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Research on the Detection Algorithm for Landfill Leakage Based
on Instance Segmentation

Chen Qianghua, Li Ming
(School of Electronic Information Engineering, Shanghai Dianji University, Shanghai 201306, China)

Abstract: Leakage detection is a critical measure to ensure the proper operation of hazardous waste landfills.
Traditional manual visual inspections are inefficient, and hazardous waste can affect the health of workers.A
method based on instance segmentation is proposed to detect leakage. The method uses a camera mounted on an
inspection robot to capture video images, the YOLOSeg-EViT network performs instance segmentation. Experi-
mental results show that the algorithm achieves a mean average precision of 75.7%, and when detecting with a
1 280%720 pixel resolution video, the detection is 54.4 frames per second. On an edge computing platform, the
algorithm reaches mean average precision 75.1% and 33.1 frames per second. The leakage detection algorithm
effectively identifies leakage, improves the detection efficiency, and prevents workers from being exposed to haz-
ardous substances, making it highly practical.
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Fig. 2 Picture of landfill site
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Tab.1 Training results of YOLOSeg-EViT network
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Fig. 6 Example diagram of instance segmentation
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Tab.2 Results of comparison experiments

45 44 FR Pi-crack/% P.-breakage/%  P.-leakage/% Pos/% MZESE (x10° 4) F/(i/s)
MASK R-CNN 73.2 62.1 71.4 68.9 413 31.2
YOLOVv8s-seg 79.7 65.5 75.9 73.7 11.7 53.5
AR5 () 80.9 66.0 75.5 74.1 9.0 61.1
YOLOv8m-seg 78.2 61.3 76.3 72.0 27.2 52.9
AR (m) 80.8 62.9 78.8 742 17.7 56.3
YOLOVSI-seg 79.5 63.9 70.5 713 45.9 44.4
AL (1) 81.1 66.7 79.2 75.7 28.2 54.4
YOLOvV8x-seg 76.5 61.9 72.1 70.2 71.7 39.5
AL 2 (x) 79.1 63.6 69.5 70.7 42.8 48.0
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Tab.3 Results of Edge computing platform
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Fig. 7 Example diagram of breakage detection
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