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ABSTRACT

This paper proposes a system for autonomous UAVs to detect and navigate around semi-permeable
obstacles, such as a wire fence. The proposed method employs a stereo camera to detect semi-permeable
obstacles using a Convolutional Neural Network (CNN) based object detection algorithm and utilizes image
processing techniques such as Canny Edge Detection to eliminate the background of obstacles. This enables
precise decision of the three-dimensional position of obstacles through the utilization of the collected depth
information. Additionally, the system incorporates the Fast-Planner, which is a path-planning algorithm, to map
the semi-permeable obstacles and create avoidance trajectories. The experimental results validate the proposed
method improves the precision of the obstacle location compared to conventional 3D object detection. In

addition, it could be effective to generate the obstacle avoidance routes by the path planning algorithm.
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Algorithm 1 3D position estimation of obstacles

Input: Boxes > Anchor box from object detection
model
Input: Image oior,Imagegepin
Output: Pose; > Position of the obstacle in the image
(area,depth)
Mask < Initialize > Binary selector for valid depth
pixels in a box
while Boxes # 0 do
Box < Boxes.Boxli
if Box.probability < P then
pass
end if
[Phase 1] Mask < ROI(Box,Image ,ior)
[Phase 2] Mask < Mask N EdgeExtraction(Imagecj,,)
[Phase 3] Mask <— Mask(\ValidDepth(Imagegepin)
Imagegepi < Imagegepn N Mask

Posei.depth < Average(Image ., ,,,,,)
pose;.area < Box.area

end while

Return Pose;
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Table 2. Comparison of depth estimation results of
semi-permeable obstacle to reference distance

Reference | Conventional Proposed Proposed

Distance | 3D Object method in method in
(m) detection (m) |simulation (m)| practice (m)
1.0 6.5 1.0 1.2
1.5 9.5 1.5 1.6
2.0 3.8 2.0 22
2.5 4.1 2.5 3.6
3.0 13.6 3.0 33
35 11.9 35 3.7
4.0 7.7 4.0 42
4.5 8.0 4.5 4.6
5.0 8.4 5.0 4.8

Average

Error Rate 229.0 0 12.0
(%)
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