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Abstract

In recent years, clinical tracheal intubation has increasingly shifted from the use of traditional direct
laryngoscopes to video laryngoscopes. However, it remains unclear whether existing difficulty assessment
systems and related evaluation frameworks are equally applicable to both approaches. To address this gap, this
study develops an object detection model trained on images captured using a video laryngoscope system (VLS)
to identify critical anatomical structures encountered during tracheal intubation. The dataset comprises images
collected from seven clinical attending physicians performing intubation procedures on a training mannequin,
with seven key anatomical targets manually annotated. The YOLOvV7 model was employed for object detection
training, and performance was evaluated using a leave-one-out cross-validation strategy. The model achieved an
average precision of 92.19% (£3.88%), recall of 92.16% (+2.31%), and Fl-score of 92.17% (+3.01%),
demonstrating robust and consistent recognition performance across evaluators. These results suggest that object
detection techniques combined with video laryngoscope imagery can effectively support the automated
recognition of essential anatomical structures during tracheal intubation, with potential applications in training,
assessment, and clinical support systems.
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