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With the increasing emphasis on physical and mental health, aerobics and yoga have become two of the most
popular forms of physical activity worldwide. However, traditional training methods rely heavily on profes-
sional instructors, which are limited by high costs, uneven teaching quality, and lack of real-time feedback. To
address these issues, this study proposes a comprehensive framework for computer-based motion analysis
and personalized training recommendation, integrating computer vision, deep learning, and biomechanical
principles to achieve accurate motion evaluation and adaptive training guidance. First, a multi-modal motion
capture system is designed to collect 2D/3D human skeleton data and surface electromyography (EMG) signals
during aerobics and yoga exercises. Second, a novel cascade two-stream adaptive graph convolutional neural
network (Cascade 2S-AGCN) is proposed for motion feature extraction and error recognition, which outper-
forms existing methods in terms of recognition accuracy and real-time performance. Third, a personalized
training recommendation model based on reinforcement learning (RL) is established, considering user physical
characteristics, training goals, and motion performance to generate adaptive training plans. Extensive experi-
ments are conducted on a self-built multi-view aerobics and yoga dataset (MAY-Dataset) and public datasets
(3D-Yoga, M3GYM), involving 80 participants with different fitness levels. The experimental results show that
the proposed motion analysis model achieves an average recognition accuracy of 96.87% for aerobics movements
and 97.53% for yoga poses, with a motion error detection rate of 95.21%. The personalized recommendation
model significantly improves user training adherence (by 32.4%) and training effect (by 28.7%) compared with
traditional uniform training plans. This study provides a scientific and intelligent solution for aerobics and yoga
training, promotes the digital transformation of fitness services, and lays a foundation for the development of
intelligent fitness systems.
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1. Introduction

In the modern era of sedentary lifestyles and increas-
ing health awareness, aerobics and yoga have gained
widespread popularity due to their significant benefits
for physical fitness, mental relaxation, and chronic dis-
ease prevention [1]. Aerobics, characterized by rhythmic

movements combined with music, effectively enhances
cardiovascular function and improves body coordination.
Yoga, focusing on body posture, breathing control, and
meditation, helps relieve stress, improve flexibility, and
maintain musculoskeletal balance [2]. According to the
2023 Global Yoga Market Report, the global yoga market
size has exceeded 20 billion US dollars with a compound
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annual growth rate of 12%, indicating the huge demand
for professional and convenient fitness guidance [3].

However, the current aerobics and yoga training model
faces several critical challenges. First, traditional train-
ing relies on professional instructors, and the shortage of
high-quality instructors leads to uneven teaching standards.
Many learners cannot obtain timely and accurate feedback
on their movements, resulting in incorrect postures that
may cause sports injuries [4]. Second, the "one-size-fits-all"
training mode ignores individual differences in physical
conditions, fitness levels, and training goals, leading to low
training efficiency and poor user adherence. Third, existing
motion analysis systems are either limited to single-modal
data (e.g., only visual data) with insufficient analysis accu-
racy, or are too complex and expensive to be widely applied
in home and small fitness scenarios.

Motion analysis for aerobics and yoga mainly focuses
on posture estimation, movement recognition, and error de-
tection, relying on computer vision and sensor technology.
In terms of computer vision-based methods, OpenPose,
MediaPipe Pose, and Higher HRNet are widely used for
human skeleton extraction [5]. MediaPipe Pose, in particu-
lar, adopts a two-stage detection paradigm (BlazeDetector +
Pose Landmark Model), which can output 33 3D key points
in real time with high accuracy and low latency, making it
suitable for edge device deployment [6]. For aerobics mo-
tion analysis, researchers use Kinect-v2 to capture skeleton
data and extract joint coordinates, velocity, and accelera-
tion features, then adopt SA-BiLSTM algorithm to achieve
movement recognition with an average accuracy of 94.03%
[7].

For yoga motion analysis, 3D-Yoga dataset is con-
structed with 3,792 action samples and 16,668 RGB-D key
frames, and a Cascade 2S-AGCN model is proposed to
recognize and assess yoga poses, achieving better perfor-
mance than state-of-the-art methods. Additionally, some
studies use contrastive learning to extract skeleton features
for yoga pose grading, improving the accuracy of pose
quality evaluation [8]. However, these methods mostly fo-
cus on single-modal visual data, ignoring the information
of muscle activation, which is crucial for evaluating motion
intensity and preventing injuries [9].

Personalized training recommendation for fitness
mainly relies on machine learning and deep learning meth-
ods, considering user physical characteristics, fitness goals,
and historical training data. Existing recommendation
models can be divided into three categories: content-
based, collaborative filtering-based, and hybrid models
[10]. Content-based models recommend training plans
similar to those the user has previously liked; collaborative

filtering models recommend plans based on the preferences
of similar users; hybrid models combine the advantages of
the two [11].

In recent years, RL has been widely used in person-
alized fitness recommendation, as it can dynamically ad-
just recommendations according to real-time user feedback
[12]. For example, a RL-based framework is proposed to
recommend sequences of body-weight exercises, which
significantly improves user engagement in a 15-week live
user trial. Some studies also use artificial neural networks
(ANN) and reinforcement learning to analyze user data
and provide adaptive fitness recommendations [13]. How-
ever, these models rarely combine real-time motion analy-
sis results, leading to recommendations that are not fully
adapted to the user’s current motion status and physical
load. In terms of sensor-based methods, wearable IMU
sensors and EMG sensors are used to collect motion data.
For example, a wearable device with 11 IMUs is used to
measure yoga pose data, and the combination of artificial
neural network and fuzzy C-means is adopted for pose
classification. EMG signals can reflect muscle activation
status, which is helpful for analyzing motion intensity and
muscle fatigue. However, sensor-based methods require
users to wear additional devices, which affects movement
comfort and limits their wide application.

With the rapid development of computer vision, deep
learning, and wearable sensor technology, computer-based
motion analysis has become a research hotspot in the field
of intelligent fitness. Existing studies have made some
progress in motion recognition and posture evaluation. For
example, some researchers use Kinect-v2 camera to capture
skeleton data of aerobics movements and combine bidi-
rectional LSTM with self-attention mechanism to achieve
movement recognition. Others propose a yoga pose grad-
ing approach using contrastive skeleton feature represen-
tations to evaluate pose quality [14]. However, these stud-
ies still have obvious limitations. (1) Most motion analy-
sis methods only focus on single-type movements (either
aerobics or yoga) and lack a unified framework for cross-
movement analysis. (2) The fusion of multi-modal data
(e.g., visual data, EMG signals) is not sufficient, leading
to inaccurate evaluation of motion intensity and muscle
activation. (3) Personalized recommendation models are
mostly based on static user information, lacking real-time
adaptation to motion performance and dynamic adjust-
ment of training plans.

To fill these research gaps, this study proposes a uni-
fied framework for computer-based motion analysis and
personalized training recommendation for aerobics and
yoga exercises. The main contributions of this study are as
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follows.

1. A multi-modal motion capture system is designed, in-
tegrating RGB-D cameras and wearable EMG sensors
to collect 2D/3D skeleton data and muscle activation
signals, realizing comprehensive evaluation of motion
posture and intensity.

2. A novel Cascade 2S-AGCN model is proposed for mo-
tion feature extraction and error recognition, which
effectively fuses spatial-temporal features of skeleton
data and improves the accuracy and real-time perfor-
mance of motion analysis.

3. A personalized training recommendation model based
on RL is established, which dynamically adjusts train-
ing intensity, duration, and movement difficulty ac-
cording to user physical characteristics, training goals,
and real-time motion performance.

4. A large-scale multi-view aerobics and yoga dataset
(MAY-Dataset) is constructed, providing a reliable data
foundation for the validation of the proposed frame-
work.

2. Materials and methods

The proposed framework for computer-based motion anal-
ysis and personalized training recommendation consists
of three core modules. (1) Multi-modal motion capture
module; (2) Motion analysis module including feature ex-
traction and error recognition. (3) Personalized training
recommendation module. The overall architecture of the
framework is shown in Fig. 1.

Fig. 1. Overall architecture of the framework.

2.1. Multi-Modal Motion Capture Module

The multi-modal motion capture module is designed to col-
lect comprehensive motion data, including 2D/3D human
skeleton data and EMG signals, to realize accurate evalua-
tion of motion posture, movement trajectory, and muscle
activation. The hardware configuration of the module is as
follows.

1. RGB-D Cameras. 4 GoPro Hero 10 Black cameras
(1080p/60fps) are deployed in different directions to
capture multi-view visual data, ensuring 360° cover-
age. A custom-made backclip bracket is used to fix
the cameras, and an anti-shock pan-tilt system (shock
resistance≥8 levels) is adopted to reduce motion blur,
with a shake error ≤1.2° during Vinyasa flow yoga
(movement frequency≥5 times/minute).

2. Wearable EMG Sensors. 8 wireless EMG sensors are
attached to key muscle groups (deltoid, biceps, triceps,
rectus abdominis, gluteus maximus, quadriceps, ham-
strings, gastrocnemius) to collect muscle activation
signals, with a sampling frequency of 1000Hz and a
signal-to-noise ratio (SNR)≥80dB.

3. Data Transmission and Preprocessing. The collected
data is transmitted to a local server via Wi-Fi 6, and
preprocessed to eliminate noise. For visual data, me-
dian filtering and histogram equalization are used to
enhance image quality; for EMG signals, a Butterworth
filter (cutoff frequency: 10-500Hz) is used to remove
power frequency noise and baseline drift.

4. The 3D skeleton coordinates are obtained by fusing
multi-view 2D key points using binocular stereo vi-
sion technology with a coordinate error ≤2cm. The
key points of the human body are defined based on
MediaPipe Pose including 33 key points covering the
head, trunk, and limbs. The EMG signals are normal-
ized using the following formula.

EMGnorm (t) =
EMG(t)− EMGmin
EMGmax − EMGmin

(1)

Where EMG(t) is the original EMG signal at time
t.EMGmin and EMGmax are the minimum and maxi-
mum values of the EMG signal during a single move-
ment, respectively. The normalized EMG signal ranges
from 0 to 1, which is used to evaluate the activation
degree of the muscle group.

2.2. Motion Analysis Module

The motion analysis module is responsible for extracting
motion features, recognizing movement types, and detect-
ing motion errors. This study proposes a novel Cascade 2S-
AGCN model, which is improved based on the two-stream
adaptive graph convolutional neural network (2S-AGCN)
and adds a cascade structure to enhance feature extraction
capability. The structure of the Cascade 2S-AGCN model is
shown in Fig. 2.
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Fig. 2. Structure of the Cascade 2S-AGCN.

2.2.1. Feature Extraction

The Cascade 2S-AGCN model includes two streams: spatial
stream and temporal stream, which extract spatial features
and temporal features of motion data, respectively.

The spatial stream uses an adaptive graph convolutional
layer to model the spatial relationship between human key
points. The adjacency matrix of the graph is dynamically
adjusted according to the skeleton coordinates, which can
adapt to different motion postures. The adaptive adjacency
matrix A ∈ RN×N (where N = 33 is the number of key
points) is calculated as follows.

Aij =

exp
(
−∥xi−xj∥2

σ2

)
∑N

k=1 exp
(
− ∥xi−xk∥2

σ2

) (2)

Where xi and xj are the 3D coordinates of the i− th and j−
th key points, respectively. σ is the Gaussian kernel param-
eter. The spatial graph convolution operation is defined
as:

Xspatial = σ
(

A · X · Wspatial + bspatial

)
(3)

Where X ∈ RN×C is the input skeleton feature matrix. C
is the number of feature channels. Wspatial is the weight
matrix of the spatial convolution layer. bspatial is the bias
term, and σ is the ReLU activation function.

The temporal stream uses a 1D convolutional layer and
a BiLSTM layer to extract temporal features of motion se-
quences. The input of the temporal stream is the sequence
of skeleton coordinates over time Xt ∈ RT×N×C, where T
is the length of the motion sequence. The 1D convolutional
layer is used to extract local temporal features, and the BiL-
STM layer is used to capture the long-term dependencies
of the motion sequence. The output of the temporal stream
is:

Xtemporal = BiLSTM
(

Conv 1d
(

Xt, Wtemporal 1, btemporal 1

)
, Wtemporal 2, btemporal 2

)
(4)

Where Wtemporal 1 and btemporal 1 are the weight and bias of
the 1D convolutional layer, and Wtemporal2 and btemporal2

are the weight and bias of the BiLSTM layer.
The Cascade 2S-AGCN model includes three cascade

levels. The output features of the first level are fed into the
second level for further feature extraction, and the output
features of the second level are fed into the third level. The
final feature vector is obtained by fusing the output features
of the three levels using a concatenation operation.

Xfusion = [Xlevel 1, Xlevel 2, Xlevel 3] (5)

Where Xlevel 1, Xlevel 2, and Xlevel 3 are the output features
of the three cascade levels, respectively.

2.2.2. Motion Recognition and Error Detection

The fused feature vector Xfusion is input into a fully con-
nected layer and a softmax layer to realize motion recogni-
tion. The loss function for motion recognition is the cross-
entropy loss.

Lrec = − 1
M

M

∑
m=1

C

∑
c=1

ymc log (pmc) (6)

Where M is the number of training samples. C is the num-
ber of motion categories. ymc is the one-hot label of the
m-th sample. pmc is the predicted probability of the m th
sample belonging to the c− th category.

For motion error detection, this study defines 10 key
motion error types for aerobics (e.g., incorrect arm angle,
inconsistent movement rhythm) and 8 key motion error
types for yoga (e.g., incorrect spine curvature, unbalanced
body center of gravity). The error detection is realized
by comparing the extracted motion features with the stan-
dard motion features. The standard motion features are
obtained by collecting motion data from 10 professional
aerobics instructors and 10 professional yoga instructors,
and averaging their feature vectors.

The motion error score Serror is calculated as the Eu-
clidean distance between the user’s motion feature vector
and the standard feature vector.

Serror =

√√√√ K

∑
k=1

(
xuser ,k − xstandard ,k

)2 (7)

Where K is the dimension of the feature vector. xuser ,k is
the k− th dimension of the user’s feature vector. xstandard ,k

is the k − th dimension of the standard feature vector.
If Serror > θ (where θ is the error threshold, determined

by cross-validation), the motion is considered to have an
error, and the specific error type is identified by analyzing
the difference in each feature dimension.
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2.3. Personalized Training Recommendation Module

The personalized training recommendation module is
based on RL, which dynamically adjusts the training plan
according to the user’s physical characteristics, training
goals, and real-time motion performance. The RL model
is composed of an agent, a state space, an action space, a
reward function, and a value function.

2.3.1. State Space

The state space S includes three parts: (1) User physical
characteristics S1 (age, gender, height, weight, BMI, flexi-
bility, muscle strength). (2) Training goals S2 (weight loss,
muscle enhancement, flexibility improvement, stress relief).
(3) Real-time motion performance S3 (motion recognition
accuracy, error score, EMG-based muscle activation degree,
training duration, movement frequency).

The state vector is defined as:

S = [S1, S2, S3]
T ∈ RD (8)

Where D is the dimension of the state vector, D = 18 in
this study.

2.4. Action Space

The action space A includes the adjustment of training
parameters for aerobics and yoga exercises, including: (1)
Movement type (aerobics/yoga); (2) Movement difficulty
(beginner/intermediate/advanced); (3) Training intensity
(low/medium/high); (4) Training duration (15/30/45/60
minutes); (5) Rest interval (30/60/90 seconds). Each action
is a combination of these parameters, and the total number
of actions is 2 × 3 × 3 × 4 × 3 = 216.

2.4.1. Reward Function

The reward function R(S, A) is designed to encourage the
agent to select actions that improve training effect and user
adherence, considering the following factors.

1. Motion performance reward R1. Related to motion
recognition accuracy Acc and error score Serror , en-
couraging correct movements.

2. Training goal reward R2. Related to the progress to-
wards the training goal (e.g., weight loss progress, flex-
ibility improvement), encouraging actions that help
achieve the goal.

3. Physical load reward R3. Related to muscle activa-
tion degree and training duration, avoiding excessive
training and reducing the risk of injury.

4. Adherence reward R4. Related to user training fre-
quency and completion rate, encouraging long-term
training.

The total reward function is defined as:

R(S, A) = αR1 + βR2 + γR3 + δR4 (9)

Where α, β, γ, δ are weight coefficients, and α+ β+ γ+ δ =

1. The values of the weight coefficients are determined by
user training goals (e.g., for users with the goal of weight
loss, β is set to a larger value).

The specific calculation of each sub-reward is as follows.

R1 = Acc − λSerror (10)

R2 =
Progress Progress max

Progre
(11)

R3 =

1 − EMGavg −EMGtarget
EMGmax−EMGtarget

if EMGavg ≥ EMGtarget

1 if EMGavg < EMGtarget

(12)

R4 =
Completion_rate

100%
(13)

Where λ is the error penalty coefficient. Progress is the cur-
rent progress towards the training goal. Progress max is the
maximum progress. EMGavg is the average normalized
EMG signal during training. EMGtarget is the target mus-
cle activation degree, and Completion_rate is the training
completion rate.

2.4.2. Model Training

The RL agent uses the deep Q-network (DQN) algorithm
for training [15]. The Q-network is a convolutional neural
network (CNN) that takes the state vector S as input and
outputs the Q-value of each action. The loss function of the
DQN algorithm is:

LDQN =
1
B

B

∑
i=1

(yi − Q (Si, Ai; θ))2 (14)

Where B is the batch size. yi = R (Si, Ai) +

γ maxA′ Q (Si+1, A′; θ′) is the target Q-value. θ is the pa-
rameter of the current Q -network. θ′ is the parameter of
the target Q -network (updated every 1000 steps).

3. Results and discussion

To verify the effectiveness of the proposed framework, ex-
tensive experiments are conducted from three aspects: (1)
Performance evaluation of the motion analysis model; (2)
Performance evaluation of the personalized training rec-
ommendation model; (3) User experience evaluation. The
experimental setup and results are detailed as follows.
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3.1. Experimental Setup

3.1.1. Datasets

Two datasets are used in the experiments including self-
built MAY-Dataset and public datasets (3D-Yoga, M3GYM).
MAY-Dataset. A multi-view aerobics and yoga dataset con-
structed in this study, including 5000 aerobics movement
samples (20 categories) and 4000 yoga pose samples (15
categories). The dataset is collected from 80 participants (40
males, 40 females) aged 18-45 years with different fitness
levels (beginner: 30, intermediate: 30, advanced: 20). Each
sample includes multi-view RGB-D videos, 3D skeleton
data, and EMG signals, annotated with motion categories
and error types by 3 professional instructors. The dataset
is divided into training set (70%), validation set (15%), and
test set (15%).

3D-Yoga Dataset. A public 3D yoga pose dataset with
3792 action samples and 16668 RGB-D key frames, collected
from 22 subjects performing 117 kinds of yoga poses [16].

M3GYM Dataset. A large-scale multimodal multi-view
multi-person pose dataset, including 14 yoga sessions and
51 normal fitness exercise sessions with frame-level anno-
tations of 2D/3D key points and expert assessments [17].

3.2. Hardware and Software

Hardware is Intel Core i9-12900K CPU, NVIDIA RTX 3090
GPU (24GB), 64GB DDR4 RAM, 4 GoPro Hero 10 Black
cameras, 8 wireless EMG sensors. Software is Python 3.8,
PyTorch 1.12.0, OpenCV 4.5.5, MediaPipe 0.10.3, Tensor-
Flow Lite 2.10.0, MATLAB 2022b for EMG signal processing
and statistical analysis.

3.2.1. Comparison Methods

For motion analysis, the proposed Cascade 2S-AGCN
model is compared with state-of-the-art methods including
2S-AGCN [18], SA-BiLSTM [19], OpenPose+SVM, Medi-
aPipe+LSTM [20].

For personalized training recommendation, the pro-
posed RL-based model is compared with Content-based
recommendation (CBR), Collaborative filtering recommen-
dation (CFR) and ANN-based recommendation.

3.2.2. Evaluation Metrics

For motion analysis. (1) Recognition Accuracy (Acc). The
proportion of correctly recognized motion samples to the
total number of samples. (2) Error Detection Rate (EDR).
The proportion of correctly detected motion errors to the
total number of error samples. (3) F1-Score. The harmonic
mean of precision and recall, used to evaluate the perfor-
mance of error detection. (4) Inference Time (IT). The av-
erage time required to process a single motion sample (in
milliseconds).

For personalized training recommendation. Training
Adherence (TA): The proportion of completed training ses-
sions to the total recommended training sessions. Training
Effect (TE): The percentage improvement of user physical
indicators (e.g., flexibility, muscle strength, BMI) after 4
weeks of training. User Satisfaction (US): Evaluated by a
5-point Likert scale (1=very dissatisfied, 5=very satisfied)
with an average score of all users.

3.3. Experimental Results

3.3.1. Performance of Motion Analysis Model

Table 1 shows the performance comparison of different
motion analysis methods on the MAY-Dataset test set. It
can be seen that the proposed Cascade 2S-AGCN model
achieves the highest recognition accuracy (96.87% for aer-
obics, 97.53% for yoga) and error detection rate (95.21%),
which is 3.24%-8.76% higher than other methods. In terms
of F1-Score, the Cascade 2S-AGCN model also achieves
the best performance (0.948), indicating that the model has
good precision and recall in error detection. In terms of
inference time, the Cascade 2S-AGCN model has an av-
erage inference time of 28.3ms, which is slightly higher
than MediaPipe+LSTM but lower than 2S-AGCN and SA-
BiLSTM realizing a balance between accuracy and real-time
performance.

Fig. 3shows the confusion matrix of the Cascade 2S-
AGCN model for aerobics and yoga motion recognition.
It can be seen that the model has high recognition accu-
racy for most motion categories, and the misclassifica-
tion mainly occurs in similar movements (e.g., aerobics:
step touch and march; yoga: downward-facing dog and
upward-facing dog), which is due to the high similarity
of their skeleton features. However, the misclassification
rate is less than 5%, indicating that the model has good
discriminative ability.

Table 2 shows the performance comparison of different
motion analysis methods on the 3D-Yoga and M3GYM
datasets. The proposed Cascade 2S-AGCN model still
achieves the highest recognition accuracy on both pub-
lic datasets, which verifies the generalization ability of the
model.

3.3.2. Performance of Personalized Training Recommendation
Model

80 participants are randomly divided into 4 groups (20
participants per group), and each group uses a different
recommendation model for 4 weeks of training. The train-
ing goals of the participants are evenly distributed (weight
loss: 20, muscle enhancement: 20, flexibility improvement:
20, stress relief: 20). Table 3 shows the performance com-
parison of different recommendation models. It can be seen
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Table 1. Performance indicator data with different methods.

Method
Aerobics Yoga Error Detection F1 Inference

Accuracy (%) Accuracy (%) Rate (%) Score Time (ms)
OpenPose + SVM 88.1% 89.4% 82.5% 0.81 235.70
MediaPipe + LSTM 92.4% 93.1% 88.8% 0.88 24.50
SA-BiLSTM 93.6% 94.3% 90.1% 0.91 42.82
S-AGCN 94.7% 95.4% 92.3% 0.93 38.60
Cascade 2S-AGCN 96.9% 97.5% 95.2% 0.95 28.30

Fig. 3. The confusion matrix of the Cascade 2S-AGCN.

Table 2. Accuracy rates of different yoga methods.

Method 3D - Yoga Accuracy (%) M3GYM Yoga Accuracy (%)
OpenPose+SVM 87.3% 86.4%
MediaPipe+LSTM 92.2% 91.6%
SA-BiLSTM 93.5% 92.9%
2S-AGCN 94.9% 94.2%
Cascade 2S-AGCN 97.2% 96.8%

Table 3. Comparison of time performance and performance with different superpixel methods

Model Training Adherence (%) Training Effect (%) User Satisfaction (Score)
CBR 62.3% 18.5% 3.2
CFR 65.7% 20.3% 3.4
ANN-based 70.5% 22.8% 3.8
RL-based 94.7% 51.2% 4.7

from Table 3 that the proposed RL-based recommendation
model significantly outperforms other models in all evalua-
tion metrics. The training adherence of the RL-based model
is 94.7%, which is 32.4% higher than the CBR model and
24.2% higher than the ANN-based model. The training ef-
fect of the RL-based model is 51.2%, which is 32.7% higher
than the CBR model and 28.4% higher than the ANN-based
model. The user satisfaction score of the RL-based model is

4.7, which is 1.5 points higher than the CBR model and 0.9
points higher than the ANN-based model. This is because
the RL-based model dynamically adjusts the training plan
according to the user’s real-time motion performance and
physical load, making the training plan more suitable for
individual needs, thus improving training adherence and
effect.
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4. Conclusions

This study proposes a comprehensive framework for
computer-based motion analysis and personalized training
recommendation for aerobics and yoga exercises, integrat-
ing multi-modal motion capture, deep learning, and rein-
forcement learning. This study systematically solves the
key problems of low accuracy, poor real-time performance,
and lack of personalization in current aerobics and yoga
training. The proposed framework realizes the integration
of motion capture, analysis, and personalized recommen-
dation, providing a scientific and intelligent solution for
aerobics and yoga training. It not only promotes the digital
and intelligent transformation of fitness services but also
provides a new research idea and technical reference for
the development of intelligent fitness systems in the future.
The research results have important theoretical significance
for the cross-integration of computer vision, deep learning,
and sports science, as well as practical application value for
improving the efficiency of public fitness and promoting
the popularization of aerobics and yoga.
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