAT [63],
PTTR [65], GLT-T [36] that consists of point representation based
Siamese backbone, appearance matching, proposals generation and
verification. In contrast to P2B series, M?>Track [64] introduces a
motion-centric paradigm, which explores motion cues instead of
appearance matching for tracking. It predicts target motion from
the concatenated point clouds of previous and current frames in a
two-stage manner by using point features, as shown in the right of
Fig. 1 (a).

In summary, previous research works have either used point
features for appearance matching to guide tracking, or used point
features to mine motion information. Although great success has
been achieved in 3D SOT, point-based representation may be the
sub-optimal for point cloud object tracking due to the following
reasons: 1) Point representation-based networks rely on pooling
operations to maintain the permutation invariance of disordered
point clouds, thus encoding geometric structure information. How-
ever, the pooling operations tend to impair 3D spatial information
of point clouds, which is essential for accurately regressing bound-
ing boxes of point cloud objects. 2) The set abstraction operation
employed in point presentation networks learns key point fea-
tures through down-sampling, grouping and feed-forward blocks.
Nonetheless, such set abstraction operation struggles to effectively
handle the inherently density-inconsistent point clouds, thereby
preventing 3D spatial information from being modeling.

To solve the above problems, we propose to leverage voxelized
point clouds as input and employ voxel-based representation net-
work for 3D SOT. We therefore introduce a novel tracking frame-
work, termed VoxelTrack, which fully explores 3D spatial informa-
tion of point clouds to guide target box regression for tracking, as
shown in Fig. 1 (b). We first voxelize point clouds cropped from
two consecutive frames and align them spatially, and then extract
voxel features by a series of sparse convolution blocks. Leveraging
the derived features incorporated by rich 3D spatial information
of point clouds, we could perform box regression to predict target
bounding box without any task-oriented module, such as proposal
generation and verification, motion prediction and refinement. To
further enhance 3D spatial information for accurate tracking, we
incorporate dual-stream voxel representation learning network to
explore fine-grained 3D spatial information. In addition, we per-
form layer-by-layer feature interaction for the two streams through
a cross-iterative feature fusion module, enhancing the synchro-
nization between dual-stream voxel features and thereby guiding a
more accurate box regression.

Anon. Submission Id: 930

We evaluate our proposed VoxelTrack on three widely-adopted
datasets, including KITTI, NuScenes and Waymo Open Dataset.
Experimental results demonstrate that VoxelTrack outperforms
P2B/M?Track by a significant margin of 28.0%/7.5%, 22.5%/9.8%
mean success on the KITTI and NuScenes, respectively. Our method
could also accurately track objects in complex point clouds scenes,
such as those with sparse point clouds and distractors. Moreover,
thanks to the removal of task-oriented modules, the proposed Vox-
elTrack runs at a real-time speed of 36 Fps on a single TITAN RTX
GPU.

The main contributions of this work are summarized as follows:

e We propose VoxelTrack, a novel LiDAR point cloud track-
ing framework based on voxel representation. It simplifies
tracking pipeline with a single regression loss function.

e We design a dual-stream encoder to extract multi-level
voxel features in a cross-iterative fusion manner, capturing
fine-grained 3D spatial information of point clouds to guide
more accurate box regression.

e We conduct comprehensive experiments on KITTI, NuScenes
and Waymo Open Dataset (WOD), demonstrating the su-
perior performance of our proposed VoxelTrack.

2 RELATED WORK
2.1 2D Single Object Tracking

In recent years, research in the study of 2D object tracking [9,
12, 22, 50, 57, 60, 67] has become very mature. Most of the track-
ers [23, 24, 50, 57, 67] follow a Siamese-based network. SiamFC [1]
as a pioneering work in the field, introduces a fully-convolution
framework to achieve feature fusion and matching of template and
search areas for object tracking. SiamRPN [25] first introduces a
single-stage region proposal network (RPN) [16] to achieve object
tracking by comparing the similarity between the current frame
features and template features. By using a spatial-aware sampling
strategy, SiamRPN++ [23] further improves the siamese-based net-
work to remove the disturbance factors such as padding. Due to the
extraordinary correlation modeling ability of Transformer [47] and
the proposal of VIT [11], SimViT-Track [5] uses a similar method
to feed templates and search areas into the ViT backbone to pre-
dict the location of targets. After that, many other notable vari-
ants [6, 13, 35, 49, 54] in 2D SOT also achieve the considerable
success. However, it is non-trivial to apply these techniques to 3D
SOT on LiDAR point clouds.

2.2 3D Single Object Tracking

Early 3D single object tracking (SOT) methods [2, 21, 29, 37] pri-
marily operate within the RGB-D domain. While these approaches
offer a promising research direction, RGB-D trackers may falter in
tracking targets when the RGB-D information is compromised by
factors such as lighting conditions or noise. With the advancements
in LiDAR sensor technology, the point cloud domain has emerged as
a pivotal domain for the evolution of 3D SOT, overcoming the afore-
mentioned limitations. Pioneering this shift, SC3D [15] introduces
the first Siamese tracker based solely on point clouds, matching
feature distances between template and search regions while regu-
larizing training through shape completion. Subsequently, P2B [41]
introduces a 3D Region Proposal Network (RPN). Diverging from
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SC3D, P2B adopts an end-to-end framework, employing a VoteNet [38]
to generate a batch of high-quality candidate target boxes. In-
spired by the success of P2B, numerous networks [18, 19, 32, 34,
36, 42, 48, 52, 63, 65] utilizing it as a baseline have been proposed.
OSP2B [34] enhances P2B into a one-stage Siamese tracker by si-
multaneously generating 3D proposals and predicting center-ness
scores. BAT [63] encodes distance information from point-to-box
to augment correlation learning between template and search ar-
eas. PTTR [65], CMT [18], and STNet [20] explore different atten-
tion mechanisms to improve feature propagation. CXTrack [55]
underscores the significance of contextual information on track-
ing performance, designing a target-centric transformer network
to explore such information. MBPTrack [56] employs a memory
mechanism for enhancing aggregation of previous spatial and tem-
poral information. Despite the impressive performance achieved
by these methods, they adhere to the Siamese paradigm, focusing
either on designing intricate modules or incorporating additional
point cloud features. However, owing to the sparse nature of point
clouds, they may lack sufficient texture information for appearance
matching. Fortunately, information pertaining to object motion is
well retained. M?Track introduces a motion-centric paradigm that
explicitly models target motion between successive frames by di-
rectly fusing point clouds from two consecutive frames as input and
utilizing PointNet [39] to predict relative target motion from the
cropped target area. While these point representation-based track-
ing methods have demonstrated superior performance, they may
still face challenges to deal with inherently disordered and sparsity-
inconsistent point clouds. In this paper, we propose VoxelTrack, a
novel voxel representation-based tracking framework.

2.3 Feature Representation on 3D Point Clouds

Presently, 3D perception approaches employing point cloud rep-
resentation are primarily categorized into point-based methods
and voxel-based methods. PointNet [39] and PointNet++[40] have
paved the way for a multitude of vision tasks, including classifi-
cation, segmentation, and detection, to be conducted directly on
raw point cloud data. Building upon the success of these frame-
works, a plethora of point-based representation methods have
emerged[27, 31, 43, 45, 51, 53, 61, 62]. However, such point-based
representation networks encounter inherent challenges. Given the
sparsity and inconsistent density of point clouds, these methods
heavily rely on point sampling and regional point aggregation oper-
ations, which are susceptible to time-consuming and computation-
intensive point-wise feature duplication. On the other hand, voxel-
based representation methods in 3D perception entail partitioning
the input point cloud into a grid of uniformly sized voxels based
on a predefined coordinate system, addressing the irregular data
format issue. VoxelNet [66] lays the groundwork for target de-
tection frameworks and serves as the backbone for numerous 3D
detection methods. Sparse convolution techniques are employed
in SECOND [58] to proficiently learn sparse voxel features from
point clouds. Compared to point-based methods, voxel-based meth-
ods [8, 10, 30, 33] demand fewer memory and computing resources,
rendering them potentially superior choices for point cloud object
tracking task. To the best of our knowledge, VoxelTrack is the first
attempt to utilize a pure voxel representation network for 3D SOT.

Conference acronym 'XX, June 03-05, 2018, Woodstock, NY

3 METHODOLOGY

In this section, we present our proposed VoxelTrack to implement
the 3D SOT task. We first explicitly define the 3D SOT task in
Sec. 3.1, followed by a review of two popular model series using
point-based representation in Sec. 3.2. In Sec. 3.3, we describe our
proposed framework VoxelTrack, consisting of three key compo-
nents: Voxel Division, Multi-level Voxel Representation Learning
and Box Regression. Finally, the implementation of the three com-
ponents are detailed in Sec. 3.4, 3.5 and 3.6, respectively.

3.1 Problem Definition

The task of 3D SOT is defined: In a T-frame sequence of point clouds
{P € RNX3}tT:1, an initial 3D bounding box B1=(x1, y1, z1,w1, h1,
I1, 61) of a specific target is given in the first frame, tracking needs
to accurately localize the target in subsequent frame and predict
bounding boxes {B;=(x;, ys, z¢, wWr, s, It, 0;)}{22 for the tracked
target. The point cloud P € RN*3 is composed of N points. (x, y,
z), (w, h, ) and 0 in bounding box represent the center coordinates,
box size and angle. In the community, it is assumed that the target
size remains constant across all frame. Therefore, only (x, y, z) and
0 are needed to predict for 3D bounding box.

3.2 Revisit Point Representation-based Trackers

P2B series. Existing P2B series trackers crop the point clouds in
the first frame by using the given target box to get template re-
gion PlC "P 'and form search region Pf "P in current t-th frame by
expanding target box predicted in previous (¢ — 1)-th frame. The
template and search region are then delivered into a point repre-
sentation based Siamese network. Following, operations such as
similarity calculations are typically employed to assess the appear-
ance matching degree between mep and mep . The proposals
are generated from search region by offset learning. Finally, the
proposal with the highest confidence is selected to generate track-
ing result. The whole process can be represented by the following
equation:

Fpro(Fmatch (Fp(P1), Fp(Pr))) — (Axe, Ays, Azy, AGy) - (1)

where Fp, Fpq¢cn and Fpro denote the point representation based
backbone, appearance matching network and proposal network.
The output (Ax, Ays, Azs, AG;) is added to (x¢—1, Yr—1, 2r—1, 0r—1)
to yield tracking box (xt, y, z¢, 0¢) in current frame.

M?Track series. Current M2Track do not crop the template region,
it concatenates Ptcialp and Ptc "P into one input P;_1,;. This approach
distinguishes between previous frame target, current frame target
and background points via joint spatial-temporal learning. After-
wards, they leverage a two-stage network to explore motion cue
instead of appearance matching for tracking. A coarse box offset
(Axt,Ays, Az ,AOt)coarse and a fine box offset (Axt,Ayt,Azt,AQ;)ﬁne
are predicted from the two stages, respectively. The whole process
can be represented by the following equation:

Fmotion(Fseg(Fp(Pr—1,t))) — (Axt, Ayz, Azy, AOy) 2

where Fseg and Fotion denote the segmentation network and mo-
tion inference network.
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Figure 2: Overall of our proposed voxel representation based tracking framework VoxelTrack. It consists of voxel division,
multi-level voxel feature learning and box regression components. "CIF” denotes cross-iterative feature fusion module, where
the last one performs single-direction fusion from small voxel (high resolution) branch to large voxel (low resolution) branch.

3.3 Proposed VoxelTrack

Different from the above two series of trackers, our proposed Vox-
elTrack leverages voxel representation for point clouds to perform
tracking and simplify the tracking framework into:

Freg(Fo(Pr-1,t)) = (Axz, Ayr, Azy, AOr) (©)

where F, and Fre4 denote the voxel representation backbone and
box regression network. The overall architecture of our proposed
framework is illustrated in Fig. 2. It consists of three key compo-
nents: voxel division, multi-level voxel representation learning and
box regression. More concretely, we first divide point clouds in
frame ¢ — 1 and t into multi-level voxels and concatenate voxels
in each level. Then, we propose a multi-level voxel representation
learning module to capture 3D spatial information dependencies
for tracked objects. Finally, we directly regress the target box, i.e,,
predict (Ax;, Ay, Az;, AGy) by using a single regression loss.

3.4 Voxel Division.

The previous frame point cloud P;_; and current frame point clouds
P; are first divided into voxels {V;-1,V;} with spatial resolution of
W XLXH:

(i, ) k) = (LﬁJ, LAiLJ, Li]) @)

Where | -] denotes the floor function, (i, j, k) is the voxelized coor-
dinate, (x,y,z) is the original coordinate of the point, A is the voxel
size. Then we concatenate the previous frame V,_; € RW*IXHx3
and the current frame V; € RWXIXHX3 glong the channel dimen-
sion as input V,_1, € RWXLXHX6 Considering that the point
clouds in each frame may be relatively sparse, especially in distant
scenes, we find that the previous pooling and set abstraction op-
erations (involving farthest point sampling and feature forward)
in point-based methods should be improved, preventing 3D spatial
information from being modeled. We therefore introduce a simple
dynamic voxel feature encoder to tackle non-empty voxels after
voxelization. In each voxel, it averages the values of all points and

then reassigns the average value to each point. As a result, the
number of points in each voxel is dynamic and will not be reduced:

N
1
C@erqgel(pi) =N kz:; ijfé%’(}el(Pk) (5)

By leveraging the dynamic voxel feature encoder, all points and
spatial information are well retained without introducing informa-
tion loss, so that VoxelTrack can learn rich features with 3D spatial
information and guide accurate box regression for tracking.

3.5 Dual-Stream Voxel Representation Learning

Dual-stream Encoder. To extract rich spatial information from
voxelized point clouds by making full use of their ordered spatial
structure, we design a dual-stream encoder specifically for the mod-
eling of fine-grained 3D spatial information. As shown in Fig. 3,
we first divide the point clouds into two scales V!479€ and vsmall,

After that, we generate two inputs Vlta_rlg‘; e RWixLixHix6 5nd

Vi’fla’ltl € RWsXLsXHsX6 f41 the dual-stream encoder. Due to the
sparsity of the point cloud, a lot voxels are empty. We then employ
slightly-modified VoxelNext [7] as feature extraction backbone,
which uses 3D sparse convolution layers [17] instead of 3D con-
volution layers to encode voxel features. According to our design,
two different scales of voxel inputs are extracted features by two
similar backbones, respectively to focus on learning multi-scale
features {Féarg ‘ Fﬁma”}i 1- Specifically, our backbone is consisted
of N stages, where the spatial information FI; is down-sampled to
half after each stage. Meanwhile, the number of channels is dou-
bled to enhance the voxel feature representation ability. The scale

transformation for Fiarg ¢ can be formulated as:

WL H
Fi:l-rlge c REXxExExeC _ SpConv(Fiarge c RWXLXHXC) ©6)

where s € {0, 1, 2}, and the scale transformation for Fg’"“” is similar
to Eq. 6.
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Point in Previous Frame Point in Current Frame

Large Voxel Division

Model Input

Small Voxel Division
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| \/> \

Model Input

Figure 3: Illustration of large voxel and small voxel based
inputs for dual-stream encoder. The inputs are denoted by

Vlarge e RWlelelxs and Vsmall e RstLstsxé

t—1, i1t , respectively.

Cross-iterative Feature Fusion. Although the utilization of two
independent branches enables more comprehensive extraction of
various features, the lack of interdependence between these branches
impedes the effective aggregation of features. As one of the most
successful feature aggregation module, the feature pyramid net-
work (FPN) [28] extracts multi-scale semantic information from
different layers of feature through both top-down and bottom-up
feature propagation mechanisms. In contrast, our VoxelTrack aims
at interacting features of the dual streams to enhance the repre-
sentation of 3D spatial information for the tracking task, rather
than fusing features of different stages. Therefore, we develop a
cross-iterative feature fusion (CIF) module, which can iteratively
fuse the features of each stage to enhance the synchronization of
dual-stream features.

As show in Fig. 4, after being encoded by sparse convolution
block of s-th stage, the voxel features Féarg ¢ and F™4 are formed

. . I
in the two branches, respectively. To fuse g™ 7¢ and Fgm“”, we first

align the scale of two feature map groups. For the F¥™4! with high-

resolution, it is down-sampled to the size of Féarg ¢

Pooling. Similarly, we up-sample the Fiarg ¢ with low-resolution by

linear interpolation operation. Compared to using the convolution
layers for sampling, our method is able to better preserve features
of different scale and reduce the consumption of computational
resources. Detailed experiments and analysis can refer to Tab. 6).

by 3D Average
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Figure 4: Illustration of cross-iterative feature fusion. It uti-
lizes a pooling operation to down-sample the large-scale 3D
feature maps within the small voxel branch, which are then
concatenated with the small-scale 3D feature maps of the
large voxel branch. Correspondingly, a linear interpolation
operation is employed to fuse feature from the large voxel
branch to the small voxel branch.

It is important to note that we use only the down-sampling in the
last stage to obtain the output features of the backbone. To make a
better fusion, we then employ convolution layer to further process
features.

3.6 Box Regression

With the obtained encoded features, we convert 3D voxel features
to 2D BEV features FBEV . Thanks to 3D spatial information being
modeled, we directly predict the target position (Ax, Ay, Az, A9)
in a one-stage manner. Specifically, we first aggregate the spatial
information by global max pooling. Then we apply a MLP to derive
the target position. Finally, we leverage a residual log-likelihood
estimation [26] function F to calculate training loss £L:

L = Frie((Dxe, Ayp, Aze, AOy), (Axy, Ayz, Aze, M) (7)

where (Ax;,Ay;,Az; ,A0;) and (Agct, A?Jt, Az, Abt) denote the pre-
diction parameters and label, respectively.

4 EXPERIMENT

4.1 Experimental setting

Implementation Details. For model inputs, we first crop the point
cloud P;_; and P; with a range of [(4.8,-4.8),(4.8,-4.8),(1.5,-1.5)] for
Car category and [(1.92,-1.92),(1.92,-1.92),(1.5,-1.5)] for Pedestrian
category. We then set Wy, L; and Hj to 64, 64 and 10 for large voxel
branch, and set W, Lg and Hs to 128, 128 and 20 for small voxel
branch. The dual-stream encoder is implemented by a series of
sparse convolution blocks [66]. We train our VoxelTrack using a
AdamW optimizer on eight TITAN RTX GPUs, with a batch size
of 128. The initial learning rate is set to 1le-4, which is reduced by
a factor of 5 every 40 epochs. More implementation details can be
found in appendix.

Datasets. To evaluate the performance of our tracking network, we
conducted comprehensive and detailed experiments and analyses
on three large-scale and widely used datasets, including KITTI [14]
, NuScenes [3] and Waymo Open Dataset (WOD) [44]. KITTI con-
sists of 21 training scene sequences and 29 test scenes sequences.
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Table 1: Comparisons with state-of-the-art methods on KITTI dataset [14]. Red and blue denote the best performance and the

second-best performance, respectively. Success / Precision are used for evaluation.

Anon. Submission Id: 930

Car Pedestrian Van Cyeclist Mean
Tracker Source [6.424] [6,088] [1,248] [§08] [14,068] Hardware  Fps
SC3D [15] CVPR’19 41.3/57.9 182/37.8 404/47.0 415/704 31.2/485 | GTX 1080Ti 2
P2B [41] CVPR’20 56.2/72.8 28.7/49.6 40.8/484 32.1/44.7 42.4/60.0 | GTX 1080Ti 40
MLVSNet [52] ICCV’21 56.0/74.0 34.1/61.1 52.0/61.4 34.4/445 457/66.6 | GTX1080Ti 70
BAT [63] ICCV’21 60.5/77.7 42.1/70.1 52.4/67.0 33.7/454 51.2/72.8 RTX 2080 57
PTTR [65] CVPR’22 65.2/774 50.9/81.6 525/61.8 651/905 57.9/782 | TeslaV100 50
V2B [19] NeurIPS’21 | 70.5/81.3 483/735 50.1/58.0 40.8/49.7 58.4/752 | TITANRTX 37
CMT [18] ECCV’22 70.5/819 49.1/755 54.1/64.1 55.1/824 594/77.6 | GTX1080Ti 32
GLT-T [36] AAAT23 68.2/821 524/788 52.6/629 689/921 60.1/79.3 | GTX1080Ti 30
OSP2B [34] JJCAT23 67.5/82.3 53.6/85.1 56.3/66.2 65.6/90.5 60.5/823 | GTX1080Ti 34
STNet [20] ECCV’22 72.1/840 499/77.2 58.0/70.6 73.5/93.7 61.3/80.1 | TITANRTX 35
M?2Track [64] CVPR’22 65.5/80.8 61.5/88.2 53.8/70.7 73.2/935 629/834 | TeslaV100 57
SyncTrack [32] ICCV’23 73.3/850 54.7/80.5 60.3/70.0 73.1/93.8 64.1/81.9 | TITANRTX 45
CorpNet [48] CVPRw’23 | 73.6/84.1 55.6/82.4 58.7/66.5 743/942 64.5/82.0 | TITANRTX 36
CXTrack [55] CVPR’23 69.1/81.6 67.0/915 60.0/71.8 74.2/943 67.5/85.3 RTX 3090 29
VoxelTrack 72.5/847 67.8/926 69.8/83.6 75.1/947 70.4/88.3

Improvement | O | [08/103 108/11.1 195/711.8 108/704 129/130 | L ANRIX 36

Table 2: Comparisons with state-of-the-art methods on Waymo Open Dataset [44].

Vehicle Pedestrian
Tracker Easy Medium Hard Mean Easy Medium Hard Mean Mean [427,483]
[67,832]  [61,252]  [56,647] [185,731] | [85,280] [82,253]  [74,219]  [241,752]

P2B [41] 57.1/654 52.0/60.7 47.9/585 52.6/61.7 | 18.1/30.8 17.8/30.0 17.7/29.3 17.9/30.1 33.0/43.8
BAT [63] 61.0/683 53.3/609 489/57.8 54.7/62.7 | 193/32.6 17.8/29.8 17.2/283 18.2/30.3 34.1/44.4
V2B [19] 64.5/71.5 55.1/632 520/62.0 57.6/659 | 27.9/439 225/36.2 20.1/33.1 23.7/37.9 38.4/50.1
STNet [20] 65.9/72.7 57.5/66.0 54.6/64.7 59.7/68.0 | 29.2/453 24.7/382 22.2/358 255/399 40.4 /52.1
CXTrack [55] 63.9/71.1 54.2/62.7 52.1/63.7 57.1/66.1 | 354/553 29.7/479 26.3/444 30.7/494 42.2/56.7
VoxelTrack 65.4/729 57.6/662 56.2/66.9 600/69.1| 442/66.,5 36.2/57.0 32.5/534 37.9/59.3 47.5/63.6
Improvement | | 0.5/70.2 10.1/702 T1.6/722 103/10.9 | 18.8/1112 165/19.1 162/19.0 172/199 | 153/76.9

Following the previous works, we divide the training sequence into
three subsets, sequences 0-16 for training, 17-18 for validation, and
19-20 for testing. Compared to KITTIL the other two datasets are
larger and contain more challenging scenes. For the NuScenes, it
contains 700/150 scenes for training / testing. For the WOD, it in-
cludes 1121 tracklets that are classified into easy, medium, and hard
subsets based on the sparsity of point clouds. These configurations
adhere to established methods to maintain a fair comparison.
Metrics. We use one pass evaluation (OPE) as an approach to eval-
uate the performance of our model, simultaneously use of both
Success and Precision metrics. Success is calculated by the intersec-
tion over union (IOU) between the ground truth bonding box and
the predicted bounding box. Precision is calculated as the distance
between the centers of the two bounding boxes.

4.2 Comparison with State-of-the-arts

Results on KITTI. We compare the proposed VoxelTrack with
existing point representation-based state-of-the-art methods, and

present a comprehensive analysis towards the performance of these
methods on all categories, including Car, Pedestrian, Van and Cy-
clist. As show in Tab. 1, our VoxelTrack demonstrates predominant
performance across various categories, achieving a mean Success
rate of 70.4% and a mean Precision rate of 88.3% in the KITTI dataset,
respectively. This is due to that voxel-based representation captures
accurate 3D spatial information, which is more suited for disordered
and density-inconsistent point clouds. Compared to point-based
representation based methods P2B [41] and M?Track [64], Voxel-
Track achieves 28.0% and 7.5% performance gains in terms of mean
Success, while running at a real-time speed. In addition, our method
exhibits significant performance advantage compared to recent P2B
series work CXTrack [55]. Note that, VoxelTrack obviously out-
performs the previous best method by in the Van category, which
implies that our method can achieve good performance without
the large dataset training.

Results on WOD. To demonstrate the applicability of our pro-
posed VoxelTrack method, we evaluate the KITTI trained Car and
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Table 3: Comparisons with state-of-the-art methods on NuScenes dataset [3].

Tracker ‘ Car [64,159] Pedestrian [33,227] Truck [13,587] Trailer [3,352] Bus [2,953] ‘ Mean [117,278]
SC3D [15] 22.3/21.9 11.3/12.6 30.6 / 27.7 35.3/28.1 29.3/24.1 20.7 / 20.2
P2B [41] 38.8/43.2 28.4/52.2 43.0/41.6 49.0/40.0 329/274 36.5/45.1
PTT [42] 41.2/45.2 19.3/32.0 50.2/48.6 51.7 / 46.5 39.4/36.7 36.3 /41.7
BAT [63] 40.7 / 43.3 28.8/53.3 45.3/42.6 52.6 /44.9 35.4/28.0 38.1/45.7
GLT-T [36] 48.5/54.3 31.7 / 56.5 52.7/51.4 57.6 / 52.0 44.5/ 40.1 44.4/54.3
PTTR [65] 51.9/58.6 29.9/451 45.3 / 44.7 45.9/38.3 43.1/37.7 44.5/52.1
M?Track [64] 55.8 / 65.1 32.1/60.9 57.4/59.5 57.6 / 58.2 51.4/514 49.2/ 62.7
VoxelTrack 63.9/71.6 46.8 /75.9 64.8 / 65.9 69.5/64.3 60.1/57.7 59.0/71.4
Improvement | 18.1/76.5 114.7 / 115.0 17.4/76.4 T11.9/76.1 18.7/76.3 19.8/18.7

Table 4: Ablation of dual-stream voxel representation. “Sin-
gle” means that only a small voxel branch is used, while
“Dual” denotes the use of dual-stream encode under different
ratios for large and small voxel branches.

Branch ‘ Ratio ‘ Car Pedestrian Van Cyclist
Single | - | 69.1/80.2 635/882 654/767 725/90.1
1.5 71.8/835 673/91.7 681/80.2 73.1/91.4
Dual 20 | 72.5/84.7 67.8/92.6 69.8/83.6 75.1/94.7
2.5 70.9/82.6 654/90.1 68.7/819 74.2/93.6

Table 5: Ablation of CIF module. “S,” denotes n-th stage.

S1 S, S ‘ Car Pedestrian Van Cyclist
v | 70.5/81.8 57.6 / 84.9 66.2/79.4 72.1/91.2
v v | 70.1/81.6 65.0 / 88.7 68.1/81.6 74.5/93.6
v v VvV |725/84.7 67.8/92.6 69.8/83.6 75.1/94.7

Pedestrian model on WOD, following common practice in the com-
munity [19, 55]. We select some representative methods for com-
parison, including CXTrack [55], STNet [20], V2B [19], BAT [63]
and P2B [41]. The experiment results are shown in the Tab. 2. Our
VoxelTrack achieves best performance with a mean Success and
Precision of 47.5% and 63.6%. Compared to existing point representa-
tion base methods, VoxelTrack presents performance improvements
across vehicle and pedestrian categories with varying degrees of
complexity. This is attributed to the higher generalization of voxel
representation compared to point representation to unseen scenes,
proving the potential of the proposed voxel representation-based
tracking framework.

Results on NuScenes. We further explore the various capabilities
of VoxelTrack on the NuScenes dataset. Because NuScenes con-
tains a large number of complex and diverse scenes, it becomes
a more challenging dataset for 3D SOT. We choose the state-of-
the-art trackers that have reported performance on this dataset as
comparisons: SC3D [15], P2B [41], PTT [42], BAT [63], GLT-T [36],
PTTR [65] and M?Track [64]. As show in Tab. 3, our VoxelTrack
demonstrates great performance with the mean Success and Preci-
sion rates of 59.06% and 71.39%. Notably, VoxelTrack exhibits the

Table 6: Ablation of variant design for CIF module.
“Left+Right” represents that “Left” operation is used for up-
sampling and “Right” operation is used for down-sampling,
respectively. “UpConv” and “Lerp” denote transpose convo-
lution and linear interpolation.

Variant ‘ Car Pedestrian Van Cyclist
UpConv + Conv | 71.1/82.8 65.6/90.2 685/81.4 74.8/94.0
UpConv + Pool | 69.4/81.7 66.1/91.2 67.1/80.2 74.6/93.2

Lerp + Conv 68.8/80.3 66.7/92.0 68.1/81.0 743/93.7
Lerp + Pool 72.5/84.7 67.8/92.6 69.8/83.6 75.1/94.7

leading performance in all categories. The results of this experi-
ment demonstrate that our method can accurately and robustly
track objects even in complex scenes.

4.3 Exploration Studies

Effectiveness of Dual-Stream Voxel Representation. The pro-
posed VoxelTrack leverages voxel-based representation to model
spatial information and achieves direct regression of target box. As
reported in Tab. 4, even with single-branch voxel encoding, Voxel-
Track still presents favorable performance, such as 69.1% and 80.2%
values in terms of Success and Precision. When using dual-stream
encoder, performance is further improved. Here, we ablate the ratio
between large and small voxel branches. In fact, both too large
and too small ratios cause some degree of interference in the syn-
chronization between the two-stream features. According to Tab. 4,
when ratio is set 2, VoxelTrack achieves the best performance on
four categories. Therefore, we set ratio to 2 for all experiments if
not specified.

Analysis of CIF Module. To further analyze the influence of
the cross-iterative feature fusion (CIF) module on our proposed
VoxelTrack, we conduct an ablation study on the KITTI dataset.
As reported in Tab. 5, VoxelTrack achieves best performance with
iterative interaction fusion in each stage. This implies that CIF can
effectively enhance the synchronization between the dual-stream
features, thereby exploring fine-grained 3D spatial information
for tracking. When only interacting with the dual-stream features
in the last stage, the performance across different categories is
reduced, notably on the Pedestrian category, by 10.2% and 7.7%
in terms of Success and Precision, respectively. We consider that
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Figure 5: Performance comparison on three types of complex scenes factors. (a) can reflect the robustness to sparse scenes on
the Car category. (b) and (c) can reflect the robustness to various distractors on the Pedestrian category. [m, n] denotes the

number of point cloud sequences and total frames.
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Figure 6: Tracking visualization comparison across four cate-
gories on the KITTI dataset. The bounding box of VoxelTrack

fits the ground truth box better than comparative methods.

when the dual-stream features in previous stages are not fused, the
high-resolution spatial information is distracted, which can lead
to less accurate predictions of yaw angle, thus affecting Success
metric more compared to Precision metric. The reason for the small
impact on Success metric for the Car category is that the yaw angle
of the cars does not change significantly in a point cloud sequence
and is relatively easy to predict.

Variant Design of CIF Module. In our CIF module, the sam-
pling method will affect the synchronization of feature interaction.
As show in Tab. 6, we ablate two commonly used up-sampling
methods and down-sampling methods, respectively. We choose 3D
transposed convolution and 3D linear interpolation as alternatives
for up-sampling methods, 3D convolution and 3D maxpooling for
down-sampling methods. We generate four candidate variants by
permuting and combining them. These variants will be applied to
the CIF module fuse the feature maps extracted by the dual-stream

branches. It can be seen that the combination of 3D linear interpola-
tion and 3D maxpooling achieves the best performance. In contrast
to the convolutional approach, these two methods maintain feature
semantic space, which facilitates the collaborative modeling of 3D
spatial information required for tracking between the dual-stream
features.

Robustness to Sparsity and Distractors. Considering that most
point clouds in real scenes are sparse and contained with distrac-
tors, generally testing the performance on the test dataset may lack
reliability in practical applications. Therefore, it is necessary to
analyze the robustness of model to sparse point clouds and distrac-
tors. Following [41], we divide the Car category dataset into six
sparsity levels, while divide the Pedestrian category dataset into
three inter-class and extra-class distractors levels. As show in Fig. 6,
we compare our VoxelTrack with M®Track [64] and P2B [41]. Voxel-
Track performs better in complex scenes (a), specially for extremely
sparse scenes with fewer than 20 points. For (b) and (c), our method
exhibits consistent performance advantage regardless of how many
interfering objects the scene contains. These all results demonstrate
the potential of the proposed method for practical applications.
Visualization Analysis. In Fig. 5, we show visualization results
on the KITTI dataset. We obtain LiDAR point cloud sequences from
each category, and then compare the ground truth box with three
prediction bounding boxes of P2B, M?Track and VoxelTrack. Our
VoxelTrack can more accurately and robustly track objects across
all categories than comparative methods, intuitively demonstrating
the effectiveness of our proposed framework.

5 CONCLUSION

This paper presents a novel voxel representation based tracking
framework, termed VoxelTrack. The novel framework leverages
voxel representation to explore 3D spatial information to guide
direct box regression for tracking. Moreover, It incorporates a dual-
stream encoder with a cross-iterative feature fusion module to
further model fine-grained 3D spatial information. Through ex-
tensive experiments and analyses, we prove that our proposed
VoxelTrack effectively handles disordered and density-inconsistent
point clouds, thereby exhibiting the state-of-the-art performance
on three published datasets and significantly outperforming the
previous point representation based methods.

871
872
873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927
928



929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971
972
973
974
975
976
977
978
979
980
981
982
983
984
985

986

VoxelTrack: Exploring Voxel Representation for 3D Point Cloud Object Tracking

REFERENCES

(1]

=

[10

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21

[22

Luca Bertinetto, Jack Valmadre, Joao F Henriques, Andrea Vedaldi, and Philip HS
Torr. 2016. Fully-convolutional siamese networks for object tracking. In Computer
Vision-ECCV 2016 Workshops: Amsterdam, The Netherlands, October 8-10 and
15-16, 2016, Proceedings, Part II 14. Springer, 850-865.

Adel Bibi, Tianzhu Zhang, and Bernard Ghanem. 2016. 3D Part-Based Sparse
Tracker with Automatic Synchronization and Registration. In 2016 IEEE Confer-
ence on Computer Vision and Pattern Recognition (CVPR).

Holger Caesar, Varun Bankiti, Alex H Lang, Sourabh Vora, Venice Erin Liong,
Qiang Xu, Anush Krishnan, Yu Pan, Giancarlo Baldan, and Oscar Beijbom. 2020.
nuscenes: A multimodal dataset for autonomous driving. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition. 11621-11631.
Mark Campbell, Magnus Egerstedt, Jonathan P How, and Richard M Murray. 2010.
Autonomous driving in urban environments: approaches, lessons and challenges.
Philosophical Transactions of the Royal Society A: Mathematical, Physical and
Engineering Sciences 368, 1928 (2010), 4649-4672.

Boyu Chen, Peixia Li, Lei Bai, Lei Qiao, Qiuhong Shen, Bo Li, Weihao Gan, Wei
Wu, and Wanli Ouyang. 2022. Backbone is all your need: A simplified architecture
for visual object tracking. In European Conference on Computer Vision. Springer,
375-392.

Xin Chen, Bin Yan, Jiawen Zhu, Dong Wang, Xiaoyun Yang, and Huchuan Lu.
2021. Transformer tracking. In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition. 8126-8135.

Yukang Chen, Jianhui Liu, Xiangyu Zhang, Xiaojuan Qi, and Jiaya Jia. 2023.
Voxelnext: Fully sparse voxelnet for 3d object detection and tracking. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.
21674-21683.

Yilun Chen, Shu Liu, Xiaoyong Shen, and Jiaya Jia. 2019. Fast point r-cnn. In
Proceedings of the IEEE/CVF international conference on computer vision. 9775—
9784.

Sumit Chopra, Raia Hadsell, and Yann LeCun. 2005. Learning a similarity metric
discriminatively, with application to face verification. In 2005 IEEE computer
society conference on computer vision and pattern recognition (CVPR’05), Vol. 1.
IEEE, 539-546.

Shaocong Dong, Lihe Ding, Haiyang Wang, Tingfa Xu, Xinli Xu, Jie Wang, Ziyang
Bian, Ying Wang, and Jianan Li. 2022. Mssvt: Mixed-scale sparse voxel trans-
former for 3d object detection on point clouds. Advances in Neural Information
Processing Systems 35 (2022), 11615-11628.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xi-
aohua Zhai, Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg
Heigold, Sylvain Gelly, et al. 2020. An image is worth 16x16 words: Transformers
for image recognition at scale. arXiv preprint (2020). arXiv:2010.11929

Heng Fan, Liting Lin, Fan Yang, Peng Chu, Ge Deng, Sijia Yu, Hexin Bai, Yong
Xu, Chunyuan Liao, and Haibin Ling. 2019. Lasot: A high-quality benchmark for
large-scale single object tracking. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition. 5374-5383.

Shenyuan Gao, Chunluan Zhou, and Jun Zhang. 2023. Generalized Relation
Modeling for Transformer Tracking. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition. 18686—18695.

Andreas Geiger, Philip Lenz, and Raquel Urtasun. 2012. Are we ready for au-
tonomous driving? the kitti vision benchmark suite. In 2012 IEEE conference on
computer vision and pattern recognition. IEEE, 3354-3361.

Silvio Giancola, Jesus Zarzar, and Bernard Ghanem. 2019. Leveraging shape
completion for 3d siamese tracking. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition. 1359-1368.

Ross Girshick. 2015. Fast r-cnn. In Proceedings of the IEEE international conference
on computer vision. 1440-1448.

Benjamin Graham, Martin Engelcke, and Laurens Van Der Maaten. 2018. 3d
semantic segmentation with submanifold sparse convolutional networks. In
Proceedings of the IEEE conference on computer vision and pattern recognition.
9224-9232.

Zhiyang Guo, Yunyao Mao, Wengang Zhou, Min Wang, and Houqiang Li. 2022.
CMT: Context-Matching-Guided Transformer for 3D Tracking in Point Clouds.
In Computer Vision—ECCV 2022: 17th European Conference, Tel Aviv, Israel, October
23-27, 2022, Proceedings, Part XXII. Springer, 95-111.

Le Hui, Lingpeng Wang, Mingmei Cheng, Jin Xie, and Jian Yang. 2021. 3D Siamese
voxel-to-BEV tracker for sparse point clouds. Advances in Neural Information
Processing Systems 34 (2021), 28714-28727.

Le Hui, Lingpeng Wang, Linghua Tang, Kaihao Lan, Jin Xie, and Jian Yang. 2022.
3d siamese transformer network for single object tracking on point clouds. In
Computer Vision—-ECCV 2022: 17th European Conference, Tel Aviv, Israel, October
23-27, 2022, Proceedings, Part II. Springer, 293-310.

Ugur Kart, Joni-Kristian Kdmaréinen, and Jifi Matas. 2019. How to Make an RGBD
Tracker? 148-161.

Matej Kristan, Jiri Matas, Ales Leonardis, Michael Felsberg, Roman Pflugfelder,
Joni-Kristian Kamarainen, Luka ~Cehovin Zajc, Ondrej Drbohlav, Alan Lukezic,
Amanda Berg, et al. 2019. The seventh visual object tracking vot2019 challenge

[23

[24]

[25]

™
2

[27]

(28]

[29]

@
=

[31

[32

[33

[35

[36

(37

[38

W
29,

[40

[41]

[42

[44

[45

Conference acronym 'XX, June 03-05, 2018, Woodstock, NY

results. In Proceedings of the IEEE/CVF international conference on computer vision
workshops. 0-0.

Bo Li, Wei Wu, Qiang Wang, Fangyi Zhang, Junliang Xing, and Junjie Yan. 2019.
SiamRPN++: Evolution of Siamese Visual Tracking With Very Deep Networks.
In 2019 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR).
Bo Li, Junjie Yan, Wei Wu, Zheng Zhu, and Xiaolin Hu. 2018. High Performance
Visual Tracking with Siamese Region Proposal Network. In 2018 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition. https://doi.org/10.1109/cvpr.
2018.00935

Bo Li, Junjie Yan, Wei Wu, Zheng Zhu, and Xiaolin Hu. 2018. High performance
visual tracking with siamese region proposal network. In Proceedings of the IEEE
conference on computer vision and pattern recognition. 8971-8980.

]iefeng Li, Siyuan Bian, Ailing Zeng, Can Wang, Bo Pang, Wentao Liu, and Cewu
Lu. 2021. Human pose regression with residual log-likelihood estimation. In
Proceedings of the IEEE/CVF international conference on computer vision. 11025~
11034.

Yangyan Li, Rui Bu, Mingchao Sun, Wei Wu, Xinhan Di, and Baoquan Chen. 2018.
Pointcnn: Convolution on x-transformed points. Advances in neural information
processing systems 31 (2018).

Tsung-Yi Lin, Piotr Dollar, Ross Girshick, Kaiming He, Bharath Hariharan, and
Serge Belongie. 2017. Feature pyramid networks for object detection. In Proceed-
ings of the IEEE conference on computer vision and pattern recognition. 2117-2125.
Ye Liu, Xiao-Yuan Jing, Jianhui Nie, Hao Gao, Jun Liu, and Guo-Ping Jiang. 2019.
Context-Aware Three-Dimensional Mean-Shift With Occlusion Handling for
Robust Object Tracking in RGB-D Videos. IEEE Transactions on Multimedia (Mar
2019), 664-677. https://doi.org/10.1109/tmm.2018.2863604

Zhijian Liu, Haotian Tang, Yujun Lin, and Song Han. 2019. Point-voxel cnn for
efficient 3d deep learning. Advances in neural information processing systems 32
(2019).

Dening Lu, Qian Xie, Minggiang Wei, Linlin Xu, and Jonathan Li. 2022. Trans-
formers in 3d point clouds: A survey. arXiv preprint arXiv:2205.07417 (2022).
Teli Ma, Mengmeng Wang, Jimin Xiao, Huifeng Wu, and Yong Liu. 2023. Synchro-
nize Feature Extracting and Matching: A Single Branch Framework for 3D Object
Tracking. In Proceedings of the IEEE/CVF International Conference on Computer
Vision. 9953-9963.

Jiageng Mao, Yujing Xue, Minzhe Niu, Haoyue Bai, Jiashi Feng, Xiaodan Liang,
Hang Xu, and Chunjing Xu. 2021. Voxel transformer for 3d object detection. In
Proceedings of the IEEE/CVF international conference on computer vision. 3164
3173.

Jiahao Nie, Zhiwei He, Yuxiang Yang, Zhengyi Bao, Mingyu Gao, and Jing Zhang.
2023. OSP2B: One-Stage Point-to-Box Network for 3D Siamese Tracking. arXiv
preprint (2023). arXiv:2304.11584

Jiahao Nie, Zhiwei He, Yuxiang Yang, Mingyu Gao, and Zhekang Dong. 2022.
Learning Localization-aware Target Confidence for Siamese Visual Tracking.
IEEE Transactions on Multimedia (2022).

Jiahao Nie, Zhiwei He, Yuxiang Yang, Mingyu Gao, and Jing Zhang. 2023. GLT-T:
Global-Local Transformer Voting for 3D Single Object Tracking in Point Clouds.
In Proceedings of the AAAI Conference on Artificial Intelligence. 1957-1965.
Alessandro Pieropan, Niklas Bergstrom, Masatoshi Ishikawa, and Hedvig Kjell-
strom. 2015. Robust 3D tracking of unknown objects. In 2015 IEEE International
Conference on Robotics and Automation (ICRA).

Charles R Qi, Or Litany, Kaiming He, and Leonidas J Guibas. 2019. Deep hough
voting for 3d object detection in point clouds. In proceedings of the IEEE/CVF
International Conference on Computer Vision. 9277-9286.

Charles R Qi, Hao Su, Kaichun Mo, and Leonidas J Guibas. 2017. Pointnet: Deep
learning on point sets for 3d classification and segmentation. In Proceedings of
the IEEE conference on computer vision and pattern recognition. 652—-660.
Charles Ruizhongtai Qi, Li Yi, Hao Su, and Leonidas ] Guibas. 2017. Pointnet++:
Deep hierarchical feature learning on point sets in a metric space. Advances in
neural information processing systems 30 (2017).

Haozhe Qi, Chen Feng, Zhiguo Cao, Feng Zhao, and Yang Xiao. 2020. P2b:
Point-to-box network for 3d object tracking in point clouds. In Proceedings of
the IEEE/CVF conference on computer vision and pattern recognition. 6329-6338.
Jiayao Shan, Sifan Zhou, Zheng Fang, and Yubo Cui. 2021. Ptt: Point-track-
transformer module for 3d single object tracking in point clouds. In 2021 IEEE/RST
International Conference on Intelligent Robots and Systems (IROS). IEEE, 1310
1316.

Hang Su, Varun Jampani, Deqing Sun, Subhransu Maji, Evangelos Kalogerakis,
Ming-Hsuan Yang, and Jan Kautz. 2018. Splatnet: Sparse lattice networks for
point cloud processing. In Proceedings of the IEEE conference on computer vision
and pattern recognition. 2530-2539.

Pei Sun, Henrik Kretzschmar, Xerxes Dotiwalla, Aurelien Chouard, Vijaysai
Patnaik, Paul Tsui, James Guo, Yin Zhou, Yuning Chai, Benjamin Caine, et al.
2020. Scalability in perception for autonomous driving: Waymo open dataset. In
Proceedings of the IEEE/CVF conference on computer vision and pattern recognition.
2446-2454.

Hugues Thomas, Charles R Qi, Jean-Emmanuel Deschaud, Beatriz Marcotegui,
Frangois Goulette, and Leonidas J Guibas. 2019. Kpconv: Flexible and deformable

987

988

989

990

991

992

993

994

995

996

997

998

999

1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043

1044


https://arxiv.org/abs/2010.11929
https://doi.org/10.1109/cvpr.2018.00935
https://doi.org/10.1109/cvpr.2018.00935
https://doi.org/10.1109/tmm.2018.2863604
https://arxiv.org/abs/2304.11584

1045
1046
1047
1048
1049
1050

1051

1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101

1102

Conference acronym 'XX, June 03-05, 2018, Woodstock, NY

[46]

[47]

[48]

[49]

[50]

[51]

[52

[53]

[54

[56]

convolution for point clouds. In Proceedings of the IEEE/CVF international confer-
ence on computer vision. 6411-6420.

Simen Thys, Wiebe Van Ranst, and Toon Goedeme. 2019. Fooling Automated
Surveillance Cameras: Adversarial Patches to Attack Person Detection. In 2019
IEEE/CVF Conference on Computer Vision and Pattern Recognition Workshops
(CVPRW). https://doi.org/10.1109/cvprw.2019.00012

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones,
AidanN. Gomez, Lukasz Kaiser, and Illia Polosukhin. 2017. Attention is All
you Need. Neural Information Processing Systems,Neural Information Processing
Systems (Jun 2017).

Mengmeng Wang, Teli Ma, Xingxing Zuo, Jiajun Lv, and Yong Liu. 2023. Cor-
relation Pyramid Network for 3D Single Object Tracking. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition. 3215-3224.
Ning Wang, Wengang Zhou, Jie Wang, and Houqiang Li. 2021. Transformer meets
tracker: Exploiting temporal context for robust visual tracking. In Proceedings of
the IEEE/CVF conference on computer vision and pattern recognition. 1571-1580.
Qiang Wang, Li Zhang, Luca Bertinetto, Weiming Hu, and Philip H.S. Torr. 2019.
Fast Online Object Tracking and Segmentation: A Unifying Approach. In 2019
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR).

Yue Wang, Yongbin Sun, Ziwei Liu, Sanjay E Sarma, Michael M Bronstein, and
Justin M Solomon. 2019. Dynamic graph cnn for learning on point clouds. ACM
Transactions on Graphics (tog) 38, 5 (2019), 1-12.

Zhoutao Wang, Qian Xie, Yu-Kun Lai, Jing Wu, Kun Long, and Jun Wang. 2021.
Mlvsnet: Multi-level voting siamese network for 3d visual tracking. In Proceedings
of the IEEE/CVF International Conference on Computer Vision. 3101-3110.
Wenxuan Wu, Zhongang Qi, and Li Fuxin. 2019. Pointconv: Deep convolutional
networks on 3d point clouds. In Proceedings of the IEEE/CVF Conference on
computer vision and pattern recognition. 9621-9630.

Fei Xie, Chunyu Wang, Guangting Wang, Yue Cao, Wankou Yang, and Wenjun
Zeng. 2022. Correlation-Aware Deep Tracking. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR). 8751-8760.
Tian-Xing Xu, Yuan-Chen Guo, Yu-Kun Lai, and Song-Hai Zhang. 2023. CXTrack:
Improving 3D Point Cloud Tracking With Contextual Information. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR).
1084-1093.

Tian-Xing Xu, Yuan-Chen Guo, Yu-Kun Lai, and Song-Hai Zhang. 2023. MBP-
Track: Improving 3D Point Cloud Tracking with Memory Networks and Box
Priors. arXiv preprint arXiv:2303.05071 (2023).

10

[57

(58]

[59]

[60

[61

(62]

(63

[64

[65]

[66]

[67]

Anon. Submission Id: 930

Yinda Xu, Zeyu Wang, Zuoxin Li, Ye Yuan, and Gang Yu. 2020. SiamFC++:
Towards Robust and Accurate Visual Tracking with Target Estimation Guide-
lines. Proceedings of the AAAI Conference on Artificial Intelligence (Jun 2020),
12549-12556.

Yan Yan, Yuxing Mao, and Bo Li. 2018. Second: Sparsely embedded convolutional
detection. Sensors 18, 10 (2018), 3337.

Tianwei Yin, Xingyi Zhou, and Philipp Krahenbuhl. 2021. Center-based 3D
Object Detection and Tracking. In 2021 IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR).

Zhipeng Zhang, Houwen Peng, Jianlong Fu, Bing Li, and Weiming Hu. 2020.
Ocean: Object-aware anchor-free tracking. In Computer Vision—ECCV 2020: 16th
European Conference, Glasgow, UK, August 23-28, 2020, Proceedings, Part XXI 16.
Springer, 771-787.

Hengshuang Zhao, Li Jiang, Chi-Wing Fu, and Jiaya Jia. 2019. Pointweb: Enhanc-
ing local neighborhood features for point cloud processing. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition. 5565-5573.
Hengshuang Zhao, Li Jiang, Jiaya Jia, Philip HS Torr, and Vladlen Koltun. 2021.
Point transformer. In Proceedings of the IEEE/CVF international conference on
computer vision. 16259-16268.

Chaoda Zheng, Xu Yan, Jiantao Gao, Weibing Zhao, Wei Zhang, Zhen Li, and
Shuguang Cui. 2021. Box-aware feature enhancement for single object tracking
on point clouds. In Proceedings of the IEEE/CVF International Conference on
Computer Vision. 13199-13208.

Chaoda Zheng, Xu Yan, Haiming Zhang, Baoyuan Wang, Shenghui Cheng,
Shuguang Cui, and Zhen Li. 2022. Beyond 3d siamese tracking: A motion-
centric paradigm for 3d single object tracking in point clouds. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 8111-8120.
Changqing Zhou, Zhipeng Luo, Yueru Luo, Tianrui Liu, Liang Pan, Zhongang Cai,
Haiyu Zhao, and Shijian Lu. 2022. Pttr: Relational 3d point cloud object tracking
with transformer. In Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition. 8531-8540.

Yin Zhou and Oncel Tuzel. 2018. Voxelnet: End-to-end learning for point cloud
based 3d object detection. In Proceedings of the IEEE conference on computer vision
and pattern recognition. 4490-4499.

Zheng Zhu, Qiang Wang, Bo Li, Wei Wu, Junjie Yan, and Weiming Hu. 2018.
Distractor-aware Siamese Networks for Visual Object Tracking. 103-119.

Received 20 February 2007; revised 12 March 2009; accepted 5 June 2009

1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159

1160


https://doi.org/10.1109/cvprw.2019.00012

	Abstract
	1 Introduction
	2 Related Work
	2.1 2D Single Object Tracking
	2.2 3D Single Object Tracking
	2.3 Feature Representation on 3D Point Clouds

	3 Methodology
	3.1 Problem Definition
	3.2 Revisit Point Representation-based Trackers
	3.3 Proposed VoxelTrack
	3.4 Voxel Division.
	3.5 Dual-Stream Voxel Representation Learning
	3.6 Box Regression

	4 Experiment
	4.1 Experimental setting
	4.2 Comparison with State-of-the-arts
	4.3 Exploration Studies

	5 Conclusion
	References

