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Abstract. Re-Identification (RelD) tasks, traditionally employed in per-
son tracking across diverse camera views, face unique challenges in the
domain of horse racing due to frequent occlusions, dynamic motion, and
varying environmental conditions. This study addresses these complexi-
ties by developing a custom pipeline and dataset for jockey RelD, specif-
ically collected from horse racing footage. A ResNeXt-based architecture
is employed to process input data, with additional experiments explor-
ing the inclusion of segmentation mask information for improved perfor-
mance. Empirical evaluations demonstrate the model’s efficacy in both
closed-set and open-set scenarios, showcasing significant gains in mean
Average Precision (mAP) and top-k Cumulative Matching Characteristic
(CMC) rank metrics when segmentation masks are incorporated. Com-
parative analysis across different ResNeXt configurations underscores the
robustness and scalability of the proposed approach, contributing as a
pioneering framework for RelID in high-motion sports contexts and ad-
vancing the application of computer vision technologies in horse racing
scenarios.

Keywords: Re-identification - Computer vision - Artificial intelligence
- Sport - Broadcast footage - Horse racing.

1 Introduction

Person Re-Identification (RelD) is the task of recognizing whether a person seen
in one camera view or image has appeared in another, effectively matching peo-
ple across non-overlapping camera views [1]. This problem is important in many
real-world settings such as video surveillance, security, and smart-city applica-
tions, where one might track a person of interest through a network of cameras
[2]. In a sense, it can be thought of as a specialized image-retrieval problem: given
a “query” image of a person, the system searches a database of other images to
find the same individual [3]. A central difficulty is that the same entity can have
very dissimilar representations in different camera views or at distinct times,
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with changes in lighting, viewpoint, pose or clothing making matching way more
complicate [4]. Early approaches to person RelD relied on hand-crafted appear-
ance features, i.e., color histograms, texture descriptors or edge-based features,
along with traditional matching metrics [5]. However, as large labeled datasets
became available starting from last decade, deep learning methods — especially
convolutional neural networks, or CNNs — became the standard, automatically
learning powerful appearance features end-to-end from the data. Since then, deep
architectures have dominated the literature, greatly outperforming earlier hand-
engineered methods. In the past few years, even more flexible Transformer-based
[6] architectures have emerged: these models (originally developed for language
processing) can learn to focus on different parts of an image and have quickly
set new state-of-the-art records in RelD tasks. In sports, person RelD can there-
fore be used to track players across multiple broadcast cameras, enabling richer
analytics and improved viewing experiences [7]: in such a way, coaches can mon-
itor each player’s movements and performance over time, and broadcasters can
overlay real-time statistics and highlights onto live video. However, despite the
growing research attention devoted to widely followed sports such as soccer [§],
basketball [9], or hockey [10], relatively limited investigation has been directed
toward the domain of horse racing. This study thus aims to bridge such a gap
by addressing the re-identification task within the context of horse racing, a
highly-dynamic environment characterized by its fast-paced nature and frequent
occlusions.

The paper is organized as follows: Section 2 provides a comprehensive review
of related work relevant to computer vision applications specifically tailored for
horse racing; Section 3 details the proposed methodology, including the architec-
tural design and implementation specifics for incorporating segmentation masks
into RelD models; Section 4 presents an empirical evaluation of the proposed ap-
proach, analyzing its performance gains relative to baseline models; and Section
5 concludes the study by summarizing key contributions and outlining potential
directions for future research.

2 Related Work

Binning et al. [11] addressed the challenges of horse racing video analysis, specif-
ically focusing on the detection and re-identification (ReID) of jockeys through
helmet identification. Horse racing presents unique challenges such as occlu-
sion, motion blur, and varying illumination, which complicate the detection and
tracking of both horses and jockeys. The authors propose a helmet detection
framework [20] that aims to address these issues and serve as a preliminary
step for RelD. The evaluation dataset features 12 jockeys, but the study focuses
on five distinct helmet classes for semi-automated ground truth labeling. The
model was trained on data from one camera and tested on the same camera as
well as unseen data from others, showing good performance with higher accu-
racy for simple helmet designs compared to more intricate ones. Hedayati et al.
[13] presented a novel approach for tracking jockeys in a crowded horse racing
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environment, focusing on the challenges of occlusion and group dynamics. The
primary goal is to track jockeys at the turning point of the race, where their mo-
tion changes direction [14]. Tracking in this scenario is particularly difficult due
to the high levels of occlusion, as jockeys race closely together, often obscuring
one another. The proposed solution leverages the behavior of jockeys as they
move in a relatively uniform manner, even when partially obscured, to improve
tracking accuracy. By integrating group dynamics into the tracking system, the
approach helps estimate the positions of jockeys who are not fully visible. The
system consists of three main components: sampling, localization, and data as-
sociation. Sampling involves capturing motion and color cues from the jockey’s
cap at multiple levels—point, object, and group—to track the jockeys even un-
der occlusion. Localization uses two strategies—object-based localization when
the jockey’s cap is clearly visible, and group-based localization when occlusion
occurs. The latter estimates the position of a jockey by considering the move-
ment of the entire group of jockeys. Data association is employed to link new
detections with existing tracks [15], ensuring consistent tracking even when mul-
tiple objects overlap. Empirical results on video footage of horse races show
that, by incorporating group dynamics, the method effectively handles occlu-
sion, achieving a high correct tracking ratio. Wing et al. [16] similarly examined
the challenges associated with multi-object tracking (MOT) in the context of
horse racing, given the well-known difficulties of occlusion, trajectory overlap,
frequent camera switching, and motion blur caused by horses sprinting. The au-
thors introduce an augmentation-based multi-object tracking method (GMOT)
designed to address these challenges. GMOT leverages an auxiliary classifier
generative adversarial network (ACGAN) to augment horse racing data [17],
thereby enhancing target detection and re-identification by generating synthetic
images that simulate difficult scenarios, such as blurred sprinting and occlu-
sion. Building upon the FairMOT framework [18], which employs an anchor-free
approach with separate branches for position detection, GMOT is particularly
well-suited for handling issues such as camera switching and occlusion, which
typically hinder traditional MOT methods. The model is trained on both day-
and night-time race datasets, with additional synthetic training data generated
through ACGAN to further strengthen the model’s ability to cope with real-
world complexities in horse racing. Experimental results indicate that GMOT
outperforms FairMOT in a variety of challenging horse racing conditions, demon-
strating superior accuracy in tracking. The interested reader is finally referred
to [19] for a broader analysis on how Al is impacting the world of horse racing,
aside from computer vision applications only.

3 Method

Due to the lack of availability of horse racing data for computer vision, a custom
RelD dataset is privately collected from multiple videos provided by The Hong
Kong Jockey Club. Specifically, six full-race replays from the Sha Tin Racecourse
under different environmental conditions are used for training, while a full-race
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Fig. 1. Qualitative visualization of dataset samples with paired helmet masks.

Table 1. Summary statistics concerning the collected horse racing RelD dataset.

Race | Racecourse | Time | Condition | Jockeys | Frames | Images | Split
#1 Sha Tin Day Grass 11 89 954 Train
#2 Sha Tin Day Grass 14 74 1014 | Train
#3 Sha Tin Night Grass 14 86 1171 | Train
#4 Sha Tin Night Grass 14 78 1059 | Train
#5 Sha Tin Night Dirt 12 76 875 Train
#6 Sha Tin Night Dirt 12 107 1235 | Train
#7 |Happy Valley| Day Grass 12 104 1216 Test

from the Happy Valley Racecourse is separately used for testing. To construct
such a dataset, a semi-automatic pipeline is instantiated in the following way:

1. a frame is extracted every single second from each full-race video;

2. bounding boxes for jockeys’ helmets are retrieved by deploying a Ground-
ingDINOv1.5 model [20];

3. helmets’ segmentation mask are determined via a Segment Anything Model
2 (SAM2) [21] by prompting the previously-detected boxes;

4. hybrid manual-automatic refinement [22] is performed to edge cases, followed
by track identity assignment;

Since silks (i.e., the brightly colored shirts worn by jockeys) convey as much
information concerning identification as helmets do, the final image for each
jockey is cropped by zooming out from helmet detection only. Roughly following
the heuristics of the canon of proportions in ancient Greek sculpture, if one
defines the helmet’s bounding box in its tlwh format, that is, by the (x,y)-
coordinates of its top-left corner, width and height, optimal empirical results for
the final image are retrieved by cropping the original one at < Thelmet — Whelmet s
Yhelmets 3 X Whelmet, 3 X Ahelmet >, €ventually clipped to image borders, which
captures the whole jockey’s upper body. Figure 1 qualitatively depicts some
output examples from such pipeline, while Table 1 provide a more quantitative
summary concerning the constructed dataset. Due to the real-time requirements
often imposed by computer vision applications for sports, a ResNeXt architecture
[23] is instantiated.
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Fig. 2. Illustrative visualization of the residual architecture, with the final layer em-
bedding the high-dimensional representation of the input.

ResNeXt is a lightweight convolutional neural network architecture that builds
on the principles of ResNet [24] by introducing a new structural dimension called
“cardinality”, which refers to the number of parallel transformations within each
block. While maintaining the simplicity and modularity of ResNet through re-
peating blocks with identical topology, ResNeXt enhances representational power
by aggregating multiple homogeneous transformations (each operating on a low-
dimensional embedding of the input) through summation. For this study, input
images have been reshaped as 128 x128 before being fed to the ResNeXt model,
with the final classification head computing a 256-dimensional embedding rep-
resentation. Following literature [25], the network is optimized for a total of 10
epochs jointly using cross-entropy and hard-mining triplet loss [26]. Similarly to
other works in occluded RelD [27], the inclusion of segmentation mask informa-
tion is investigated to assess whether it could guide the model towards focusing
on more relevant parts of the image [28-31]. To do so, the architecture is ex-
tended in order to accept a dilated representation of the input image, obtained
by concatenating the jockey’s helmet mask to the RGB channels.

4 Evaluation and Discussion

In a practical setting, it is expected that such a model will be deployed over
two different scenarios: known jockeys and unknown jockeys. The former con-
sists in a deployment scenario where all athletes have already been clustered
during training (closed-set), while the latter deals with generalization, that is,
how well the model behaves when encountering jockeys never seen before (open-
set). For such a reason, Race #4 is employed for validation during the training
phase, as it features the same jockeys as Race #3, albeit recorded by a differ-
ent patrol camera. On the contrary, the Happy Valley race features completely
different, never-seen-before jockeys, and it is used to test its generalization ca-
pabilities concerning open-set RelD. Following comon practices for RelD tasks,
such test race is further subject to a random 90-10 split in order to provide
the standard gallery-query setting. Three different ResNeXt configurations are
considered: depth-50, depth-101 and depth-152. Pretrained on the ImageNet-1k
dataset [33], these configurations are fine-tuned on the collected dataset both
with and without injecting helmet’s segmentation mask inside the input tensor.
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Table 2. Empirical results on the test set for all proposed configurations.

Method Depth | mAP RQ@1 R@5 R@10 | R@20 | FPS
50 0.7690 | 0.9580 | 0.9830 | 0.9830 | 0.9920 | 906.8
Vanilla 101 0.8380 | 0.9580 | 0.9830 | 1.0000 | 1.0000 | 894.4
152 0.8560 | 0.9500 | 1.0000 | 1.0000 | 1.0000 | 882.4
50 0.7550 | 0.9330 | 0.9750 | 0.9920 | 0.9920 | 685.5
Segmentation 101 0.8960 | 0.9670 | 1.0000 | 1.0000 | 1.0000 | 676.2
152 0.8890 | 0.9750 | 1.0000 | 1.0000 | 1.0000 | 670.4

3 f?.m o o m
e '

Fig. 3. Qualitative t-SNE [32] visualization of query jockeys clustering.

Table 2 lists mean Average Precision (mAP) and top-k Cumulative Matching
Characteristic (CMC) rank metrics (RQk) on the test set. Aside from the most
shallow configuration, empirical results validate the advantage of incorporating
segmentation knowledge for RelD purposes, with boosts up to 6.92% in mAP
and 2.63% in RQ1. FPS (averaged over 10 test iterations) on customer-level
hardware are also reported in Table 2, confirming the suitability of the proposed
architecture for real-time purposes.

5 Conclusion and Future Work

This study demonstrates the effectiveness of integrating RelD dynamics in the
context of horse racing for jockey RelD in broadcast footage, with the incor-
poration of helmet segmentation masks significantly improving re-identification
performance. Future work could explore expanding the dataset to include a more
diverse range of racing environments and conditions to enhance model generaliza-
tion. Additionally, the integration of temporal information and the exploration
of transformer-based architectures may further improve the robustness of the
system, paving the way for broader applications in sports analytics and beyond.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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