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Abstract : Deeplabv3+ network does not make full use of multi-stage feature information in urban street
view image segmentation,which leads to the shortcomings of large targets with holes,imprecise segmen-
tation of edge target and so on. Considering the natural spatial position particularity of urban street view
data, this paper proposes to introduce a height-driven effective attention model (HEAM) and a multi-
stage feature fusion model (MFFM) on the basis of Deeplabv3+ network,and it embeds HEAM into
the feature extraction network and atrous spatial pyramid pooling (ASPP) structure, which makes it pay
attention to more spatial position information in the vertical direction. MFFM integrates multi-layer fea-
ture images to form multiple branches in the network and connect them to the network decoding end in
turn. Successive up-sampling is used to improve the continuity of pixels during decoding. The improved
network is verified and tested by CamVid urban street view data set. The results show that the network
can effectively improve the deficiency of Deepl.abv3—,and the location priori of the data set is properly
used to enhance the segmentation effect. Mean intersection over union (MIoU) on CamVid test set rea-

ches 68.2%.
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Fig.2 Improved DeepLabv3+ network based on height-driven effective attention model and multi-stage feature fusion
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Tab.1 Comparison of different backbone networks

on CamVid verification set

Backbone (08} Models MIoU/ %

3 Baseline 66.7
ShuffleNetV?2 +MFFM+HEAM  68.5
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+MFFM+HEAM 68. 4
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+MFFM+HEAM 699
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ResNetl8 ]
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+MFFM+HEAM 71.7
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+MFFM+HEAM  76.9

ResNet50 }
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+MFFM+HEAM  75. 4
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Tab.2 Ablation experiment of improved
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Tab.3 Ablation experiment of MFFM on

CamVid verification set

bavers 0S MloU/ %
1 2 3 4
Branchl 16 74.2
Branchl Branch2 16 74.4
Branchl Branchl Branch2 Branch2 16 75.1
Branchl1Branchl + Branch2Branch2 Branch2 16 75.4
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Tab. 4 Ablation experiment of HEAM on

CamVid verification set

| S —
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HEAM Picture 0S MIoU/%
HANet Fig. 5(a) 16 74.6
Series connection .
(HANet+ECA) Fig. 5(b) 16 74.9
Parallel connection Fig. 5(e) 16 75.1
(HANet+ECA) Fig. 5(d) 16 75.4

®
O

(©) (d)

B 5 HEAM SIFEHRILH
Fig. 5 Ablation experiments of HEAM in series and parallel
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Tab.5 Comparison of reasoning skills on

CamVid verification set

Ye BB X - B S 2022%F H33%

3.3.3 REEEwi

PSR = I R e T T Sl A N € 2
CamVid £l 5 b xb Ho At B9 25 3647 17 Y1 25 91 76 D ik
8 BT R, AR SO vk S H Al S i ) 45 A AR
f£ CamVid MK FAr#IPERE AR 6 Fin. 45K
WY A SR R TR XoF 3 T A S 0 0 ) RICR A T
PSRBT B A A E MR
3.4 XWERDI

Inference techniques 0S Baseline  Ours 3.4.1 HEAM & h T
None 8 4.9 76.9 T A RN AR 0 R 6 Ca) T . B I M AT L)
Multiscale, sliding, flipping 8 75.6 77.4

®6 HAEETE CamVid MK E EHIXTLE

Tab. 6 Comparison of other algorithms on CamVid test set

J B R 3T A3 R S I B A L T [

Model MIoU sky build. pole road swalk. tree sym. fence car ped. bicy.
ENet"* (16) 61.3 95.1 74.7 35.4 95.1 86.7 77.8 51.0 51.7 82.4 67.2 34.1
SegNet? (17) 55.6 92.4 88.8 27.5 97.2 84.4 87.3 20.5 51.7 82.1 57.1 30.7
BiSeNet1 (18) 65.6 91.9 82.2 25.4 93.3 77.3 74.4 42.8 49.7 80.8 53.8 50.0
DeepLabv3 -+ (18) 63.5 89.8 81.3 21.6 93.3 78.9 74.6 38.1 34.8 82.8 48.7 54.7
HRNet" 19) 58.4 89.5 86.3 14.8 94.2 81.2 84.4 40.2 34.6 84.5 63.2 50.2
NDINFeﬁif(ﬂgng’ 57.5 88.8 85.5 17.6 90.4 83.8 80.6 39.2 37.3 82.6 60.1 53.7
LBN-AAD (21) 68.0 92.5 83.2 36.3 93.0 82.1 70.5 51.6 53.2 81.7 55.6 47.9

Ours 68.2 91.1 84.0 30.1 94.7 80.6 75.7 49.5 40.5 86.9 57.8 58.9
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