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Abstract ; In order to improve the accuracy of unmanned agricultural machine’s perception of obstacles in
the farm environment, to solve the problem that visual detection is easily affected by light and millimeter-
wave radar detection is easily affected by vehicle bumps, etc. , as well as the problem that the visual
target detection algorithm has a large number of parameters, a large amount of computation, and a large
volume of the model under the complex field, this paper proposes an obstacle-avoidance target detection
method for unmanned agricultural machines with the fusion of visual and millimeter-wave radar
information. Part of the radar target data from millimeter-wave radar is first filtered, and a target tracking
algorithm based on adaptive extended Kalman filtering is proposed. Then a farm environment obstacle
dataset is produced and a target detection network based on improved YOLO v5s is constructed.
Subsequently, the mapping of radar points into the image pixel coordinate system is realized by time-
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stamp alignment and coordinate transformation with direct linear calibration method. Finally, the fusion
model of obstacle detection information from millimeter-wave radar and visual sensors is constructed
through the decision-level fusion method and target matching strategy, and the experimental results show
that the mean average accuracy of the improved YOLO v5s is 97.0% , which is similar to that of the
original model, but the number of parameters, the amount of computation, and the size of the model are
only 40.2% , 39.2% , and 38.2% of the original YOLO v5s model, respectively. Compared with YOLO
v4 — Tiny, YOLO v7 — Tiny, YOLO v4 and YOLO v7 models, it can better balance the detection
accuracy and speed. The results of multi-scene tests show that the fusion method proposed in this paper
improves the recognition accuracy by 2. 67 percentage points and 15. 07 percentage points compared with
radar and camera in daytime tests, and the fusion detection method can effectively make up for the failure
of the camera in nighttime tests, and has better robustness and accuracy than the single-sensor algorithm
and the fusion obstacle avoidance system effectively realizes the parking avoidance of the unmanned
agricultural machine.

Key words: YOLO v5s; farmland obstacle detection; millimeter wave radar; visual object detection
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Tab.2 Ablation test results
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Tab.5 Millimeter-wave radar tracking errors m
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Fig. 15 Scenario diagram of obstacle avoidance
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