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A surface deformation and atmospheric phase detection
method based on improved YOLOv7

ZHANG Jin', GONG Shengrong®, ZHOU Lifan®, FENG Huanghao®, LIU Hao’

(1 School of Information Engineering, Huzhou University, Huzhou 313000, Zhejiang, China;
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Abstract: The detection effect of surface deformation is extremely important for the detection of geological disasters. InSAR
imaging is extremely susceptible to the influence of atmospheric phase, resulting in low accuracy of InSAR imaging and difficulty in
accurately determining geological disaster deformation. Therefore, this paper proposes a surface deformation and atmospheric phase
target detection method based on improved YOLOv7. Firstly, the Efficient MOdel (EMO) lightweight network and CoTAttention
attention module are embedded into the backbone network of YOLOv7. Then, the EVC—-Block in CFPNet is embedded into the neck
to obtain more feature information. The MPDIoU loss function is used to improve the model’s positioning ability for atmospheric
phase and actual surface deformation targets. The experimental results show that the average accuracy mAP of the proposed algorithm
reaches 74. 9% , which is 2. 2% higher than the accuracy of the YOLOvV7 baseline algorithm.
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Table 1 Improved YOLOV7 ablation experiments for each module

Model mAP@0.5/ % fps /FPS  Param/M  Flops/G
YOLOv7 72.7 108. 70 36.9 103.2
+EMO 74.1 128.20 23.1 40.0
+CoTAttention 74.0 144.92 46. 1 110.5
+EVC-Block 73.5 185.20 7.1 16.3
+MPDIoU 73.8 138.90 36.5 103.2
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Table 2 Comparison of different networks

mAP@0.5/ Flops/ F1/ fps/ Param/
% G % FPS M

Model

Faster R—-CNN 70.7 206.67 63.57 55.2 41.13

DCN 69. 6 213.16 53.10 50.3 97.11

Deformable_Detr 62.2 195.23 3.90 57.5 39.82

Lab 66.3 201.46 2.76  87.7 31.89

Ld 64.2 157.91 21.69 36.8 19.08
Libra R—CNN 67.9 157.08 65.90 43.7 40.80
RetinaNet 64.6 204.80 16.28 48.8 36.13

Sparse R—CNN 49.8 149.90 2.75 64.5 105.95

VFNet 65.6 189.02 60.08 48.3 32.49
YOLOX 67.4 33.30 16.31 27.8 8.94
YOLOv7 72.7 103.20 72.40 104.2 36.49

AL 74.9 53.30 75.40 144.9 27.70
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