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Safety distance warning for forklift driving obstacles

based on improved YOLOv12
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Abstract; In order to solve the problems of high equipment price and large quantity demand in the
existing forklift driving obstacle safety early warning distance measurement, a forklift driving obstacle safety
distance early warning model based on image information was proposed. Firstly, based on deep learning
technology, Squeeze-and-Excitation ( SE ) networks channel attention mechanism is introduced, and
methods such as replacing the Intersection over Union (IoU) localization loss function with the Adaptive
Threshold Focal Loss ( ATFL) function are employed to improve the YOLOvI2 algorithm for identifying
obstacle targets in forklift travel. Secondly, on the basis of the improved YOLOv12 algorithm, the Kalman
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filter was introduced to improve the motion prediction model. And the distance detection method
considering the camera pitch angle was used to accurately obtain the actual distance between different types
of targets and the driving fork workshop. Thirdly, the kinematic process of forklift braking and forklift
obstacle avoidance was analyzed, and the classification criteria of safe braking distance warning level and
safety obstacle avoidance distance warning level were established, respectively. Finally, experiments were
carried out to verify the feasibility of the safety warning distance of forklift driving obstacles based on image
information. The results show that the real-time distance warning model can accurately identify obstacle

targets in real-time and precisely determine the distance to obstacles within the permissible error range,
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enabling risk-level warning for obstacles during forklift operation.
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Table 1 Comparison of detection performance

among various models
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Fig.2 Training progress curves of various models
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Fig. 4 Distance measurement process for

forklift obstacle targets
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