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ABSTRACT 
One of the major challenges in Motor Behavior research is translating findings from controlled 
environments to complex, real-world contexts such as team sports. Recent advances in 
machine learning, particularly deep learning, have enhanced the ability to track and analyse 
movement in dynamic settings. DeepLabCut, an open-source toolbox using deep neural 
networks, enables precise tracking of players and objects, offering valuable insights for 
performance analysis. This tutorial aims to provide practical guidance for implementing 
DeepLabCut and to evaluate its effectiveness in tracking both athletes and the ball during 
gameplay, thereby supporting its application in sports science research and professional 
practice. 
 
KEYWORDS: Behavior Analysis | Computer Vision | Machine Learning | Motion Tracking | 
Pose Estimation 
 

 

INTRODUCTION 

A key challenge in the field of Motor Behavior is bridging the gap between insights obtained from controlled, simplified tasks 
and their application in complex, real-world contexts typical of professional practice ¹. This challenge is partly due to the lack of tools 
capable of accurately assessing Motor Behavior constructs in such dynamic and complex environments. 

Team sports often reveal this challenge more prominently. Team sports constitute a complex and dynamic system shaped by 
the interactions of multiple elements ². Athletes’ behavior depends on continuous adaptations to factors such as spatiotemporal 
demands³. Performance analysis research commonly focuses on individual and collective tactical behaviors—often relying on positional 
data—to inform training and competition strategies 4. Over the decades, sports analysis techniques have seen remarkable advancements 
5, particularly with the advent of artificial intelligence (AI). Notably, developments in AI have enabled accurate human motion tracking in 
dynamic and natural environments 6,7,8. 

DeepLabCut, an open-source toolbox based on deep learning, exemplifies these advancements in AI 9. DeepLabCut is a 
technology capable of tracking behavior across different contexts, offering a practical, low-cost, and simple-to-implement solution for the 
study of human movement 10. In sports science, DeepLabCut may be used to track athletes’ positions and ball dynamics during 
gameplay. This application of DeepLabCut enables detailed performance analysis and tactical evaluations, providing insights into player 
movements, strategies, and interactions within a game context. Integrating such advanced tracking technology into sports analysis 
represents a significant leap forward, offering researchers and coaches a deeper understanding of athletic performance and strategy. 

However, a significant barrier to leveraging these methods is the complexity involved in setup, training, and evaluation, which 
often lacks user-friendly guidance. Consequently, an accessible, tutorial-style article walks readers through practical implementation 
steps and demonstrates how these tools can be deployed across diverse applications, such as sports science. This tutorial aims to 
outline practical implementation procedures and to assess the effectiveness of DeepLabCut in tracking both players and the ball. 
 
METHODS 
 
Step 1 - Recording video 

The first step is to record the video. We recommended using a drone for this purpose, as it allows the camera to remain 
centred, thereby facilitating image processing in the subsequent steps. However, if recording with a drone is not possible, position the 
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camera to ensure the image is as centred as possible. 
Two pairs (four men aged 32± 3.0 years) played in a small-sided game to maintain possession of the ball for as long as 

possible over 3 minutes. Ball handling should be performed with the hands, and the participant was not allowed to move while in 
possession of the ball (similar to basketball). If the ball crossed the established boundaries, possession was awarded to the opposing 
team of the last player to touch the ball. For more details about the game, please refer to the "Original video" in the online materials. This 
experiment occurred on an open court within a delimited 6 x 6 meters (Figure 1). The data were recorded at 30 Hz with a resolution of 
640×480 pixels using a drone (DJI Mini SE) positioned at a height of 10 meters. The moments in the video where the ball left the 
designated area (’ball out of play’) were removed, leaving 107 seconds remaining (online material: "Original video"). 
 
Step 2 - Extract the frames 

The next step is to extract the frames and label the frames of interest. These frames represent the key points that the user 
intends to track. DeepLabCut provides a function that allows all extracted frames to be labelled using an interactive graphical user 
interface (GUI). In our example, using the GUI, we localized the center of nine key points (the ball, the four players, and the four corners 
of the area) across 20 frames sampled using the k-means clustering approach within DeepLabCut. The 20 frames selected by the k-
means clustering approach are the default setting in DeepLabCut; however, the number of frames and k-means clustering can be 
adjusted as needed. 
 
Step 3 - Create training dataset 

We recommend using Google Colab with GPU support to create, train, and evaluate the model. Personal computers often lack 
the necessary hardware configurations (e.g., dedicated graphics cards) to perform such procedures efficiently. In our example, we run 
the model using the Google Colab GPU. To create the model, we employed the ResNet-50 architecture, a deep residual network known 
for its high performance in image recognition tasks. Additionally, we utilized the imgaug library for data augmentation, which enhances 

the variability of the training data by applying random transformations such as rotations, flips, changes in brightness, and contrast (online 
material or supplementary material: "Script 2"). However, the parameters used to create the dataset can be modified. 
 
Step 4 - Train network 

To train the model, use the function deeplabcut.train_network. This function initiates the training process for the 

neural network dedicated to pose estimation. To enhance the model’s robustness, employ the first shuffle of the dataset, prov iding a 
varied training set. To monitor the progress, configure the training to display the status every 100 iterations, offering frequent feedback on 
the model’s performance. Additionally, set the function to save the model checkpoint every 500 iterations, ensuring that training progress 
is preserved and allowing for resumption from the latest checkpoint in case of interruptions. Finally, define the training process to run for 
a maximum of 10,000 iterations, preventing overfitting and ensuring efficient use of computational resources. Stopped the training when 
the loss function value reached below 0.005 with a learning rate of 0.005. 

You can perform the same procedure using Script 2 available in the online material or supplementary material. 
 
Step 5 - Evaluation of the Trained Network 

The fifth step is to evaluate the performance of the trained model. We assess the model’s performance by calculating the mean  
average Euclidean error between the manual labels and the labels predicted by DeepLabCut. The acceptable error threshold for each 
model depends on the level of precision required for the analysis. In our example, the results showed that the mean training error was 
2.62 pixels, while the mean test error was 3.79 pixels. This error is relatively low for our application. 
 
Step 6 - Perspective transformation 

Centering the camera poses a challenge during recording; therefore, an important step is the perspective transformation. This 
transformation helps minimise image distortion effects. Drone footage results in a video with fluctuations in the camera’s position due to 
the wind’s effect on the drone. In this example, we used known fixed points (the four corners) to perform the perspective transformation, 
as described below. 

We apply a perspective transformation to each frame, using the four known fixed points in the image that delineate the playing 
area. 
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Figure 1. The known points in the image for perspective transformation are A, B, C, and D, with a distance of 6 meters between A and B, D and C. m = meters. 
 

Our implementation computed the homography matrix (for example, at the 4-second mark in Figure 2) and applied the 
perspective transformation (online material or supplementary material: "Script 3"). First, we extracted each frame’s four corner points: 

 

Bottom − left = (xA, yA) 
Bottom − right = (xB, yB) 
Top − right = (xC, yC) 
Top − left = (xD, yD) 

 
Then, we calculated the distances between these points to find the mean width and height: 
 

 
 

 
 

Based on the known real-world distance, we derive the pixels-per-meter ratio: 
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Figure 2. Graphical representation of the points in the image and the image at the 4 th second. A) Graphical representation of the points in the image without the 
transformation. B) Graphical representation of the points in the image with the transformation. C. Image with the indication of points of interest. D. Original image. m = 
meters. px = pixels. 

 
Next, we define the desired coordinates in the new image using the pixels per meter ratio. Assume d is the actual distance 

between the cones: 

 
 

Here, pts_dest represents the coordinates in the destination plane, a transformed version of the original coordinates. Each 
point is represented in the format [x,y]: 
1. [0, 0]: bottom-left corner; 
2. [d · pixels_per_meter, 0]: bottom-right corner; 
3. [d · pixels_per_meter, d · pixels_per_meter]: top-right corner; 
4. [0, d · pixels_per_meter]: top-left corner. 

we calculated the homography matrix H using cv2.getPerspectiveTransform fuction of OpenCV: 
 

H = cv2.getPerspectiveTransform(pts_orig, pts_dest) 
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For each point p = [x, y] of the elements, it is transformed using the homography matrix H: 
 

p′ = H · p 

 
where p=[x,y,1] is the transformed coordinate. After, we performed by multiplying the point vector by the homography matrix H: 
 

 
 

 Finally, we normalize the resulting vector by dividing it by the homogeneous coordinates: 

 
However, the method for performing the perspective transformation should be adjusted according to the type of recording. We 

always recommended using known points from the recording to carry out the perspective transformation. 
 
 
Step 7 - The filter with likelihood 

The data exported from the analysis includes a column indicating the probability that each signal is correct. It is advisable to 
disregard low-probability values. In the example below, we used probability values greater than 0.8. The following outlines the step-by-
step procedure for our example. 

After performing the perspective transformation of the data, we filtered the x and y position values based on the probability. 
Based on their likelihood values, the equation replaces values with "NaN" (Not a Number) in the x and y position rows. Given a matrix E 
∈ R 3×n where E represents the positions (E1= position x, E2= position y) and likelihoods (E3) of elements, as follows: 

 

 
 
Step 8 - The filter with threshold limits 

Even after the final filtering, some data may not reflect reality. For instance, they may indicate positional values that do not exist 
in the real world. In our example, the playing area was limited to 6 by 6 meters, with an escape zone of approximately 2 meters. 
Therefore, any positional data above 8 meters or below -2 meters can be excluded from the analysis. The following illustrates our 
example. 

We established two threshold limits: an upper limit of 8 and a lower limit of -2. The filtering process then replaced any values in 
the dataset that exceeded the upper limit or fell below the lower limit with NaN. We subsequently added the filtered data to the d matrix. 
This approach excludes data points outside the defined range, improving the dataset’s accuracy and relevance for further analysis 
(Figure 3). The filtered data matrix dfiltered is obtained by: 
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Figure 3. Graphical representation of points of interest over time (A) and their x and y positions (B). m = meters. 
 

The data from the player wearing the black shirt and the ball showed a loss of around 50% of the data (Figure 4). This result  
was likely influenced by recording outdoors. The black color of the shirt did not stand out against the shadows projected by the players, 
making it difficult for the algorithm to recognize it. As for the ball, the sunlight reflection created a color distinct from its red hue. However, 
upon analyzing the complete video data (online material: "Video with DeepLabCut"), it is evident that the losses of the ball and the player 
in the black shirt were distributed over time, having little impact on the tracking. This indicates that, although the data loss was relatively 
high, the phenomena that can be investigated in this video (e.g., ball passes) occur at a relatively high frequency (around 3Hz). 

 
Figure 4. Percentage of frames without information. A) Comparison among the 9 elements. B) The nine elements over time. sec = seconds 
 

FINAL CONSIDERATIONS 
 

This tutorial aimed to outline practical implementation procedures and to assess the effectiveness of DeepLabCut in tracking 
both players and the ball. We hope it provides accessible guidance for researchers and practitioners unfamiliar with this tool. 

Although our application focused on ball sports, DeepLabCut can be used to track any element in an image, such as body 
segments or implements, particularly in the field of Motor Behavior. Finally, this represents the first attempt to present a tutorial 
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specifically tailored to DeepLabCut. We apologise if any aspect was insufficiently covered, as some steps may require basic 
programming knowledge. We hope this tutorial proves useful for those planning to adopt DeepLabCut in future investigations. 

 

DATA AVAILABILITY 
 

All scripts, videos, and other materials used in this paper can be found at the following link: https://github.com/apolinario-
souza/DeepLabCut_sports or supplementary material. You can perform the same procedures using our original video ("Original video", 
available in the online material) and scripts (online material or supplementary material). 

For definitions of the concepts of AI, please see 11. 
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