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Abstract

Incorporating 3D Human Mesh Recovery (HMR) is cru-
cial for understanding player actions and game scenarios.
However, challenges remain, including vertical drift along
the Z-axis and the lack of a mechanism to align frame-
based X–Y positions with a top-down rink template. In
this work, we address these issues by introducing spatial
refinement strategies within the HMR pipeline. First, we
reduce vertical drift by estimating a temporally consistent
ground plane and correcting each reconstructed mesh’s Z-
axis trajectory. Second, we link 3D predictions to tacti-
cal analysis by projecting players onto a standardized top-
down rink template via homography estimation. Integrated
into the GVHMR framework with a hockey-specific tracking
model, our refined pipeline yields more stable and phys-
ically plausible meshes and enables accurate reconstruc-
tion of player trajectories. Experiments on NHL and AHL
broadcast videos demonstrate substantial improvements in
temporal consistency and spatial alignment, facilitating re-
liable downstream analysis of player behavior and game
strategy.

1. Introduction

Ice hockey is one of the most popular winter sports world-
wide [9, 27]. Beyond its cultural and economic signifi-
cance, the sport’s fast pace and strategic complexity pose
substantial challenges for automated video analysis, making
it difficult to accurately capture and interpret player actions
on the rink [5]. A promising direction toward addressing
these challenges is the use of 3D Human Mesh Recovery
(HMR), which provides detailed player motion information
and enables a more comprehensive understanding of game
dynamics.

HMR reconstructs a full 3D mesh for each player, offer-
ing not only geometric cues such as position and orienta-
tion but also rich information useful for downstream tasks,
including action recognition [4], interaction analysis [13],

Figure 1. Visualization result on an AHL video. Reconstructed
human meshes are shown in grey.

and team strategy modeling [23]. However, when applied
to ice hockey footage, existing HMR models still face two
key limitations here. First, frame-wise inference often in-
troduces small but consistent errors along the vertical (Z)
axis, which accumulate over time and manifest as unreal-
istic drift. Second, although the horizontal (X–Y) coordi-
nates may be stable in 3D space, there is no established
method for projecting these coordinates onto a standardized
top-down rink template, which is essential for tactical and
spatial analysis.

To address these issues, we introduce refinement strate-
gies tailored for ice hockey video. For the Z-axis, we es-
timate a temporally consistent ground plane and adjust the
reconstructed meshes accordingly to eliminate vertical drift.
For the X–Y axis, we incorporate a homography estimation
module to project player positions from the broadcast view
onto the canonical rink template, enabling accurate recon-
struction of full-game spatial layouts. A visualization result
is shown by Figure 1.

In summary, the main contributions of this work are as
follows:
• We integrate a tracking model specifically designed for

ice hockey into the 3D HMR pipeline, enabling more ac-
curate and temporally consistent player localization.



• We propose a robust Z-axis refinement approach that re-
gresses a temporally smooth ground plane, significantly
improving the physical plausibility of reconstructed ver-
tical motion.

• We incorporate homography estimation to bridge the
gap between 3D mesh predictions and 2D rink coordi-
nates, enabling reconstruction of player trajectories in a
standardized top-down view and supporting higher-level
game analysis.

2. Related Works

2.1. 3D Human Mesh Recovery (HMR)
3D Human Mesh Recovery (HMR) aims to reconstruct the
full 3D body mesh of a person from monocular RGB input,
where the human body is typically represented using a para-
metric model such as SMPL [12] or SMPL-X [17]. Early
approaches primarily relied on optimization-based meth-
ods, which minimize 2D reprojection errors to iteratively re-
fine 3D pose and shape estimations. With the rapid develop-
ment of deep neural networks, learning-based methods have
become the dominant paradigm. The canonical work in this
area, HMR [8], employs a pre-trained CNN backbone to
extract image features and directly regress pose parameters,
inspiring numerous subsequent improvements [10, 11, 28].

More recently, transformer-based architectures lever-
aging the Vision Transformer (ViT) [3] backbone have
facilitated modeling temporal dependencies across video
frames. Building on this, HMR 2.0 [6] incorporates tem-
poral information to enhance motion stability and cross-
frame consistency, establishing a robust foundation for
video-based HMR. Several extensions have followed this
direction. Multi-HMR [1] replaces the conventional two-
stage pipeline with a one-stage design that directly re-
gresses body parameters for multiple people within a single
frame, thereby improving efficiency in multi-person scenar-
ios. TRAM [26] unifies the human body coordinate system
across all video frames to reconstruct more coherent motion
trajectories, while CameraHMR [16] introduces a learned
regressor to estimate camera intrinsics, resulting in more
accurate 3D pose reconstruction. Beyond the camera coor-
dinate space, some works [21, 22] also leverage a ground-
based world coordinate system to produce physically more
plausible human models.

Despite these advancements, existing HMR frameworks
have primarily been evaluated on general-purpose datasets
such as Human3.6M [7] and 3DPW [25], leaving their ro-
bustness in sports-specific contexts largely unexplored.

2.2. Sports and Ice Hockey Vision Applications
Computer vision for sports analytics has attracted growing
research attention in recent years, driven by its potential to
provide quantitative insights into player performance, team

strategy, and overall game dynamics. In the context of ice
hockey, a wide range of computer vision tasks have been
explored to support automated understanding of the game.
Broadly speaking, these tasks can be categorized into two
levels: low-level understanding and high-level understand-
ing.

Low-level tasks aim to extract information directly ob-
servable from the video, such as homography estima-
tion [20], player and puck tracking [19, 24], and human
pose estimation [14]. High-level tasks, in contrast, require
abstract reasoning and temporal modeling to infer complex
semantics, including player action recognition [2], team
strategy analysis [23], and event detection [15].

A critical link between these two levels of understanding
is the recovery of the 3D human pose. On one hand, 3D
pose estimation builds upon low-level visual cues such as
player keypoints, spatial localization, and camera geome-
try. On the other hand, the recovered 3D poses provide rich
motion cues—including body orientation, limb articulation,
and facial direction—that can be leveraged to predict player
intent and anticipate future actions. Consequently, accurate
3D human pose estimation serves as a fundamental bridge
between perception-level tasks and higher-level reasoning
in sports video analysis, offering a unified representation for
reconstructing and interpreting complex game scenarios.

3. Method

3.1. Overall Framework
The baseline model employed in this work is GVHMR [21],
which is built upon HMR 2.0 [6] and incorporates a gravity-
based coordinate refinement module to enhance temporal
stability, thereby achieving more consistent 3D reconstruc-
tions in video-based settings. However, when applied to
ice hockey footage, the original GVHMR model exhibits
suboptimal performance. Our analysis suggests that this
limitation primarily arises from the tracking module—the
first stage of GVHMR—which has not been trained on ice
hockey data and thus fails to produce reliable player tracks.
Consequently, the downstream components, including pose
estimation, feature extraction, and human mesh reconstruc-
tion, also suffer in accuracy and temporal consistency.

To address this issue, we replace the original generic
object tracker with a hockey-specific off-the-shelf track-
ing model that better adapts to the sport’s unique motion
patterns and appearance characteristics [18]. The overall
framework of our proposed pipeline is illustrated in Fig. 2.

3.2. Ground-Consistent Z-Axis Refinement
The original GVHMR model suffers from accumulated per-
frame errors that cause noticeable drift along the vertical
(Z) axis. To mitigate this and ensure physically plausible
foot–ground contact, we estimate a temporally consistent



Figure 2. Overall framework of the proposed model. The input video is first preprocessed frame by frame using an ice-hockey-specific
tracking module, after which the frames are fed into a ViT-based backbone to predict SMPL parameters, including pose θ, body shape
β, and camera translation π. Finally, both Z-axis refinement and X–Y axis projection modules are applied to obtain the final temporally
consistent 3D human mesh and corresponding 2D trajectories.

ground plane and refine the root-joint height accordingly.
For each frame I , we compute the minimal vertex height

zmin as an approximate foot–ground contact indicator. For
each contact frame t, we sample foot-surface points and
form tuples (x, y, t, z), where (x, y) is the horizontal root
position, z the sampled height, and t the frame index. In-
cluding t allows the model to capture slow ground-level
variations caused by camera motion or drift.

We fit a plane

z = ax+ by + ct+ d, (1)

using a RANSAC-regularized linear regressor over overlap-
ping temporal windows of sizes {L, 2L} (with L = 15).
Each window produces a local estimate ẑt, and the final
ground height is obtained via a kernel-weighted average:

zt =

∑
wtẑt∑
wt

, wt = exp

(
−|t− tc|

τ

)
, (2)

where tc is the window midpoint and τ = L/2.
The refined root height is then computed as

∆zt = zt − zmin, (3)

yielding a smooth, ground-aligned vertical trajectory. This
correction removes long-term drift and suppresses frame-
to-frame jitter, leading to more stable and physically con-
sistent meshes.

3.3. X–Y Axis Projection and Homography-Based
Alignment

Unlike the Z-axis, which often exhibits noticeable drift, the
X and Y coordinates predicted by GVHMR [21] remain
relatively stable due to its gravity-aligned coordinate sys-
tem. However, effective analysis of player behavior and

team strategy requires mapping these coordinates onto a
consistent 2D rink template. This necessitates establishing
a reliable connection between the 3D reconstruction and the
canonical rink plane.

To accomplish this, we adopt a homography-based trans-
formation that links the broadcast view to a top-down tem-
plate. By applying the estimated homography to the X–Y
coordinates derived from the 3D mesh, we obtain accurate
player positions on the standardized rink plane, enabling
tasks such as action understanding, and tactical interpreta-
tion.

Specifically, starting from the original GVHMR output,
we first project the reconstructed human mesh back onto the
broadcast frame. We then extract the mesh vertices corre-
sponding to each player’s left and right feet. By connecting
these two foot points, we obtain a line segment whose mid-
point provides a stable approximation of the player’s current
position on the image plane. Finally, using the homography
matrix predicted by the off-the-shelf model [20], we map
the player’s image-plane position onto the standardized rink
template according to:

[x, y, 1]⊤ = H [x′, y′, 1]⊤,

where (x′, y′) denotes the player’s position in the broadcast
frame, (x, y) denotes the corresponding position on the rink
template, and H is the estimated 3× 3 homography matrix.

This process allows us to recover each player’s complete
trajectory on the top-down rink template, providing a con-
sistent spatial representation that benefits downstream tasks.

4. Experiments
4.1. Implementation Detail and Dataset
All experiments are conducted on a server equipped with
two NVIDIA RTX 6000 Ada GPUs. We use the pre-



trained checkpoints provided by the official GVHMR repos-
itory [21] for all modules except the tracking component,
for which we adopt the model and pretrained weights
from [18].

For evaluation, we curate a collection of video clips from
both the NHL (National Hockey League) and AHL (Amer-
ican Hockey League), covering a diverse range of game
scenarios. The video lengths vary from a few seconds to
approximately one minute, while all clips share a uniform
resolution of 1280× 720 at 30 fps.

4.2. Qualitative Results

4.2.1. 3D Human Mesh

Using an AHL broadcast video, we generated the 3D human
meshes and projected them back onto the original frames.
Representative visualization results are shown in Fig. 1.

As illustrated in the figure, the reconstructed meshes
(shown in gray) align closely with the players’ silhouettes in
the broadcast footage, demonstrating the effectiveness and
visual fidelity of our approach.

4.2.2. Z-Axis Stability Evaluation

For a video sequence of 120 frames, we visualize the Z-axis
trajectory of several players before and after applying our
refinement module. The results are shown in Fig. 3.

As illustrated in Fig. 3, the original GVHMR predic-
tions exhibit noticeable vertical drift. Player 1 shows a
gradual upward trend, as if stepping onto an elevated sur-
face, whereas Player 3 exhibits significant frame-to-frame
jitter. Additionally, the initial Z-axis values are not cen-
tered around zero, which we attribute to inconsistencies in
scale across the training data. In contrast, after applying our
Z-axis refinement, the trajectories remain stable and consis-
tently close to zero throughout the entire sequence, demon-
strating the effectiveness of our method in eliminating ver-
tical drift and stabilizing the reconstruction.

4.2.3. X–Y Axis Projection onto the Rink Template

Using the homography matrix estimated from the broadcast
frame, we map each player’s image-plane position onto the
standardized rink template. This allows us to reconstruct
full player trajectories throughout the sequence, as illus-
trated in Fig. 4.

We use the same test video as in Fig. 1. By comparing
each player’s starting point (shown as a red dot) with their
corresponding location in the first broadcast frame, we ob-
serve that the projected positions accurately align with the
template. This confirms that the homography transforma-
tion effectively preserves spatial structure and enables reli-
able trajectory reconstruction.

(a) Player 1

(b) Player 2

(c) Player 3

Figure 3. Z-axis values of the foot midpoint (the midpoint between
the left and right foot vertices) for three players. The blue dashed
curve shows the original GVHMR output, while the red solid curve
corresponds to our refined result.

Figure 4. Reconstructed player trajectories on the rink template
from a broadcast hockey clip. Red dots indicate each player’s start-
ing position.

5. Conclusion

In this paper, we introduced spatial refinement modules for
3D Human Mesh Recovery in ice hockey, addressing er-
rors in both the Z-axis and X–Y plane. Integrated into the
GVHMR baseline, these refinements improve temporal sta-
bility, reduce drift, and enable accurate projection onto the
rink template. Experiments on broadcast videos demon-
strate clear gains in reconstruction quality and spatial con-
sistency.
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