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Abstract

In this paper, we propose a novel benchmark, named VastTrack, aiming to facilitate
the development of general visual tracking via encompassing abundant classes and
videos. VastTrack consists of a few attractive properties: (1) Vast Object Category.
In particular, it covers targets from 2,115 categories, significantly surpassing object
classes of existing popular benchmarks (e.g., GOT-10k with 563 classes and LaSOT
with 70 categories). Through providing such vast object classes, we expect to learn
more general object tracking. (2) Larger scale. Compared with current benchmarks,
VastTrack provides 50,610 videos with 4.2 million frames, which makes it to date
the largest dataset in term of the number of videos, and hence could benefit training
even more powerful visual trackers in the deep learning era. (3) Rich Annotation.
Besides conventional bounding box annotations, VastTrack also provides linguistic
descriptions with more than 50K sentences for the videos. Such rich annotations of
VastTrack enable the development of both vision-only and vision-language tracking.
In order to ensure precise annotation, each frame in the videos is manually labeled
with multi-stage of careful inspections and refinements. To understand performance
of existing trackers and to provide baselines for future comparison, we extensively
evaluate 25 representative trackers. The results, not surprisingly, display significant
drops compared to those on current datasets due to lack of abundant categories and
videos from diverse scenarios for training, and more efforts are urgently required to
improve general visual tracking. Our VastTrack, the toolkit, and evaluation results
are publicly available at https://github.com/HengLan/VastTrack.

1 Introduction

Visual tracking is a fundamental computer vision problem with many applications such as surveillance
and robotics. The ultimate goal for tacking is to localize the target of an arbitrary category in an
arbitrary scenario from a sequence, given its initial position, which we term universal visual object
tracking. For such goal, numerous trackers have been proposed in recent decades [58, 45, 34, 28, 39].
In particular, with the introduction of several large-scale tracking benchmarks (e.g., [43, 16, 27]) in
the deep learning era, considerable advancements (e.g., [7, 9, 57, 5, 38, 6, 51, 37]) have been seen in
the visual tracking community. Despite this, it remains challenging to achieve universal tracking.

One important reason is relatively restricted number of object categories in current tracking bench-
marks. The objects in the real world are from countless categories. To achieve general visual tracking
like humans, the tracker is expected to “SEE” various sequences from an extremely large set of
object categories during training to acquire the generalization ability. Nevertheless, the categories in
existing large-scale benchmarks are rather limited. For example, the popular TrackingNet [43] and
LaSOT [16] comprise respectively 27 and 70 categories (see Fig. 1), which fall short for training uni-
versally generalizable trackers. Another popular dataset GOT-10k [27] aims to handle this by largely
expanding the number of object categories to 563. Despite its success in advancing generic-purpose
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Figure 1: Summary of representative benchmarks,
comprising OTB-2013/2015 [53, 54], TC-128 [36],
UAV123 [42], NUS-PRO [32], UAV20L [42],
VOT-2017 [29], OxUvA [46], GOT-10k [27],
TrackingNet [43], and VastTrack. We can clearly
see that VastTrack islarger than all other datasets
by containing 2,115 object categories and 50,610
videos.Best viewed in color for all �gures.

tracking, the 563 object categories are still in-
suf�cient to represent massive diversity of cate-
gories present in the real world. Besides training,
a real general tracking system requires evalua-
tion on videos of vast object categories, which
can help mitigate biases to certain classes for
more faithful assessment in real applications.
Nevertheless, the test sets of existing large-scale
benchmarks (e.g., [43, 16, 27]) all consist ofless
than100 categories, which may not be enough
for faithful assessment of general tracking.

Besides rich categories, abundant videos with
high-quality annotations are crucial for learning
robust visual trackers. Particularly, as a tracking
model becomes larger and more complicated,
e.g., from CNNs [30, 26] to Transformer [47],
more videos are demanded to unleash the power
of deep network for achieving robustness and
generality. While there have been extensive ef-
forts to develop tracking datasets, they are com-
paratively small in scale or limited in annotation quality. For example, currently the largest (in term
of video number) benchmark [27] with preciseannotations has only 10K videos, which may still be
inadequate for training generalized trackers, as evidenced by enhanced performance [9] on it when
using extra training videos. Although another benchmark [43] offers more videos, its annotations are
not precise, which may degrade performance.

More recently, language has demonstrated great potential to enhance robustness of general tracking,
and the resulted paradigm, the so-calledvision-language tracking(e.g., [35, 24, 19, 61]), has attracted
increasing attention. For learning a robust and general vision-language tracker, it is crucial to provide
ample videos with visual and linguistic annotations. Although there are several datasets (e.g., [16, 50])
created for this goal, the number of linguistic sentences are limited in scale (e.g., 1.4K in [16] and 2K
in [50]), which may impede the exploration of more general vision-language tracking.

In order to alleviate the aforementioned limitations in existing datasets for developing more general
visual tracking, we proposeVastTrack, an innovative large-scale benchmark forVast-category short-
term objectTrack ing via comprising abundant classes and video from diverse scenarios. In particular,
VastTrack makes the following efforts for facilitating the development of general object tracking:

(1) Vast Object Category: To enrich the diversity in object categories for general tracking, VastTrack
consists of videos from 2,115 classes, which largely surpasses category number in popular benchmarks
such as GOT-10k [27] with 563 classes and LaSOT [16] with 70 classes, as displayed in Fig. 1. To our
best of our knowledge, VastTrack is the richest tracking dataset with the largest number of categories.
With such vast object classes, we expect to accelerate the exploration towards more general tracking.

(2) Larger Scale: For learning robust universal tracking, our VastTrack offers 50,610 video sequences
with 4.2 million frames, which makes it so far the largest and the most diverse tracking dataset in
terms of the numbers of videos and targets compared to existing datasets (e.g. [16, 27, 43]), as shown
in Fig. 1. Such a larger scale and diversity of VastTrack in videos and targets can potentially bene�t
training more powerful trackers, particularly Transformer-based models, in the deep learning era.

(3) Rich and Precise Annotations: Considering the bene�ts of language for enhancing general object
tracking, VastTrack offers both standard bounding box annotations and rich linguistic speci�cations
for the sequences, and thus enables exploration of both the vision-only and vision-language universal
tracking. Compared with current benchmarks (e.g., [16] with 1.4K and [50] with 2K sentences) for
vision-language tracking, the proposed VastTrack provides over 50K descriptions, a magnitude order
larger than [16, 50], of more and diverse targets for better vision-language tracking. In addition, to
ensure precise annotations, each video in VastTrack is manually labeled with multi-round re�nements.

In order to understand the performance of existing trackers on VastTrack and to provide baseline for
future comparison, we extensively evaluate 25 recent representative algorithms in a hybrid protocol in
which the test videos have partial overlap with the training sequences (as described later) and conduct

2



Table 1: Comparison of VastTrack with other datasets. “ST” and “LT” indicate short- and long-term
tracking. “Tra.” and “Eav.” mean training and evaluation.[ : TrackingNet [43] is semi-automatically
labeled using a tracker.{ : The number of object classes in TNL2K [50] is obtained by our statistic.

Benchmark Year Classes Videos
Mean

Frames
Total

Frames
Total

Duration
Absent
label

Num. of
Att.

Lang.
Anno.

Frame
Rate

Dataset
Focus

Dataset
Goal

OTB-2013 [53] 2013 10 50 578 29K 16.4min 7 11 7 30 fps ST Eva.
OTB-2015 [54] 2015 16 100 590 59K 32.8min 7 11 7 30 fps ST Eva.

TC-128 [36] 2015 27 128 429 55K 30.7min 7 11 7 30 fps ST Eva.
NUS-PRO [32] 2016 17 365 371 135K 75.2min 7 12 7 30 fps ST Eva.

UAV123 [42] 2016 9 123 915 113K 62.5min 7 12 7 30 fps ST Eva.
UAV20L [42] 2016 5 20 2,934 59K 32.6min 7 12 7 30 fps LT Eva.

NfS [21] 2017 17 100 3,830 383K 26.6min 7 9 7 240fps ST Eva.
VOT-2017 [29] 2017 24 60 356 21K 11.9min 7 24 7 30 fps ST Eva.

OxUvA [46] 2018 22 366 4,235 1.55M 14.4hours 7 6 7 30 fps LT Eva.
TrackingNet [43] 2018 27 30,643 471 14.43M [ 140.0hours 7 15 7 30 fps ST Tra./Eva.

LaSOT [16] 2019 70 1,400 2,053 3.52M 32.5hours 3 14 3 30 fps LT Tra./Eva.
TNL2K [50] 2021 169{ 2,000 622 1.24M 11.5hours 3 17 3 30 fps ST Tra./Eva.

GOT-10k [27] 2021 563 9,935 149 1.45M 40.0hours 3 6 7 10 fps ST Tra./Eva.
VastTrack 2024 2,115 50,610 83 4.20M 194.4hours 3 10 3 6 fps ST Tra./Eva.

in-depth analysis. The evaluation reveals that, not surprisingly, current top-performing object trackers
signi�cantly degrade on the more challenging VastTrack. For example, the success scores of existing
state-of-the-art trackers,e.g., SeqTrack [6], MixFormer [9], and OSTrack [57], degrade from 0.725,
0.724, and 0.711 on LaSOT [16] to 0.396 (with a drop of 0.329), 0.395 (with a drop of 0.329), and
0.336 (with a drop of 0.375) on VastTrack. This demonstrate the challenge in achieving universal
tracking for current trackers, and more efforts are desired to improve general-purpose object tracking.

By releasing VastTrack, we expect to offer a new large-scale platform with abundant videos from vast
categories for facilitating the development of more general and universal tracking and its applications.
In summary, our maincontributionsare as follows:« We introduce a new benchmark VastTrack that
covers 2,115 object categories to facilitate more general tracking;ª VastTrack provides a large scale
of 50,610 videos which could bene�t developing more powerful deep trackers;¨ Rich annotations in
VastTrack enable exploration of both vision-only and vision-language tracking;©Evaluation of 25
trackers is conducted to understand VastTrack and provides baselines for future comparison.

2 Related Work

Visual Tracking Benchmarks. Benchmarks have been crucial for development of tracking. Early
tracking benchmarks are usually in small scale and mainly aim at the evaluation purpose for fairly
comparing different algorithms. OTB-2013 [53] is the �rst tracking benchmark by introducing 51
videos and later extended in [54] by adding new sequences. VOT [29] presents a series of challenges
to compare trackers in different aspects. TC-128 [36] contains 128 colorful videos to study the impact
of color information on tracking models. NfS [21] assesses tracking performance by providing 100
sequences with high frame rate. UAV123 and UAV20L [42] respectively consist of 123 and 20 videos
captured by unmanned aerial vehicle for tracking performance evaluation. NUS-PRO [32] offers 365
videos to assess trackers on rigid target objects. OxUvA [46] contains 366 sequences for evaluating
long-term tracking performance of different algorithms. From a different perspective than opaque
tracking benchmarks, TOTB [17] collects 225 videos for investigating transparent object tracking.

Despite facilitating tracking, early datasets are limited in scale and cannot provide videos for training
deep tracking. To alleviate this, several large-scale benchmarks have been introduced in recent years.
TrackingNet [43] presents a large-scale dataset with around 30K videos for training deep tracking.
However, its annotations are generated using a tracker, which may be inaccurate and thus degrade
the training of deep tracking. LaSOT [16] comprises 1,400 long-term videos with precise dense
annotations, and is later extended in [15] by adding more videos. Notably, it provides both bounding
box and language annotation to enable both vision-only and vision-language tracking. GOT-10 [27]
contributes a large benchmark with around 10K sequences from 563 classes. Despite advancing deep
tracking, 563 object classes may still be insuf�cient to represent massive categories in the real world.

VastTrack is related to the aforementioned large-scale datasets but provides a more diverse and larger
platform with more than 50K videos from 2,115 categories, which aims to accelerate the exploration
towards universal and general tracking. Tab. 1 shows the comparison of VastTrack with other datasets.
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Vision Benchmarks with Vast Categories.Benchmarks with vast object categories are desired for
learning general vision systems. Numerous such benchmarks have been introduced for various vision
tasks. For example, the well-known ImageNet [14] consists of 1,000 classes for image recognition.
Open Image [31] covers 600 categories for object detection. LVIS [25] comprises 1,203 classes for
the tasks of object detection and instance segmentation. TAO [13] contains 833 categories for general
multi-object tracking. The recently proposed V3Det [48] contributes a new dataset with 13,204 object
classes with the goal of facilitating the general detection system development.

In the similar spirit with the above vast category benchmarks, we introduce VastTrack that comprises
2,115 object classes and more than 50K sequences for visual tracking. To the best of our knowledge,
VastTrack is so far the largest tracking benchmark regarding the categories and videos and we hope it
can serve as a cornerstone dataset for developing more general object tracking systems.

3 The Proposed VastTrack

3.1 Construction Principle

The goal of VastTrack is to develop a unique large-scale platform with abundant object categories
and video sequences with rich as well as precision annotations for facilitating the development of
more general tracking. For this purpose, we follow principles below in constructing our VastTrack:

• Vast Object Category.One key motivation of VastTrack is to facilitate more universal object
tracking with a rich class diversity. To this end, we hope that the new benchmark covers at least
2,000 object classes, containing common target objects suitable for visual tracking in our life.

• Larger Scale.Abundant sequences are crucial for training deep trackers. We expect VastTrack
to include at least 50K videos with an average video length of at least 80 frames. Such a scale,
greatly larger than current datasets, can potentially bene�t training more powerful deep trackers.

• Rich Annotation.One of important goals of VastTrack is to develop a comprehensive platform
that supports both vision-only and vision-language tracking. Considering this, both bounding
boxes and language speci�cations will be provided to boost tracking in different directions.

• High Quality. The quality of annotation is crucial for both training and evaluation. To ensure high
quality of VastTrack, we manually label each video with multi-round inspections and re�nements.

3.2 Data Acquisition

VastTrack aims to cover abundant categories for tracking. To this end, 2,115 categories are selected
for building VastTrack. These object categories are chosen from different sources, including classes
in ImageNet [14] and V3Det [48], WordNet [41], and Wikipedia, and organized in a hierarchical
tree structure. Note that, each selected category is veri�ed by an expert (e.g., a PhD or MS student
working on the related topic) to ensure that it is suitable for the tracking task. Compared with existing
datasets, the object classes of VastTrack are more diverse and more desired for universal tracking as
discussed before. Please refer tosupplementary material for details of object classes in VastTrack.

Figure 2: The number of videos in each object class
forms a long-tail distribution, which is common and
universal in our real world.

After determining all object categories of
VastTrack, we then search for the sequences
of each class from YouTube under Cre-
ative Commons licence. The reason to use
YouTube for sourcing videos is because it is
currently the largest the video platform and
many videos come from the real world. Ini-
tially, we gather more than 66K sequences.
Then, we carefully inspect each video for the
availability for visual tracking task, and �-
nally pick out 50,610 sequences. For each
quali�ed video, we remove the irrelevant con-
tent from it, and only retain an usable clip for
tracking. Note that, unlike LaSOT [16] in
which each category has the same number of videos, the sequence number of each class is not equal,
forming a long-tail distribution (see Fig. 2) that is more universal in real world and could encourage
learning more practical and general visual trackers [27].
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Figure 3: Visualization of several annotation examples in the proposed VastTrack.

Figure 4: Statistics of annotations on object motion (image (a)), relative area compared to the initial
object (image (b)), IoU of targets in adjacent frames (image (c)), and size of targets (image (d)).

Eventually, we develop a new benchmark, VastTrack, by covering 2,115 categories. It contains 50,610
videos with 4.2 million frames with an average sequence length of 83 frames. Because of limited
space, we display detailed distribution of video length of VastTrack in thesupplementary material.
Pleasenotice that, VastTrack is focused on short-term tracking by offering abundant object classes
and sequences. Despite this, it can still be used for training long-term temporal trackers, as evidenced
by the effectiveness of short-term videos in [27, 43] for learning robust trackers on both long-/short
scenarios. In order words, diversity and quantity of objects and videos may be more crucial for deep
tracking. It is worthnoting that, although the frame rate (i.e., 6 fpsas in Tab. 1) of VastTrack is
less than that of traditional benchmarks, this may not impact the training and evaluation of tracking
much. Speci�cally, on the training side, since most of current tracking frameworks adopt the training
mechanism of frame sampling with an interval (e.g., 100 frames), our VastTrack can be used for
training by choosing a suitable interval (probably less than the interval used for traditional datasets).
On the evaluation side, according to the analysis in [46], labeling at different frame rate, even at 1fps,
does not adversely affect the robustness of tracking evaluation.

3.3 Annotation

We follow the similar principle as in [16, 15] for the bounding box annotation of a sequence: given
the initial target object, in each frame, if the object shows up in the view, a labeler manually draws
its (axis-aligned) bounding box as the tightest one to �t any visible part of the target; otherwise
an absence label, eitherout-of-viewor full occlusion, is given to the frame. Notice that, for some
categories such as “Kite” and “Yo-Yo”, the string does not belong to the target object to track, and
thus will not be included in the annotated bounding box.

Guided by the above principle, we compile an annotation team with a few experts and a quali�ed
labeling group, and adopt a multi-step mechanism, including manual labeling, visual inspection and
re�nement. In the �rst step, after experts label the initial target in the �rst frame, the annotation group
starts to label the target in all other frames in the video. Notice that, to ensure consistency, each video
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is labeled (and re�ned if necessary) by the same annotator. After this, in the second step, the experts
verify the completed annotations from the �rst step. If the annotation is not unanimously agreed by
a validation team (formed by two or three experts), it will be returned back to the original labeler
for re�nement in the third step. Throughout the annotation process, the second and third steps are
repeated for multiple rounds, which ensures high-quality annotations of VastTrack. Fig. 3 displays
several annotation examples. In Fig. 4, we show the distributions of target motion, relative area to the
initial object, Intersection over Union (IoU) between targets in adjacent frames, and the size of object.
From these statistics, we can see that objects moves fast and varies rapidly in the videos of VastTrack.

Considering the bene�ts of language in improving tracking (e.g. [35, 24, 19, 61]), we offer language
speci�cations, besides box annotations, for videos in VastTrack, aiming to facilitate the development
of vision-language tracking. In speci�c, a sentence of natural language that describes color informa-
tion, behavior, and surroundings of the object as well as optionally its interaction with other objects
is given as the linguistic annotation for the video (see Fig. 3 for examples). Although there have been
datasets for similar goal (e.g. [16, 50] as in Tab. 1), the scale is limited by containing 1.4K [16] and
2K sentences [50]. Differently, VastTrack offers over 50K videos with richer linguistic speci�cations
for different objects, and thus may bene�t learning more powerful vision-language trackers.

3.4 Attributes

Figure 5: Distribution of videos per attribute.

To enable further in-depth analysis, we offer ten
attributes fortestvideos in VastTrack, including
(1) invisibility (INV), assigned when object is
partially or fully invisible due to occlusion or
out of view, (2) deformation (DEF), assigned
when target is deformable, (3) rotation (ROT),
assigned when object rotates, (4) aspect ratio
change (ARC), assigned when ratio of bounding
box aspect ratio is outside [0.5, 2], (5) illumina-
tion variation (IV), assigned when illumination
in object region heavily varies, (6) scale varia-
tion (SV), assigned when ratio of bounding box
is outside [0.5, 2], (7) fast motion (FM), assigned when target center moves larger than its size in last
frame, (8) motion blur (MB), assigned when blur in object regions occurs (9) background clutter (BC),
assigned when the similar appearance (not necessarily the same class of target) as target appears, and
(10) low resolution (LR), assigned when target region is less than 1,000 pixels. For each video, a 10D
binary vector is adopted to indicate the presence of an attribute,i.e., “1” for presence , “0” otherwise.

The distribution of attributes for the test videos of VastTrack is shown in Fig. 5. We can see that the
most common challenge is scale variation, involved with 2,956 videos. In addition, invisibility due to
partial or full occlusion or out-of-view and fast motion frequently occur with 2,879 and 2,865 videos.

3.5 Dataset Split and Evaluation Protocol

Table 2: Comparison oftraining andtestingsets.

Classes Videos
Mean
frames

Total
frames

VastTrackTst 702 3,500 106.3 372K
VastTrackTra 1,974 47,110 81.2 3.82M

Dataset Split. VastTrack has 50,610 videos,
with 47,110 videos for training in VastTrackTra
and the rest 3,500 for testing in VastTrackTst.
Tab. 2 displays comparison of training and test-
ing sets. In dataset split, we try to keep distribu-
tions of training and testing sets similar. Please
note, the reason to use 3,500 videos (� 7% of
total) in VastTrackTst is to keep it relatively compact so that evaluation of trackers can be fast, similar
to the popular GOT-10k [27] in which 420 videos out of around 10K are for testing (� 4.2% of the
total). Although VastTrackTst has only 3,500 videos, it is representative by including rich categories
and various scenarios for evaluation, and much larger and more diverse compared to other testing sets
in video number and classes, making evaluation more reliable.

Evaluation Protocol. Unlike thefull overlap[16, 43] or one-shot[27], we utilize ahybrid protocol
wherein part of object classes (not videos) in test set have overlap with training set, while the rest
classes remains unseen. The reason is that, in real world, humans often track objects from both
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Figure 6: Evaluation results of 25 trackers on VastTrackTst using PRE, NPRE, and SUC.

Figure 7: Qualitative results of eight representative trackers on different sequences. We observe that
these trackers drift to the background region or even lose the target due to different challenges in
videos such as BC, SV, DEF, INV, MB, ROT, and LR. More efforts are desired to improve tracking.

frequently seen and unseen categories. To develop human-like trackers, we adopt such a hybrid
protocol for VastTrack with 561 overlap classes and 141 completely unseen classes in test set.

4 Experiments

Evaluation Metric. Following [53, 16, 43], we useone-pass evaluation(OPE) and compare different
trackers using three metrics, includingprecision(PRE), normalized precision (NPRE), and success
(SUC). In speci�c, PRE measures center position distance between tracking results and groundtruth
in pixels, and trackers are ranked by PRE on a preset threshold,e.g., 20 pixels. To mitigate in�uence
of video resolutions, NPRE is calculated by normalizing PRE using target region. Different from PRE
and NPRE, SUC measures Intersection over Union (IoU) between tracking results and groundtruth,
and is computed by the percentage of frames in which the IoU is larger than a threshold,e.g., 0.5.

4.1 Evaluated Trackers

To understand existing approaches on VastTrack and also to offer baselines for comparison, we evalu-
ate 25 representative trackers, which are classi�ed into three types:(i) CNN-basedthat achieves object
tracking using only CNN architecture, consisting of SiamFC [1], ATOM [11], SiamRPN++ [33],
SiamBAN [8], DiMP [2], SiamCAR [23], PrDiMP [12], STMTrack [20], Ocean [60], RTS [44], and
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