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Abstract

Ice hockey occupies a significant cultural and economic po-
sition in Canada, yet analytical tools for understanding the
game remain relatively underdeveloped. In particular, event
detection is still performed manually, hindered by several
challenges: the absence of publicly available, labeled ice
hockey event datasets; the limited transferability of event-
detection methods developed for other sports due to differ-
ing event semantics; and the lack of approaches that in-
corporate contextual priors, here referred to as game at-
tributes, such as player locations or team structure.

Automating event detection through the integration of
such game attributes has the potential to greatly enhance
the analysis of broadcast footage by enabling efficient de-
tection and review of key moments, improving player devel-
opment pipelines, and supporting real-time highlight gener-
ation, especially in leagues without access to sophisticated
tracking systems.

This work addresses these gaps by introducing a small-
scale, fully annotated ice hockey event dataset, establish-
ing baseline models for benchmarking, and comparing
three distinct data representations: RGB frames, occupancy
grids, and graph-based structures, some of which explic-
itly incorporate game attributes to improve detection per-
formance.

1. Introduction

Event detection in video streams is a critical area within
computer vision and machine learning, holding immense
significance across diverse industries and research fields.
An event here is defined as a temporally bounded occur-
rence. Event detection capabilities are pivotal in sectors
such as surveillance [31, 39], healthcare [2], traffic moni-

toring [17], entertainment, and sports analytics [11, 23, 37].
Sports analytics represents a high-impact application of

event detection technologies. The rapid growth of sports
analytics is driven by substantial financial investment, sig-
nificant public interest, and the increasing adoption of data-
driven decision-making by professional sports teams [8].
Accurate event detection enables the extraction of detailed
statistics, performance analysis, strategic insights, and au-
tomatic highlight generation, greatly enriching both player
development and fan engagement.

Ice hockey, as Canada’s national sport, commands a sig-
nificant cultural and economic presence, making it an ideal
domain for applying advanced event detection systems. It
is estimated that approximately $2.6 billion circulates di-
rectly between communities in Canada each year as a re-
sult of hockey-related activities [29]. Despite substantial
investments and public enthusiasm, hockey analytics re-
mains underdeveloped compared to other major team sports
[27]. Event detection in hockey is still done manually and
could benefit greatly from being automated. Examples of
ice hockey events include passes, shots or faceoffs [32].

1.1. Research gaps
The main challenges hindering the development of robust
event detection pipelines for ice hockey are:
1. Lack of datasets: There are currently no publicly avail-

able, large-scale ice hockey event datasets that can be
used to establish benchmarking baselines.

2. Limited prior work: Only a small number of models
have been developed specifically for ice hockey event
detection [32, 33].

3. Poor cross-sport transferability: Event detection
methods designed for other sports do not transfer reli-
ably to ice hockey due to differences in gameplay struc-
ture and types of event [37].

4. Underuse of contextual priors: Existing approaches do



not incorporate game attributes (e.g., player positions,
team structure), despite their potential to significantly
improve event discrimination.

1.2. Key contributions
This research provides the following contributions:
1. A small-scale, fully supervised ice hockey event

dataset, including precise start and end frame annota-
tions for multiple event classes.

2. A benchmarking study of multiple data representa-
tions, evaluating how RGB frames, occupancy grids,
and graph-based structures perform on the proposed
dataset.

2. Related works
The concept of an “event” in sports lacks a unified defini-
tion, with terms such as events, actions, and activities often
used interchangeably across studies [6, 20]. Interpretations
vary depending on the sport, dataset, and modeling perspec-
tive, which creates inconsistencies in how behaviors are cat-
egorized and evaluated.

Event detection pipelines generally differ along sev-
eral dimensions, including input modality, data represen-
tation, feature extraction, and temporal modeling. Inputs
may range from video [16] and audio [24] to symbolic
or time-series data [28], while representations can include
raw frames, player trajectories, occupancy grids, or graph-
based multi-agent structures. Feature extraction methods
span handcrafted descriptors [30] and deep learning mod-
els such as CNNs [19], ViTs [7], MambaVision [10], and
GNNs [18]. Temporal reasoning is achieved through rule-
based systems [22, 25, 34], probabilistic models [1, 14, 21,
26], reinforcement learning [4], or sequence models such as
RNNs and LSTMs [3, 36].

In video analysis, event detection is commonly framed
as temporal action localization (TAL) [35, 37], where
pipelines are organized into one-stage, two-stage, or
anchor-free architectures. Although modern TAL frame-
works and foundation models provide strong general-
purpose solutions, they often remain domain-agnostic and
rely primarily on visual cues, which can limit performance
in structured environments like sports.

Sports-specific event detection methods adapt these
pipelines by incorporating domain knowledge such as
player roles, spatial configurations, and object interactions.
Advances in datasets for soccer [5], basketball [9], and vol-
leyball [12] have enabled approaches combining tracking
data, structured reasoning, temporal models, and graph-
based representations. These studies demonstrate that lever-
aging contextual game information is critical for accurate
event understanding.

In contrast, event detection research for ice hockey re-
mains limited. Existing work largely relies on raw broad-

cast video and lacks the integration of structured game at-
tributes. The scarcity of annotated hockey datasets further
restricts methodological development and limits the direct
transfer of approaches from other sports domains.

3. Methods
3.1. Data acquisition and preprocessing
Three event classes were defined: Faceoff, marking the
restart of play around one of the nine circles (see Figure
2); One-on-One, including breakaways or situations where
a forward faces only the last defender; and Powerplay Of-
fense, representing sequences where the advantaged team
executes offensive formations during a numerical imbal-
ance.

These events were selected for their analytical relevance.
From a coaching and scouting perspective, they provide
insight into positioning, puck possession, and formation
strategies [15]. From a highlight-generation standpoint,
they correspond to moments of high engagement or clear
structural transitions in play. Finally, from a contextual
representation view, these events are closely tied to spa-
tial and team dynamics, making them ideal for leveraging
player locations and affiliations in event differentiation.

Raw hockey videos were provided by Stathletes and re-
formatted to match standard event-detection datasets [13].
Let the dataset be D = {Vi}Ni=1, where each untrimmed
video

Vi = {ft | t = 1, . . . , Ti}
is a sequence of frames ft. For each event class c ∈
{faceoff, 1v1, pp offense}, temporal boundaries (sci , e

c
i )

(start/end frame indices) were annotated.
This process produced a collection of uniformly struc-

tured samples, each containing exactly one occurrence of
faceoff, 1v1, or powerplay offense. The resulting distribu-
tion of event instances across the training, validation, and
test splits is illustrated in Figure 1, reflecting the natural
class imbalance present in the original footage.

The dataset comprises a total of 140 video sequences,
split into 121 training, 25 validation, and 29 test videos.
Across all splits, the dataset includes 116 faceoff events and
24 one-on-one (1v1) events. Faceoffs represent the majority
of the dataset (approximately 83%), reflecting their higher
frequency in broadcast footage, while 1v1 events account
for the remaining 17%. Figure 1 illustrates the distribu-
tion of event classes across the training, validation, and test
splits.

To emulate untrimmed, in-the-wild inference, test videos
were elongated. Given an elongation factor α∈ [0, 1], new
boundaries are

s′ ci = max
(
1, ⌊sci − α (eci − sci )⌋

)
e′ ci = min

(
Ti, ⌈eci + α (eci − sci )⌉

)
,



Figure 1. Distribution of Event Instances Across Dataset Splits

Figure 2. Frame showing a faceoff with the outlined puck. A
faceoff is defined from the time the puck (in red) is dropped by the
referee.

and frames outside [sci , e
c
i ] but inside [s′ ci , e′ ci ] are labeled

Other.

3.2. Representations and graph notation
Each frame ft is mapped to a representation ϕ(ft):
• RGB: raw image.
• Occupancy grid: Ot ∈ RH×W×3, where one channel

encodes player locations, one encodes a visibility mask,
and the third is a zero-padded channel.

• Graph: Gt = (Vt, Et, Xt), where nodes Vt = {vt,n}Nt
n=1

are players in view, edges Et connect visible player pairs
(fully connected or proximity-based), and node features
Xt ∈ RNt×d encode homographic coordinates a (e.g.,
[px, py).

3.3. Frame-level classification pipeline
For all representations, a feature extractor Fθ first maps
each frame representation ϕ(ft) to a feature embedding

zt = Fθ

(
ϕ(ft)

)
.

The embedding is then passed to a classifier h that produces
class probabilities,

P (c | ft) = h(zt),

and the predicted label is obtained by

ŷt = argmax
c∈C

P (c | ft),

C = {faceoff, 1v1, pp offense, Other}.

We employ an image classifier (Mambavision [10]) for
RGB and occupancy grids, and a GNN for graphs Gt. Per-
frame predictions over the elongated interval [s′ ci , e′ ci ] are
later grouped by temporal continuity to form event-level hy-
potheses.

3.4. Image dataset construction
Frames were randomly sampled to balance classes; images
were mirrored vertically for augmentation, the scoreboard
was masked, and an Other class was added for non-event
frames.

4. Results
4.1. Frame-based image classification
The resulting confusion matrices for the frame-level classi-
fiers are shown in Figure 3. A global classification accuracy
of A = 77.33% was achieved, computed as

A =
1

N

N∑
i=1

⊮
(
ŷi = yi

)
, (1)

where ŷi and yi denote the predicted and ground-truth labels
for frame i, and N is the total number of frames.

Figure 3. Confusion matrices obtained using different frame repre-
sentations. (a) Occupancy-grid representation with MambaVision
classifier; (b) Graph-based representation with GNN classifier.

Using the occupancy grid representation, the model
achieved strong class separability. Faceoffs reached 100%
recall, reflecting the clear spatial symmetry of players
around the faceoff circles. 1v1 and powerplay offense
achieved 85% and 80% recall, respectively, though both ex-
hibited moderate confusion with the Other class. The lower
44% accuracy for Other suggests that neutral or transitional
frames share spatial characteristics with structured events.

In contrast, the graph-based GNN classifier performed
well for 1v1 (97% accuracy) but failed to identify faceoffs,



frequently misclassifying them as early-possession frames.
This suggests that the model relies heavily on interaction-
based cues while lacking explicit spatial context.

4.2. Event detection
For each test video, frame-level accuracy was computed as

Ai =
1

Ti

Ti∑
t=1

⊮
(
ŷi,t = yi,t

)
, (2)

where Ti is the number of frames in video i, yi,t and ŷi,t
denote the ground-truth and predicted labels for frame t,
and ⊮(·) is the indicator function.

To evaluate performance at different thresholds, we re-
port the proportion of videos whose accuracy exceeds a
threshold τ :

S(τ) =
1

N

N∑
i=1

⊮
(
Ai ≥ τ

)
, (3)

where N is the total number of test videos and τ ∈
{0.3, 0.5, 0.7}.

Three representations (RGB, occupancy grid, and graph)
were compared across τ = {0.3, 0.5, 0.7}.

Threshold 0.3 0.5 0.7
RGB frames 0.483 0.276 0.138
Grid 0.621 0.483 0.000
Graph 0.207 0.172 0.000

Table 1. Event detection accuracy across thresholds τ .

Results show that accuracy decreases as the threshold
τ increases for all representations. The occupancy grid
consistently outperforms both RGB and graph-based ap-
proaches, suggesting that its structured encoding of spa-
tial occupancy enhances temporal event localization. Graph
representations yield the lowest scores, likely due to lim-
ited node attributes and the model’s sensitivity to incom-
plete player visibility, though they remain scalable to richer
relational features.

For comparison, the TAL model ActionFormer [38] was
used on trimmed test sequences. The model was trained
on pre-extracted i3D features stored as .npy files (fea-
ture dimension 512). Features are computed with a tem-
poral stride of feat stride = 4 frames and a back-
bone clip length of num frames = 16 frames per fea-
ture chunk. Sequences are truncated/cropped during train-
ing using trunc thresh = 0.5 and a random crop
ratio in [0.9, 1.0], with a maximum sequence length of
max seq len = 2304 feature steps. The model is
trained for epochs = 30 with learning rate 1 × 10−4,
weight decay 0.05, and batch size 2. Training uses gra-
dient clipping with clip grad l2norm = 1.0, clas-
sification prior probability cls prior prob = 0.01,

and center sampling (center sample=radius) with
radius 1.5. At inference, predictions are filtered with
voting thresh = 0.7, pre nms topk = 2000,
max seg num = 200, and min score = 10−3, using
multiclass NMS (multiclass nms=True). In our label
definition, both one-on-one encounters and breakaways are
merged into the same 1v1 category. Results gave us an mAP
of 0.0%. Indicating that the per-frame analysis might be a
better event detection model for small scale datasets.

5. Conclusion
This study presented a pipeline for frame-based and
sequence-level event detection in ice hockey videos, lever-
aging different data representations; RGB frames, occu-
pancy grids, and player-interaction graphs. The results
demonstrated that occupancy grids, by explicitly encod-
ing spatial and visibility information, provide a better per-
formance across thresholds, while graph-based representa-
tions, though currently limited by sparse node attributes, of-
fer scalable potential for relational modeling.

Future work includes expanding the dataset to improve
generalization, adopting advanced multi-scale TAL mod-
els to better capture temporal dynamics, and integrating
a broader range of game attributes such as puck location,
team IDs, and spatial context to enhance event discrimina-
tion. Models that leverage temporal dependencies across
frames will also be developed, and hybrid architectures that
fuse multiple data representations will be explored to im-
prove contextual understanding and event continuity.
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