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Abstract In order to enable the quayside crane surface corrosion detection task to be deployed to embedded devices
and mobile devices to obtain faster inference speed, an improved lightweight object detection network
MobileNetV2SSDLiteV1/V2 is proposed without sacrificing accuracy. The improved network uses feature maps of 5
convolutional layers as the detector input, and uses 3 X3 depthwise convolution to predict classification and location
scores. In order to reduce the number of parameters of the backbone network, the original 17 inverted linear
bottleneck block structure is designed into 14, and the image with a resolution of 256 pixel X 256 pixel is used as
the network input to change the coefficients of the original default box. The number of is reduced by 82.51%, and
then all convolutions are normalized and the network is trained from scratch. The above improvements can make the
network parameters become 0. 96 X 10°, which is reduced to 1/4 of the original. The number of floating-point
operations of the network is 0.12 X 10”7, which is 81.25% less than the original, the mAP value is as high as
77.40%, and the inference speed reaches 45 frame/s.
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(b) depth separable convolution
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Table 2 Parameters of basic network structure

Backbone Bottleneck group Expand ratio Times of repetition Total bottleneck
Original MobileNetV2 7 1,6,6,6,6,6,6 1, 2,3,4,3,3,1 17
Ours-MobileNetV2 8 1.6,6,6,6,6,6,6 3,2,1,2,1,1,2, 2 14
256 x 256 x 36 16 x 16 x 576 8x8x1280 4x4x512 2x2x512 1x1x256
.— MobileNetV2 |— ||| E ’
input image & v h 4 # Y
normalization normalization normalization normalization normalization
default box: 3 VJ default box: 6 * default box: 6 ¢ default box: 6  V defaultbox:6 V'
768 | regressor 384 regressor 96| regressor 24 regr;ssor 6 regrgssor
& & & A :
(16 x 16 x 3) | classifier |(8x8x6)| classifier | (4x4x6)| classifier 2(2 g) iy 1(1 g) ST
X X
]
[
. ,
‘ / I ‘ f
\ 4 \ 4 v \4 v
output image — non-maximum suppression(NMS)
B 5 Bk JE 04 ) 25 45 4
Fig. 5 Structure of improved network
*3 MBEHSE
Table 3 Parameters of network structure
Size of input image / Number of Feature map Number of
Network structure
(pixel X pixel) default boxes size /(pixel X pixeD) prior boxes
Original SSD 300 X300 4,6, 6, 6,4, 4 38X38, 19X19, 10X10, 5X5, 3X3, 1X1 8732
MobileNetV2SSDLite 300 X300 3, 6,6,6,6,6 38X38, 19X19, 10X10, 5X5, 3X3, 1X1 7308
Ours-MobileNetV2SSDLite 256 X256 3,6,6,6,6 16 X16, 8X8, 4X4, 2X2, 1X1 1278
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Fig. 6 Images after data enhancement. (a) Original image; (b) color distortion; (c) random cropping; (d) horizontal flip;

(e) random sampling
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Table 4 Performance comparison of different networks
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Network FPS
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ShuffleNet-SSD 8. 26 1.23 74.13 42
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Fig. 9 Performance curves of various networks under different conditions. (a) Crack; (b) erosion; (c) overall
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Fig. 11 Detection results of different networks. (a) image 1; (b) image 2; (c) image 3; (d) image 4
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Fig. 12 Detection results of corrosion of quay bridge. (a) Banded corrosion; (b) pitting corrosion; (c) block corrosion
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