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Abstract

One of the key factors behind the recent success in visual tracking is the availability of
dedicated benchmarks. While being greatly benefiting to the tracking research, existing
benchmarks do not pose the same difficulty as before with recent trackers achieving
higher performance mainly due to (i) the introduction of more sophisticated transformers-
based methods and (ii) the lack of diverse scenarios with adverse visibility such as, severe
weather conditions, camouflage and imaging effects.

We introduce AVisT, a dedicated benchmark for visual tracking in diverse scenarios
with adverse visibility. AVisT comprises 120 challenging sequences with 80k annotated
frames, spanning 18 diverse scenarios broadly grouped into five attributes with 42 object
categories. The key contribution of AVisT is diverse and challenging scenarios cover-
ing severe weather conditions such as, dense fog, heavy rain and sandstorm; obstruc-
tion effects including, fire, sun glare and splashing water; adverse imaging effects such
as, low-light; target effects including, small targets and distractor objects along with
camouflage. We further benchmark 17 popular and recent trackers on AVisT with de-
tailed analysis of their tracking performance across attributes, demonstrating a big room
for improvement in performance. We believe that AVisT can greatly benefit the track-
ing community by complementing the existing benchmarks, in developing new creative
tracking solutions in order to continue pushing the boundaries of the state-of-the-art.
Our dataset along with the complete tracking performance evaluation is available at:
https://github.com/visionml/pytracking

1 Introduction
Visual object tracking is one of the fundamental problems in computer vision, where the
objective is to estimate the target state and trajectory in an image sequence, provided only
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Figure 1: AVisT comprises challenging diverse tracking scenarios with adverse visibility.
The diverse scenarios cover adverse weather conditions, including dense fog, heavy rain
and sandstorm; obstruction effects such as, fire and sun glare; illumination effects; target
effects, including distractor objects and small targets; along with camouflage. Here, we
show individual frames of some representative sequences and visualize with different colors
the ground truth annotations and the predicted bounding boxes of four different trackers. The
trackers belong to different tracking paradigms: KeepTrack [16] (Discriminative Classifier),
SiamRPN++ [14] (Siamese), STARK-ST-101 [26] and MixFormerL-22k [5] (Transformer).

Datasets OTB-100 [25] UAV123 [18] GOT-10k [11] TrackingNet [19] LaSOT [9] AVisT

Best Tracker TrDiMP [22] MixFormer-22k [5] MixFormer-1k [5] MixFormerL-22k [5] MixFormerL-22k [5] MixFormerL-22k [5]
Performance 71.1 70.4 71.2 83.9 70.1 56.0

Table 1: Tracking performance (AUC score) achieved by the top-performing trackers on
existing datasets and AVisT. Compared to existing datasets such as, LaSOT and TrackingNet,
the performance achieved on AVist is significantly lower highlighting the challenging nature
of the proposed dataset.

its initial location. The target object is not known a priori and is not constrained to be from a
specific object class. Therefore, the main challenge is to accurately learn the appearance of
the target object in unconstrained real-world scenarios.

Recent years have witnessed a significant progress in the field of visual tracking with a
plethora of trackers introduced in the literature. One of the major contributing factors to-
wards these recent advances in tracking is the introduction of several benchmarks [9, 10,
11, 19, 25]. OTB [25] was one of the first large-scale datasets, containing 100 videos.
Afterwards, tracking benchmarks are introduced to evaluate different aspects of tracking
such as, the impact of color information [15], fast target motion [10] as well as tracking
in aerial imagery [18]. More recently, the tracking community has focused on constructing
datasets [9, 11, 19] with large-scale training splits, to benefit from task-specific deep learn-
ing. Among these, GOT-10K [11] comprises a large collection of shorter videos, whereas
LaSOT [9] focuses on longer sequences. Moreover, there exist dedicated benchmarks, such
as the VOT series [12] associated with annual tracking challenge competitions.

While all of these datasets have greatly benefited the tracking research, they no longer
pose the same difficulty as before to the current state-of-the-art trackers, due to the rapid
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progress in the field. Most notably, the state-of-the-art trackers now achieve AUC scores of
above 70% also on LaSOT (see Tab. 1), which is one of the most difficult established datasets.
On the other hand, since the introduction of OTB in 2013 [24], the existence of highly
difficult tracking benchmarks has been vital, in order to challenge researchers to designing
ever more robust and accurate trackers, applicable for increasingly diverse scenarios. In this
work, we therefore set out to develop a new, highly challenging dataset, in order to promote
further progress in the visual tracking field.

We believe that one of the main reasons that the aforementioned datasets do not pose
sufficient challenge to new trackers is that diverse scenarios such as, adverse visibility due
to weather conditions, camouflage and illumination effects are underrepresented. In prac-
tice, robust handling of adverse visibility is essential in many applications. For instance,
autonomous driving applications require the target to be tracked under all weather condi-
tions, such as heavy rain, dense fog, and sandstorms. Similarly, rescue missions involving
drones require robust and accurate object tracking in adverse scenarios, such as fire, smoke,
and strong winds. Further, wildlife conservation often relies on monitoring different animal
populations in their natural habitats, where many animal species are difficult to distinguish
from the surrounding environments due to their camouflaged appearance.
Contributions: We propose AVisT, a benchmark for visual object tracking in diverse scenar-
ios with adverse visibility. AVisT better accommodates the difficult conditions encountered
in the aforementioned real-world applications, while being severely challenging even for the
most recent trackers (see Tab. 1). Our dataset comprises 120 challenging sequences, span-
ning 18 diverse scenarios and 42 object categories. The scenarios cover adverse weather con-
ditions, including heavy rain, dense fog, and hurricane; obstruction effects such as, splashing
water, fire, sun glare, and smoke; adverse imaging effects; target effects such as, fast motion
and small target; along with camouflage. The proposed AVisT is densely annotated with
accurate bounding boxes following a thorough quality control. Moreover, every frame is
annotated with flags for occlusion, partial occlusion, out of view, and extreme visibility.

We evaluate 17 popular trackers on AVisT, including the most recent state-of-the-art
methods. The best method, MixFormer-22k [5] which employs an ImageNet-22K pre-
trained backbone achieves an AUC score of only 56.0%, demonstrating the challenging na-
ture of AVisT. We further analyze the performance of different trackers across attributes,
which can provide valuable insights for specific applications. For instance, we note that
ImageNet-22K pre-training is important for improved performance on the weather condi-
tions attribute. Fig. 1 shows a qualitative comparison of recent trackers belonging to different
tracking paradigms: discriminative classifiers, Siamese networks and transformers.

2 The AVisT Benchmark

2.1 Scenarios and Attributes

Our AVisT offers a dedicated dataset that covers a variety of adverse scenarios highly rele-
vant to real-world applications. Importantly, AVisT poses additional challenges to the tracker
design due to adverse visibility. To this end, our AVisT covers a wide range of 18 diverse
scenarios: rain, fog, hurricane, fire, sun glare, low-light, archival videos, fast motion, dis-
tractor objects, occlusion, snow, sandstorm, tornado, smoke, splashing water, camouflage,
small objects and deformation. These diverse scenarios are broadly categorized into five
attributes: weather conditions, obstruction effects, imaging effects, target effects and camou-
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Attribute Scenario Description

Weather Conditions

Rain Heavy rain that compromises the visibility of the target.
Snow Heavy snowfall or snow conditions, affecting target visibility.
Fog Dense fog that severely affects target visibility.
Sandstorm Dense sand and dust in the air, severely impairing target visibility.
Hurricane Severe winds accompanied by rain and lightning.
Tornado Presence of a tornado, hampering target visibility.

Obstruction Effects

Occlusion The target is occluded by another object or background structures.
Splashing water Splashing water in front of or on the target.
Fire Fire obstructing the target as well as causing lighting variation.
Smoke Dense smoke obstructing the view of the target.
Sun glare Sun glare effects that reduces the visibility of the target.

Imaging Effects
Low-light Poor scene lighting conditions.
Archival Monochrome archival videos of poor quality.

Target Effects

Fast motion The target motion is greater than the target size.
Small target In at least one frame, the target box is smaller than 500 pixels.
Distractor objects Presence of several objects that are visually similar to the target.
Deformation The target undergoes shape changes during tracking.

Camou�age Camou�age The target appearance is very similar to the surrounding background.

Table 2: A brief description of 18 different adverse scenarios, grouped into �ve broader
attributes (weather conditions, obstruction effects, imaging effects, target effects and cam-
ou�age), in the proposed AVisT dataset.

�age. A short description of each scenario and their partitioning into attributes are presented
in Tab. 2. The frequency of each scenario and attribute is visualized in Fig. 2. Next, we
describe the included attributes.

Figure 2: Distribution of image sequences
with respect to scenarios and attributes in the
proposed AVisT benchmark.

Weather Conditions: While most existing
benchmarks, such as LaSOT comprises se-
quences acquired under normal weather con-
ditions, the tracking problem becomes more
challenging in adverse weather scenarios,
which often lead to bad visibility. In our
dataset, the diverse adverse scenarios caused
by weather conditions are: rain, fog, hurri-
cane, snow, sandstorm and tornado. Accu-
rately capturing the target appearance infor-
mation in such extreme scenarios (see Fig. 3)
is crucial and poses additional challenges to
the tracking model.
Obstruction Effects: Apart from dif�cult
weather conditions, there are several real-
world obstructions that pose additional chal-
lenges to the tracker. These obstructions can
be caused by occlusion as well as natural phenomenon such as, �re, smoke, sun glare and
splashing water. Our dataset covers all these diverse settings of obstructions (see Fig. 3).
Imaging Effects: Challenging imaging conditions such as, low-light, night-time and
archival monochrome videos causes losing the natural color of the target, and thereby pose
dif�culties to the tracking model. Our AVisT dataset comprises a set of challenging se-
quences covering these imaging effects (see Fig. 3).




