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Abstract
Objective: This study aims to evaluate the performance of the BlazePose model in human pose estimation
for sports actions to improve the accuracy and computational efficiency of the model.

Methods: The research employed a variety of datasets for training and evaluating the model, investigating
the generalization capability of the model under different experimental conditions. Detection and tracking
were carried out through the two-stage mechanism of the BlazePose model, identifying the human figure
contours and initially predicting the key points, and then refining the positions of the key points through
the tracking module. Different parameters such as model complexity and key point smoothing were set,
and the steps including image preprocessing, feature extraction, key point detection, naming, and skeleton
construction were conducted.

Results: The research outcomes yielded the two-dimensional keypoints of single-frame human body
images and the construction of 3D coordinate models, and obtained the visualization line charts of PCK
experimental data. Through the comparison of PCK scores of different models, it was concluded that on
the basketball Dataset, the performance of BlazePose was superior to that of OpenPose, particularly in
terms of FPS performance. Although the PCK score of the lightweight version of BlazePose was slightly
lower, its FPS performance was higher, making it suitable for scenarios with high requirements for
speed. Furthermore, BlazePose effectively reduced the model complexity by offering models of different
complexities and using occlusion simulation in training, without sacrificing too much accuracy.

Conclusion: This research presents the efficacy of lightweight neural networks in real-time human
pose estimation and, through further experimental analyses, investigates the possibilities of enhanc-
ing their performance advantages and application effects.
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1 INTRODUCTION

Human pose estimation'’, as a crucial branch of
computer vision, holds significant importance for
understanding and analyzing human actions. It provides
potent technical support for the training and analysis of
human actions by automatically identifying the key points
of the human body in images or videos.

]

Although pose estimation techniques have demonstrated
vast application potential in various aspects, there are still
certain challenges in practical applications. Interference
from complex backgrounds, occlusion among human body
parts, as well as variable lighting and viewing angles can
all have an impact on the performance of the algorithm. In
rapidly changing motion scenarios, especially in cases of
complex backgrounds or unfavorable lighting conditions,
the accuracy and response speed of existing algorithms
remain to be enhanced.

In recent years, scholars both domestically and
internationally have carried out a considerable amount of
research in this domain. For instance, Cao et al.”’ proposed
a deep learning-based multi-person pose estimation
approach that can effectively identify the key points of the
human body in crowded scenes, enhancing the accuracy
and robustness of pose estimation. In the field of sports,
certain studies such as Zhang et al."'developed an athlete
action analysis system based on pose estimation, which is
capable of providing real-time feedback and guidance for
athletes.

This paper investigates the accuracy of the lightweight
convolutional upgraded network for human pose estimation
by choosing the lightweight convolutional neural network
BlazePose'! architecture, while significantly reducing the
computational complexity of the model and enabling its
suitability for devices with limited resources.

2 MATERIALS AND METHODS
2.1 Adopt Lightweight Network Architectures

This research employed an enhanced architecture
in the domain of human pose estimation. BlazePose is
a lightweight convolutional neural network structure
optimized for mobile devices, dedicated to real-time
human pose estimation. With a relatively small number of
parameters, this network structure effectively enhances the
prediction quality of the model by drawing on the design
of the stacked hourglass model™. It can rapidly identify
and track 33 key points and predict their 3D positions.
Additionally, BlazePose adopts the "BlazePicking"
technology'®, which implements detection and tracking
through a two-stage mechanism: Firstly, a lightweight
CNN recognizes the human silhouette and preliminarily
predicts the key points; Secondly, using this information,
the tracking module refines the positions of the key points
to enhance the stability and accuracy of positioning,
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In this research, we constructed an efficient detector-
tracker framework (as depicted in Figure 1, which has
exhibited outstanding performance in multiple real-time
tasks, including hand landmark prediction and dense facial
landmark prediction. Our system comprises two main
components: a streamlined human pose detector and a
pose tracker network. The pose tracker is responsible for
predicting the coordinates of the key points, assessing
the presence of individuals in the current frame, and
determining the region of interest for the pose in this frame.
When the pose tracker detects no individuals in the current
frame, we will restart the detector network in the next frame
to re-perform human detection. Through this design, our
framework is capable of effectively tracking human poses
while maintaining real-time performance.

2.2 Model Design

This model adopts the fast downsampling” technique,
which can rapidly decrease the image size and effectively
lower the overall computational load, allowing the
model to process image data promptly. To compensate
for the possible information loss resulting from fast
downsampling, a residual structure’® is introduced in the
model. This structure is capable of capturing shallow
features and gradients, to a certain extent, making up for
the information loss brought about by fast downsampling.
Through strengthening the spatial information in the
features, the model can learn more advanced semantic
features and maintain performance even in the case of fast
downsampling.

In the model design, the parameters are primarily
concentrated on the backbone network to reduce the
parameters and computational load on the residual
branches. This design strategy is intended to focus the
limited computing resources on the main branch to enhance
the overall performance of the model. In terms of the
output, the model generates multiple types of outputs(as
depicted in Figure 2). Firstly, CenterHeatmap[B, 1, H,
W] is employed to predict the geometric center of each
individual, which is mainly utilized for existence detection
and is equivalent to substituting the bounding box (bbox)
in traditional object detection with an anchor point on the
heatmap. Subsequently, KeypointRegression[B, 2K, H,
W] regresses the coordinate values of the keypoints based
on the center points, providing us with the precise location
information of the keypoints.

2.3 The Training Process of Grid and Its Improvement
During the training process of the BlazePose network,
a combined approach integrating keypoint detection
and keypoint regression was employed. This training
methodology encompasses the integration of heatmaps,
offsets, and keypoint regression techniques, as depicted in
Figure 3. The training procedure incorporates heatmaps,
offsets, and keypoint regression techniques. This approach
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Figure 1. Flowchart of Human Prediction by Blazepose.
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Figure 2. Model Design Structure Diagram.

corresponds to the heatmap (left), offset (middle), and
regression output (right) in Figure 3.

In the initial stage of training, training was initially
conducted using heatmaps and offsets. In the regression
training phase'”, the output branch in Figure 3 (left)
was truncated by the network. This truncation operation
effectively utilized the heatmap to supervise the training
process, achieving a notable enhancement in inference
speed while maintaining the accuracy of keypoint detection.
In contrast to the mere 17 human keypoints predicted
by COCO Pose''”, the BlazePose network is capable of
predicting 33 keypoints with confidence for each human
body in every frame of the image.

This training approach effectively employs heatmaps
to supervise lightweight embeddings"" and applies them
to the regression encoder network. In the training stage,
we utilized heatmaps and offset losses, and removed
the corresponding output layers from the model prior to
inference. Such enhancements not only optimize heatmap
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prediction but also significantly enhance the accuracy of
coordinate regression, enabling the BlazePose network to
maintain efficient inference while attaining high precision.

2.4 Experiment
2.4.1 Experimental Illustrations

The input resolution of the image is set at 640x480
pixels; in the detection and tracking stage of the model, the
confidence threshold is set at 0.5, signifying that only when
the confidence of the model in the region containing the
keypoint attains or exceeds 50%, will the region be regarded
as a valid keypoint; the matplotlib library is employed for
format conversion to ensure the correct processing and
presentation of the data.

2.4.2 Method Design

To achieve a better balance between model complexity
and accuracy, we introduced two versions of the BlazePose
model with distinct complexities in our research to
accommodate various application scenarios. The BlazePose
Lite version reduces the number of model parameters and
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Figure 3. The Training Process of the BlazePose Network.

computational load, thereby attaining a faster inference
speed. On the other hand, the BlazePose Full version
offers higher accuracy and is applicable in circumstances
where greater precision is demanded. This design enables a
reduction in model complexity without sacrificing excessive
accuracy, catering to diverse performance requirements and
application settings.

In this study, the model was initialized first, with
parameters such as complexity and keypoint smoothing
being set. Once the image was input, it underwent four
sequential processing steps: preprocessing, feature
extraction, keypoint detection, and keypoint naming along
with skeleton construction. During the image processing,
the detected human keypoints were plotted on the image,
and the information of each keypoint was printed.
Simultaneously, the processing time was calculated to
display the FPS.

Via the "get coordinates" method, we extracted the
coordinates (X, y) of each keypoint and stored them in a
list for subsequent usage. All keypoint coordinates were
normalized, with the x and y values ranging from O to 1,
and the z value representing the depth information of the
keypoint. The final output coordinates encompassed the
pixel positions in the image and were adjusted through
normalization, enabling the model to provide consistent
outputs under different resolutions and viewing angles. The
advantage of this approach lies in its ability to guarantee
accuracy while reducing computational costs and enhancing
processing efficiency, which is especially significant in
environments with limited resources.

@—* Innovation Forever Publishing Group Limited 4/9

2.4.3 Experimental Data Set

In this study, the Ultralytics COCO8-pose public dataset,
the basketball dataset, and the self-created dataset were
selected to assess the model's generalization ability. All
images were saved in the ".jpg" format and were divided
into training sets and validation sets. Such a dataset
combination facilitates the model's adaptation to different
environments and enhances its generalization in various
scenarios.

In view of the scarcity of a large-scale squat action dataset,
anew dataset was constructed in this study (Figure 4), which
was collected from multiple locations in the school. We
precisely labeled the images using the Labellmg software
and followed the PASCAL VOC format. Under controlled
lighting and camera settings, images of diverse squat
actions were captured at different times in the playground,
gymnasium, and cafeteria, including occlusion and angle
variations, thereby enhancing the practicality of the dataset
and the reliability of the research.

4 RESULTS
4.1 Evaluation Indicator

The PCK (Percentage of Correct Keypoints) score is a
widely employed metric for assessing the performance of
pose estimation models. The PCK indicator measures the
proportion of correctly predicted keypoints under a given
normalized threshold a. The higher this proportion, the
better the prediction accuracy of the model. Through PCK
scores, we can visually observe the fitness performance
of the model under different degrees of stringency. In this
experiment, we adopted the PCK score for result analysis,
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Figure 4. Self-made Dataset.

where the threshold was set as the minimum confidence
threshold when tracking keypoints. The calculation formula
of the PCK score is presented as Equation (1):

PCK(a)——Z ”f < a) (1)

Specifically, we compute the distance between the actual
keypoint coordinates in the label file and the predicted
keypoint coordinates detected in the image, and utilize this
distance to gauge the accuracy of the model. This approach
offers an intuitive measurement of the matching degree
between the predicted keypoints of the model and the actual
annotations (ground-truth).

In comparison with other evaluation metrics, such as
OKS", although it takes scale information into account,
its calculation process is more complicated and less
intuitive than PCK. Furthermore, AP (Average Precision)!"”
and mAP (mean Average Precision)!'”, while capable of
providing comprehensive evaluations, are more frequently
employed in object detection tasks rather than specifically
for pose estimation. Hence, in this experiment, we select the
PCK score as the primary evaluation metric to facilitate a
more direct assessment and comparison of the performance
of the models.

4.2 Experimental Results

According to the experimental data, we have ascertained
that the average PCK (Percentage of Correct Keypoints)
score for this set of data is 0.81. This value implies that
in all test cases, approximately 81% of the keypoint
predictions have reached the preset accuracy threshold.
The fluctuation range of the PCK score is from 0.70 to
0.92, which indicates that the model can still maintain a
relatively high accuracy in identifying keypoints when

@»* Innovation Forever Publishing Group Limited 5/9

confronted with different test data. This outcome validates
the effectiveness and reliability of the model in practical
applications. The PCK score statistics for a certain group of
data in the experiment are depicted in Figure 5.

The model conducts the recognition of human poses
by analyzing individual frames within pictures and video
streams, namely individual images or video frames, and
simultaneously outputs the corresponding three-dimensional
coordinate points. These points are utilized for constructing
a three-dimensional data model. During this process, the
input images are initially preprocessed to a size of 256x256
pixels to accommodate the input requirements of the deep
neural network. Subsequently, these images are fed into
a deep neural network encompassing 18 convolutional
layers and multiple residual blocks for further processing.
Eventually, the model is capable of outputting the three-
dimensional coordinates of 33 key joints'", precisely
depicting the human pose. (as depicted in Figures 6-10)

According to the output results, it can be observed
that BlazePose can precisely output the key coordinate
points of basketball players under multiple circumstances.
Whether the athletes are standing, running, jumping,
striding or squatting, whether in an environment with or
without occlusion, whether indoors or outdoors, BlazePose
can exhibit relatively high accuracy. This suggests that
BlazePose possesses excellent adaptability and accuracy
when dealing with different actions and environmental
conditions.

5 DISCUSSION
5.1 Experimental Analysis on the Generalization Ability
of the Model

In this research, we assessed the generalization ability

J Mod Educ Res 2024; 3: 21
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of the BlazePose model through conducting experiments
on multiple datasets. We selected the public Ultralytics
COCO8-pose dataset and a self-developed deep squat
action dataset, which encompass diverse environments
and human postures. The experimental outcomes indicate
that the average PCK score of BlazePose on the COCOS-
pose dataset is 0.81, and on the self-made dataset it is
0.78, demonstrating that the model exhibits relatively
good consistency among different datasets. Furthermore,
we tested the model's performance under various lighting
conditions and background complexities, and discovered
that the model performs superiorly in high lighting
circumstances compared to low lighting ones, yet it can
still maintain a relatively high level of accuracy in complex
backgrounds.

The lightweight design of the BlazePose model enables
real-time pose estimation on devices with limited resources,

m* Innovation Forever Publishing Group Limited 6/9

which theoretically contributes to the generalization of
the model. Our model reduces the number of parameters
and computational load, thereby minimizing the risk of
overfitting and enhancing the model's performance on
unseen data.

To enhance the model's generalization ability, we
plan to explore integrating more contextual information
and employing attention mechanisms in future studies.
Additionally, we will consider strengthening the model's
temporal analysis capability to better handle pose estimation
issues in video streams.

5.2 Performance Comparative Evaluation (Quantitative
Comparison of PCK Scores between OpenPose and
BlazePose)

Judging from the comparison results in Table 1, the
BlazePose model (comprising the full-featured version and

J Mod Educ Res 2024; 3: 21
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the lightweight version) outperformed the OpenPose model
on the basketball dataset, particularly in terms of FPS
(frames per second) performance. Although the PCK score
of the BlazePose lightweight version is marginally lower
than that of the full-featured version, its FPS performance
is higher. This indicates that in real-time application
scenarios where rapid response is required, such as in sports
analysis, the BlazePose lightweight version might be more

pw* Innovation Forever Publishing Group Limited
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appropriate.

Although the OpenPose model attains relatively high
PCK scores on some datasets, its low FPS performance
restricts its practicability in real-time applications.
Nevertheless, on the basketball and fitness datasets,
BlazePose Full outperforms OpenPose. These data offer
the strengths and weaknesses of different models in diverse

J Mod Educ Res 2024; 3: 21
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Table 1. Data Table of Performance for Different Models

MODLE FPS  Ultralytics COCOS8-pose, PCK 17097083298XX Dataset, PCK  Basketball Dataset, PCK
OpenPose(Body Only) 05" 85.6 827 81.6
BlazePose Full Feature Edition 107 825 84.5 85.2
BlazePose Lite Edition 32 782 77.6 774

application scenarios, facilitating the selection of the
appropriate model in accordance with specific requirements.

By designing two models with distinct levels of
complexity: BlazePose Full (6.9MFlop, 3.5M Params)
and BlazePose Lite (2.7MFlop, 1.3M Params), it becomes
feasible to lower the model complexity without sacrificing
excessive accuracy, so as to accommodate different
performance requirements and application scenarios.

6 CONCLUSION

The real-time human pose estimation technology based
on the BlazePose model holds significant application
value in the sports domain, being capable of meticulously
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assessing the technical movements and training conditions
of athletes. Nevertheless, traditional motion analysis
approaches are frequently complex and time-consuming.
To address this issue, this research puts forward a real-time
human pose estimation method based on the BlazePose
model.

The lightweight convolutional neural network and
"BlazePicking" technology used in the study effectively
improved the model's generalization and accuracy in real
sports environments. The model's lightweight and fast
response features make it more suitable for use on mobile
devices, which provides the possibility for coaches to
monitor athletes' movements and optimize training more

J Mod Educ Res 2024; 3: 21



conveniently on mobile devices in real time.

Looking ahead, we will further optimize this technology.
This can be achieved by expanding the dataset and
increasing occlusion simulation to strengthen the model's
robustness, facilitating its application in more sports
scenarios and improving its performance when confronted
with complex viewing angles and occlusions. Additionally,
we plan to extend the experiment to larger datasets or
longer movement sequences to evaluate its performance
in more complex circumstances. To provide more
consummate technical support for sports training. Future
research will focus on the robustness, precision, and real-
time performance of the algorithm, enhance its adaptability,
and explore its application in a broader range of scenarios.
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