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Fig.11 Test result of Cityscapes dataset
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DX B L X TR R 2 EHE R %, AF-TCNet B4 T ICNet, 4014 11 H ZE HE 7% . AF-TCNet 43 %) 11 2% 0 I i
i 28 FEAZ, F F AR AR 28 591 1) X 43 8 T A, 91 n 3 B S5 20 A7 3l 28 51

AF-ICNet X /1N H A5 2 51 53 EDR B2 0 2 A F ICNet, W& 11 S22 HE BT/ o ICNet X T3 5 49 /N H b 2 5
AE I8 2% AR 2 X 2R/ HARZE 0 I Tam S b A K HAR 280 . AF-TICNet W G& % A &4 MoK 2 5/ B R 26
SR A, I B Y EHR PR 2 R/ B AR 2 R 2215 DL, AF-ICNet BB 925 /N H A% X 43 1 % .
2.4.2 1DD % # E£ ) % 5 nl X

3 F AF-TCNet #E 47 Ul 25 FERTIE 52 56, 4550 45 58 B — 4> epoch, $E4T 50 UE A 561F , 108 55 50 31F 5 A9 453 2% pR %K
{5 \MIoU L)} PixAcc.

PR 12 ] 0 e A 2 pR BN Y pRECIE TE TDD Bl 48 1k #4545 Cityscapes £ £ 25 1, MIoU f¢ )5 IR #E 35
B T8 B E W GHE 5 2 pR B S I SR IR AE IDD B A A e . Zad 20058 I 4R B AE I
A L4 2 5 A B2, BLX L 3R 3 BTR .
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Fig.12 IDD dataset training process curve
%3 AF-ICNet7E IDD##E&E FHMIKE R
Table 3 Test results of AF-ICNet on IDD dataset
Model MIoU/ % PixAce/ % FPS Param/( X 10°%)
SegNet 31.9 — 13.0 29.5
ENet 48.3 — 83.3 0.4
ICNet 60.9 89.4 47.6 26.5
Deepl.abV 3Plus—MobileNet 61.2 89.6 11.2 41.3
Proposed AF-ICNet 62.5 89.8 41.7 27.9

M 3T E B AT LA AR SO 45 5875 (AF-ICNe) 76 IDD 85 4 L RIFE A RAFRIM . AF-ICNet £
K ESE A MIoU GA 2] T 62.5% , i T HARM 4% . PixAccik# 7 89.8% . % %f/NHAR2E 5, AF-ICNet [l k¢
AR T g A . AR S5 R Ak T8 BE 7 L BN BEHE 4 LG I AT N B L AS R {E 5 28 Y ToU 43 A
58.8%0.70.0% .26.3% & F+- 2 T 60.4% .72.0% .34.3% , i W] T AF-ICNet H & 942 7+ 1 /N H b5 28 51 19 43 5
K. FPSIk#| T 41.7M/s, BAKT ENet 5 ICNet ® 4% , (HA5 12 5 T SegNet 55 DeepLabV 3Plus-MobileNet,
R Sz SR . AF-ICNet 78 IDD 3048 45 |- i MIoU # i DeepLabV 3Plus—MobileNet 1.3 %, jiE B T 74 3¢
WUt AF-TCNet XF 3F 25 ¥ 1k 18 [ (14 73 F0RG 22 5 T H AR K o

T 3E 45 44 4k 38 B% 52 2% B BE 35 K, ICNet 5 AF-ICNet X 56 3iF 48 43 #1085 B 2% B 3 — A5 m oK, an &) 13 fir
7, P R R HE Ry i IR E X, SR AE SRy /N HAR 28 50 DXt o Xk T A 43 B E A 2%, ICNet 43 1 1145 it 3R
TR Z AR A AR VR IE B0, 5 AR 4 GO PR R % 1 3 1 R, AF-IC Net (9 8 14 43 FI0RS B2 ) &5 T ICNet,
TR 13 v Y R 2R HE BT 7 o

AF-ICNet %} 176 5 B4 v #4708 H A5 4> #6877 e ICNet 5538, 5] 13 v (i S22 HE T o Bl 78 % b 5
oAl /N 5/ BFRPIIR , AF-ICNet /598 A AR 58 1 g J0 K L4331 Hh ke 1 ICN et (971N B A5 43 1 2505 ) ) fed
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(a) Original (b) Label (c) ICNet (d) AF-ICNet

i_ ~ T Boundary confusion area
1 Small target category

B 13 IDD %4 &4 44 o B 2 2R 4 R
Fig.13  Test result of unstructured road segmentation of IDD dataset

4 F AF-1CNet,
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T il S 260 2 D) T 42 1 A2 o 1) SEVAEL , L A% 2 T QU0 T P 31 i 52 6 R 0 BT S T] 1 AL 3% 0 el 22 1R 4 S92
PR S S A5 O3 A A AR PO D A A5 R TC N et Y 52 ), 4 A SCIY I3k 2 39l 339 4 A R AT
Yro Hob SR LN AR B TCNet B4R, 55 2 20 43 Jin o R AS R 52 SUIRG 6 2 R B, 25 3 2R 70 56 2 4 kA b 38 o kg
it ASPP, 55 4 AR 3 ALALRE E 3N CATE R I AL, BI N A SCHY AF-TICNet J5 ko 71 fil 55 90 25 2R 4n 2 5 By
TR T FOR S AL R I AR X FROR S P R RIS

x4 HEAZLI

Table 4 Ablation experiment

Cityscapes IDD
Group ~ W-CE  ASPP CA - -
MIoU/ % PixAcc/% FPS MIoU/ % PixAcc/% FPS
Exp 1 X X X 69.7 80.9 45.5 60.9 89.4 47.6
Exp 2 N/ X X 70.8 81.1 45.2 61.5 89.0 45.4
Exp 3 N/ N X 71.0 81.1 44 .4 62.1 89.0 43.4
Exp 4 NG NG NG 71.5 81.3 43.5 62.5 89.8 41.7

SR Rl SC B, A5 SR AR BT T I 2% 43 EIORG B 3 B AR T . X T Cityscapes B4 4 4l F AL 28 S
PR REL, MIOURTH T 1.1% . 3 ASPP 4R fE fil &, MIoU ¥ — 2T+ 7 0.2% . #£ ASPP JL7f 3l CA
BB T 1 AF-ICNet M 2%, MIoU Bk 2T+ 0.5% , 35 %] 71.5% , 1 PixAcc 4 81.3% . X F IDD % di 4 , {#
KT 22 A4 2 bR B, MIoU 4R FH 7 0.6% . 34 ASPP 4R Ffil &, MIoU # — £ #27+ 0.6 % ,iE W] T ASPP A
BCHRETE T AR S5 A AL 38 B e FIORS B . #F ASPP LAl 3 i CA B8 JE it AF-ICNet W 4% , MIoU F Ik #2 7
0.4% ,i5 %8 62.5% ,1fii PixAcc 7 89.8% . AF-ICNet F 4% i) FPS B W A T B N 4%, {H 2475 36 R S i 2ok
25 I, AF-1CNet 5 Jf ICNet 4 Lt , B 75 £ UF 52 A 1 2R A% [ B, R el 12 T I 4% ) 43 BU0RG 2

3 L=k

3.1 ZHWMRES
R EIE AF-TCNet X 45 455 50 7 52 R 38 858 v 19 R3O A SCatk AT T B 45 M A G % 1 2 R st 56 . 5
AT MR RS, NE 14 s . LR R 40 TurtleBot LS AE 25 2810 A H1 ik . Microsoft KinectV1
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o b€ NTE DN SR 7 R L

Small target category ~ Boundary confusion area
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Fig.14 The experimental testing system Fig.15 The image of field work on unstructured roads
3.2 FHMIL KIS
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1™~ 71 Boundary confusion area
1 Small target category
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Fig.16 Segmentation results of unstructured roads tested in the field
M 16 HRRT T, AF-ICNet 9 26 BE A &% 73 %1 Hh Al 2540 ALl B2 1), Hevp 5 1/ A AR 6 531 5 3100 SR A DX
14 73 FI R P ICNet 28 o [ 16 SCZRAE /Iy HARRRE A5 4 X3 X b 20 30 IR FT LU, AF-ICNet 78
AN F AR O TS A AR /N bR BRI ) T G T I F- S D PR A DE BEBE T R 1] 16 AR AE
SR VE X, I R AT R, AF-TC Net RERE 18 % rf ) 340 SR V8 DX 3B fy 3t 23 351 1R R, DATT AT LA 280 3t 3 R
AF 25 # AL 38 I 18 SUME B . FER ShAF £ b, AF-TICNet W 45 5T 1 280 < 960 1= 43 ¥ 3 G 1) 43 1 1 J&E
S 17 /s, 33X U B A SCI 28 7E M RE IC B — i 3T SR HIL b X iR o3 B A R 0 Ak B R TR RE AR . 2 PR ARR
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1 280X 720 B, 431 3 JE IR 21 T 31 Wi /s, 58 4= 15 A 18 0% S B PR P 25K . S e U X 52 56 32 B, AF-1CNet #£
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AF-ICNet Semantic Segmentation Method for Unstructured Scenes
Based on Small Target Category Attention Mechanism
and Feature Fusion

Al Qinglin', ZHANG Junrui', WU Feiqing’
(1 Key Laboratory of Special Purpose Equipment and Advanced Manufacturing Technology, Ministry of Education
& Zhejiang Province, Zhejiang University of Technology, Hangzhou, 310023, China)
(2 School of Information Science and Engineering, Ningbotech University, Ningbo 315100, China)

Abstract: There are a lot of unstructured road scenes in the actual road driving, large—scale engineering
work and field work of robots. Compared with the structured road, the unstructured road has the
characteristics of small color difference between the road and its surroundings, large variety of road target
species and complex information. Traditional methods for detecting unstructured road areas have problems
such as low detection accuracy, poor real-time performance and poor detection effect for small targets.
Small target obstacles and pedestrians will seriously interfere with the detection of viable road areas. Small
target has low resolution and little information in the image, which leads to poor feature characterization
capability. The dominance of large categories also easily leads to the neglect of small target categories. To
solve the above problems, we construct a lightweight real-time semantics segmentation network of
AF-ICNet based on small target category attention mechanism and feature fusion. Firstly, the pyramid
pooling module structure in ICNet is replaced by atrous spatial pyramid pooling, which combines feature
receptive fields of different scales to reduce the pooling effect, and finally enhances the network's ability to
perceive the global image. On this basis, we embedded coordinate attention mechanism in improved ICNet
model. We establish channel information and spatial location information to enhance the network's ability to
extract the small target category semantics features of unstructured roads. This method of fusing channels
and spatial attention is different from both SE-Net and CBAM. Finally, in view of the imbalance of
category distribution in unstructured road scenes, we design a Weighted Cross—Entropy loss function to
improve the network’s attention to small target categories. The weight of the branch can effectively improve
the attention of the network to images of different resolutions. The weight of the category can effectively
improve the network's attention to small target categories. In order to verify the validity of the super
parameters, we carried out the parameter sensitivity analysis experiment, and the value range of the
parameters is determined. Based on the above improvements, we designed AF-ICNet semantic
segmentation network. In order to verify the improvement of the model, we use the AF-ICNet model to
train Cityscapes and IDD datasets. After training, 19 categories are segmented in the Cityscapes dataset,
the final MIoU of AF-ICNet reaches 71.5%, and the final PixAcc reaches 81.3%. 26 categories are
segmented in the IDD dataset and the final MIoU of AF-ICNet reaches 62.5%, and the final PixAcc
reaches 89.8%. To verify the effectiveness of each improvement point, we perform the ablation
experiments. We divided into four groups for the experiment. The four groups of experiments are the
original network, the network with Weighted Cross—Entropy, the network with ASPP and Weighted
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Cross—Entropy, and AF-ICNet with CA attention mechanism. The experimental results show that each
improvement point of AF-ICNet can effectively improve the network segmentation accuracy on the basis of
guaranteeing the real-time performance of the network. In order to further verify the effectiveness of the
improved method in practical application, we establish an experimental testing system for a field test, and
use training model of the IDD dataset to test. In the real scene test experiment, AF-ICNet effectively
segmented the road area and the surrounding objects, and for the manually placed small target objects, the
segmentation edge of AF-ICNet is more accurate. In terms of test speed, AF-ICNet achieves a
segmentation speed of 17FPS on a 1 280X 960 image, and a segmentation speed of 31FPS on a 1 280X
720 image, which fully meets the real-time requirements of road segmentation. The test results show that
AF-ICNet effectively improves the network segmentation effect. In the case of real-time performance, the
segmentation accuracy of small target categories is improved.

Key words: Semantic segmentation of small target category; AF-ICNet; CA attention mechanism;
Atrous spatial pyramid pooling; Loss function

OCIS Codes: 100.3008; 110.2970; 150.1135; 200.4260

Foundation item: National Natural Science Foundation of China (No.52075488) , Zhejiang Provincial Natural Science Foundation of China
(No.LY20E050023)

0110001-14



	1.1　基于小目标注意力与特征融合的AF结构

