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Road surface damage segmentation method for unmanned aerial vehicle
inspection aerial photography based on MDPR-DeepLabV3-

Han Jianfeng'® Nan Rujun'® Song Lili"* Fang Jiandong'* Xu Zihan"*
(1. School of Information Engineering, Inner Mongolia University of Technology, Hohhot 010080, Chinaj;
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Abstract: To address the significant morphological differences in road surface damage and the unsatisfactory
segmentation effects under complex environmental interference in UAV inspections, we propose an improved model,
MDPR-Deepl.abV3—, for road surface damage segmentation. Firstly, the original backbone network is replaced with
the MobileNetV2 network to enhance operational efficiency. Secondly, a DFSP module is constructed in the encoder to
efficiently integrate local details and global context through progressive feature accumulation and cross-scale attention
interaction. In addition, a PSA_M attention module is added to strengthen the information of damaged edges. Finally,
a residual channel decoupling (RCD) module is proposed in the decoder to promote the complementarity of deep and
shallow layer information and enhance feature diversity. The experimental results demonstrate that the proposed model
achieves mloU, mPA, and mPrecision of 78.47%, 92.03% and 83.93%, respectively, on a self-made UAV
inspection dataset for road damage. The effectiveness of this model is further validated on the publicly available dataset
Crack500, indicating strong performance in terms of pavement damage recognition accuracy and robustness in complex
environments.
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Fig. 9 An example of road damage under UAV inspection aerial photography
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Table 3 Performance comparison of different models on self-made datasets

iwidl mloU/ % mPA/ % mPrecision/ % Params/KB
Xception-DeeplabV3+ 70.93 82.24 81.03 214 745
MobilenetV2-DeeplabV 3+ 69.13 84.90 75. 20 22 980
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& 10 feos 178 B fil8os & BN TR) 4330 07 2 1) P Rg
Xt A B0, Hh 8 1~2 51 (3~4 51| [5~6 51 43 5 %t Ji; 24 4% |
YU Bk 3 R B R, 55 1 %, Deeplab
Xception, Deeplab MobilenetV2, Deeplab MobilenetV3,
Deeplab MobilenetV4 ,Unet+ -+, Segformer £ 5 f7 1£ 54 4%
W 224 0 3 BRI RE B 45 58 2 %1 b, Deeplab Xception,
Deeplab MobilenetV4 ., Unet, Segformer 5 9 35 43 Bk 24
YRR YO IR L I Unet -+ 418 0K Bk 24 4% v 38 A1
AR 4> XOH R 4 2K B #h; %3 %) ., Deeplab

Original
images

Ground
truth

Deeplab
Xception

Deeplab
MobilenetV2

Deeplab
MobilenetV3

Deeplab
MobilenetV4

Unet

B ‘ .

MobilenetV4 Fi1 Deeplab MobilenetV2 15 %I %t Iy #i 77 7 5
K A AG 5 565 4 B A SCO7 5 5 PSPnet AR RI45 2R 5
B 2830 B Al AR TR 77 L U G R4S K 4 5 31 Y, Deeplab
MobilenetV2, Deeplab MobilenetV4, Unet, Unet + -+,
PSPnet #5180 E & #0543 % K6 A 24 4% , Deeplab Mobilenet V3,
Segformer {7 7E i £ , A% SCAE AL 55 2 5065 28 e o 3630 5 4R

Fl v, PSPnet 5 BN 8 4 X 38 1) 43 8134 FL L, Unet+ +
IR SO R T LA 50 200 % e A6 0 b f o JFG il 4SS 20 35 77 7 U
AR A .

« 175 -



949 B 2 F o

T # K

o .
o .
o .
MDPR-
DeepLabV3+
(a) B5%
(a) Crack
& 10

(b) Gkl
(b) Pothole

A [ Y 73 0 45 3R w] Bl Ak

(c) &4k
(c) Repaired crack

Fig. 10 Segmentation result visualization for various models
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Table 4 Model ablation experiment

S TS MobilenetV2 DEFSP PSA M RCD mloU/ % mPA/ % mPrecision/ % Params/KB
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Table 5 Comparison of quantitative results of different models on Crack500 dataset
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