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Figure 1. Demonstration of a few sequence samples from our GSOT3D. Each sequence is offered with multiple modalities, including point
cloud, RGB image, and depth, supporting different 3D SOT tasks. Best viewed in color and by zooming in for all figures in the paper.

Abstract

In this paper, we present a novel benchmark, GSOT3D, that
aims at facilitating development of generic 3D single object
tracking (SOT) in the wild. Specifically, GSOT3D offers 620
sequences with 123K frames, and covers a wide selection of
54 object categories. Each sequence is offered with multiple
modalities, including the point cloud (PC), RGB image, and
depth. This allows GSOT3D to support various 3D tracking
tasks, such as single-modal 3D SOT on PC and multi-modal
3D SOT on RGB-PC or RGB-D, and thus greatly broadens
research directions for 3D object tracking. To provide high-
quality per-frame 3D annotations, all sequences are labeled
manually with multiple rounds of meticulous inspection and
refinement. To our best knowledge, GSOT3D is the largest
benchmark dedicated to various generic 3D object tracking
tasks. To understand how existing 3D trackers perform and
to provide comparisons for future research on GSOT3D, we
assess eight representative point cloud-based tracking mod-
els. Our evaluation results exhibit that these models heavily
degrade on GSOT3D, and more efforts are required for ro-
bust and generic 3D object tracking. Besides, to encourage
future research, we present a simple yet effective generic 3D
tracker, named PROT3D, that localizes the target object via
a progressive spatial-temporal network and outperforms all
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current solutions by a large margin. By releasing GSOT3D,
we expect to advance further 3D tracking in future research
and applications. Our benchmark and model as well as the
evaluation results will be publicly released at our webpage
https://github.com/ailovejinx/GSOT3D.

1. Introduction

As one of the most crucial problems in 3D computer vision,
3D single object tracking (SOT) aims to localize the desired
target with a sequence of 3D bounding boxes, given its state
in the first frame. Due to its key roles in many applications,
such as intelligent vehicles, mobile robotics, navigation, etc,
3D object tracking has gained extensive attention in the past
decade with many models proposed (e.g., [2, 3, 12, 28, 39]).

Current research mainly focuses on the point cloud (PC)-
based 3D tracking. Relying on popular autonomous driving
benchmarks (e.g., KITTI [11] and NuScenes [5]), numer-
ous deep 3D trackers have been proposed and demonstrated
state-of-the-art results (e.g., [25, 34, 36, 37]). Despite such
progress, further development of generic 3D SOT is heav-
ily restricted by currently adopted benchmarks due to sev-
eral reasons: (1) limited object classes. To achieve general
tracking capacity, a 3D tracker is expected to learn with se-
quences from a large set of categories during training. How-
ever, existing datasets for 3D SOT (e.g., [5, 11]), specially
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designed for autonomous driving, comprise very few avail-
able categories (e.g., 8 in [11] and 23 in [5]) for tracking,
making them inadequate for designing generic 3D track-
ers. (2) constrained scenarios. In applications, a general
tracker should be able to localize the target object under var-
ious scenarios, which requires it to be trained and assessed
with sequences collected from diverse environments. Yet
current datasets, due to their own specific aims, only of-
fer sequences from the traffic scenario and thus are unsuiz-
able for general tracking. (3) restricted degrees of freedom
(DoF). For generic 3D tracking, a tracker needs to handle
objects with arbitrary pose and size, often described with
9DoF consisting of 6D pose and 3D size. Nonetheless, cur-
rently used datasets [5, 11] comprise only targets of 7DoF,
including 4D pose and 3D size, and thus are undesirable for
developing general trackers locating arbitrary-pose objects.

It is worth noting that, besides the PC-based 3D SOT, the
above autonomous driving datasets (e.g., [5, 11]) can also
be used for developing multi-modal, i.e., RGB-PC, tracking
by integrating point clouds and RGB images. Nevertheless,
the aforementioned issues still exist, and therefore, limit the
further development of generic 3D object tracking.

In addition to PC-based single- or multi-modal solutions,
another direction that is more affordable is to leverage RGB
and depth information for 3D tracking. For such a goal, are-
cent dataset [38] has been introduced by collecting RGB-D
sequences from diverse categories and annotating each one
with 9DoF 3D boxes. However, it is limited by its relatively
small scale. In order to effectively train and reliably assess
deep 3D trackers, it is desirable to have plenty of sequences
in a dataset. Nonetheless in [38], there is a total of only 300
sequences with 36K frames, which might be insufficient for
large-scale learning and evaluation of deep 3D trackers.

Contributions. To alleviate limitations in existing 3D SOT
benchmarks and offer a versatile platform for 3D tracking,
we introduce a high-quality benchmark, GSOT3D, which is
dedicated to diverse generic 3D object tracking.
Specifically, our GSOT3D consists of 620 sequences and
provides more than 123K frames in total. In order to ensure
the diversity of GSOT3D, these sequences are carefully col-
lected from a wide selection of 54 object classes from vari-
ous environments. For each sequence in GSOT3D, multiple
modalities, including the point cloud (PC), RGB image, and
depth, are offered using different sensors (see examples in
Fig. 1). This allows GSOT3D to support different 3D track-
ing tasks, comprising the single-modal 3D SOT on PC and
multi-modal 3D SOT on RGB-PC or RGB-D, and therefore
broadens the research directions in 3D tracking. For precise
dense annotations, all the sequences in GSOT3D are manu-
ally labeled using 9DoF 3D bounding boxes with multiple
rounds of inspection and refinement. To our best knowl-
edge, GSOT3D is, to date, the largest benchmark dedicated
to generic 3D object tracking. Besides, it is the first bench-

mark, to date, that simultaneously supports different single-
and multi-modal 3D SOT tasks.

Compared with existing benchmarks (e.g., [5, 11]) with
a few object classes for 3D SOT on PC and RGB-PC in traf-
fic scene, GSOT3D is more diverse by containing 54 cate-
gories and various scenarios, making it more favorable for
generic 3D tracking. Moreover, compared to [38] consisting
of 300 sequences with 36K frames for RGB-D 3D tracking,
GSOT3D is larger by providing 620 sequences (2x larger)
with 123K frames (3 x larger), and hence more desirable for
large-scale learning and evaluation of deep 3D tracking.

In order to understand how existing 3D trackers perform
and to provide comparisons for future research, we assess 8
representative PC-based tracking methods. Please note that,
compared to 2D generic object tracking, there are not many
open-sourced 3D trackers and most methods are PC-based.
For this reason, we finally include 8 PC-based trackers, that
are representative and provide executable implementations,
for evaluation. Our evaluation reveals that, not surprisingly,
all current models degrade severely on the more challeng-
ing GSOT3D, which demonstrates the difficulty in achiev-
ing generic 3D tracking in the real-world, and more efforts
are needed for future improvements.

Moreover, to facilitate research on GSOT3D, we present
a simple but effective generic 3D tracker, dubbed PROT3D,
for class-agnostic 3D tracking on point clouds. The core of
PROT3D is a progressive spatial-temporal architecture con-
taining multiple stages. In each stage, target localization is
performed by spatial-temporal matching with Transformer,
and the result is applied to refine search region feature. The
refined search region feature from one stage is forwarded to
next stage for further improvements, and tracking result is
generated after the final stage. This way, PROT3D gradu-
ally learns more discriminative features via progressive fea-
ture refinement, making it capable of handling more com-
plex scenarios for generic tracking. It is worth noticing, un-
like current trackers predicting a 7DoF box, our PROT3D
produces a 9DoF box for more precise tracking. Despite
its simplicity, PROT3D outperforms all other methods, and
expects to provide a reference for future research.

In summary, our contributions are as follows: # We pro-
pose a new benchmark GSOT3D comprising 620 sequences
with more than 123K frames to facilitate 3D object tracking;
¥ GSOT3D provides multiple modalities to each sequence,
making it a versatile platform for various research directions
in 3D tracking; % We evaluate eight representative trackers
to understand their performance and to offer comparisons to
future research; ¢ We present a simple yet effective tracker,
PROT3D, to encourage future research on GSOT3D.

2. Related Work

Benchmarks for 3D Single Object Tracking. Datasets are
crucial for 3D single object tracking by providing platforms



Table 1. Detailed comparison of our GSOT3D with existing 3D SOT benchmarks. O: Outdoor, I: Indoor, PC: Point cloud, D: Depth. Please
notice that, we gray KITTI and NuScenes, as they are not specifically developed for 3D single object tracking. §: Based on the information
provided in the original paper [38], there are 44 object categories in total in Track-it-in-3D.

Total Total Avg. Object Data Modality 3D SOT Task on
Benchmark Where .
Sequences Frames Length Classes Scenarios RGB PC Depth PC RGB-PC RGB-D
KITTI[11] CVPR’2012 21 15K 8 0] 4 v X v v X
NuScenes [5] CVPR’2020 1,000 40K 23 ) v v X v 4 X
Track-it-in-3D [38] ECCV’2022 300 36K 120 449 1& 0O v X 4 X X v
GSOT3D (ours) - 620 123K 198 54 1& O v v v v v v

for training and assessment. Currently, the popular datasets,
particularly for 3D tracking on point cloud, are mainly bor-
rowed from the autonomous driving benchmarks, including
KITTI [11] and NuScenes [5]. Specifically, KITTI com-
prises 21 sequences with 15K frames, and each one is of-
fered with point clouds and RGB images. Similar to KITTI
but with a larger size, NuScenes comprises 1,000 sequences
with 40K frames. Since KITTI and NuScenes are originally
designed for autonomous driving, they usually need appro-
priate conversions before being used for 3D SOT. Besides
KITTT and NuScenes for point cloud-related 3D SOT, the
work of [38] recently proposes a new benchmark, named
Track-it-in-3D, dedicated to RGB-D-based 3D object track-
ing. It contains 300 sequences with 36K frames, collected
from 44 classes. Each sequence is annotated with 9DoF 3D
boxes for more precise generic 3D object tracking.

Despite the above benchmarks, the further development
of 3D SOT remains constrained by the limitations discussed
earlier, which motivates our GSOT3D in this work, a versa-
tile dataset dedicated to different generic 3D tracking tasks.
Tab. 1 compares our GSOT3D with other datasets in detail.

3D Object Tracking Algorithms. 3D tracking has received
extensive attention in the past decade. Most recent research
focuses on point cloud-based 3D object tracking. The semi-
nal work of [12] adopts a Siamese network that explores the
shape completion for 3D tracking on point clouds. In order
to improve the efficiency and enhance the performance, the
work of [28] introduces an end-to-end framework that inte-
grates target proposal and verification for 3D tracking. The
method of [39] leverages prior information from the target
box to enhance features for improvement. The work of [40]
explores the motion cues from a sequence for 3D tracking,
displaying promising results. The method of [15] proposes
to improve tracking performance on sparse point clouds by
learning shape-aware features and localizing the target from
the dense bird’s eye view (BEV) feature maps, boosting the
tracking results. More recently, inspired by [30], the Trans-
former has been extensively used for 3D tracking, showing
excellent results [13, 16, 23, 25, 29, 33, 34, 36, 37, 41].
Besides 3D tracking on point clouds, another direction
is to leverage RGB and depth information for 3D SOT. The
work of [3] introduces a part-based 3D tracker using sparse
learning. In [38], a Siamese network is proposed to fuse the

RGB and depth information for RGB-D 3D tracking.

Generic 2D Tracking Datasets. Our GSOT3D in this work
is inspired, to some extent, by existing generic 2D tracking
datasets. Early datasets, such as [10, 18-20, 24, 35], mainly
aim at evaluating and comparing the tracking performance,
and are usually small-scale. Later, to facilitate development
of generic tracking in deep learning era, several large-scale
tracking datasets (e.g., [8, 14, 24, 27, 31]) have been devel-
oped by offering abundant videos. Particularly, these large
benchmarks often include a diverse selection of categories,
well enhancing the generalization ability of deep trackers.

Sharing a similar goal with current large-scale 2D track-
ing benchmarks, GSOT3D aims at providing sufficient se-
quences from rich classes for generic 3D tracking. It is wor-
thy to note that, compared to current large-scale 2D tracking
benchmarks (e.g., [8, 14, 24, 27, 31]) with over a thousand
or tens of thousands videos, GSOT3D is relatively smaller
due to the extreme difficulty in collecting sequences and an-
notating them using the 9DoF bounding boxes. That being
said, GSOT3D to date is still the largest dataset that is ded-
icated to generic 3D single object tracking.

3. The Proposed GSOT3D Benchmark

3.1. Construction Principle

GSOT3D aims at serving as a versatile platform to facilitate
different 3D tracking tasks with sufficient sequences and
rich classes as well as high-quality annotations. To this end,
we follow several principles when constructing GSOT3D:

* Rich Object Class. To achieve generic tracking, it is desir-
able to encompass diverse object categories in both train-
ing and evaluation. For this purpose, the new benchmark
is expected to cover at least 50 categories, including com-
mon targets suitable for 3D tracking in our daily life.

* Different 3D Tracking Tasks. To broaden research direc-
tions in 3D SOT, multiple modalities should be provided
for the sequences, allowing researchers to flexibly explore
various 3D tracking tasks using different input types (sin-
gle or multiple modalities) based on their specific needs.

» Appropriate Scale. To effectively train and evaluate deep
trackers, sufficient sequences are needed for a benchmark.
Considering the difficulty in collecting and labeling data
for 3D tracking, we hope to gather at least 600 sequences



bu
electro-tricycle

car
bicycle

motorbike
electric bike

doll

toy transportation
alloon

frisbee

(a) 10 meta and 54 fine object classes in GSOT3D

melon

instant noodles
mineral water

table

computer case

stool
chair
printer
sink

d
101010 10 10

66666666

&

(b) The number of sequences in each (fine) object class

Figure 2. [llustration of category organization in GSOT3D (image (a)) and its distribution of sequence number in each classes (image (b)).

with over 100K frames in the new benchmark.

* Precise Annotation. Precise annotation is important for a
dataset. Thus, we manually label every frame in GSOT3D
using more precise 9DoF 3D boxes, and carefully inspect
and refine the annotations to ensure high quality.

3.2. Data Acquisition.

Data Acquisition Platform. To collect data for GSOT3D,
we build a mobile robotic platform based on the popular
Clearpath Husky A200, and equip it with multiple sensors,
including a 64-beam LiDAR, a depth camera, and an RGB
camera. All these sensors have been calibrated and syn-
chronized, and the system allows for stably outputting point
clouds and (RGB and depth) images synchronized at 10 or
20 frames per second (fps). In this work, we choose 20 fps,
because this provides more dense temporal information. For
more details and a picture of our platform, please kindly re-
fer to our supplementary material due to space limitation.

Collection of Sequences. Different from current 2D track-
ing datasets that source videos from Internet, we record se-
quences using our mobile robot from diverse natural scenar-
ios such as street, park, office, house, hall, etc. To start with,
we first determine meta classes of GSOT3D that are suitable
for 3D tracking. Please note, some classes that are common
in 2D tracking, such as fish and bird, are not suitable for 3D
tracking due to difficulty in data collection and annotation.
In GSOT3D, we select 10 meta classes, including furniture,
human, vehicle, household item, office supply, food, animal,
sport equipment, toy, and misc. Under each meta category,
we further choose 54 fine classes. Fig. 2 (a) shows 10 meta
and 54 fine categories in GSOT3D, and (b) the distribution
of the number of sequences in each fine category.

After determining the categories, we use our mobile plat-
form to record sequences. To ensure the recorded sequences
are suitable for 3D tracking, we invite several experts (stu-
dents who work on 2D and 3D tracking) for data collection.
Afterwards, each sequence is inspected by the expert group

and inappropriate parts or intuitable sequences are removed.
Finally, we compile a new benchmark which is dedicated to
3D SOT by comprising 620 multi-modal (i.e., RGB image,
point cloud, and depth) sequences with over 123K frames
from 54 object classes. The average sequence length of our
GSOT3D is 198. Compared to the recent dataset [38] con-
taining 300 sequences for RGB-D 3D SOT, GSOT3D is 2 x
larger in size by including 620 sequences. A detailed com-
parison of GSOT3D with other datasets is in Tab. 1.

3.3. Annotation

To ensure high quality of annotations in GSOT3D, we man-
ually label each frame. Specifically, for each frame, we an-
notate the target with the tightest 9DoF 3D box to cover its
any visible part if it shows up; otherwise an absence label,
either full occlusion or out-of-view, is assigned to the frame.
similar to the strategy as in 2D tracking datasets [8, 9].

With the above strategy, we compile an annotation team,
composed of several experts and a qualified labeling group,
and use a multi-step mechanism for annotation. In the first
step, the experts label the initial target in each sequence, and
volunteers start to work on annotating the sequences. Then,
in the second step, the experts work to verify the complected
annotations in the first step. If the annotation is not unani-
mously agreed by the experts, it is sent back to the original
annotator for refinement in the third step. During the whole
annotation process, the verification and refinement from the
second and third steps are repeated for multiple rounds until
all annotations pass the verification, which ensures the high
quality of our annotations. Fig. 1 displays several examples
of our annotation in GSOT3D. Due to the limited space, we
include the details about annotation tool, reliability analy-
sis, and more statistics in the supplementary material.

3.4. Attributes

In order to enable in-depth analysis, we annotate sequences
in GSOT3D with 7 attributes, comprising invisibility INV),
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Table 2. Comparison of training and test sets of GSOT3D.

Total Total Ave. Object

Sequences Frames Frames Classes
GSOT3Dr, 435 83,950 193 54
GSOT3Dry 185 39,740 215 54

which is assigned when the target is partially or fully invisi-
ble due to occlusion and/or out of view, deformation (DEF),
which is assigned when the target is deformable, fast motion
(FM), which is assigned when target moves larger than half
size of its bounding box, rotation (ROT), which is assigned
when target rotates in the view, scale variation (SV), which
is assigned when the ratio of the 3D box is beyond [0.75,
1.5], Similar Distractors (SD), whish is assigned when there
exist similar targets in the view, and Sparsity (SPA), which
is assigned when target information (point cloud or appear-
ance) is sparse, i.e., the target region contains less than 50
points on PC or 1,000 pixels on RGB or depth. For each se-
quence, a 7D binary vector is used to indicate the presence
of an attribute: “1” for presence, and “0” otherwise.

Fig. 3 demonstrates the distribution of attributes. We can
see that the most common attribute is INV, which may cause
severe feature degradation for tracking. Besides, SPA and
ROT frequently happen in sequences. We also notice, there
are a few sequences involved with DEF, as some targets be-
longing to the human and animal meta classes are non-rigid,
making the localization of them more challenging.

3.5. Dataset Split, Evaluation Protocol, and Tasks

Dataset Split. Our GSOT3D includes 620 multi-modal se-
quences, and we adopt the 70/30 principle to generate train-
ing and test splits. In specific, 435 sequences are utilized in
the training set named GSOT3Dry,, and the rest 185 for test
set dubbed GSOT3Dr. Both GSOT3Dry, and GSOT3Dry,
contain all the 54 object categories. In the dataset split, we
try our best to make the distributions of these two sets close
to each other. Tab. 2 displays the comparison of GSOT3Dry,
and GSOT3Dryy;, and the detailed splits will be released on
our project paper together with our data and other materials.

Evaluation Protocol. Inspired by [14], we leverage mean
Average Overlap (mAQ) and mean Success Rate (mSR) for
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Figure 4. Illustration of different 3D SOT tasks on GOST3D.

evaluation. mAO is computed by averaging the class-wise
overlaps, i.e., 3D Intersection over Union (or 3D IoU), be-
tween all tracking results and the groundtruth, while mSR
measures class-wise percent of successful frames in which
3D IoU is larger than a threshold (e.g., 0.5 or 0.75). The de-
tails of how to compute mAO and mSR as well as 3D IoU
for different cases (non-symmetric and symmetric objects)
can been seen in the supplementary material.

Please notice here, we do not utilize the precision metric
as in previous studies for evaluation, because the precision,
that measures the center points between tracking results and
groundtruth, cannot assess the accuracy regarding the target
size and angle for the 9DoF 3D bounding boxes.

3D SOT Tasks. GSOT3D consists of sequences of multiple
modalities, comprising point cloud, RGB image, and depth.
This allows research on various 3D tracking tasks, including
the single-modal 3D SOT on point cloud (PC) 3D-SOTpc,
and multi-modal 3D SOT on RGB-PC (3D-SOTggg-pc) and
3D SOT on RGB-D (3D-SOTRg.p)-

Given the initial 3D target box, 3D-SOTpc aims to locate
the target on the point clouds (see Fig. 4 (a)), 3D-SOTrgg-pc
localizes target object with point clouds and RGB images
(see Fig. 4 (b)), aiming to enhance the 3D tracking through
appearance, and 3D-SOTgrgg-p focuses on localizing the tar-
get using RGB and depth images (see Fig. 4 (c)), providing
a more cost-effective solution for 3D tracking. Due to lim-
ited space, please refer to our supplementary material for
the detailed formulation of these tasks.

For all tasks, except for used modalities, the dataset split
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Figure 5. Architecture of the proposed PROT3D.

and evaluation metric are the same. Please note, since there
are very few trackers for 3D-SOTgrgg.pc and 3D-SOTrgg.p,
we primarily focus on 3D-SOTpc in later baseline design
and experiments due to more available trackers, and leave
the study on SOTgrgp.pc and 3D-SOTgrgpp to future work.

4. The Proposed PROT3D

We present a simple yet effective tracker, PROT3D, for 3D-
SOTpc, as there are more available trackers for SOTpc, and
we will explore 3D-SOTrgp.pc and 3D-SOTggg.p in the fu-
ture. The key is to progressively refine search region feature
with multiple cascaded stages, as in Fig. 5. Each stage per-
forms spatial-temporal target localization, and the result is
used to augment the search region feature in the next stage.
Similar to [28], PROT3D treats 3D tracking as a match-
ing problem. Inspired by [37], we leverage target cues from
historical frames for robust performance. More specifically,
given point cloud p, at frame ¢, we apply information from
previous K frames {pj ;‘;L i for tracking. We first extract
their features through a shared backbone ®(-) as follows,

xp=®(p,) z;=(p;) j=t—K,--,t—1 (1)

where x; represents the feature of p, and z; is the feature of
p;,  =t—K,---,t—1). Then, we concatenate all features
from historical frames via H;_; = concat(z; g, ,Z¢—1)
to obtain memory feature H;_; for frame ¢. After that, H;_4
and x; are sent to the progressive spatial-temporal network
with multiple stages, with each performing localization.

Specifically, for stage i, it receives H;_1 and x! as inputs.
Then, a spatial-temporal Transformer is utilized to fuse the
memory H;_; into x¢, as follows

F: = SPT(x!,H;_1) )
where Fi is the feature after fusion. SPT(-, -) represents the
spatial-temporal Transformer, and comprises L (L is set to

2) layers. Similar to [37], each layer consists of cross- and
self-attention operations [30] and a feed-forward network,
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Figure 6. Architecture of spatial-temporal Transformer.

as displayed in Fig. 6. After that, F! is forwarded to a multi-
layer perceptron (MLP) for localization, as follows

R} = MLP(F}) A3)
where R = [C¥, M}, S!] is the localization result, with C}
potential target center, M, targetness mask, and S} proposal

scores. Then, we perform Farthest Point Sampling (FPS) on
C’ti to refine point clouds, as follows
Ci = FPS(C}) )
where C} is sampled points. After FPS, the C} and M are
fed to a feature transformation block (FTB) and the resulted
feature is combined with the score information to generate
the refined search region feature xi“, mathematically de-
scribed as follows,
xit! = FTB(C/, M) 4+ Conv1D(S}) 5)
where FTB(, -) is feature transformation block, borrowed
from [37], and contains point-to-reference and a 3D convo-
lution operation (see supplementary material for details).
Conv1D(+) is 1D convolution to embed S; to score feature.
Please note, xf’l in Eq. (5) is generated by encoding tar-
get information CY, M}, and S}, obtained via localization,
and thus more discriminative for distinguishing target from
background. For further refinement, Xi“ is fed to the next
stage (¢ 4+ 1), forming a progressive cascade architecture.
This way, the search region feature can be gradually refined
with more target cues, benefiting the final localization.
After the last N'" stage, the generated xiv +1is employed
for final 9DOF target localization via MLP, as follows,

R¢ = MLP(x; ™) (©)

where R; = [B, S;] € RPX10 with B, € RP*? the 9DoF
box parameters, S; € RP*! the targetness scores and D the
number of points in xiv *1. Finally, the tracking result b is
determined as follows,
by = B;(h) where h = argmaxS(d) (7
d=1,--,D
where by = (zf,y;, x5, of, Bf, v, I, hi, wy), predicting
the translation offset (x}, vy, «}) of the center point and an-
gle offset (o}, 5/, ;) and size offset (I}, hf, wf) of target
box from frame (¢ — 1) to frame ¢.
Please note, PROT3D is a class-agnostic 3D tracker that
is able to track the target object of any categories. The loss
of PROT3D is computed with loss function for final target



Table 3. Overall performance of eight state-of-the-art trackers and our PROT3D on 3D-SOTpc using mAO, mSR50, and mSR~5. The best
three results are highlighted in red, blue, and green fonts, respectively. Our PROT3D achieves the best results on all three metrics.

P2B  BAT PTT M2-Track CXTrack MBPTrack SeqTrack- M3SOT PROT3D

28]  [39]  [29] [40] [36] [37] 3D[21]  [22] (ours)
| cainin mAO (%) 979 656 1400 2026 1429  20.54 861  17.40 21.97
OVIZ Gs OT;]% mSRso (%) 859 3.54 1042 1434 8.39 16.55 525 1247 19.76
mSR7s (%) 175 088  1.60 1.88 1.02 2.57 1.11 1.74 5.22

(a) Attribute-based performance using mAO

(b) Attribute-based performance using mSRj,

(c) Attribute-based performance using mSR;5

Figure 7. Attribute-based performance and comparison using mAO (image (a)), mSRs5o (image (b)), and mSR7s.

estimation. Due to space limitation, please refer to our sup-
plementary material for details of the loss function.

Implementation. PROT3D is implemented using PyTorch
[26], and trained for 80 epochs using Adam [17]. The initial
learning rate is 0.001, and the batchsize is 9. In PROT3D,
the number of stages is set to 2, and the memory size K is
set to 3. Our full code and model will be released.

5. Experiments

Please note again, we primary focus on experiments for 3D-
SOTpc trackers, as most currently open-sourced 3D trackers
with available implementations belong to 3D-SOTpc.

Evaluated Trackers. We evaluate eight representative 3D
trackers that share their executable codes on GSOT3D, and
provide basis for the future comparison, including P2B [28],
BAT [39], PTT [29], M2-Track [40], CXTrack [36], MBP-
Track [37], SeqTrack3D [21], and M3SOT [22]. The sum-
mary of these trackers is in the supplementary material.

5.1. Evaluation Results

Overall Performance. We evaluate eight representative 3D
trackers on 3D-SOTpc and the proposed PROT3D on test set
of GSOT3D. Tab. 3 displays the results and comparison us-
ing mAQO, mSR5g, and mSR75. For the fair comparison, we
retrain all evaluated trackers using training set of GSOT3D
and compare them with our PROT3D in the Tab. 3. We can
observe that, PROT3D achieves the best result with 21.97%
mAO, 19.76% mSR5(, and 5.22% mSRy75, outperforming

the second best MBPTrack with 20.54% mAO by 1.43%,
16.55% mSR5p by 3.21%, and 2.57% mSR75 by 2.65%
and the third best M2-Track with 20.26% mAO by 1.71%,
14.34% mSR5o by 5.42, and 1.88% mSR75 by 3.34%. This
evidences the superiority of PROT3D with progressive re-
finement for more robust generic tracking. It is worth noting
that, for all trackers, the mSR 75 score is much lower than the
mSR5q score, as mSR75 has a higher threshold (0.75) than
mSR5q (0.5) and thus is more restrict.

Besides, Tab. 3 shows comparison of evaluated track-
ers using GSOT3Dry, or not for retraining. For the tracker
that does not use GSOT3Dry, for training, we directly uti-
lize its default model pre-trained from KITTI for evaluation.
As in Tab. 3, we observe that, re-training these trackers on
GSOT3D can significantly improve their results on all three
metrics. This shows the necessity of a more diverse dataset
such as our GSOT3D for generic 3D object tracking.

Attribute-based Performance. In order to further analyze
different algorithms, we conduct evaluation and comparison
under seven attributes using mAQO, mSR5(, and mSR~5. For
fair comparison, all the compared trackers are trained using
GSOT3Dry,. Fig. 7 reports the results. From Fig 7, we
can see that, the proposed PROT3D achieves the best results
on six out of seven attributes using mAO and mSRj5p, and
the best results on all seven attributes on all seven attributes
using harder mSR75. All these results show that, PROT3D
is more robust and precise than other trackers in tracking.
Because of limited space, we demonstrate more qualita-
tive results and analysis in the supplementary material.



Table 4. Comparison of GSOT3D with KITTI.
KITTI [11] GSOT3D (ours)

mAO mSR50 Il’lSR75 mAO I’I’ISR50 Il'lSR75
(%) (%) () (%) (%) (%)
P2B [28] 63.25 7857 3952 9.79 8.59 1.75
BAT [39] 56.65 70.44 32770 6.56 3.54 0.88
PTT [29] 5230 6632 40.79 14.00 1042 1.60
M2-Track [40] 67.71 86.43 44.00 2026 14.34 1.88
CXTrack [36] 70.18 87.95 46.06 1429 8.39 1.02
MBPTrack [37] 71.95 90.50 51.54 20.54 16.55 2.57
SeqTrack3D [21] 32.01 3228 1136 8.61 5.25 1.11
M3SOT [22] 64.58 8133 3538 1740 1247 1.74

5.2. Comparison with Other Benchmark

KITTI [11] is currently the most popular dataset for 3D SOT
on point clouds. Nevertheless, as mentioned before, the se-
quences of KITTT are limited to only a few object categories
and constrained traffic scenarios, making it not suitable for
generic 3D object tracking. Compared to KITTI, GSOT3D
includes more target classes from diverse environments. As
a consequence, our GSOT3D is more challenging but real-
istic for real-world applications.

We conduct a comparison of our GSOT3D with KITTI.
Tab. 4 reports the results of evaluated trackers on GSOT3D
and KITTT using mAO, mSR5g, and mSR75. As shown in
Tab. 4, we clearly see that, all current trackers suffer from
a significant performance drop on GSOT3D, which shows
the challenges from more categories and diverse scenarios
and more efforts are needed for generic 3D object tracking.

5.3. Ablation Study on PROT3D

9DoF box prediction and progressive architecture. Dif-
ferent from previous 3D trackers predicting a 7DoF bound-
ing box, our PROT3D estimates a more precise 9DoF 3D
bounding box as the tracking result. In addition, PROT3D
applies a novel progressive architecture for tracking, which
enables better features for robust localization. Tab. 5 lists
the experiment results. The baseline (@) contains one stage
and predicts a 7DoF box, and achieves the mAO of 19.86%,
mSR5( of 15.16%, and mSR75 of 2.36%. When changing to
the 9DoF box prediction (@), the performance is improved
t0 20.03% mAO, 15.46% mSR5q, and 3.29% mSR 75, show-
ing effectiveness of using 9DoF for 3D tracking. It is worth
noting, the gains by 9DoF are not very significant, as most
objects in GSOT3D are rigid and only a small part of the
sequences contain deformable objects. Nonetheless, in the
real world, there exist more non-rigid objects, and 9DoF
box prediction is still more desirable. When further apply-
ing our progressive architecture (®), the results are largely
boosted to 21.97% mAO, 19.76% mSR5q, 5.22% mSR75,
which clearly validates the efficacy of our progressive re-
finement for generic 3D object tracking.

Number of progressive stages. The core of our PROT3D

Table 5. Analysis of 9DoF prediction and progressive architecture

9DoF  Progressive mAO mSRsp mSR7s
Box  Architecture (%) (%) (%)

[ - 19.86  15.16 2.36
2] v - 20.03  15.46 3.29
(3] v v 21.97 19.76 5.22

Table 6. Analysis of the number IV of stages in our PROT3D.

Number of mAO mSR50 mSR75
Stages (%) (%) (%)
o N=1 20.03 15.46 3.29
2] N =2 21.97 19.76 5.22
(3] N=3 21.58 19.61 5.19

Table 7. Analysis of the memory size K in our PROT3D.

Memory mAO mSRs0 mSR75
Size (%) (%) (%)
21.37 19.52 5.32
21.97 19.76 5.22
21.84 19.69 5.17

(1] K
(2] K
(3] K

([
PN

is a progressive network with multiple stages of refinement.
To explore the impact of number N of stages in PROT3D,
we conduct an ablation in Tab. 6. We observe, when using
two stages (@), PROT3D shows the best results of 21.97%
mAO, 19.76 mSR5g, and 5.22% mSR~75. When further in-
creasing the number of stages to 3 (@), the performance is
slightly decreased. Thus, we set NV to 2 in this work.

Memory size. We adopt a memory containing previous K
frames for tracking. We ablate the memory size K in Tab. 7.
We observe that, when using 3 previous frames (@) in the
memory, PROT3D shows the best tracking performance.

6. Conclusion and Limitation

In this paper, we introduce GSOT3D, a new benchmark for
generic 3D SOT. It contains 620 multimodal sequences with
over 123K frames, and supports different 3D single object
tracking tasks. To the best of our knowledge, GSOT3D is
the largest benchmark to date dedicated to 3D SOT. Besides,
we assess several representative trackers on GSOT3D to un-
derstand their performance and to offer comparison for fu-
ture research. Furthermore, we present a simple yet effec-
tive progressive tracker PROT3D and obtain state-of-the-art
result. We believe that, our benchmark, evaluation, and new
baseline will inspire more research towards generic 3D ob-
ject tracking and facilitate its real-world applications.
Despite contributions, there exist a few limitations. First,
the experiments are mainly focused on the 3D-SOTpc, and
study on 3D-SOTgrgg-pc and 3D-SOTggp.p is not provided.
Second, the sequences in GSOT3D are relatively short, and
not suitable for long-term tracking. Given 3D-SOTpc is the
current research focus and our major goal is to offer a new
benchmark for generic tracking, we leave study of more 3D
tracking tasks and long-term 3D tracking to the future work.



Supplementary Material

In this supplementary material, we present more details and
analysis as well as results of our work, as follows,
S1 Mobile Robotic Platform
In this section, we demonstrate more details of our mobile
robotic platform used for multimodal data collection.

S2  Annotation Tool

We display more details of the annotation tool in labeling
sequences with 9DoF 3D bounding boxes and its reliabil-
ity analysis for high-quality annotation.

S3 More Statistics
We demonstrate more statistics on GSOT3D regarding se-
quence length and per-category point density .

S4 Evaluation Metrics and 3D IoU
We demonstrate detailed process on how to calculate the
evaluation metrics and 3D IoU.

S5 Formulation of Different 3D SOT Tasks
We describe the formulation of different 3D SOT tasks.

S6 Details of Feature Transformation Block
We present the details of the feature transformation block
adopted in our PROT3D.

S7 Loss Function
We present details of the loss function to train PROT3D.

S8 Summary of Evaluated Trackers
We offer a summary for trackers assessed on GOST3D.

S9 Qualitative Results
We offer more qualitative analysis of our PROT3D and its
comparison to other trackers on GSOT3D.

S10 Maintenance and Responsible Usage of GSOT3D
for Research

We discuss the maintenance and responsible usage of our
proposed GSOT3D for research.

S1 Mobile Robotic Platform

To collect multimodal data for GSOT3D, we build a mobile
robotic platform based on Clearpath Husky A200. Multiple
sensors, including a 64-beam LiDAR, an RGB camera and
a depth camera, are deployed on the platform with careful
calibration using the tool from [6]. Fig. 8 shows the picture
of our mobile robotic platform for multimodal data acquisi-
tion in developing GSOT3D, and the specific configuration
of sensors and robot chassis are listed in Tab. 8.

S2 Annotation Tool

For data labeling, we use the annotation tool provided by a
company. Fig. 9 shows the interface for 3D bounding box
annotation. Specifically, for each point cloud frame, we per-
form initial annotation of the target object by drawing a 3D
bounding box in the annotation region (note, this region can

Depth Camera RGB Camera

Controller

Computer |

| Robot Chassis

e

Figure 8. Our mobile robotic platform for data collection.

Table 8. Specific configuration of our mobile robotic platform.

Device Name  Specification

LiDAR Sensor  Ouster OS-64 (64-beam)
Depth Camera  OAK D-Pro

RGB Camera FLIR BFS-U3-3254C-C
Robot Chassis  Clearpath Husky A200

be flexibly zoomed in or out). Then, the initial 3D bounding
box is refined by adjusting the 2D boxes on each projected
view on XY, XZ, and YZ planes. In the annotation tool, a
preview of the 3D box in the RGB image is provided for
visual inspection of the refined box. By doing this, we can
ensure the obtained annotation is reliable. Please note that,
all the annotations from the labeler will be inspected care-
ful by the experts (see this part in the main text) and further
refined (by the same labeler) if necessary for high quality.

S3 More Statistics

In this section, we demonstrate more statistics of GSOT3D.
In specific, Fig. 10 (a) shows distribution of sequence length
on GSOT3D. Although the average length of GSOT3D is
198 frames, there exist several relatively longer ones with
sequence length larger than 600 frames, which can be used
for analyzing trackers on relatively longer sequences. Be-
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Figure 9. Annotation interface of our used annotation tool.
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Figure 10. Statistics on GSOT3D. Image (a): Distribution of sequence length. Image (b): Average number of points in each object category

sides, Fig. 10 (b) demonstrates the average number of points points, while the categories of dog and mineral_water con-
for each category. We can clearly see that, the categories of sist of the least number of points. We hope this statistics
bus, car, and van on average contain the most number of can help readers better understand our GSOT3D.



S4 Evaluation Metrics and 3D IoU

Inspired by [14], we utilize mean Average Overlap (mAQO)
and mean Success Rate (mSR) to measure different track-
ing algorithms. Specifically, mAO is calculated by averag-
ing the class-wise overlaps, i.e., 3D Intersection over Union
(3D IoU, which will be detailed later), between all tracking
results and the groundtruth, and mSR computes the class-
wise percent of successful frames in which 3D IoU is larger
than a threshold. mAO and mSR can be obtained as follows,

11
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where C' is the total number of object categories in
GSOT3D, S, the set of all sequences belonging to category
c. AO; represents the Average Overlap (AO) for the i se-
quence in S., and SR; denotes Success Rate (SR). mSR5q
and mSR75 refers to mSR with thresholds of 0.5 and 0.75,
respectively, when computing success rate.

3D IoU. Conventional 3D IoU often does not consider the
targets that have symmetric structure. Nevertheless, in our
GSOT3D, there exist many targets with symmetric struc-
ture, such as ball, umbrella, and so forth (148 sequences
in total involved with symmetric structure). In these cases,
conventional 3D IoU cannot be used for accurate measure-
ment by considering a fixed direction. To deal with this,
we leverage the strategy employed in [ 1, 4] to calculate 3D
IoU values between bounding boxes in arbitrary directions.
Specifically, the predicted bounding box is rotated k times
along its axis of symmetry, and the prediction yielding the
maximum 3D IoU among these k rotations is selected as
the final result. In our evaluation protocol, we set k£ = 120,
as this configuration achieves efficient computation while
maintaining negligible error margins in the final measure-
ment. The detailed calculation process can be seen in [7].
Therefore, for non-symmetric targets, we use method as
in KITTI [11] for 3D IoU calculation, while for symmetric
targets, we use strategy as in [ 1, 4] for 3D IoU computation.

S5 Formulation of Different 3D SOT Tasks

GSOT3D is a unique platform to broaden research direction
in 3D SOT by supporting different tasks, comprising single-
modal 3D object tracking, i.e., 3D SOT on Point Cloud (PC)
(3D-SOTpc), and multi-modal 3D tracking, i.e., 3D SOT on
RGB-PC (3D-SOTRrgg.pc) or RGB-Depth (3D-SOTrga.D)-
3D-SOTpc aims at locating the target object on the point
clouds. Given the PC sequence and the initial 9DoF 3D tar-
get box, the goal is to estimate a set of 3D bounding boxes
to represent the target positions in the sequence. This pro-

Figure 11. Architecture of the feature transformation block.

cess can be formulated as follows,

{6}y — Toc({p;}it1,b1) €))
where b; = (l‘i, Yiy Zis Wiy Mgy Uiy gy Bi,’}/i) is the 9DoF 3D
box in frame ¢ (1 < i < N), with (z;,y;, 2;), (wi, by, L),
and («;, B;, ;) the target position, scale, and rotation angle.
by is given in the first frame and {b; }}¥_, are predicted by the
tracker Tpc. {p,;} . represent the PC sequence, and N is
the number of frames in the sequence.

Different from 3D-SOTpc, 3D-SOTggp.pc integrates the
point clouds and RGB images for to locate target, aiming to
improve 3D tracking using appearance information. It can
be formulated as follows,

{b:}ils ¢ Trarc({P; iy, {Li}1,01)  (10)
where by is the initial 9DoF 3D box, {b;}}¥, the predicted
results by the tracker Trgp-pc, {P;}Y; and {I;}}¥, the PC
and RGB image sequences, respectively.

Different than using PC, 3D-SOTggg.p exploits a more
economic way using RGB and depth images for 3D track-
ing, and can be formulated as follows,

{bi}iy « Trepp({Di}ile. {L}E1,00) (1D
where Trgp.p denotes the 3D tracker, {D; }¥, are the depth
image sequence, and all others are the same as in Eq. (10).

By supporting different tracking tasks, GSOT3D expects
to expand research directions in 3D SOT.

S6 Details of Feature Transformation Block

Fig. 11 displays feature transformation block (FTB) applied
in each stage of our PROT3D. The feature transformation
block is borrowed from [37] for its effectiveness. In spe-
cific, we first send the targetness mask M, and the point fea-
ture C? to the Point-to-Reference operation, which is com-
posed of a concatenation operation, a MLP, and an Edge-
Conv layer [32] for feature aggregation, as follows,

§; = Point-to-Reference(C}, M)
= EdgeConv(MLP(Concatenate(C/, M})))
After this, the resulted feature {]2 is fed into a 3D CNN net-

work to generate point-wise feature. Fig. 11 illustrates FTB.
For more details, please kindly refer to [37].

12)
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Figure 12. Qualitative results of several evaluated trackers and our proposed PROT3D. We can see that, the proposed PROT3D locates
target object in different scenarios, showing its robustness for generic 3D object tracking.

S7 Loss Function

In this section, we present details regarding the loss function
for training PROT3D. Specifically, after the N™ stage, the
final feature xiv *1is sent to the MLP layer for prediction.
Similar to previous work [37], we use the following loss

function for end-to-end training,
Etotal = )\mﬁm + )\C‘CC + /\p‘cp + )\s‘cs + Ebbox (13)

where Ly, represents the total training loss, Ly, the stan-
dard cross-entropy loss to supervise the targetness mask, £,
the mean square loss to supervise the target center, £, the
cross-entropy loss to supervise proposal score, L the cross-
entropy loss to supervise the targetness score S;, and Lypox
the smooth-L; loss to supervise the 9DoF box B; (including
3D center offset and 6D pose offset of size and angle). Ay,
Ac» Aps As are hyper-parameters to balance different losses
and are set to 0.2, 10.0, 1.0, and 1.0, respectively.

Our code will be publicly released, and more details can
be found in our implementation.

Table 9. Summary of evaluated trackers on GSOT3D.

Tracker ‘Where Backbone  Transformer
P2B [28] CVPR’20 PointNet++ X
BAT [39] ICCV’21  PointNet++ X
PTT [29] IROS’21 PointNet++ v
M2-Track [40] CVPR’22 PointNet X
CXTrack [36] CVPR’23 DGCNN v
MBPTrack [37] ICCV’23 DGCNN v
SeqTrack3D [21] ICRA’24  PointNet++ v
MS3SOT [22] AAAT'24 DGCNN v

S8 Summary of Evaluated Trackers

To understand how existing trackers perform on GSOT3D
and to provide comparison for future research, we assess
eight representative trackers, including P2B [28], BAT [39],
PTT [29], M2-Track [40], CXTrack [36], MBPTrack [37],
SeqTrack3D [21], and M3SOT [22]. Please note that, these



evaluated 3D trackers are point cloud-based, as almost all
current 3D object trackers that share their implementations
belong to this category. Tab. 9 summarizes these trackers.

S9 Qualitative Results

In this section, we show qualitative results of different track-
ers and our PROT3D on GSOT3D in Fig. 12. From Fig. 12,
we can see that, existing state-of-the-art trackers such as
M2-Track, MBPTrack fail to accurately localize the tar-
get object in challenging scenarios with frequent occlusions
and similar distractors, while our PROT3D can robustly lo-
cate the target in these cases owing to its progressive refine-
ment strategy, showing its efficacy for generic 3D tracking.

S10 Maintenance and Responsible Usage of
GSOT3D for Research

Maintenance. Our GSOT3D will be hosted on the popular
Github (all download links and our models will be publicly
released). This enables conveniently checking the feedback
from the community, and thus allows for improvements via
necessary maintenance and updates by the authors. Besides,
the authors will try their best to collect evaluation results of
future trackers, aiming at providing up-to-date analysis and
comparison on GSOT3D. Our ultimate goal is to develop a
long-term and stable platform for 3D object tracking.

Responsible Usage of GSOT3D. GSOT3D aims to facili-
tate research and applications of 3D single object tracking.
It is developed and used for research purpose only.
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