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Abstract

We present a marker-less video pipeline for fine-grained tennis serve analysis from
ordinary monocular video. Our system first segments a serve into the eight biome-
chanical stages described by Kovacs and Ellenbecker, then evaluates stage-specific
pose, racket, and ball measurements with a rule-based technique and injury-risk
analyzer. We collected and annotated a recreational tennis serve dataset with ex-
act stage boundaries, compared several temporal action segmentation (TAS) ar-
chitectures and feature families, and integrated the best segmenter with a diag-
nostic reporting tool. The strongest configuration, an MS-TCN++ model using
pose/racket features, ASRF-style boundary regression, and constrained Viterbi
decoding, reached 91.8% frame accuracy and 93.2 segmental F1 at IoU 0.50 on
the test split. A case study on a held-out serve shows how the segmented stages
support interpretable frame-level feedback, including insufficient knee bend warn-
ings, passing contact-height checks, and follow-through risks.

1 Introduction

The tennis serve is a highly complex, high-velocity movement requiring precise whole-body coor-
dination. Because of the repetitive joint stresses involved, improper technique compromises com-
petitive performance and elevates the risk of musculoskeletal injuries to the shoulder, elbow, and
spine. Thus, players and coaches have a strong interest in capturing biomechanical data to optimize
technique and prevent injury.

In professional tennis, detailed biomechanical feedback often relies on multi-camera motion capture
systems or expert coaching. Commercial mobile applications offer more accessible alternatives, but
they remain closed systems and generally do not expose the frame-level mechanics needed for repro-
ducible research. Conversely, existing open-source solutions are often restricted to coarse-grained
video classification, manual comparison against reference videos, marker-based motion capture, or
summary statistics rather than phase-specific feedback. A significant gap remains for an accessible,
end-to-end framework that delivers granular, serve analysis from standard, single-view video.

To address these limitations, we present a novel, marker-less video analysis pipeline for automated
tennis serve biomechanics and injury risk assessment. Our primary contributions are twofold:

* A Temporal Action Segmentation Dataset of Recreational Tennis Serves: We introduce
a curated video dataset of tennis serves capturing diverse techniques representative of recre-
ational tennis players. Each video is hand-labeled to mark the exact temporal boundaries
of the eight distinct serve stages.



* An End-to-End Marker-less Injury Risk Analysis Pipeline: We develop an automated
pipeline to evaluate tennis mechanics. The pipeline leverages spatial and spatiotemporal
feature extraction and Temporal Action Segmentation (TAS) to map video frames to the
eight stages of a tennis serve. It then combines the predicted TAS segmentations with
spatial pose data to drive an evaluation engine governed by 19 biomechanical rules, auto-
matically generating diagnostic reports on joint angles, heights, and injury risks.

All authors contributed equally with direct collaboration on data collection and annotation. Anika
then took the lead on consolidating our separate annotation formats and sampling the train-test split
while Kevin compared pose models. Afterwards, Eun Be constructed the biomechanical rules model
for risk detection and Alex took the lead on developing the TAS model.

2 Related Works

Our stage definitions follow the tennis-specific eight-stage serve model of [6], which decomposes
the serve into preparation, acceleration, and follow-through phases and argues that a tennis-specific
model is more appropriate than generic overhead-throwing models. This framing is central to our
system: instead of asking whether a video contains a serve, we ask which biomechanical stage each
frame belongs to and evaluate each rule only within the relevant stage.

Pose estimation provides the spatial substrate for this analysis. We evaluated several marker-less
pose estimators qualitatively and selected YOLO11-pose for the draft TAS features because it sup-
ports human keypoint estimation and efficient deployment in the Ultralytics framework [4]. We also
evaluated YOLO26-pose, the newer Ultralytics model family that includes pose-specific variants
and reports stronger keypoint performance [5]. We also incorporate racket and ball features from
RacketVision, which defines a racket-sports benchmark for fine-grained ball tracking and articulated
racket pose estimation [2]. These explicit sports-object features are important because racket and
ball positions are often decisive at the contact and follow-through stages.

Temporal Action Segmentation (TAS) predicts one action label per video frame rather than a single
label for the entire clip. We compare three representative TAS families. MS-TCN++ uses multi-
stage dilated temporal convolutions to generate and refine framewise predictions, addressing over-
segmentation through progressive refinement [7]. ASFormer adapts Transformer-style sequence
modeling to action segmentation while retaining locality and hierarchical structure [10]. FACT
models frame and action tokens jointly with cross-attention for efficient action segmentation [8]. We
further adapt the Action Segment Refinement Framework (ASRF), which predicts action boundaries
to alleviate over-segmentation [3]. Finally, we compare explicit pose/racket features against RGB
video embeddings from I3D [1] and VideoMAE V2 [9].

3 Methods

Our method combines a manually annotated two-camera serve dataset, qualitative pose-model selec-
tion, configurable temporal action segmentation, and a stage-conditioned biomechanical rule engine.

3.1 Dataset Collection and Annotation

Our dataset consists of approximately one hour of tennis serve videos captured at an outdoor recre-
ational court. The videos were recorded using two cameras: one positioned to capture a full body
view of the serving player and the second positioned to see where the ball lands for future label-
ing of the serve outcomes. As shown in Figure 1, both phones were mounted on a music stand to
provide a simple, reproducible court-side capture setup. The serves span a mix of both successful
and unsuccessful attempts. Existing tennis serve datasets were not used because they lack temporal
stage segmentation labels and consist primarily of professional players, making them less repre-
sentative of recreational player mechanics — which is the main target audience of our system since
professional players have access to advanced hardware and coaching.

The videos were then manually clipped and annotated, noting the representative frame ranges for
each stage of the serve. The eight stages of a serve consisted of: (1) Start, (2) Release, (3) Loading,






