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Abstract: A novel algorithm named as image cascade semantic segmentation algorithm based on deartifacting
dilated residual and bidirectional attention pyramid enhancement is proposed to avoid the disadvantages of an
introduction of gridding artifacts for dilated convolutions, the difficulty in fully integrating context information
among different scale feature layers for the pyramid pooling module, and lacking sufficient interaction for the
same scale features and the cross-scale features in ICNet algorithm. The characterization ability of the network

is strengthened since the deartifacting dilated residual network is constructed to remove gridding artifacts
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introduced by dilated convolutions. After building the bidirectional pyramid pooling module, the semantic
information is transmitted to the lower level along a top-down path while the location information is conveyed
to the higher level along a bottom-up path. Moreover, the feature interactions for both cross-space and cross-
scale are established by the attention pyramid enhancement module, which introduces self-attention, upward
attention, and downward attention mechanism. On the Cityscapes dataset, the experimental results show that
the overall accuracy, the mean pixel accuracy and the mean intersection over union of the proposed algorithm
have been improved by 0.67%, 5.58% and 4.40% respectively compared to ICNet. Compared with the state-
of-the-art methods, the presented method achieves outperformance on the above evaluation indexes.

Key words: deep learning; semantic segmentation; ICNet; bidirectional pyramid; attention pyramid

enhancement
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Tab.2 Each class IoU of nine algorithms

. IoU/%
. ENet CGNet LEDNet ICNet DUNet BiSeNet EncNet OCNet 1IDB
road 96.92 97.02 97.13 97.32 96.95 97.52 96.84 96.98 97.70
swalk 77.11 77.56 77.80 79.13 80.02 81.03 79.14 79.69 82.08
build 88.85 89.39 89.24 89.64 89.96 90.37 90.25 90.23 91.11
wall 33.64 40.95 46.60 50.30 42.82 43.09 32.54 34.71 52.98
fence 41.30 46.38 47.78 48.45 48.70 50.92 49.62 50.33 50.57
pole 52.03 52.12 50.94 48.51 62.78 53.28 58.47 57.05 54.94
tlight 42.78 53.55 49.93 53.37 67.89 60.36 68.66 67.24 59.49
sign 61.62 63.77 61.77 64.53 76.01 70.38 75.01 74.60 72.43
veg 90.46 90.40 90.35 90.89 91.75 91.29 91.62 91.48 91.61
terrain 55.64 57.14 55.37 60.53 59.47 60.06 61.72 60.09 59.80
sky 93.74 93.23 92.75 93.42 93.20 93.87 93.38 92.48 94.11
person 68.58 71.35 70.58 72.79 81.01 74.83 79.48 78.77 76.07
rider 36.70 45.94 47.12 47.48 58.50 50.69 57.08 56.21 55.25
car 90.57 90.75 90.72 92.46 92.80 92.83 93.25 93.06 93.70
tuck 32.73 44.89 53.64 72.78 42.41 63.96 57.92 51.11 71.05
bus 45.58 61.59 65.06 76.62 66.08 75.35 75.66 79.85 78.03
train 27.03 31.12 41.26 60.84 35.08 56.61 53.18 68.86 67.06
mbike 11.12 39.66 42.65 44.24 54.21 47.72 56.04 50.54 49.92
bike 62.35 67.52 65.07 68.89 76.27 70.23 76.02 75.52 71.94
MioU/ % 58.35 63.91 65.04 69.06 69.26 69.71 70.84 70.99 72.10
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Tab. 3 Each class PA of nine algorithms

PA/%

el
ENet CGNet LEDNet ICNet DUNet BiSeNet EncNet OCNet IDB
road 98.62 98.59 98.66 98.82 98.35 98.67 98.56 98.42 99.13
swalk 86.76 87.89 88.31 88.83 89.03 90.62 87.61 89.60 89.04
build 95.94 94.90 94.69 96.55 96.14 95.58 96.10 96.04 96.08
wall 36.50 48.14 53.03 57.93 51.43 50.03 34.98 37.22 63.04
fence 54.83 58.76 65.75 56.10 61.33 63.45 58.69 59.25 58.30
pole 62.08 64.17 63.94 56.84 71.43 63.86 71.58 70.10 65.46
tlight 50.05 66.94 59.08 60.74 78.87 72.25 80.09 77.20 68.93
sign 67.39 75.50 73.09 70.45 85.15 78.02 83.92 85.23 80.88
veg 95.54 95.39 95.38 96.05 95.44 96.36 96.44 96.13 96.45
terrain 65.77 69.26 62.75 68.44 75.45 68.17 69.62 69.68 69.03
sky 96.98 97.12 97.52 96.03 96.67 97.77 96.95 96.99 97.32
person 81.90 85.22 83.56 84.46 89.62 87.29 90.51 91.14 86.78
rider 44.16 59.86 61.09 58.40 71.23 64.60 68.30 67.45 70.10
car 95.86 96.11 95.61 95.56 97.00 96.66 97.08 96.74 97.41
tuck 40.42 55.89 65.99 78.87 55.28 73.79 60.60 53.80 76.08
bus 58.09 83.46 76.61 82.45 72.57 89.54 85.21 84.09 85.49
train 46.87 36.61 56.02 63.56 64.62 60.62 58.83 71.78 74.66
mbike 13.05 48.98 52.62 48.20 66.87 57.48 65.98 65.26 60.38
bike 82.06 80.79 83.01 82.36 86.66 84.27 86.96 88.31 86.49
MPA/ % 66.99 73.87 75.09 75.82 79.11 78.37 78.32 78.65 80.05
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1 OA . MPA | MIoU 4l # # 7 0. 63, 4. 23,
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Tabd  Comparison of objective evaluation indices of nine algorithms

Models — OA/%  MPA/%  MlIoU/%  FPS/(i-s ™)
ENet 93.78 66.99 58.35 119.49
CGNet 94.09 73.87 63.91 87.18
LEDNet  94.10 75.09 65.04 90.44
ICNet 94.62 75.82 69.06 62.76
DUNet 94.80 79.11 69.26 105.11
BiSeNet  94.89 78.37 69.71 134.53
EncNet 94.86 78.32 70.84 93.15
OCNet 94.83 78.65 70.99 75.88
IDB 95.25 80.05 72.10 20.48
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Fig. 6 Segmentation results of nine algorithms on the Cityscapes

dataset
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Tab. 5 Ablation experiment of the IDB algorithm

APE BPPM DDRN OA/% MIoU/Y% FWIoU/%

1 94.62  69.06 90.15
2 N/ 94.74 69.74 90.38
3 N/ 94.71 67.61 90.36
4 N 95.03 70.64 90.87
5 N/ N/ 94.82 69.08 90.58
6 N/ N 95.12 71.72 91.06
7 N NG 95.23  71.62 91.30
8 i NG NG 95.25  72.10 91.30
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Tab.6 Ablation experiment of the DDRN

Backbone OA/ % MIoU/ % FWIoU/%
ResNext-50 93.98 67.93 89.08
ResNest-50 94.27 68.21 89.64

Dilated-ResNet-50 94.62 69.06 90.15

Xception 94.66 70.09 90.29

DDRN 95.03 70.64 90.87

TE: M ARIR & I Rl
%7 BPPM AL
Tab.7 Ablation experiment of the BPPM

Jiik Backbone  OA/%  MloU/% FWIoU/%

PPM DDRN 95.03 70.64 90.87
PPM+PANet  DDRN 94.94 70.96 90.77
PPM+BiFPN  DDRN 95.17 71.58 91.15

BPPM DDRN 95.23 71.62 91.30

VE: BRI R A A

% 5451 T DDRN .. BPPM F1 APE e (19314 il
SCIREER. BRPE L 8ITAIE N, IDBREILMOA
MIoU ., FWIoU 434 Ft ICNet #£75 T 0. 63, 3. 04,
LIS A mEPES, 84Tl FE Y, 52> DDRN
i, OA | MIoU, FWIoU 434l FR# 1 0.43, 3. 02,
0. 72 F 435, X F W DDRNHBR T 25 W& AR
WIS LS, it T 2 IRIERE . therPef 6., 817
Al B BPPMEBT, OA | MIoU ., FWIoU 435
7 0.13,0.38, 0. 24 E 4, X UiHH BPPM i i
00 ] A I ] AR s T 22 RS REAE A il
HHeS . RPE T, 81T, B/ APEBIHLET,
OA . MIoU 235 FFE T 0.02., 0. 48 F 43 A5, 1161
APE ficl i B n) AR m BEE T W F
HERIHLHIRE T 525 0] 55 R RFEAC B fE

72 6 2511 T DDRN AR SEIegi R, R 317
FIEMEM L 6 AT, 52K H ResNext-50,
ResNest-50, Dilated-ResNet-50, Xception [ ¥ 4% #H
I, % H DDRN [I£6 1 OA 43 54 E 7 1. 05, 0. 76,
0.41,0.37 G435, MIoU 43274 172,71, 2,43,
1.58. 0.55 435, FWIoU Zr 57T 1. 79, 1. 23,
0.72,0.58 A4 M. ATLAEH, SFE T ML,
Backbone S& DDRN F W 284 E Mk GEfe i, 363 T
DDRN #8501

74T BPPM IS RLSE ISR . ik 7 ]
1, M% T PPM. PPM+PANet, PPM-+BiFPN,
FH BPPM 230 #7514 89 OA 43 B3R T 170,20, 0. 29,
0.06 F 43 5L, MIoU 433l 17 0. 98, 0.66. 0. 04 F
I3, FWIoU 23565 170,43, 0.53, 0. 15 [0k
AIAE L, 4F7Ed, BPPM BERER SRR AL,
¥AE T BPPM A Sk
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Tab.8 Ablation experiment of the APE module

Fik Backbone OA/% MPA/% MIoU/ % FWIoU/%
ICNet Dilated-ResNet-50 94.62 75.82 69.06 90.15
ICNet+BPA Dilated-ResNet-50 94.72 77.0 69.22 90.36
ICNet+FPN Dilated-ResNet-50 94.78 77.06 69.43 90.46
ICNet+APE Dilated-ResNet-50 94.74 77.2 69.74 90.38
BPPM DDRN 95.23 80.61 71.62 91.30
BPPM-+BPA DDRN 94.99 79.56 71.24 90.83
BPPM—+FPN DDRN 95.08 79.69 71.56 91.02
BPPM-+APE DDRN 95.25 80.05 72.10 91.30
e AR R R 25 S SRR
. [ 4 JHUANG T, SONG S, LIU Q, et al. A novel multi-
4 _Q_E 'L/If\. exposure fusion approach for enhancing visual semantic
segmentation of autonomous driving [J]. Proceedings
AR —Fh 2l e 25 T % 22 5 WU 3

G 7RG 5k B RUR G TR o RISk . A

PR A B 22 R4, TR 25T 45 AT LAY )

M ON5Y , 15 I 45 A REAE S ICRE T 5 4 3 L 1) 4
TR AR, 1A B T A K R
7, FEor G 2 ROERHE s WO R &5 18
SEELHL, W HERS . W EEES MTERES
HILTI ST 55 2 ) 5 8 RUBE A RRIE A B, SR 45
F W, Cityscapes B4l 5 b BT 4 50 15 09 SRS 1
B OPHE R | Fscf t m THE 8
TR SIEMETIEMLL, DL 3R RN
B T 0.67% . 5.58% . 4.40%.
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