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Abstract: In autonomous driving perception, accurate understanding of interaction signals is the key to safe, human-like
decisions. Real-time detection of these signals is found difficult to achieve with current high-precision models. Effective
modeling of dynamic temporal signals was generally lacking. However, effective modeling of dynamic temporal signals,
such as turn signal flashes and pedestrian gestures. As a result, missed detections and false alarms occur frequently in
complex scenarios, creating safety risks. To address this, a lightweight-temporal-knowledge distillation collaborative opti-
mization model for autonomous driving edge devices was proposed, named lightweight temporal knowledge-distilled
YOLO (YOLO-TKD). The model was designed to resolve the conflict between the need for temporal modeling in interac-
tive signal detection and the constraints of computational resources. Firstly, the YOLOv8n baseline was adopted, with Mo-
bileNetV2 utilized as the backbone network to compress the model size. Subsequently, a temporal convolutional network
(TCN) module was introduced to capture dynamic dependencies between consecutive frames. Finally, a knowledge distil-
lation (KD) strategy was incorporated to maintain recognition performance. Experimental results on the dataset show that

the proposed method achieves precision, recall, and mean average precision of 87.5%, 86.4%, and 84.3%, respectively,
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which represent improvements of 3.2%, 2.6%, and 1.1% over the baseline YOLOvS8n. At the same time, the model param-

eter count is reduced by 26.3%. The proposed YOLO-TKD not only significantly reduces resource consumption but also

effectively improves the accuracy and temporal robustness of interaction signal detection, providing a viable technical so-

lution for autonomous driving edge devices.
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