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Abstract. In this paper I will present a straightforward pipeline that
can be used to train and evaluate a computer vision model to classify
tennis shots recorded for example during a TV broadcast. I make use of
a 2D pose estimation model to greatly compress the networks input data
while preserving critical spatial and temporal relationships.

I start by stating the relevance of this paper from a performance and
coaching perspective, followed by explaining how the data is gathered,
extracted and preprocessed, as well as highlighting certain design choices.
Following this, I elaborate on the exact training process, how the training
data is split, and what the model architecture looks like. Finally, I assess
the training results, discuss their implications as well as an exemplary
use case, and finish by making suggestions for future work.

Each step of the presented pipeline, from data collection and manual
annotation to preprocessing and model architecture, has potential to be
greatly expanded on and optimized. However, due to this project being
conducted by a single person and under limited time, the focus is not
on flawless optimization and performance maximization, but rather on
overall proof of concept. With this in mind, if promising results can be
achieved using limited data and minimal optimization, it stands to rea-
son that working with pose estimation models instead of raw video input
could yield great benefits in the entire field of sports action classification.

All of my produced code is in the submission and the entire pipeline can
be followed along step by step. Instructions are in the README.md file.

Keywords: Action classification - Sports Data Science - Pose Estima-
tion
1 Client Analysis

Automatic action classification systems are invaluable to various parties within a
specific sport. Broadcasters and media companies gain value through such mod-
els thanks to them enabling real-time content indexing, leading to more accurate
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highlight generation and on-screen analytics, and ideally less manual labor and
human error.

With further advancements, such systems could also be used by coaches and
performance analysts to gain nuanced insights on a players technique, tactics
and patterns through precise motion analysis, which can be used to identify a
players strengths and weaknesses and adjust training accordingly. In the same
manner, they can be used to analyze opponents and come up with specific game
plans.

Such a system could even be beneficial for sports tech companies and startups
to develop commercial, non-professional products for training, fan engagement,
and virtual coaching.

To meet the demands of these clients, first a base functionality of performing
action classification on video footage must be achieved. This will be the goal of
this project. All in all, an automatic shot classification system for tennis videos
would deliver a key foundation that can be expanded and built upon by various
entities within the tennis world.

2 The Data

In the following section I will go over which data I decided to use for training
my model, as well as how it was preprocessed and labeled.

2.1 Acquisition

Over the past years there has been a steep increase in the amount of official,
professional level tennis matches that have become widely available for free on
the internet. Indeed, all of the 4 grand slams have their own YouTube channels
with a huge range of tennis broadcasts from the past decades freely available.
It is from these recordings that I have hand picked 4 different tennis matches
to manually extract and label shots from. The 4 matches I will be using for
training, validating and testing my model are:

Table 1. Selected video data

Tournament Year|Player 1 Player 2 Citation
US Open 2024 |Jannik Sinner |Taylor Fritz  |[1]
Australian Open|2025|Novak Djokovic|Carlos Alcaraz|[2]
Australian Open|2020|Novak Djokovic|Roger Federer |[3]
Australian Open|2017|Roger Federer |Rafael Nadal |[4]

These matches were chosen for the following reasons:

1. Video Quality: All of the recordings are fairly recent, with the oldest one
being roughly 9 years old. This means that the video quality and resolution
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is adequate to be able to identify players on the far side of the court. In
older recordings with lower resolutions our human detection model struggles
to perform well.

2. Video Length: The matches are long enough to gather a wide variety of
shots.

3. Court Surface and Colors: Our human detection model was under per-
forming and frequently not recognizing players on clay and grass courts, so
we decided to omit these surfaces from the dataset.

4. Player Variety: We chose matches including players with distinct styles
and differences so that our resulting classification model stays as generalized
as possible. For example, we included a match of Roger Federer vs Rafael
Nadal at the Australian Open in 2017. Federer has a notorious one-handed
backhand, which, although not employed as commonly as a two-handed back-
hand, is still a legitimate backhand stroke and should therefore be recognized
by the model. Nadal on the other hand is left handed, another variation that
must be correctly generalized by our model.

This step leaves us with full recordings of tennis matches.

2.2 Shot Extraction

Taking an entire broadcast video and audio recording as input, I have devel-
oped a script that automatically extracts clips of individual shots from the full
recording. It detects audio spikes above a certain threshold and assumes they
are the sound of the ball being hit by a racket, then extracts a clip starting 0.8
seconds before impact and ending 1 second after. Clips are therefore 1.8 seconds
long. The video frame rate is set to 25fps, so every clip contains a sequence of
45 frames.

This is a very basic automatic shot extraction algorithm that is prone to ex-
tracting false shots, or clips that are not of tennis shots. However, due to there
being an inevitable manual labeling phase, the basic shot extraction algorithm
will suffice and all false shots will be manually deleted later.

This step leaves us with short clips of a player making a shot, but with the entire
broadcast in frame, so the shot is only happening in a small part of the frame.

2.3 Manual Labeling

Once all broadcast recordings have been automatically segmented into a collec-
tion of short clips depicting single tennis shots (and plenty of false shots), the
process of manually labeling them can begin. I have also written a script to at-
tempt to make this process as efficient as possible.

First, a clip is presented to the viewer. They then get to decide whether to keep
or delete the clip. If the clip is verified, YOLOvVS8 [8] person detection is run on
it and the viewer is presented with all detected bounding boxes and must click
on which one is the player taking a shot. The selected player is then cropped out
and tracked so they are always in the center of the frame, and the cropped clip
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is once again presented to the viewer. Finally, the viewer gives a keyboard input
to determine which shot is being played. There are a total of 8 different labels
that can be assigned to a shot. Afterwards, in a separate shot annotations.json
file, all clips that are successfully labeled and therefore legitimate tennis shots
get saved in combination with their respective labels. All other clips are deleted.
Following this, the next novel clip is presented to the viewer, and this process is
repeated until all available clips have been exhausted.

This step leaves us with short clips where the player making the shot fills the
frame / is cropped out, as well as a shot annotations.json file that maps all
filenames to a label.

2.4 Pose Extraction

For the crucial step of turning the labeled clips into a sequence of pose data,
I make use of the Sports2D repository from Github [5]. It provides a straight-
forward and simple implementation of various pose estimation models. For this
project, we worked with the standard model, which is RTMPose (in the HALPE 26
configuration) [7], providing us with a total of 26 distinct keypoints. I have writ-
ten a batch script for executing the pose extraction on all labeled clips. For every
labeled clip, a text file is created containing a sequence of 45 sets of coordinates
of estimated keypoints, one for each frame.

In theory, even if the pose estimation isn’t perfect and produces errors, as long as
these behave consistently over all data a model should still be able to distinguish
between different shots. For example, when the player is facing away from the
camera, their hands and arms may not be visible, so the pose estimation may be
inaccurate. However, as long as the pose estimation consistently produces the
same errors in a forehand sequence and different errors in a backhand sequence,
they remain distinguishable.

After this step we are left with text files containing sequences of pose data. The
pose data is still raw, meaning the coordinates are based on pixel values and are
not normalized.

2.5 Preprocessing Pose Data

This is the final step before training can begin, and I have provided a python
script which performs these processes. Currently, our pose data consists of ab-
solute pixel coordinates. We need to preprocess our pose data uniformly so that
our data becomes directly comparable and our model can effectively be trained.
The following steps are performed individually for each pose in a sequence of
poses.

First, we redefine the center of our coordinate system as being exactly where the
hip joint / keypoint is. Effectively, the hip joint coordinates are subtracted from
all keypoints. Now, the new hip joint coordinates are (0, 0).

We also need to evenly scale our pose data. To do so, we calculate the distance
between the hip and the neck joint, and divide it by 50. We then divide every
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keypoint coordinate by this value, leaving us with a hip to neck distance of ex-
actly 50 for every pose, with the rest of the body scaled accordingly.

Additionally, we also employ a data augmentation technique to account for left-
handedness. If trained on non-augmented data, the model may learn to classify
shots based on which side of the body movement is happening on, as the major-
ity of people are right handed and therefore play a forehand on their right side
and a backhand on their left side. To counteract this and force the model to look
more closely for finer details that can define a shot, we produce a mirrored copy
of every single pose sequence by multiplying all x coordinates by -1.

After this step we are finally left with a normalized sequence of keypoint coor-
dinates which can be used to train a classification model.

3 Creating the model

To solve the task of classifying a sequence of pose coordinates into different ten-
nis shots, I employ a neural network to train a classification model. The model
is trained on and takes an input of a sequence of 45 pose coordinate sets, which
were produced in the previous section. It is trained in an identical manner as a
computer vision classification model, but with pose information as input data.
In the following section I will explain the process of training an action classifi-
cation model using the data we previously obtained.

3.1 Architecture and Hyperparameters

According to [6], a Bidrectional LSTM is especially well suited for a sequence
classification task. The sequence length is directly linked to the amount of frames
per extracted shot clip, equaling a total of 45 poses per sequence. I achieved the
most promising results using following hyperparameters:

— Batch Size = 8
— Epochs = 10
— Learning Rate = 1e-5

3.2 Data subdivision

After completing the previously defined data acquisition and preprocessing pipeline
for the above mentioned 4 tennis recordings, I am left with a total of 3158 la-
beled clips. Of these, a total of 3007 clips belong to the labels "Serve" (815),
"Forehand" (1192), and "Backhand" (1000). Indeed, these are the most com-
monly played shots in tennis. This leaves us with a total of 151 clips that belong
to one of the other 5 labels, which is not enough data to train on. Ideally, there
should be a similar amount of data for each classification. For the other labels
to be effectively classified, I would first need to produce much more training
data. I will therefore only train a model to classify the 3 labels for which enough
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training data was gathered.

From the 3007 pose sequences, 100 are removed from the training data at the
start of training to be strictly used for testing post training. During training, a
subset of 80% of the remaining data is used for training, and 20% for validation.
This is performed for a fixed amount of epochs, after which the training and val-
idation data gets reshuffled and a new run starts, continuing with the previously
obtained model. Training only ends once a run is achieved in which every single
epoch returns a validation accuracy > 0.995.

To confirm that the model is not overfitting to its training data we evaluate it
on the test pool of 100 shot sequences.

4 Results

The results of 2 sample training instances can be found in the submitted Ezample
1 and Ezample 2 directories. In the Example 1/incorrect _predictions.tzt file one
can see that during testing of this particular model using precisely 100 entirely
novel pose sequences, it only misclassifies 2 of them, achieving an overall test
accuracy of 98%. Our model is therefore proven to work given appropriate test
data and achieve an impressive accuracy. This can be verified using the provided
validate.py file, instructions are located in the README.md.

1 visualizes the training progression for the provided Ezxample 1. One can ob-
serve that the model makes rapid leaps in performance during early stages of
training, already averaging a precision over 97% after just 10 episodes. Further
training leads to lowered variance and greater consistency in the model’s aver-
age performance, until it eventually reaches our predefined end condition after
61 episodes.

The second example training scores a validation accuracy of 97%.

4.1 Example Use Case

In this example, I have developed an application which is intended for profes-
sional tennis players and coaches to hopefully give them a competitive edge over
their opponents. The player would select their opponent and a given time frame,
and then the system would automatically analyze all video footage of the oppo-
nent within the given time frame. The model would then gather a shot count
for the opponents opponent in every single match. This information could be
strategically useful, as it will reveal wether the opponent has a preference to
which side they hit the ball, which can be positionally accommodated for, and
makes them potentially more predictable.

In the example visualization seen in 2 one can see that the opponent’s opponents
predominantly played backhands at a rate which is statistically far beyond being
a coincidence, indicating a possible preference to playing to people’s backhands.
For the majority of the population who is right-handed, this would be there
left side. It would therefore be tactically clever to make sure to always position
yourself slightly further to the left if you were to play against this opponent, or
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Fig. 1. Average validation accuracy per run

to at least be aware of this tendency and to try to play into it.

This example is kept very rudimentary as it respects the limitations of the
model produced in this project, which can only reliably distinguish between a
limited number of labels. A theoretical improved model could, for example, also
determine wether the shot was successful or not, providing even more potentially
statistically significant insight about an opponents strengths and weaknesses to
a competing party, and opening the door to more complex strategic positioning
and ball placement.

5 Discussion

The results of this project as a proof of concept are very promising. Supervised
learning with pixel data requires a notoriously large amount of data and time
consuming manual labeling. If it is feasible to reduce the models input dimen-
sionality to only a very limited amount of numerical coordinates instead of entire
RGB matrices through pose estimation models, preserving and condensing all
information that is crucial for solving the task while discarding everything else,
exponential reduction in required training data, time and complexity is to be
expected, so this approach deserves to be further explored.

In this section, I will highlight the optimization steps that were skipped through-
out the pipeline in favor of time and proof of concept, and finish by making a
proposition for future work.
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Selected Player'’s
Opponent'’s Shots
Serve 80000
Forehand 70000
Backhand 160 000*
Forehand Slice 4000
Backhand Slice 9000*
Forehand Volley 3000
Backhand Volley 7 000*
Smash 5000
* potentially significant
Tap * for feedback on how to use
this information to your advantage.
Fig. 2. Example of potential analysis feedback
5.1 Flaws

Not a lot of optimization went into each individual step of the pipeline, as the
focus was primarily on seeing if such a pipeline could be realized using free open
source and readily available software and libraries and the limited amount of
time at my disposal. Here is a list of all the individual elements of the pipeline
that should be expanded upon and optimized, given extra time, or possibly in
future work:

1. More Diverse Data: For such a model to work consistently it should be

trained on a much more diverse dataset. It should include data from players
with widely varying playing styles and also from different court surfaces, as
surfaces can influence the bodies movement, especially footwork, during a
shot. For example, players tend to slide a lot more on clay and grass courts,
and there are nuanced differences in the racket swing based on court surface
as well, as the balls speed and bounce behavior varies.

. Label verification: As the task of labeling each pose sequence must be

completed manually, it is prone to human errors. Indeed, when verifying
that the validated label is actually what is seen in the video, I occasionally
come across incorrectly labeled data. There should therefore be a method
implemented for verifying the given labels, wether that be automatically,
potentially by a separate model, or, once again, completely manually, or
possibly a combination of the two.

. Hyperparameter optimization: Although the proposed training pipeline

leads to a functioning model, not much can be inferred about the effect of it’s
chosen hyperparameters. Ideally, a hyperparameter ablation study should be
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performed to determine the ideal combination of values.

4. Improved Preprocessing: The chosen preprocessing steps were defined
very briefly to see if any results at all could be achieved, with the intention
of reformulating them once training progress could be assessed. However,
training immediately went well, which could indicate that our preprocessing
steps were chosen immaculately, or more likely means that the entire ap-
proach and pipeline is quite robust and well thought out, so that even with
sub optimal preprocessing and hyperparameters, I am still able to achieve
promising results. On a less optimistic note, it could also mean that our test
data is too similar to our training data. In a performance-oriented variation
of this work, it would be highly beneficial to experiment with numerous pre-
processing options and combinations.

5. Unbiased Testing: Our entire data set is shuffled into one large pool of se-
quential pose data, and for every training, 100 data objects are isolated from
the rest and only used for validation post-training. This works to prove that
the model is successfully learning to classify these specific players, on those
specific courts, on that specific day, but leaves me guessing how it would
perform on a completely different set of data, provided it is obtained using
the same pipeline as the training data. Gathering and labeling the data for
this project already took up the bulk of my time for this project, so I leave
this for future attempts.

6. Pose Estimation and Calculation: A more accurate, error-free pose es-
timation model should be chosen. Although even with errors the model can
still learn to correctly classify a shot, the model learns to recognize the er-
rors as indicators of a classification, which will cause the model to fail on
error-free data (overfitting to the errors).

Although 2D pose estimation models work well to build a model for televi-
sion broadcasts (as demonstrated in this paper), they only function correctly
when input footage has been recorded with very specific camera orientation
and positioning. Training a model with this approach to function from ev-
ery imaginable angle and distance would take a lot of time, necessitating an
infeasible amount of carefully hand picked training data, as well as precise
tuning.

It is much more efficient to work with 3 dimensional poses, provided they
accurately depict the whole body throughout the entire duration of the
sequence. Given appropriate normalization and preprocessing, input data
could be captured from all possible perspectives.

5.2 3D Poses and future work

Originally I had intended to work with 3D pose data to hopefully eliminate the
dependency on camera perspective from action classification tasks. This could
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have large implications for the entire field of human action classification. How-
ever, I struggled to get satisfactory results with the 3D pose estimation models
I was able to get running.

Alternatively, it may be feasible to reliably augment 2D data into it’s 3D counter-
part, either algorithmically or through a dedicated "2D to 3D" pose estimation
model. This proved to be beyond the scope of this project, therefore I leave it
here as a proposition for future work.
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