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Fig.1 Flowchart of computer data evaluation for cardiac arrest rescue simulation training
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Abstract: China is facing a shortage of aviation medical emergency rescue personnel and relies on outdated training equipment. This
paper addresses a critical challenge in aviation medical emergency rescue simulation training—the low recognition accuracy of
Cardiopulmonary Resuscitation ( CPR) compression actions—by proposing a vision-based training posture recognition model. The
proposed solution is built upon the MultiPose network architecture, incorporating both human keypoint detection and human position
detection networks. After processing through a pose residual network, the system generates human position segmentation maps and
keypoint information maps, enabling multi-scale feature capture. Temporal mean filling and smoothing techniques are applied to
eliminate noise, completing the data preprocessing phase. Subsequently, the proposed training posture recognition model is utilized for
identifying CPR compression postures. This model integrates a Convolutional Neural Network ( CNN) with a Bidirectional Gated
Recurrent Unit (BiGRU) network. To address the common issue of lower-body keypoint occlusion caused by stretcher positioning and
compression postures during CPR procedures, the method adaptively extracts spatial correlation features from 13 upper-body keypoints.
An attention mechanism is incorporated to enhance the model’s focus on essential action characteristics, thereby reducing interference
from dynamic environments and visual obstructions. Additionally, recognizing the lack of relevant datasets for evaluating CPR actions,
this study constructs a specialized dataset comprising key actions in aviation medical cardiac arrest rescue. Developed in accordance
with American Heart Association guidelines for CPR posture compliance, the dataset categorizes actions into three classes: standard,
bent elbows, and slanted shoulders, with the latter two representing the primary erroneous postures targeted for recognition. Irrelevant
samples are included to improve model robustness. Experimental results demonstrate that by implementing upper-body keypoint
recognition, processing keypoint data, and integrating an attention mechanism, the proposed model achieves a posture recognition
accuracy of 93% . This performance surpasses that of other models and meets the operational requirements for aviation medical cardiac
arrest rescue scenarios.
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