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Abstract: To identify complex risk events during the cruise of unmanned aerial vehicles (UAVs),
the basic elements of UAV cruise risks were explored, and characteristic parameters required for

prompt were specified. The implementation methods, architectures, and typical models of

multimodal large models were analyzed, and a scheme for integrating multi-source data in the
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prompt generation model was proposed. By combining environmental perception, detection,
identification and tracking methods, a prompt generation model integrating with macroscopic
scene description, dynamic scene supplementation, and sudden risk detection was established.
The extracted feature parameters were then integrated into the prompt. The UAV cruise risk
identification and judgment were completed through DeepSeek’s comprehensive analysis.
Research results show that the three modules can quickly complete the identification of UAV
cruise risks and obtain complete prompts. The static scene description based on the Owl-ViT
model can effectively identify static obstacles during flight, with confidence exceeding 80%. The
dynamic object capture based on the ByteTrack algorithm can quickly obtain dynamic information
such as the distance, speed, and coordinates of flying birds and other UAVs. The sudden risk
identification based on point clouds can capture point cloud obstacle information, including the
distance, size, volume, and aspect ratio of the target, and can quickly detect obstacles that
suddenly enter the safe area. The output results of DeepSeek generated by the prompt can detail
the risk content and level during the cruise, and provide safety suggestions. The developed UAV
cruise risk identification system can visualize the perception and identification data and determine
the device and task information for the tasks, further assisting DeepSeek in risk judgment. The
research results can provide effective technical support for risk identification during UAV cruise
as well as safe and efficient flight.
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word generation model; multi-source data
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Table 1 Types of risk events during UAV cruise
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Table 2 Factors affecting the safe operation of UAVs
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Fig. 1 Decomposition of cruise risk factors
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Table 3 Comparison of indicators for data fusion schemes
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Table 4 Analysis of applicable scenarios and advantages of

data fusion solutions
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Fig. 2 Data fusion schemes for the prompt word generation model
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Table 7 Comparison of core concepts of the tracking algorithms and the data association strategies
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Fig. 3 Static scene detection results during the UAV’s cruising process
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