
Video-Based Player Re-Identification in Ice Hockey via Non-Contextual Implicit
Features

Evan Iaboni, Amir Nazemi, Yuhao Chen, and David A. Clausi
Vision and Image Processing Lab, University of Waterloo

Abstract

Player re-identification (ReID) in ice hockey is difficult due
to similar uniforms, motion blur, occlusions, and obscured
jersey numbers. We introduce a video-based method that
focuses on extracting implicit features by combining OSNet
spatial features with a lightweight temporal transformer.
Using an ice hockey dataset, our approach benefits from
simple data augmentations and outperforms state-of-the-art
video ReID models in a zero shot setting by +4.7% mAP and
+4.3% rank-1 accuracy. Analysis of the learned embed-
dings shows that the implicit and non-contextual features
learned by the model are efficient enough to capture explicit
attributes such as team, handedness, and jersey number.

1. Introduction
Video-based person re-identification (ReID) is a computer
vision task that aims to match and recognize individuals
across different camera views in video sequences. Un-
like image-based ReID, which relies on single still images,
video-based ReID leverages temporal information, such as
motion patterns, and appearance consistency over time, to
improve recognition accuracy and robustness [8]. This ap-
proach is particularly useful in surveillance and security ap-
plications, where variations in pose, lighting, occlusion, and
camera angles make identification challenging [14].

The sports domain introduces additional challenges,
such as uniform similarity, compression artifacts, motion
blur, background consistency, and optical character recog-
nition (OCR) [6]. Prior work has attempted to uniquely
identify the jersey number [2] [12]. However, this ap-
proach fails when the jersey number is partially occluded
or entirely absent from the frame [3]. Recent work in per-
son re-identification relies on large models such as vision
transformers, which require substantial training data or pre-
training on a closely matched data distribution [16] and typ-
ically incur longer inference times [7].

To address these gaps we propose a lightweight spacial
encoder with a temporal transformer that pools frame level
appearance features. This design improves retrieval perfor-

mance while implicitly capturing attributes like jersey num-
ber, team color, and handedness. The result is a compact
and effective framework tailored for the unique visual and
temporal challenges of sports ReID. Our contributions are
as follows:
• We reformulate an existing ice hockey tracking dataset

[13] into a video-based ReID dataset.
• We compare our method against state-of-the-art person

ReID models on this dataset.
• We evaluate our model’s ability to detect useful player

features such as jersey color, jersey number, and stick
handedness.

2. Related Work
Image-Based Person ReID. Habel et al. [6] demonstrated
that large-scale vision-language models can be repurposed
for sports applications by leveraging a CLIP-based con-
trastive training objective. Their approach achieved top
performance in both the Player Re-Identification Challenge
2022 [11] and the SoccerNet 2023 Player Re-Identification
Challenge [4]. These results highlight the potential of pre-
trained visual encoders in recognizing athletes across mul-
tiple views without explicit supervision. However, such
methods rely on still frames and thus fail to capture the tem-
poral context in sports footage.

Video-Based Person ReID. A number of works have ex-
plored temporal modeling for person re-identification. Gu
et al. [5] proposed AP3D, a 3D convolutional architecture
that preserves appearance cues across frames. Liu et al.
[7] presented a lightweight CNN framework for efficient
video-based Re-ID. Alsehaim and Breckon [1] introduced
ViD-Trans-ReID, a transformer-based model designed to
enhance temporal attention in video sequences. Yu et al.
[15] later proposed TF-CLIP, a text-free variant of CLIP that
learns temporal embeddings for person Re-ID tasks. De-
spite their effectiveness on pedestrian datasets, these mod-
els tend to perform poorly when applied to ice hockey data.

Sun et al. [10] extended video-based Re-ID to the sports
setting through a tracklet association framework that builds
on top of multi-object tracking systems. However, their
pairwise OSNet comparison across frames does not incor-



porate temporal information and is computationally ineffi-
cient at test time.

3. Methodology
3.1. Problem formulation
Video-based player ReID aims to match tracklets of indi-
vidual players captured throughout the course of a game.
Let a tracklet be defined by a sequence of frames T =
{F1, F2, ..., Fm} that depict the same player within a con-
tinuous period of time. Each tracklet is associated with an
identity label y ∈ {1, 2, ..., C} during training, while test
identities are disjoint from the training set.

Given two tracklets Ti and Tj , we wish to learn a map-
ping f(·) that produces a discriminative tracklet-level em-
bedding such that the cosine similarity s(f(Ti), f(Tj)) is
high when yi = yj and low otherwise. During inference,
a query tracklet is compared against a gallery of tracklets,
and ranking scores derived from s(·) guide retrieval.

3.2. Architecture
We adopt OSNet [17] as the spacial feature extractor for
our network. Its lightweight architecture allows efficient
processing over long frame sequences. To aggregate spacial
features across each traklet, we employ a transformer with
CLS token pooling. The architecture is depicted in figure 1.

3.3. Confidence Awareness
Reliable frame level information is essential for producing
stable tracklet embeddings, since many frames in broad-
cast hockey footage suffer from motion blur, low resolu-
tion, and occlusions. To help the temporal transformer rea-
son about which frames contain trustworthy visual cues, we
propose incorporating an explicit measure of frame confi-
dence into the model’s input. This explicit feature is not
from ice hockey context and is not in contrast with the goal
of this research which is extracting non-contextual implicit
features.

As a first step toward confidence awareness, we supply
the transformer with a score that reflects the amount of mo-
tion blur present in each frame. We compute blur score us-
ing the variance of Laplacian method introduced by Pech-
Pacheco et al. [9]. For each frame, we calculate its variance
of Laplacian, normalized to be between 0 and 1, and append
it to the 512-dimensional OSNet output feature vector. the
resulting 513-dimensional vector is then padded with zeros
so its size remains divisible by the number of heads in the
transformer.

4. Experiments
4.1. Dataset
We introduce VIP-VHReID (VIP - Video Hockey ReID), a
restructured version of the NHL player tracklets dataset in-

troduced in Kanav et al. [13]. The original dataset consists
of 84 NHL broadcast clips captured from a single camera
setup with a resolution of 1280×720 pixels and a frame rate
of 30 frames per second, with an average tracklet length of
191 frames.

We modify the dataset by excluding referees, replacing
jersey-number labels with identity labels, reorganizing the
train–test split by team to allow evaluation of zero-shot per-
formance, and converting the test portion into the standard
ReID query–gallery structure by assigning the first detec-
tion of each identity to the query set and placing all remain-
ing detections in the gallery.

The training set consists of 1537 player tracklets with
261 unique identities and the test set consists of 1193 track-
lets with 206 unique identities along with 22 distractors,
which are tracklets that do not correspond to any labeled
identity and are included to make the evaluation more chal-
lenging

4.2. Training Details
Our training pipeline has two stages. In the first stage, OS-
Net is trained for 10 epochs on identity classification using
a cross entropy objective. The model uses a learning rate
of 0.0003, weight decay of 0.0005, and a batch size of 32
frames on a single GPU

In the second phase, we freeze OSNet and train the tem-
poral transformer for 30 epochs, also with an identity clas-
sification objective based on cross-entropy loss. This model
is trained with a learning rate of 0.0003, weight decay of
0.0005, and a batch size of 20 tracklets on a single GPU. To
reduce overfitting and improve sample diversity, the trans-
former is trained on 20 randomly sampled frames from each
tracklet which are resampled every epoch. For the trans-
former architecture, we use 1 layer, 8 heads, and a feed for-
ward dimension of 2048. We find that larger transformer
architectures tend to overfit to our dataset.

4.3. Results
We evaluate performance on VIP-VHReID using standard
retrieval accuracy metrics: mean average precision (mAP)
and rank-1 accuracy. Table 1 shows the performance of
several person ReID models on our ice hockey dataset. CF-
ANN [7] and AP3D [5] are based on convolutional neural
network (CNN) architectures, while Clip-ReIDent [6], ViD-
Trans-ReID [1], and TF-CLIP [15] are based on more com-
plex transformer architectures. The more complex models
tend to perform poorly on our dataset.

4.4. Feature Classification
In this subsection, we evaluate our model’s ability to im-
plicitly detect stick handedness, team, and jersey number.
Figure 2 shows a player tracklet frame and the correspond-
ing activation map from OSNet’s final convolutional layer.



Figure 1. Overview of the proposed architecture. The input to our network is a sequence of frames F1, F2, ..., Fm ∈ R256×128. Each
frame Fi initially goes through OSNet to extract spacial features. Next, the outputted 512-dimensional OSNet embeddings get concatenated
and passed through a temporal transformer to extract spatiotemporal features. Black lines get run during both training and inference, while
red dashed lines are only run during training.

Method mAP Rank-1
OSNet [17] 42.1 48.2
AP3D [5] 48.8 61.7

CF-ANN [7] 40.3 43.5
Clip-ReIDent [6] 32.4 32.5

VID-Trans-ReID [1] 21.0 20.9
TF-CLIP [15] 40.2 45.6

Ours 53.5 66.0
Ours + Blur Score 54.1 69.9

Table 1. Performance comparison on VIP-VHReID dataset.
Mean Average Precision (mAP) and Rank-1 accuracy are reported
for several baseline and state-of-the-art methods.

It appears that OSNet primarily pays attention to the jersey
number region, indicating that OSNet has the ability to rec-
ognize that jersey number is an important attribute.

4.4.1. Handedness
To evaluate the model’s ability to infer player handedness,
we train a linear classifier on top of the frozen model. All
other model parameters remain fixed while the classifier is
trained using ground-truth handedness labels. The result-
ing classifier achieves 75.8% accuracy in predicting player
handedness, outperforming the random baseline of 63.1%
that reflects the dataset’s skew toward left handed players.
These results demonstrate that our model is able to implic-
itly identify handedness to some extent, however further
performance improvements could be achieved by incorpo-
rating explicit handedness labels or using additional infor-

Figure 2. OSNet activation map. A player frame is shown along-
side the corresponding OSNet final layer activation map. The net-
work focuses on the jersey number region, which indicates that
OSNet learns the importance of jersey number even without ex-
plicit supervision.

mation to aid in handedness identification (e.g., pose key-
points).

4.4.2. Team
Figure 3 shows a t-SNE plot of our model’s ability to cluster
players by team and by whether they are home or away. The
model does an excellent job at team-based clustering, which
is especially impressive since we use a zero-shot dataset,
meaning no teams in the training set appear in the test set.
Note that the micro-clusters in the top-middle of the figure
are goaltenders.

4.4.3. Jersey Number
The dataset contains only a small number of examples per
jersey number, making supervised classification difficult.



Figure 3. t-SNE plot of tracklet embeddings colored by team
(top) and home or away (bottom). These plots show clear team-
based clustering despite the zero shot evaluation protocol where
no test teams appear during training.

Instead of training a classifier, we evaluate whether players
who share a jersey number have more similar embeddings
than those who do not. We make the following definitions:

• Intra-number similarity: the cosine similarity between
two player embeddings with the same jersey number.

• Inter-number similarity: the cosine similarity between
two player embeddings with different jersey numbers.

We draw 1000 bootstrap samples from the set of all pos-
sible intra-number similarity and inter-number similarity
pairs. For each sample we compute the sample mean, and
we report the average of these bootstrap means and their
variance. Note that we exclude pairs of players from the
same team because teammates tend to have similar embed-
dings due to uniform similarity. Since teammates always
have different jersey numbers, including these pairs would
artificially raise the average inter-number similarity.

The resulting average inter-number similarity is
0.0850 ± 0.0002, and the average intra-number similarity
is 0.1120 ± 0.0015. This indicates that player’s with the
same jersey number are, on average, more similar in latent
space. Hence, our model has some understanding of the
differences between jersey numbers.

4.5. Ablation Study
We conduct ablations to assess how the number of frames
per tracklet and data augmentations influence performance.
Table 2 examines the effect of varying the number of
frames per tracklet. Using 20 frames yields the strongest re-
sults, while both shorter and longer sequences lead to small
drops. This suggests that 20 frames strike the best balance
between temporal diversity and redundancy.

Frames per Tracklet mAP Rank-1
10 50.1 61.2
20 53.5 66.0
30 53.4 65.5
40 52.9 64.1

Table 2. Ablation study to determine the best number of
frames per tracklet. We choose to use 20 frames as it achieves
the best performance.

Table 3 evaluates several augmentation strategies. Each
individual augmentation provides an improvement over the
baseline, with random erase giving the largest single boost.
The combination of random crop and random erase achieves
the strongest overall performance in mAP, whereas applying
all augmentations together results in a small drop, suggest-
ing that overly aggressive augmentation is less effective.

Augmentations mAP Rank-1
No Augmentations 48.6 58.7

Random Crop 50.6 65.0
Random Erase 53.0 68.5

Random Rotation 51.2 62.1
Color Jitter 51.3 60.7

Random Crop + Random Erase 53.5 66.0
All augmentations 51.3 63.6

Table 3. Ablation study to determine augmentations. We
achieve the best performance with random crop + random erase.

5. Conclusion
In this paper we introduce a re-identification model that per-
forms well on our ice hockey dataset in the zero-shot set-
ting. Additionally, we show that our model has the ability to
identify implicit player attributes. Future work will look at
incorporating explicit feature labeling and domain specific
constraints like temporal consistency and shift distribution
information.
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