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Abstract: In skating, the safety of the coccyx has always been one of the main risks faced by athletes. 
To address this issue, this paper proposes an intelligent protective skating system based on 
multimodal fusion of gravity and vision. First, this paper introduces the background of coccyx injuries 
in skating and the shortcomings of existing protective measures. Then, a novel intelligent protection 
system is proposed, which monitors and analyzes the athlete's posture and motion trajectory in real 
time by fusing gravity sensors and visual data to detect potential coccyx injury risks. Experimental 
results show that the system is superior to traditional methods in detection accuracy and reaction 
speed, and significantly improves the safety of the athlete's coccyx. The system provides an effective 
solution for coccyx protection in skating and has broad application prospects. 

1. Introduction 
Skating, a sport that emphasizes both speed and technique, is inherently risky [1–3]. At high speeds, 

even minor operational errors can cause falls, with common risk factors including poor rink 
conditions, ill-fitting equipment, incorrect posture, and fatigue. Injuries are typically categorized as 
contact (e.g., collisions, fractures) or non-contact (e.g., strains, sprains), with the lower limbs—
especially knees and ankles—being most vulnerable. Head and torso injuries, though less frequent, 
can be severe. 

Tailbone (coccyx) injuries are particularly common due to direct falls on the buttocks [4,5]. The 
tailbone, located at the spine’s base, supports body weight while sitting. Falls can lead to fractures, 
intense pain, and difficulty with basic activities such as sitting, standing, or walking. Severe cases 
may require surgery and can result in complications like sciatica and urinary dysfunction, 
significantly affecting quality of life [4]. 

While humans instinctively use their hands to break falls—often resulting in wrist injuries—
learning correct falling techniques, such as rolling to the side [5], is essential for reducing tailbone 
impact. However, developing these techniques demands extensive training and overcoming 
psychological barriers like fear of falling. 

To address this issue, this study proposes an intelligent tailbone protection system powered by 
deep learning and sensor technologies [6–10]. Equipped with accelerometers and gyroscopes, the 
system monitors athletes’ real-time motion, detects risky movements, and issues alerts (via vibration 
or sound) when dangerous posture is identified [7]. It encourages safer fall responses—like rolling 
sideways—and helps prevent injuries. The system also supports wireless data synchronization with 
smart devices for personalized feedback and training optimization [8]. 

Such a system offers both individual and societal benefits: it reduces injury rates, lightens 
healthcare burdens, and promotes safer participation in high-risk sports. It is especially valuable for 
both professional and amateur athletes seeking to improve performance and longevity while 
minimizing injury risk [10]. 

This paper’s contributions include: 
 Chapter 1: Introduction and background 
 Chapter 2: Review of deep learning-based sports injury prevention 
 Chapter 3: Design of the intelligent tailbone protection system 
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 Chapter 4: System evaluation 
 Chapter 5: Conclusion and future directions 

2. Intelligent Protection System for Enhancing Coccyx Safety Based on Gravity-Vision 
Multimodal Integration 

The use of multimodal sensor technology to enhance coccyx safety has become a research hotspot, 
driven by advances in technology and increasing public concern for health [11–14]. In activities such 
as sports, work, and daily life—especially among individuals involved in heavy labor or high-risk 
sports—coccyx injuries are a common issue. By integrating visual sensors (e.g., cameras) and 
gravitational sensors (e.g., accelerometers, gyroscopes), it is possible to monitor human posture and 
motion status in real time, effectively preventing coccyx injuries [12]. 

2.1. Visual Human Motion Recognition Module 
We designed a multi-stage deep learning architecture specifically for fall detection during skating. 

The system takes as input a sequence of human motion images with the primary goal of accurately 
detecting falls during sliding and outputs the corresponding action category. Figure 1 illustrates the 
overall architecture of the visual motion capture module for skating fall detection, showing how input 
images are processed through multiple neural network stages. Below is a detailed explanation of each 
component and its role in the overall framework. 

 
Figure 1 Visual Motion Capture Module. 

The input to the network is a sequence of human motion images during skating. In preprocessing, 
OpenPose extracts human joint coordinates, allowing the model to focus on motion-relevant regions 
and reduce background noise. The data is first processed by ResNet18, a deep CNN with residual 
connections that effectively extracts high-level spatial features while mitigating vanishing gradients 
[15]. These features are then passed to a 3D-CNN, which captures both spatial and temporal 
information—essential for recognizing dynamic human motion [16]. The resulting spatiotemporal 
features are input into an LSTM network, which models long-term dependencies in action sequences, 
aiding in accurate fall detection [17]. Finally, the LSTM outputs are refined using Dilated 
Convolution, which enlarges the receptive field without increasing computation, enabling the 
network to capture broader context while preserving detail [18]. As shown in Figure 2, the dilated 
convolution expands the receptive field without increasing the number of parameters, enabling 
broader contextual awareness. 
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Figure 2 Dilated Convolution. 

Finally, the network employs a Channel and Spatial Attention Module (CBAM). CBAM 
adaptively adjusts channel and spatial weights to emphasize features that are highly relevant to fall 
recognition while suppressing irrelevant information [19]. The CBAM structure used in our system 
is illustrated in Figure 3, showing both channel and spatial attention branches. This mechanism 
significantly improves fall detection performance under complex backgrounds and diverse motions. 

 
Figure 3 CBAM Structure 

This multi-level deep learning architecture—combining ResNet18 for powerful feature extraction, 
3D-CNN for spatiotemporal feature modeling, LSTM for temporal dynamics, dilated convolution for 
receptive field expansion, and CBAM for attention optimization—forms an efficient and 
comprehensive visual feature extraction module for fall detection in skating, offering real-time and 
accurate safety assurance. 

2.2. Gravity Sensor-Based Motion Recognition Module 
We designed a module based on the Temporal Convolutional Network (TCN) architecture 

specifically to process sequential data collected by gravity sensors during skating, aiming to detect 
falls. The input consists of sensor data, which is passed through several convolutional and feature 
extraction layers to output high-dimensional features for classifying motion types. 

TCN (Temporal Convolutional Network) is a deep learning architecture tailored for sequence data 
[20]. The general structure of the TCN model used in this study is shown in Figure 4. Using 1D 
convolutions and dilated convolutions, TCN captures long-term temporal dependencies while 
preserving causality (i.e., only using current and past information), making it well-suited for real-time 
applications like speech recognition, natural language processing, and time series forecasting. 

 
Figure 4 Temporal Convolutional Network (TCN) 
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We describe our model structure in detail below. 

 
Figure 5 Gravity Sensor Recognition Module 

The input consists of time-series data collected by gravity sensors during skating, recording 
changes in gravitational acceleration at different time points. To improve signal quality, 
preprocessing such as noise filtering and normalization is applied. The detailed pipeline of the gravity 
sensor-based motion recognition module is presented in Figure 5. 

The preprocessed time-series data is passed through the first TCN layer, which employs dilated 
convolutions to extract preliminary temporal features across longer time spans without increasing 
computational cost. 

Features extracted from the first layer are fed into a second TCN layer for deeper modeling, 
capturing more complex temporal patterns in gravitational changes. 

The feature map is then processed through a GAP layer to reduce dimensionality and generate a 
compact, high-level feature vector. This step helps prevent overfitting and provides stable, 
representative features for downstream classification. 

2.3. Multimodal Motion Recognition 
The overall network for multimodal motion recognition consists of three main components: Vision 

Block, Sensor Block, and Adaptive Fusion. Below is an introduction to each component. Figure 6 
shows the multimodal motion recognition architecture, including the Vision Block, Sensor Block, 
and Adaptive Fusion layer. 

 
Figure 6 Multimodal Module 

This module processes both visual data (e.g., images) and sensor data (e.g., accelerometers). The 
Adaptive Fusion layer integrates vision and sensor information by learning how to combine them 
effectively, based on their characteristics. It aligns the two modalities into a shared space and uses 
attention mechanisms to assign dynamic weights, enabling optimal fusion of features from both 
sources. This enhances model performance by focusing on the most informative aspects of each input. 
Below this layer, the Projection Module transforms the fused features into a format suitable for 
decision-making or further tasks. 
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3. Model Experimental Results Analysis 
The deep learning training environment used in this study includes Ubuntu 20.04, Python 3.8, 

Keras 2.5.1, TensorFlow 2.2.0, PyTorch 1.13.0, OpenCV 4.2.0, CUDA 11.1, and cuDNN 7.8.5. The 
hardware environment includes CPU: Xeon E5-2678 v3, GPU: Tesla V100, and 32GB RAM. 

3.1. Model Training 
The model was trained for 100 epochs with an initial learning rate of 0.001, decaying by 1% every 

10 epochs. This strategy helped reduce loss early and fine-tune weights later. The ADAM optimizer 
was used for its effectiveness with sparse gradients and non-smooth objectives. Key metrics included 
loss and accuracy, which showed steady improvement throughout training. Loss dropped 
significantly in early epochs and stabilized at a low level, while accuracy reached 0.95, indicating 
strong performance and feature extraction. Figure 7 shows the variation of training loss and accuracy 
over 100 epochs, illustrating the model’s convergence behavior. To ensure generalization, validation 
performance was continuously monitored, and cross-validation was applied to prevent overfitting, 
confirming the model’s robustness on unseen data. 

 
Figure 7 Model Training Process 

3.2. Model Testing 
After training, the model was evaluated using a confusion matrix across five action categories. The 

confusion matrix of the five-category classification task is shown in Figure 8, where the diagonal 
elements represent correct predictions. Normal skating had the highest accuracy with 192 correct 
predictions, though some were misclassified as standing or falling. Falling actions were also well 
identified (195 correct), with minor 

 
Figure 8 Confusion Matrix 

Precision, recall, and F1-score are key metrics for evaluating classification models. To assess 
performance, we compared the multimodal model with the visual and gravity sensor models. While 
the visual model outperformed the sensor model, the multimodal model achieved the best results 
across all metrics, demonstrating superior overall performance. 
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4. Conclusion and Future Outlook 
This paper presents an intelligent ice-skating protection system aimed at preventing coccyx 

injuries. Chapter 1 outlined the risks and limitations of current protective methods. Chapter 2 
reviewed related sensor- and vision-based technologies. Chapter 3 introduced our multimodal system 
combining gravity and vision data to monitor posture and detect risks in real time. Chapter 4 validated 
the system’s effectiveness, showing superior detection accuracy and response speed compared to 
traditional methods. Looking forward, the system can be optimized with better sensors and deep 
learning techniques, and extended to other high-risk sports. In summary, our multimodal system 
provides a practical and impactful solution for enhancing. 
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