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Lightweight Image Segmentation Algorithm Based on Two-branch Feature Extraction
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ABSTRACT: The work aims to propose a two-branch feature extraction network to improve the segmentation accuracy of
color images and solve the problem of huge computing costs and redundant parameters in color image segmentation. The
two-branch feature extraction network was mainly composed of semantic information branch and spatial detail branch.
The semantic information branch obtained the context information of different scales of the input image by setting differ-
ent hole convolution rates in the asymmetric residual module. The spatial detail branch was a shallow and simple network,
which was used to establish the local dependency of each pixel to retain the details. A feature aggregation module was
connected behind the two branches to effectively combine the outputs of the two branches. Without any pre-training and
post-processing, on a single RTX2080Ti GPU, only 0.91 M parameters were used to achieve 75.1% segmentation accura-
cy on Cityscapes dataset at the speed of 97 FPS, and 70.5% segmentation effect was achieved on Camvid dataset at the
reasoning speed of 107 FPS. A large number of experiments have proved that the proposed model achieves a good bal-
ance between segmentation accuracy and efficiency.
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Tab.1 Ablation contrast experiment

Models SIB SDI CA SA Add Concat FFM Parafi/M mloU /%
TBFENet 4 0.8729 68.27
TBFENet(CA) v v 0.873 1 68.95
TBFENet v v v v 0.903 2 69.12
TBFENet 4 v v v 0.905 6 69.56
TBFENet(FFM) 4 4 4 v 0.9050 70.13
TBFENet 4 4 4 v 0.9050 70.13
TBFENet(SA) v v v v v 09051 70.58
TBFENet ( ={1,1,2,1,2,2,5,7,9,17} ) v v v v v 0.528 6 65.75
TBFENet(r={1,1,2,2,5,1,1,2,2,4,4,8,8,16,16}) 4 v v v v 0.904 7 70.16
TBFENet(={1,1,2,1,2,5,2,5,7,9,2,5,7,9,17}) 4 4 4 4 v 0.9051 70.58
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Tab.2 Comparison of Camvid dataset test results

Model Inputsize Para/M FLOPs/G Speed/ (Mi-s™") mloU {H/%
ENet 360x480 0.36 103 51.3
SegNet!'®] 360x480 29.50 286 37 55.6
SwiftNet!” 720%960 11.80 104 31 62.2
DFANet!?®! 720%960 7.80 3.4 121 63.9
ICNet 720%960 26.50 28.3 29 64.2
EDANet!"?! 360x480 0.68 81 65.7
BiseNet 720%960 5.80 14.8 89 65.9
DABNet!?" 360x480 0.76 10.5 27 66.5
LEDNet 360x480 0.95 75 67.1
BiseNet v2 720%960 49.00 55.3 103 69.3
ours 360x480 0.91 107 70.5
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Fig.7 Comparison of Camvid data set segmentation effect
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Tab.3 Comparison of Cityscapess dataset test results

Models Inputsize Backbone Pretrained Para/M Speed/ (i-s™") mloU {H/%
SegNet 640%360 VGG16 ImageNet 29.50 17 56.5
ENet 512x1 024 No No 0.36 98 58.3
ESPNet 512x1 024 ESPNet No 0.36 113 60.2
CGNet 360%640 No No 0.50 50 64.3
NDNet 1 024%2 048 No No 0.50 40 65.1
EDANet 512x1 024 No No 0.68 81 66.7
ERFNet 512x1 024 No No 2.10 42 67.5
Fast-SCNN 1 024x2 048 No — 1.11 120 68.0
BiseNet 768x1 536 Xception ImageNet 5.80 106 68.4
ICNet 1 024%2 048 PSPNet50 ImageNet 26.50 30 69.5
DABNet 1 024%2 048 No No 0.80 28 70.1
LEDNet 512x1 024 No No 0.90 52 70.3
MSCFNet 512x1 024 No No 1.15 50 70.9
DFANet 512x1 024 Xception No 7.80 108 71.5
BiseNet v2 512x1 024 No ImageNet 3.40 126 73.3
ours 512x1 024 No No 0.91 97 75.1
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Tab.4 Comparative experiment on segmentation accuracy of Cityscapes
M4 SegNet ENet ESPNet ERFNet ICNet DABNet LEDNet  DFANet ours
Roa 96.4 96.3 97 97.7 97.1 97.9 98.1 98.1 98.9
Sky 91.8 90.6 92.6 94.2 93.5 92.8 94.9 94.9 95.5
Car 89.3 90.6 92.3 92.8 92.6 93.7 90.9 94.3 95.3
Veg 87 88.6 90.8 91.4 91.5 91.8 92.6 92.4 93.5
Bui 84 75 76.2 89.8 89.7 90.6 91.6 91.6 92.4
Sid 73.2 74.2 71.5 81 79.2 82 79.5 83.1 84
Ped 62.8 65.5 67 76.8 74.6 78.1 76.2 80.4 83.9
Bus 43.1 50.5 52.5 60.1 72.7 63.7 64 60.9 67.3
Tsi 45.1 44 46.3 65.3 63.4 67.7 72.8 71.4 72.6
Bic 51.9 55.4 57.2 61.7 70.5 66.8 71.6 67.7 71.4
Ter 63.8 61.4 63.2 68.2 68.3 70.1 61.2 69.7 71.4
Tli 39.8 34.1 35.6 59.8 60.4 63.5 61.3 67.2 68.3
Rid 42.8 38.4 40.9 57.1 56.1 57.8 53.7 61.1 63.9
Pol 357 43.4 45 56.3 61.5 59.3 62.8 62.6 62.4
Tra 44.1 48.1 50.1 51.8 51.3 56 52.7 52.5 53.1
Mot 35.8 38.8 41.8 47.3 53.6 51.3 44.4 553 58.8
Wal 28.4 322 35 42.5 43.2 45.5 47.7 45.4 50.2
Fen 29 332 36.1 48 48.9 50.1 49.9 50.6 53.7
Tru 38.1 36.9 38.1 50.8 51.3 52.8 64.4 50 52.1
Avg 57 58.3 60.3 68 69.5 70.1 70.3 71.5 75.1
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