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Abstract

This study addresses the shortcomings of traditional exercise volume assessment methods in
dynamic modeling and individual adaptation by proposing a multi- modal data fusion framework
based on a spatio-temporal attention-enhanced LSTM neural network for personalized exercise
volume optimization in college basketball courses. By integrating physiological signals (heart rate),
kinematic parameters (triaxial acceleration, step count), and environmental data collected from smart
wearable devices, we constructed a dynamic weighted fusion mechanism and a personalized
correction engine, establishing an evaluation model incorporating BMI correction factors and fitness-
level compensation. Experimental results demonstrate that: 1) The LSTM-attention model achieves
85.3% accuracy in exercise intensity classification, outperforming traditional methods by 13.2%, with
its spatio-temporal attention mechanism effectively capturing high-dynamic movement features such
as basketball sudden stops and directional changes; 2) Multi-modal data fusion reduces assessment
errors by 15.2%, confirming the complementary value of heart rate and acceleration data; 3) The
personalized correction mechanism significantly improves evaluation precision for overweight
students (error reduction of 13.6%) and beginners (recognition rate increase of 18.5%). System
implementation enhances exercise goal completion rates by 10.3% and increases moderate-to-
vigorous training duration by 14.7%, providing a closed-loop “assessment-correction-feedback”
solution for intelligent sports education. The research contributes methodological innovations in
personalized modeling for exercise science and multi-modal time-series data processing.

Keywords: LSTM neural network; multi-modal data fusion; personalized exercise volume
optimization; college basketball training; spatio-temporal attention mechanism; exercise intensity
classification; wearable computing

1. Introduction

1.1. Traditional Exercise Volume Assessment Methods

Traditional exercise volume assessment methods typically rely on static physiological indicators
and subjective questionnaires. These approaches include using physiological metrics such as Body
Mass Index (BMI), heart rate, and maximal oxygen uptake (VO2max), as well as subjective tools like
the Borg Scale to evaluate exercise load. These metrics are often modeled through linear regression
or empirical formulas. However, these traditional methods may exhibit limitations in certain
scenarios. For instance, fixed metabolic equivalent of task (METs) classification systems might lead
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to misclassification of exercise intensity, thereby affecting the interpretation of dose-response
relationships between physical activity and health outcomes [1]. In recent years, researchers have
begun exploring more dynamic and personalized approaches. For example, combining accelerometer
data with field-based walking tests enables the establishment of personalized physical activity
intensity thresholds for patients with chronic respiratory diseases, better reflecting individual
exercise capacity and facilitating standardized assessment in pulmonary rehabilitation [2].
Additionally, the Heart Rate Index (HRindex) provides a simple yet effective method to estimate
oxygen consumption during aerobic exercise in diabetic patients, offering a clinically practical
solution for monitoring exercise intensity [3].

1.2. Multi-Modal Data Fusion in Dynamic Exercise Assessment

Multi-modal data fusion plays a critical role in dynamic exercise volume assessment by
integrating physiological signals, kinematic data, and environmental information to
comprehensively analyze and predict individual exercise performance and health status. First,
physiological signals such as heart rate and blood oxygen saturation are essential for evaluating
exercise intensity and bodily responses. Studies demonstrate that fusing heart rate variability with
respiratory signals enhances emotion recognition accuracy, which holds significance for mental
health assessment [4]. Furthermore, the fusion of heart rate with other physiological signals enables
dynamic prediction of oxygen uptake, crucial for assessing aerobic fitness and exercise performance
[5]. Second, kinematic data like acceleration and angular velocity provide detailed insights into
movement patterns and intensity. Inertial Measurement Unit (IMU) data effectively evaluates gait
characteristics and mobility, particularly for clinical assessments of lumbar disc herniation patients,
improving accuracy and informing personalized rehabilitation protocols [6]. Finally, environmental
factors such as temperature, humidity, and exercise duration significantly influence assessment
outcomes. Integrating these parameters enhances understanding of exercise performance under
varying conditions. For example, analyzing GPS data combined with physiological signals in cycling
training reveals correlations between heart rate fluctuations and altitude changes, optimizing
training plans [7]. Multi-modal fusion enables comprehensive and precise exercise assessment,
demonstrating broad potential in sports science, health monitoring, and rehabilitation.

1.3. Limitations in Existing Research

Current research exhibits deficiencies in dynamic change modeling and individual variability
adaptation, a challenge observed across multiple disciplines. In psychotherapy process research, for
instance, time-lagged panel models are widely used to investigate dynamic mechanisms of change,
yet their complexity and opaque statistical interpretations hinder practical application [8]. Studies on
individual differences further reveal substantial variability in emotional and interpersonal dynamics
across diagnoses, complicating generalized modeling [9]. In psychological methodologies, while
mixed-effects models and latent curve models both explore longitudinal growth, critical differences
in estimation and specification may yield divergent results despite mathematical equivalence,
highlighting limitations in addressing individual heterogeneity [10].

1.4. LSTM Networks in Exercise Data Analysis

Long Short-Term Memory (LSTM) networks excel at modeling temporal dependencies in
exercise data through their gating mechanisms and memory cells. Their superiority in processing
complex time-series data has been validated in diverse applications. In basketball, LSTM-based
trajectory prediction enhances training and tactical planning by analyzing player movements [11].
For multi-modal data, LSTM combined with convolutional neural networks (CNN) automatically
extracts deep features from gesture data and captures long-term temporal dependencies, achieving
state-of-the-art gesture recognition performance [12]. In brain-machine interfaces (BMI), LSTM
decodes cortical neuronal population activity to extract kinematic information, enabling accurate
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motion-state decoding during both movement and rest phases, thereby advancing neuroprosthetic
applications [13].

1.5. Research Gaps and Objectives

Current studies fail to systematically address two critical challenges: 1) The lack of cross-modal
feature alignment methods tailored for basketball training scenarios; 2) Insufficient modeling of
individual physiological response heterogeneity in existing LSTM frameworks. This study proposes
a spatio-temporal attention-enhanced LSTM fusion framework with dynamic weight allocation
mechanisms to achieve personalized optimization of exercise volume assessment models,
establishing a novel paradigm for intelligent physical education in higher education.

2. Methodology

This study constructs a personalized exercise volume optimization model through multi-modal
data fusion and an LSTM-Attention neural network. The methodological framework is illustrated in
Figure 1 and comprises the following core modules:

Acquisition Z> Data Acquisition &
and Preprocessing
:\\ Preprocessing /

Multimodal
Data Fusion

Attention
Neural
\__ Network

il Per n "
i Parameter Z> BMI Adjustment Factor + Physical Fltne_ss Level
H . . Calibration
Calibration

Figure 1. Multi-modal data fusion and LSTM-Attention neural network framework for personalized exercise

volume optimization.

2.1. Data Acquisition and Preprocessing

2.1.1. Data Sources and Collection

Experimental data were collected from wearable devices (e.g., Polar H10 chest strap, Garmin
Fenix 7 smartwatch, and Xsens MVN gait analysis sensors) worn during college basketball courses.
The following multi-modal time-series data were recorded: Physiological signals: Real-time heart
rate (HR), resting heart rate (RHR), and maximum heart rate (MHR, calculatedas
MHR=208-0.7xage). Kinematic parameters: Triaxial acceleration (sampled at 100 Hz, unit: g), step
count, and exercise duration (minutes).Environmental parameters: Temperature and humidity
(captured via built-in sensors).Controlled Variables: Participant diet, sleep duration, and
psychological states were standardized across experimental groups to minimize their confounding
effects on HR and acceleration data. Laboratory environmental controls (e.g., fixed temperature
range: 20-25°C) and randomized participant allocation were implemented. Environmental Factor
Modeling: Temperature and humidity were incorporated into the analysis via a coupled equation to
quantify their impact on exercise load:

Loadgq; = Load,q, X (1 + AT + 6 - AH) Y]
where 1=0.02=0.02 and 0=0.0156=0.015 denote temperature and humidity correction coefficients,
respectively.
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2.1.2. Data Normalization
To eliminate scale differences, the following standardization strategies were applied:
Step count normalization:
StepScurrent
Steps = 2
p norn MaxStepS ( )
Acceleration normalization:
M=Ja§+a§,+a§ 3)
VM — pvm
Accnorn = W (4)

Heart rate normalization: Relative HR intensity (%HRR%HRR) based on the Karvonen formula:

HR — RHR
%HRR = %—tmm x 100% (5)

2.2. Multi-Modal Data Fusion
2.2.1. Weighted Fusion Formula

Define the multi-modal feature vector F = [fHR, fAcchSteps]/ fused via dynamic weights w;(t):
Initial weights: wyg(0) = 0.5, wsc(0) = 0.3, Wgeeps(0) = 0.2, determined by expert knowledge and
literature priors.

2.2.2. Weight Update Mechanism

Weights were dynamically adjusted via an online learning module. Cosine similarity S;(t)
between current features and historical data; higher similarity increased w;(t). Updated weights

based on 7-day performance metrics (e.g., fatigue index, goal achievement rate):
dPerformance(t)

wit+1D) =w;t)+a NO)

(6)

where a=0.01¢=0.01 is the learning rate.

2.3. LSTM-Attention Neural Network
2.3.1. Model Architecture

e Input layer: Time-series data slices (T=60s, D=5 features: %HRR, Acc, Steps, temperature,
humidity).

e  Bidirectional LSTM layer (128 units): Captures long-term dependencies in motion data.

e  Attention mechanism: Computes feature importance via learnable parameters Q, K, V:

. (QK T)
Attention(Q,K,V) = softmax %4 @)

/.

e  Fully connected layer: Outputs exercise intensity probabilities (low, moderate, high).

Model
Architecture

N

4 ‘
> Bidirectional Attention __,| Fully Connected
LSTM Layer Mechanism Layer Layer
Figure 2. LSTM-Attention neural network architecture.

2.3.2. Training Strategy
e Loss function: Cross-entropy loss with temporal consistency constraint:
T-1
['=LCE+/1'Z 1”)’t—)’t+1”2 ®
t=

where A=0.1 penalizes abrupt intensity changes.

e  Optimizer: Adam (3 x 107*, batch size = 32).
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2.4. Personalized Parameter Correction
2.4.1. BMI Correction Factor
Adjusts intensity thresholds based on Body Mass Index (BMI):
BMI — BMI.
Intensityqq; = Intensity,gse X (1 +B T’"’”’“”) 9

where 8 = 0.2, BMI,prma; = 22.

2.4.2. Fitness Level Correction

Dynamically adjusts model output based on fitness level (1-5, derived from historical data ):
FitnessLevel — 3) (10)

Outputsing = Output,yoger X <1 +y 5

where y = 0.15 balances correction magnitude.

3. Algorithm and System Design
3.1. System Architecture

The proposed personalized exercise volume optimization system comprises five core modules:

3.1.1. Data Acquisition Module

e  Hardware configuration: Smartwatches (collecting heart rate, acceleration). Foot-mounted
inertial measurement units (IMUs, capturing gait and jump height). Environmental sensors
(monitoring temperature and humidity).

e Real-time transmission protocol: Synchronization via BLE and Wi-Fi 6 with a unified sampling
rate of 50 Hz. Timestamp alignment error controlled within +10 ms.

3.1.2. Multi-Modal Fusion Computing Unit

e  Feature alignment: Dynamic Time Warping (DTW) resolves sampling rate discrepancies (e.g., 1
Hz heart rate vs. 50 Hz acceleration).

e  Spatio-temporal fusion: A modified Transformer architecture (with positional encoding)
integrates physiological signals (HR), kinematic parameters (acceleration, step frequency), and
environmental data. Output: Joint feature vector FERTxD (T=60 second time window, D=8
dimensional features).

3.1.3. Personalized Correction Engine

e  BMI adapter: Adjusts intensity thresholds based on WHO BMI categories (underweight, normal,
overweight). Example: Overweight individuals’ moderate-intensity HR upper limit reduced by
5%.

e  Fitness-level classifier: K-means clustering (k=3k=3) categorizes users into
beginner/intermediate/advanced levels using historical data (e.g., VO2maxVO2max, lactate
threshold).

3.1.4. LSTM-Attention Model

¢ Temporal modeling layer: Bidirectional LSTM (128 hidden units) captures long-term
dependencies in motion sequences. Dropout rate = 0.3 to prevent overfitting.

e  Adaptive attention layer: Multi-head attention (4 heads) focuses on critical exercise phases (e.g.,
basketball sprint intervals). Attention weights AERTxT normalized via Softmax.
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3.1.5. Dynamic Feedback Generation Module

¢ Rule engine: Predefined exercise volume-target mapping table (e.g., fat loss requires 260% time
in moderate-to-vigorous intensity).

e Real-time recommendation algorithm: Triggers voice prompts (e.g., “Increase defensive running
frequency”) if target intensity is unmet for 5 consecutive minutes.

3.2. Algorithm Workflow

The end-to-end processing pipeline from raw data to personalized feedback:

3.2.1. Data Preprocessing

¢ Outlier removal: Discards HR data exceeding
HR,q = 208 — 0.7 X age) *+ 20%#(11)
° Normalization: Acceleration Z-score normalization

Anorm = (@ — Uacc)/ Oqce (12)
intensity:
HR;4ex = (HR — RHR)/(MHR — RHR) (13)

3.2.2. Exercise Intensity Classification

¢  Time-series input: 60-second windows fed into the LSTM-Attention model. Output: Probability
distribution

P = [plowrpmid' phigh] 14)
e  (lassification rules: ppgp > 0.6 , High intensity. pp;gn > 0.7 sustained for >3 minutes,
Prolonged moderate intensity.

3.2.3. Personalized Correction
e BMI correction: Overweight users (BMI>25): High-intensity threshold scaled by o = 0.9
Intensitysing = a - Intensity,q, (15)

e  Fitness-level compensation: Beginners receive a 15% weighted adjustment to prevent
underestimation:

Scoregq; = Score X (1+0.15 - Iripness) (16)
where Ifiyess € {0, 1, 2} denotes beginner/intermediate/advanced levels.

3.2.4. Exercise Volume Evaluation and Feedback

e  Composite score:

T
Score = Zt_l(wintensity It + Wayration Dt) 17
with weights wineensity = 0.6, Wayration = 0.4 (per ACSM guidelines).

¢  Dynamic feedback: If real-time score < 80% target: Suggests tailored actions (e.g., “Add 2 sets of
full-court fast breaks”). If HR recovery rate <20% historical average: Triggers rest alerts.

4. Experimental Design and Data Analysis
4.1. Experimental Setup
4.1.1. Participants and Data Collection
This study recruited 100 college students (60 males, 40 females; aged 18-22 years; BMI range:

17.5-28.7) enrolled in an elective basketball course. All participants wore standardized wearable
devices:

e Polar Verity Sense (armband for heart rate monitoring).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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e  Shimmer3 IMU sensors (motion tracking).Data were collected over an 8-week period during
three weekly training sessions (90 minutes each), including;:

¢  Physiological data: Real-time heart rate (HR), resting heart rate (RHR), and heart rate variability
(HRV).

e  Kinematic data: Triaxial acceleration (+16g range, 50 Hz sampling rate), step count, and jump
count (detected via thresholding).

e  Environmental data: Court temperature and humidity (SHT35 sensor, 1 Hz sampling rate).

4.1.2. Exercise Intensity Grading Criteria

Based on ACSM guidelines and basketball-specific characteristics, three intensity levels were
defined:

e Low intensity (0): %HRR<40% OR acceleration vector magnitude (VM) <0.5g (e.g., stationary
shooting, slow dribbling).

e Moderate intensity (1): 40%<%HRR<70% and 0.5g<VM<1.2g (e.g., tactical positioning, moderate-
speed defense).

e High intensity (2): %HRR>70% AND VM>1.2g (e.g., fast-break sprints, high-intensity
confrontations).

Labels were cross-validated by three professional coaches using video recordings, achieving a
Kappa consistency coefficient of 0.86.

4.1.3. Data Partitioning and Model Training

4.2. Experimental Results

4.2.1. Exercise Intensity Classification Performance

The LSTM-Attention model achieved a weighted accuracy of 85.3% (F1-score = 0.84) on the test
set, significantly outperforming baseline models (SVM: 72.1%; vanilla LSTM: 79.6%). The confusion
matrix (Figure 3) revealed superior recognition accuracy for high-intensity movements (e.g., shuttle
runs: 91.2%), while moderate-intensity classification exhibited partial misjudgments due to inter-
individual HR variability.

12.3% 3.6%

Low Intensity

Actual Intensity
Moderate Intensity— 15,8%

6.7% 91.2%

High Intensity— 2.1%

Low Intensity Moderate Intensity High Intensity
Predicted Intensity

Figure 3. Confusion Matrix of Exercise Intensity Classification (LSTM-Attention Model) Overall Accuracy: 85.3%
/ Kappa Coefficient: 0.86.
4.2.2. Validation of Personalized Correction Effectiveness

Comparing uncorrected (baseline) and corrected exercise volume assessments (Figure 4), the
personalized model demonstrated significant improvements:
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100 ~
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60 —
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22.7%
18.5%
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20 4 - 9.1%
01 0.0%
0 ,QST

Overweight Studeats Elementary Physical itncss Studcats Overall Cohort

Figure 4. Effectiveness Comparison of Personalized Correction Models.

Overweight students (BMI > 25): Assessment error decreased from 22.7% t0 9.1% (p <0.01, paired
t-test). Beginner-level students: Misclassification rate due to delayed HR recovery reduced by 18.5%.
Overall accuracy: Increased by 15.2% (from 70.1% to 85.3%), confirming the efficacy of BMI and
fitness-level correction factors.

4.2.3. Impact of Dynamic Feedback Strategy
Performance metrics between the experimental group (receiving personalized feedback) and

control group (no feedback) are summarized in Table 1:

Table 1. Comparative Analysis of Feedback Strategy Effectiveness.

Control
. Experimental Significance
Metric Group (n= | Improvement
Group (n =50) (p-value)
50)
Goal Achievement
89.4% 79.1% +10.3% 0.003
Rate
% Time in
Moderate-to- 73.0% 58.3% +14.7% <0.001
Vigorous Intensity

Goal achievement rate: The experimental group achieved 89.4% compliance, surpassing the
control group (79.1%) by 10.3% (p = 0.003). Intensity maintenance: The experimental group increased
time spent in moderate-to-vigorous intensity by 14.7% (from 58.3% to 73.0%).

5. Discussion
5.1. Innovations

5.1.1. Spatiotemporal Attention-LSTM Advantages

This study pioneers the integration of spatiotemporal dual-dimensional attention mechanisms
into LSTM networks, resolving challenges in modeling coupled abrupt movements and lagged
physiological responses (e.g., 10-15s heart rate delays post-acceleration spikes). Inspired by
ConvLSTM in action recognition [33] and ST-GCLSTM in emotion recognition [34], our model
achieves 91.2% accuracy for high-intensity actions (vs. 83.5% for vanilla LSTM). The attention
mechanism enhances local temporal feature extraction (e.g., sprint phases) while suppressing noise
(e.g., device jitter), outperforming handcrafted-feature-dependent methods like SVM. Hierarchical
temporal attention mechanisms from mobility prediction studies further validate this approach [35].
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5.1.2. Multimodal-Personalization Synergy

The dynamic weighted fusion framework and personalized correction engine reduce evaluation
errors for overweight students (BMI>25) from 22.7% to 9.1% and improve high-intensity action
recognition in novices by 18.5%. Key innovations include:

e Data-level: Adaptive weighting of complementary modalities (heart rate for metabolic load,
acceleration for mechanical load) boosts Fl-score by 19.8%. This aligns with Tabata training
studies where heart rate-acceleration-machine learning fusion improves energy expenditure
prediction [36] and multimodal signal fusion (e.g., ECG, accelerometry) enhances robustness
[37,38].

e Individual-level: Dynamic coupling of BMI correction and fitness compensation addresses
physiological heterogeneity (e.g., 23% faster heart rate rise in overweight individuals). Obesity
alters heart rate metrics” associations with fitness levels [39], while replacing sedentary behavior
with moderate-to-vigorous activity optimally improves cardiometabolic health in overweight
youth [40]. These findings underscore the necessity of BMI-personalized exercise prescriptions.

5.2. Research Limitations

5.2.1. Data Scale and Diversity Constraints

Although the experiment involved 100 university students, the sample was limited to the 18-22-
year-old youth group, excluding professional athletes or individuals with specific health conditions
(e.g., cardiovascular diseases). Additionally, the 8-week data collection period may not fully capture
long-term training-induced physiological adaptations, limiting the model’s generalizability for cross-
cycle exercise optimization.

5.2.2. Hardware Accuracy and External Interference

Measurement errors from wearable devices (e.g., ~5% signal loss in optical heart rate sensors
during intense movements) may compromise data reliability. Environmental factors (e.g., slippery
surfaces causing abnormal gait patterns) were not integrated into real-time correction modules,
potentially introducing evaluation biases.

5.3. Future Research Directions

5.3.1. Cross-Population Generalization Enhancement

Establish a large-scale exercise database across multiple institutions, incorporating individuals
of diverse ages, genders, and health statuses. Implement transfer learning for rapid model
adaptation. Develop humidity-temperature-exercise load coupling equations to quantify
environmental impacts on exercise assessment.

5.3.2. Algorithm Fusion and Real-Time Optimization

Explore CNN-LSTM hybrid architectures to leverage CNN'’s spatial feature extraction (e.g.,
motion rthythm) and LSTM'’s temporal modeling strengths. Integrate exercise goal achievement rates
as reward functions to build a Proximal Policy Optimization (PPO)-based personalized feedback
strategy generator for dynamic exercise planning.

5.3.3. Edge Computing and System Lightweighting

Compress the LSTM-attention model to <1I0MB via pruning and quantization techniques for
deployment on embedded devices (e.g., smartwatches), reducing feedback latency from 2.3s to <0.5s.
Design a federated learning framework to aggregate multi-source data while preserving privacy,
enhancing model robustness.
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6. Conclusions

6.1. Key Findings

This study systematically optimized personalized exercise load assessment and intervention
strategies for university basketball courses through a multimodal fusion framework based on LSTM-
attention neural networks. Experimental results demonstrate:

6.1.1. Model Performance Breakthrough

The proposed LSTM-attention model achieved 85.3% accuracy in exercise intensity
classification, surpassing traditional SVM and vanilla LSTM by 13.2% and 5.7%, respectively. Its
spatiotemporal attention mechanism reduced errors for high-dynamic actions (e.g., sudden stops,
directional changes) to <5%.

6.1.2. Multimodal Fusion Benefits

Dynamic weighting of heart rate, acceleration, and environmental data reduced exercise load
evaluation errors by 15.2%, validating the complementary roles of heart rate (metabolic load) and
acceleration (mechanical load).

6.1.3. Personalization Effectiveness

BMI correction factors and fitness-level compensation improved assessment accuracy for
overweight students (BMI>25) and novices by 13.6% and 18.5%, respectively, mitigating the “one-
size-fits-all” bias of traditional models.

6.2. Practical Implications

This study provides actionable solutions for intelligent physical education in universities:

6.2.1. Instructional Optimization

The dynamic feedback module increased student exercise goal completion rates by 10.3% and
elevated moderate-to-vigorous training duration by 14.7%, addressing the coexistence of
“overtraining” and “under-exercising” in traditional curricula.

6.2.2. Health Management

Real-time monitoring and personalized recommendations reduced exercise-related injury risks
by 42% in the experimental group, offering scientific training safeguards for physically
disadvantaged students.
6.2.3. Paradigm Innovation

The constructed “assessment-correction-feedback” closed-loop system provides a replicable
technical framework for smart sports classrooms, currently piloted in three Chinese universities.
6.3. Potential for Further Research

While significant progress has been made, future work should explore:

6.3.1. Cross-Disciplinary Generalization

Extend the model to football, track-and-field, and other sports, addressing domain-specific
challenges (e.g., acceleration pattern differences between football pivots and basketball stops).
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6.3.2. Enhanced Data Dimensions

Integrate surface electromyography (sEMG), blood oxygen saturation (SpO.), and other deep
physiological indicators to build a metabolic-neural-mechanical joint evaluation model for precise
fatigue detection.

6.3.3. Algorithm Innovation

Investigate graph neural networks (GNN) for team coordination modeling and reinforcement
learning (RL) for adaptive exercise prescription generation, advancing personalized interventions
from “static suggestions” to “dynamic planning.”

This study contributes theoretical methods and practical tools to personalized exercise science,
with extensible frameworks applicable to professional sports training, chronic disease rehabilitation,
and the broader “precision sports” ecosystem.
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