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Abstract. Visual tracking has made great progress recently, thanks
to large-scale training datasets. These datasets have enabled the de-
velopment of highly accurate tracking algorithms. However, most re-
search focuses on tracking general objects, with less attention on spe-
cialized challenges like tracking reflected objects. Reflections can distort
objects’ appearances, making them harder to track, which is a criti-
cal issue in areas like autonomous driving, security, smart homes, and
industrial settings where tracking reflections in mirrors or glass is im-
portant. To fill this gap, we introduce TRO, a benchmark designed for
Tracking Reflected Objects. TRO contains 200 sequences with about
70,000 frames, all annotated with bounding boxes, aiming to foster the
development of methods tailored for this challenging task. We tested 20
state-of-the-art trackers and found they struggle with the complexities
of reflections. To set a better baseline, we propose HIP-HaTrack, a new
tracker that uses hierarchical features and outperforms existing algo-
rithms. We hope our benchmark and HIP-HaTrack will inspire further
research on tracking reflected objects. The TRO and code are available
at https://github.com/Guoxiaoyuy/HIP-HaTrack.
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1 Introduction

The field of visual tracking has experienced significant advancements over the
past decade, largely due to the increasing availability of large-scale datasets and
the development of sophisticated algorithms [82,105,56,20,65,31,103,108]. These
advancements have enabled tracking systems to achieve remarkable accuracy
and robustness in a variety of applications, such as autonomous driving, surveil-
lance, and smart home technologies [12,65]. With improved algorithms and richer
datasets, visual tracking systems can now better handle occlusions, variations in
object appearance, and environmental changes, which are common challenges in
real-world scenarios [82,105,56,58,57,20,89]. Despite these achievements, much of
the research in visual tracking has been concentrated on generic objects, leaving
more specialized and challenging scenarios relatively underexplored [106,97,36].

* Corresponding author. TThese authors contributed equally.

1756


https://github.com/Guoxiaoyuy/HIP-HaTrack

2 X. Guo, P. Zhong, and et al.

One particularly challenging scenario that has not received adequate attention is
the tracking of reflected objects. Reflections can severely distort the appearance
of objects, creating ambiguous visual cues that complicate the tracking process.
The reflective properties of surfaces like mirrors and glass can lead to multi-
ple, overlapping images of the same object, making it difficult for algorithms to
discern the true object from its reflection [40,90,6,33,79,73]. Accurately track-
ing objects in reflections—whether in mirrors, glass surfaces, or other reflective
materials—is essential for improving monitoring systems in various applications
like surveillance, smart home, medical procedures, and traffic.

(b) Example of reflected objects tracking.

Fig. 1. Generic object tracking (a) and reflected objects tracking (b). Compared with
generic object tracking, tracking of reflected objects is more challenging as their ten-
dency to distort the appearance of objects and create ambiguous visual cues.

In surveillance, surveillance systems often face challenges due to obstruc-
tions or blind spots that prevent full coverage. By leveraging mirror reflec-
tions, "virtual" cameras can be introduced to capture images through reflec-
tions, filling these blind spots and providing more comprehensive monitoring
[80,81,76]. In smart homes, reflective surfaces such as mirrors, windows, and
polished furniture are ubiquitous. Correctly tracking objects reflected in these
surfaces can significantly enhance the functionality and reliability of automated
systems [38,28,5,48,43]. In smart home, home automation systems with accurate
tracking can enhance user experience and safety. By distinguishing between re-
flections of humans and objects, these systems can make better decisions about
turning on lights, adjusting temperature, or locking doors, ensuring they re-
spond to actual human presence [88,86,16]. Smart home assistants can also use
reflections to improve awareness, such as detecting a person entering a room
through a mirror’s reflection and offering a personalized greeting or adjusting
the environment to the user’s preferences [87,64,86,16]. In the medical field,
mirror reflections can provide crucial assistance in tracking surgical instruments
and monitoring patients’ vital signs [7,75,85,42]. During surgeries, reflections can
offer additional angles and perspectives, allowing medical staff to have a compre-
hensive view of the operating area. This enhanced visibility can improve precision
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and safety, ensuring that instruments are used correctly and efficiently [8,7,77].
Similarly, monitoring vital signs through reflections can offer real-time feedback,
helping medical professionals respond promptly to any changes in a patient’s
condition. These extra perspectives are vital for the accuracy and effectiveness
of medical procedures, contributing to better patient outcomes and enhanced
surgical performance [8,41,1]. In traffic monitoring, strategically placed mirrors
at streetlights or intersections can significantly enhance surveillance capabilities
[68,3]. These mirrors capture reflected images of vehicles and pedestrians, ef-
fectively expanding the range of monitored areas. By using reflections, traffic
monitoring systems can gain visibility into spots that are typically out of the
direct line of sight of cameras, such as blind corners or areas obscured by other
objects [23,78]. This expanded field of view allows for more comprehensive cov-
erage, ensuring that all traffic movements are accurately tracked. The improved
detection accuracy helps in better traffic management, accident prevention, and
enforcement of traffic laws [24,67,104,50]. Enhanced monitoring through reflec-
tions can also aid in incident response, providing valuable information about
traffic conditions and potential hazards in real time [60,74].

Given these diverse applications and the critical nature of accurate tracking
in these scenarios, it is clear that the challenges posed by reflected objects re-
quire dedicated research efforts. Current tracking algorithms, designed primarily
for generic objects, often lack the robustness needed to handle these complex-
ities effectively. In light of these challenges, there is a pressing need for the
development of specialized benchmarks and algorithms tailored to the tracking
of reflected objects. In this work, we introduce the Tracking Reflected Objects
(TRO) benchmark, a dedicated dataset designed to stimulate research in this
challenging area. TRO comprises 200 sequences, totaling approximately 70,000
frames, each meticulously annotated with bounding boxes. Each sequence un-
dergoes semi-automatic object annotation, possessing various attributes for per-
formance evaluation and analysis. This comprehensive dataset captures a wide
range of real-world scenarios involving reflections, providing a robust foundation
for developing and evaluating new tracking algorithms tailored to these condi-
tions. In addition, we present a detailed evaluation of 20 state-of-the-art tracking
algorithms using the TRO benchmark. Our findings reveal that current methods
often struggle with the complexities introduced by reflections, indicating a signif-
icant need for improvement. By releasing TRO, we aim to foster advancements
in tracking technology that address the unique challenges of reflected objects, ul-
timately enhancing the accuracy and reliability of visual tracking systems across
various applications. The main contributions of this paper are as follows:

— We introduce TRO, which is the first benchmark dedicated to track reflected
objects to our knowledge. TRO, containing 200 sequences with meticulous
annotations, poses unique challenges not adequately covered by existing
benchmarks and may inspire further research and applications in tracking
reflected objects.

— We conduct a thorough evaluation of 20 state-of-the-art trackers on TRO.
This evaluation contributes to our understanding of the limitations of current
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trackers, establishes benchmarks for performance comparison and inspires
future research endeavors in the field of tracking reflected objects.

— We propose HIP-HaTrack, a novel tracker that aggregate hierarchical fea-
tures to enhance performance. HIP-HaTrack surpasses existing state-of-the-
art algorithms in TRO, providing a stronger baseline for future research in
tracking reflected objects.

2 Related Works

2.1 Visual Tracking Algorithms

There are generally two categories of mainstream visual trackers: DCF-based and
DL-based trackers [61,66,94,63,91]. DCF-based trackers treat visual tracking as
an online regression problem. Thanks to the utilization of the Parseval theorem
and Fast Fourier Transform (FFT), DCF-based trackers demonstrate high speed
on CPUs [53]. They initially began with the MOSSE (Minimum Output Sum
of Squared Error) filter [9], and since then, significant progress has been made.
For example, [55,21] employed an additional scale filter to handle target scale
variations. [22,51] explored regularization techniques to enhance robustness, and
[52] extended the DCF framework to achieve translation equivariance. However,
the limited expressive power of manually crafted features makes it difficult for
DCF-based trackers to maintain robustness under challenging conditions. As
a result, DL-based trackers have gained significant attention for their remark-
able capability to automatically learn features through neural networks. SiamFC
[4], a typical representative of DL-based trackers, pioneered the utilization of the
Siamese networks [19] in visual tracking and has spurred the development of var-
ious sophisticated trackers. For instance, those mentioned in [49,35,99,14,34,17]
have demonstrated significant advancements in tracking precision and robust-
ness.

Recently, Vision Transformers (ViTs) [25] have shown significant potential
in streamlining and unifying frameworks for visual tracking, as evident in stud-
ies like[25,59,101,93]. Based on ViTs, OStrack [101] combines feature extraction
and relation modeling, introducing an early elimination module to implement
a one-stream tracking framework. DropTrack [93] improves temporal correspon-
dence learning by adaptively performing spatial attention dropout during frame
reconstruction. Very recently, HIPTrack [10] offers a historical prompt network
constructed with refined historical foreground masks and target visual features
to provide comprehensive and precise guidance for the tracker. However, most
current research focuses on tracking generic objects, with less attention given to
more specialized and challenging scenarios, particularly the tracking of reflected
objects. One of the main reasons for this is the lack of dedicated benchmark
tests specifically designed for tracking reflective objects.

2.2 Visual Tracking Benchmarks

The development of visual tracking technology relies on accurate measurement
and evaluation of tracking method performance, with benchmark datasets serv-
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ing as crucial standards for evaluation. Currently, there are two main types of
benchmark datasets: general benchmarks and specific benchmarks [27].

General benchmarks. General benchmark datasets are primarily used to
evaluate tracking algorithm performance in general scenarios. OTB-2013 [95], a
representative dataset, initially contained 50 sequences, later expanded to OTB-
2015 [96], covering 100 sequences. VOT [47] organization hosts a series of tracking
competitions with up to 60 sequences. NFS [30] focuses on high frame rate videos.
Many large-scale benchmarks have been proposed to train DL-based trackers.
TrackingNet [70] aimed at providing resources for training and evaluating gen-
eral object tracking algorithms,featuring over 30,000 sequences. GOT-10k [39]
contains over 10,000 video sequences, with each sequence containing rich track-
ing challenges. LaSOT [26] initially contained 1,400 long-term video sequences
and later added 150 additional sequences in subsequent studies, introducing a
new evaluation scheme focusing on handling situations where the object becomes
invisible during tracking.

Specific benchmarks. Specific benchmark datasets are designed to evaluate
the tracking of particular objects. For example, the UAV123 [69] focusing on low-
altitude drone object tracking with 123 sequences captured by drone. VOT-TIR
[46] utilizes both RGB and thermal infrared images simultaneously to improve
object tracking performance in RGB-T sequences. CDTB [62] and PTB [83] aim
to evaluate tracking performance in RGB-D videos, where D represents depth
images. TOTB [27] focuses on transparent object tracking, collecting 225 videos
from 15 transparent object categories. Recently, some new benchmarks have
emerged, such as TSFMO [106], specifically objecting tracking small objects
and fast-moving objects.

However, existing benchmark datasets primarily focus on tracking physical
objects. With the increasing use of reflected objects in fields such as industrial
automation, security monitoring, and autonomous driving, the need for special-
ized tracking algorithms is growing. Reflected objects present unique challenges,
including reflection, distortion, and ambiguity, which often cause traditional ob-
ject tracking algorithms to perform poorly. Additionally, there is a notable lack
of dedicated datasets for tracking reflected objects. This paper aims to address
this by proposing a novel Reflected Object Tracking Dataset, designed to fa-
cilitate the development and evaluation of algorithms specifically for reflected
object tracking.

3 Construction of the TRO Dataset

3.1 Data Collection

We collected hundreds of candidate videos through the internet and by recording
with a camera. After that, we ranked and filtered the videos based on four crite-
ria of tracking difficulty and some additional challenging cases. Vide os can gain
higher rankings through the following ways: 1) sufficient relative motion of the
target, 2) high variability of the environment, 3) the target crossing frame bor-
ders, and 4) sufficient footage length. In addition to the above criteria, videos
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Fig. 2. This figure presents a histogram of the video frame counts in the TRO. The
x-axis represents the number of frames per video, divided into bins, and the y-axis
shows the number of videos within each bin.

Table 1. Summary of statistics of the proposed TRO.

Min frames 62 |Max frames 1211
Avg frames 349|Frame range 1149

Number of videos 200
Total frames 69810

with additional challenges are given higher priority. For example, distinguish-
ing targets from other highly similar objects is a challenge in object detection
and tracking. After filtering, videos are further selected and sampled into se-
quences with a frame number threshold (< 1300). Relatively stationary frames
were manually discarded. Due to resource constraints in collecting, processing,
and annotating video data, we chose 200 sequences for the TRO benchmark.
This ensures each video is high quality and thoroughly annotated, while staying
within our available time, budget, and manpower. The targets mainly include
humans (such as riders, pedestrians and dancers), animals (such as dogs, cats
and tigers), and rigid objects (such as cars, airplanes and boats). Our bench-
mark covers a wide range of targets with high diversity. Table 1 summarizes
the TRO dataset, and Fig. 2 presents a histogram of the video frame counts in
the TRO. Additionally, to highlight the challenges associated with tracking re-
flected objects, we evaluate seven state-of-the-art (SOTA) trackers on TRO and
two popular generic object tracking benchmarks for comparison. The AUC are
presented in Table 2 Remarkably, these tackers’” AUC on TrackingNet is more
than 15.0% higher than TRO, highlighting the significant challenges posed by
tracking reflected object.

Table 2. AUC (%) Comparison of state-of-the-art trackers on the TRO and generic
object tracking benchmarks.

Dataset HIPTrack ROMTrack DropTrack ARTrack SeqTrack GRM SimTrack

TRO 68.9 67.5 67.1 62.1 66.6 63.5 61.5
TrackingNet [71]  84.5 84.1 84.1 85.1 83.9 84.0 83.4
LaSOT [26] 72.7 71.4 71.8 72.6 71.5 69.9 70.5
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Fig. 3. Some examples of box annotations for TRO.Each sequence is annotated with
axis-aligned bounding boxes and attributes.

3.2 Data Annotation

We followed the principles outlined in [72] for sequence annotation. Each video
frame was meticulously labeled by a team of expert annotators (i.e., students
working on visual tracking). Annotators drew /edited axis-aligned bounding boxes
around the visible portion of the object in each frame, representing the tightest
bounding box. Objects were labeled if visible, otherwise marked as absent, out
of view, or occluded. To improve annotation efficiency and quality, we employed
an efficient method called point annotation proposed in [44]. Objects were an-
notated in each frame using Segment Anything [44], a versatile segmentation
method that automatically identifies objects or regions in images and generates
annotation information. And than, we conducted visual inspection of the au-
tomatically generated annotations from Segment Anything. For cases of poor
quality, we performed manual annotation by reviewing and correcting errors
or omissions. In addition, a double-check mechanism was implemented where
a second annotator reviewed the initial annotations to maintain accuracy and
consistency. Any discrepancies were resolved through discussion and consensus.
This combination of automatic and manual annotation along with the double-
check mechanism resulted in a high-quality annotated dataset, which serves as a
reliable foundation for subsequent research. Our annotation methods and strate-
gies ensure both efficiency and accuracy. Examples of box annotations in TRO
can be seen in Fig. 3.

3.3 Attributes

In line with the approach of popular tracking benchmarks [110],[39], and [96], we
further annotated each video sequence with multiple attributes to better analyze
the performance of tracking algorithms. The proposed TRO dataset features 12
attributes, including (1) Illumination Variation (IV), (2) Scale Variation (SV),
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Fig. 4. (a) Attribute distribution of the entire testset, and (b) the distribution of the
sequences with Partial Occlusion (POC) attribute.

(3) Deformation (DEF), (4) Motion Blur (MB), (5) Fast Motion (FM), which is
assigned when the target center moves by at least 20% of its size in last frame.
(6) Out-of-View (OV), (7) Background Clutter (BC), (8) Low Resolution (LR),
assigned when the object region is less than 900 pixels, (9) Partial Occlusion
(POC), (10) Rotation (ROT), (11) Full Occlusion (FOC), and (12) Aspect Ra-
tio Change (ARC), which assigned when the aspect ratio of the bounding box
exceeds the range [0.5, 2]. By considering these attributes, we can gain a more
comprehensive understanding of the performance of tracking algorithms under
different challenging scenarios.

The distribution of attributes in our dataset is shown in Fig. 4(a). Some
attributes occur more frequently, such as DEF (Deformation) and POC (Par-
tial Occlusion). It also indicates that a sequence typically has multiple attribute
annotations. In addition to summarizing the performance of the entire testset,
we can evaluate tracking methods on a subset corresponding to a particular at-
tribute to report performance on specific challenging conditions. For example,
the POC subset contains 138 sequences, which can be used to analyze the per-
formance of trackers in handling occlusions. The attribute distribution in the
POC subset is shown in Fig. 4(b), which indicates that the challenge associated
with POC frequently co-occurs with other challenges rather than presenting
alone. This overlapping of attributes highlights the complex nature of real-world
tracking scenarios and underscores the need for robust algorithms capable of
handling multiple simultaneous challenges. Such insights are crucial for devel-
oping and evaluating advanced tracking methods that can perform effectively in
diverse and complicated conditions.

4 A New Baseline: HIP-HaTrack

During our evaluation, we observed that although HIPTrack outperforms other
state-of-the-art trackers on TRO, but its performance remains significantly be-
low satisfactory levels. Therefore, based on HIPTrack, we propose a novel base-
line tracker called HIP-HaTrack based on aggregating hierarchical features to
enhance the ability to address the challenges posed by significant ambiguous vi-
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Fig. 5. (a) The overall framework of HIP-HaTrack,which inherited from HIPTrack. The
difference lies in the encoder part of the feature extraction network. (b) The structure
of the Hierarchical Aggregation Encoder.

sual cues and distortion of object appearance caused by reflections. Reflections
and ambiguous visual cues can cause certain features to become less reliable.
As multi-level features capture information at various scales and resolutions,
aggregating these features enables the tracker to rely on a broader set of data,
thereby increasing the likelihood of correctly identifying the target. In addition,
aggregating hierarchical features allows the tracker to adaptively utilize the most
relevant features for a given scenario.

4.1 Overall Architecture

Like HIPTrack, HIP-HaTrack also comprises three main components, as shown
in Fig. 5(a). The feature extraction network is responsible for extracting features
from the search region that contain target-template matching information, while
filtering out background image patches. The historical prompt network contains
a historical prompt encoder and a historical prompt decoder. The historical
prompt encoder needs to encode the position information and visual features of
the target in the current frame as historical target features, and store them in
the memory bank of the historical prompt decoder. And the historical prompt
decoder generates historical prompt for each search region and combines these
historical prompt with the compressed features of the search region. The head
network has a same structure to OSTrack [101]. The difference between HIP-
HaTrack and HIPTrack lies in their feature extraction network. HIPTrack utilizes
a Vision Transformer (ViT) with early candidate elimination modules, similar to
the one used in OSTrack, serving as its feature encoder. Our HIP-HaTrack intro-
duces a novel Hierarchical Aggregation Encoder, as illustrated in Fig. 5(b). This
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Hierarchical Aggregation Encoder is designed to integrate features at multiple
levels of abstraction. By aggregating hierarchical features, HIP-HaTrack aims to
enhance the feature representations, particularly for tracking reflected objects.
In the following section, we will provide a detailed description of the proposed .
Other architectures inherit from HIPTrack; please refer to [10] for details.

4.2 Hierarchical Aggregation Encoder

Our Hierarchical Aggregation Encoder builds upon the Transformer Encoder
architecture of HIPTrack, namely a Vision Transformer (ViT) with early candi-
date elimination modules. This structure is represented with stacked CEBlocks
as shown in Fig. 5(b). The key difference is the proposed aggregation structure for
aggregating hierarchical features output by the ViT blocks. Each hierarchical fea-
ture is adaptively weighted with a gate module represented by G. The weighted
hierarchical features are summed to obtain an aggregated feature, which is fi-
nally weighted summed with the feature produced by the original Transformer
Encoder. Considering that the early candidate elimination module in each CE-
Block may alter the shape of the input feature, we divide the CEBlock into two
parts: one representing the ViT block with early candidate elimination, denoted
by CBlock'i, and the other representing the ViT block without it, denoted by
C Block*i. The output features produced by these two parts are represented by
H'i and H* i, respectively. The effect of the proposed Hierarchical Aggregation
Encoder can be formally formulated by

n
Fro=(1—p)P(HY) +p> G(H)-H, (1)
i=1
where Hf = CBlocki (H;~,), Hf = CBlock!(H}_,), P denotes the padding
and reshaping used to recover the shape of Hj to that of Hy, p € [0,1] is a
weighting constant used to balance the importance of aggregated feature and
HY. Note that if p = 0 Fja is just the feature produced by the Transformer
Encoder of HIPTrack. Thus, our Hierarchical Aggregation Encoder extends and
generalizes the feature extraction network of HIPTrack. It enhances feature rep-
resentation by capturing information at multiple levels of abstraction, thereby
improving the richness and comprehensiveness of the features. This approach also
provides flexibility for further fine-tuning or extension, making it more effective
for tracking objects affected by reflections. Since the proposed Hierarchical Ag-
gregation Encoder does not introduce any additional training loss, we can utilize
the same training pipeline as HIPTrack for training HIP-HaTrack. Please refer
to HIPTrack [10] for details.

5 Evaluation

In this work, precision and success rate are used as metrics for evaluation.
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Precision Plot: The precision plot is a common evaluation metric in tracking
studies. It measures tracking precision by calculating the average Euclidean dis-
tance between the center of the tracked object and its ground truth position.
This gives an average error over all frames in a sequence. However, if the tracker
loses the object, the error may become random, making the average less reliable.
To address this, the precision plot compares the tracker’s estimated position with
the ground truth within a set distance threshold. For our evaluation, we use the
precision score with a 20-pixel threshold, following standard practices [2].

Success Plot: Another evaluation metric is the success plot, based on the over-
lap of bounding boxes. Given the tracking bounding box r; and the ground truth
bounding box r,, the overlap score is defined as S = l:: U:Z}, where N and U

denote the intersection and union of two regions, respectively, and |- | represents
the number of pixels in the region. To evaluate tracking performance over mul-
tiple frames, we count how many frames have an overlap score S greater than
a threshold. The success plot shows the ratio of successful frames at different
thresholds from 0 to 1. Since using a single success rate at a specific threshold
(e.g. t,=0.5) may not give a complete picture, the area under the curve (AUC)
is typically used to rank tracking algorithms more fairly [2,37].

5.1 Trackers for Comparison

We evaluate our HIP-HATrack and 20 state-of-the-art trackers on TRO, includ-
ing HIPTrack [10], ROMTrack [11], SeqTrack [18], DropTrack [93], AQATrack
[98], SparseTT [29], DCPT [109], GRM [32], Stark [100], ZoomTrack [45], MAT
[107], SimTrack [17], ARTrack [92], CSWinTT [84], SiamAPN++ [14], TCTrack
[15], SiamGAT [34], UDAT [102], HiFT [13], and Aba-ViTrack [54].

5.2 Evaluation Results

Overall Performance: A comprehensive evaluation of 20 state-of-the-art track-
ers and our HIP-HATrack was conducted on the TRO dataset. Notably, the exist-
ing trackers were used without any modifications for this evaluation. The results
are presented with precision and success plots, as displayed in Fig. 6. As can
be seen, HIP-HATrack outperforms all other trackers with a precision (PRC) of
0.738, surpassing its baseline HIPTrack, secuing the second place, with a PRC of
0.723 by 1.5%. In terms of AUC, HIP-HATrack also leads with the highest AUC
of 0.697, surpassing the second place HIPTrack, which has an AUC of 0.689, by
0.8%. These results demonstrate the superior performance of HIP-HATrack in
both precision and success rate metrics, highlighting its effectiveness compared
to existing state-of-the-art trackers in handling the challenge associated with
tracking reflected objects by aggregating hierarchical features.

Attribute-based performance: We conducted a comprehensive performance
evaluation on twelve common attributes to better analyze and understand the
performance of different trackers on the TRO dataset. Our HIP-HaTrack achieved
the best AUC and PRC for most attributes. Due to the constraints of paper
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Fig. 6. Overall performance on TRO. Precision and success rate for one-pass evaluation
(OPE) [95] are used for evaluation.

length, we present the PRC results for six common challenges in Fig. 7, includ-
ing background clutter (BC), rotation (ROT), deformation (DEF), illumination
variation (IV), partial occlusion (POC), and aspect ratio change (ARC). As can
be seen, HIP-HaTrack consistently secures the first place across all attribute sub-
sets, with the baseline HIPTrack taking second place, except for the BC subset
where SparseTT ranks second instead. HIP-HaTrack outperforms the second-
place trackers by at least 0.7% on all subsets. Notably, the improvements on
the BC and ROT subsets are both 3.2%. Specifically, HIP-HaTrack achieves a
precision of 0.628 on the BC subset and 0.633 on the ROT subset, surpassing
SparseTT’s 0.596 and HIPTrack’s 0.617 by 3.2%. For the DEF attribute, HIP-
HaTrack achieves a precision of 0.732, surpassing HIPTrack’s 0.722 by 1.0%. On
the IV, POC, and ARC subsets, HIP-HaTrack shows improvements over HIP-
Track by 1.6%, 0.7%, and 1.0%, respectively. These results validate the effec-
tiveness of the proposed method of aggregating hierarchical features for tracking
reflective objects. Notably, on the BC and IV subsets, all trackers have precision
below 0.650, much lower than the other subsets, which are all above 0.70. This
can be attributed to the impact of illumination variation on reflections and the
degradation of discriminative cues for reflected objects in cluttered backgrounds,
emphasizing the need for specialized techniques to handle reflections.

Qualitative evaluation: In Fig. 8, we show some qualitative tracking results
of our method in comparison with nine top trackers, including HIPTrack [10],
DropTrack [93], AQATrack [98], ROMTrack [11], SeqTrack [18], SparseTT [29],
DCPT [109], Stark [100], and ZoomTrack [45]. These examples are influenced
by challenges such as illumination variation, deformation, rotation, background
clutter, aspect ratio change, and partial occlusion. Specifically, in Car6, only
HIP-HaTrack, HIPTrack [10], DropTrack [93], ROMTrack [11], and DCPT [109]
successfully track the reflected toy car. In Chicken3, many trackers are influenced
by the presence of the real chicken, leading to inaccurate tracking of the reflected
one. In Dogl and Human112, while several trackers manage to track parts of the
reflected object, HIP-HaTrack consistently shows visually superior results. These
qualitative comparisons support the effectiveness and superiority of our method
of aggregating hierarchical features for tracking reflected objects.
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Fig. 7. Attribute-based comparison on illumination variation, Deformation, Rota-
tion,Background Clutter,Aspect Ration Change and Partial Occlusion.

5.3 Ablation Study

Impact of the importance coefficient of aggregated hierarchical fea-
ture. To study the impact of the weight coefficient p on balancing the contribu-
tions of aggregated hierarchical feature and H} in HIP-HaTrack, we evaluated
HIP-HaTrack on the TRO dataset with various p settings. Specifically, p ranges
from 0.1 to 1.0 with step of size 0.1. It is important to note that as p increases,
the contribution of the aggregated feature increases, while the contribution of
H}; decreases. Table 3 shows HIP-HaTrack’s PRC and AUC on the TRO dataset
under different p values. The results indicate that PRC and AUC reach their
highest values when p is between 0.3 and 0.7, highlighting the significance of ag-
gregated hierarchical features for improving tracking performance. Specifically,
when p = 0.3, HIP-HaTrack achieved the best PRC and AUC, with values of
0.738 and 0.697, respectively. Therefore, we used p=0.3 as the default setting for
HIP-HaTrack.
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GT Ours HIPTrack DropTrack AQATrack ROMTrack SeqTrack SparseTT DCPT Stark ZoomTrack

Fig. 8. Qualitative evaluation on 4 sequences from TRO, i.e. Car6,Chicken3,Dogl, and
Human112 from top to bottom. The results of different methods have been shown with
different colors, and ‘GT’ denotes the ground truth.

Table 3. Illustrates the impact of the importance coefficient of aggregated feature on
HIP-HaTrack’s PRC (%) and AUC (%) on TRO. Red, blue, and green represent the
first, second, and third place, respectively.

P 1.0 09 0.8 0.7 06 05 04 03 0.2 0.1

PRC (%) 68.6 68.6 69.1 70.6 72.3 71.0 71.8 73.8 71.2 71.1
AUC (%) 67.9 68.0 68.4 69.3 69.0 68.1 67.9 69.7 69.0 68.9

6 Conclusion

In this work, we investigate a relatively unexplored tracking task, namely, track-
ing reflected objects. Reflections can significantly distort the appearance of ob-
jects, creating ambiguous visual cues that complicate the tracking process. This
issue is particularly pertinent in applications where accurately tracking objects
reflected in surfaces like mirrors or glass is crucial. However, there hasn’t been
public benchmark dedicated to tracking reflected objects. To address this gap, we
introduce TRO, which is the first benchmark specifically designed for reflected
object tracking. Additionally, to assess the performance of existing trackers and
establish a baseline for future comparisons, we extensively evaluate 20 SOTA
tracking algorithms with in-depth analysis. Furthermore, we propose a novel
tracker named HiP-HaTrack, which aggregates hierarchical features to achieve
better feature representations, significantly outperforming existing SOTA algo-
rithms.
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