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Semantic Segmentation of Street View Image Based on Attention and Multi-scale Features

HONG Jun, LIU Xiao-Nan, LIU Zhen-Yu
(School of Information Science and Engineering, Shenyang University of Technology, Shenyang 110870, China)

Abstract: This study aims to solve the problems faced by traditional U-Net netw“ork in the semantic segmentation task of
street scene images, such as the low accuracy of object segmentation under multi-scale’categories and the poor correlation
of image context features. To this end, it proposes an improved U;Net semantic segmentation network AS-UNet to
achieve accurate segmentation of street scene images. Firstly, the spatial and channel squeeze & excitation block (scSE)
attention mechanism module is integrated into the U-Net network to guide the convolutional neural network to focus on
semantic categories related to segmentation tasks in both channel and space dimensions, to extract more effective
semantic information, Secondl\'y, to obtain the global context information of the image, the multi-scale feature map is
aggregated for feature énhancement, and the atrous spatial pyramid pooling (ASPP) multi-scale feature fusion module is
embedded into the U-Net network. Finally, the cross-entropy loss function and Dice loss function are combined to solve
the problem of unbalanced target categories in street scenes, and the accuracy of segmentation is further improved. The
experimental results show that the mean intersection over union (MloU) of the AS-UNet network model in the Cityscapes
and CamVid datasets increases by 3.9% and 3.0%, respectively, compared with the traditional U-Net network. The
improved network model significantly improves the segmentation effect of street scene images.

Key words: image semantic segmentation; street scene; U-Net; attention mechanism; multi-scale feature fusion
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SRS I, YN 2Rt #E 1 Je A8 warmup TR BE, S8 )5
{§iFH Poly SREWE KX 27 2] 2 K /INHAT B A4 . warmup
TSRS TERT 10 4 epoch VI G, HE1Y 22 31 25 4]
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K1 ERSHRE
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N 5121024 . 352% 480
RALES i SGD Adam
1R BRI " CE+Dice loss CE+Dice loss
Batch size 8 8
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N
N
2.7
i=1
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SRR 2 o, W LVE H, RHHAEGHR KBS AS-
UNet W 2656 84 [ 134 22 3 LU 7E Cityscapes fil CamVid
A Loy BT T 0.3% F1 0.2%, BEMIEH T HE
5395 PR B AR S AS-UNet B0 9 285 455 78 (1) 4 RAC1EE

£ 2 AFEHURRE MIoU L (%)

FPS = (11)

2.3 IR IERR

AR BV Fa PR AZE L (intersection over un-
ion, IoU). “F-#JZZ It (mean intersection over union,
MloU). EFPALPRMIEL (frames per second, FPS) LA K
W 28 B Y i 24 5 (parameters).

IoU 1l MloU H T VAL AL S FIVE e, P& BB
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M AZHERIIESE IO MIoU RoR B KRR ES E
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X

') i Pij
IoU=— p )
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J=0 Jj=0
MioU=—— Zk: Pij (10)
k+1 pary k k
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= =0

Horh, kRIRFNECE, piy 275 B IE #1015 = A5,
pij RN TR B R AL
FPS R T PP B R oy B, 15 AT

PR Cityscapes CamVid
CE 64.2 59.6
CE+Dice loss 64.5 59.8

242 AFBARS

N T BAIE AS-UNet 244 BT 4738 1 5t B R
B 2, K5 AT EELE Cityscapes BUEAEAT CamVid
U S AT W, O AL ARIATAT 13 S R i
F7F L, S 2 Rl 3 M % 4 .

I\“ % 3 Cityscapes I iF4E P A AR HL iR

] WMARST  MIoU(%)  Parameters (M)  FPS
U-Net 5121024 60.6 7.85 67.4
FCN 5121024 63.1 134.50 2.0
SegNet 360 x 640 57.0 29.50 14.6
ESPNet  512x 1024 60.3 0.36 112.0
ENet 5121024 58.3 0.36 76.9
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K4 CamVid MikGE EAFRA AL

A AT MIoU (%) Parameters (M) FPS
U-Net 352 %480 56.8 7.85 92.8
FCN 360 x 480 57.0 134.50 12.0
SegNet 360 x 480 55.6 29.50 16.7
ESPNet 360 x 480 55.6 0.36 132.0
ENet 360 x 480 51.3 0.36 105.7
AS-UNet 352 %480 59.8 17.38 61.3

7 3 J21E Cityscapes JuF 8 ¥ A SRR AS-UNet
5 U-Net. FCN. SegNet. ESPNet®”, ENet'#i%7E
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AT G B 23 R N 43 B R T HEAT X L
SIS SE R, AR H A AS-UNet AHI T 4t U-
Net P IEELIRTE T 3.9%, 43 E133 24 IR BE 3 1 S
ISR 8T FCN Al SegNet i 9 Fir 22 iR 4t
HE R R TE S 35 22 F H 7 T AH 8T FCN BB 4 T 7
1.4%, HAHE T SegNet HAETF T 7.5%, 53 Ak
ROy B R 5 It DS H0E s>, AT ESPNet Al
ENet 1X P F 5 B A5 0, REA0 (1 73 B R AR — 8
NI B S EE RN, {52 SO AR AR S RS IR L T
THI AT ESPNet BT T 4.2%, HAHET ENet £
BT T 6.2%.

K 4 JEAE CamVid MR A b A RE I 4 5 A5 Y
AS-UNet 5 U-Net. FCN. SegNet. ESPNet. ENet f&
BUTEPYRZ IR b BB S0 R 4 1 33 26 T g T o)
b SRS AR, A SCHR 0 AS-UNet I 3 T 16 4
U-Net P58 I LLARTH T 3.0%, 43 H1138 S 4K 4R it 5 15
RS PE R, MU T FON AT SegNet I3 i b 28 i fit
R ok B AR OR AN AE T ¥ 52 I b s T A AR T T
2.8% Fl 4.2%, T HAE AL 4> Bd % 5 i B S 80E s
/b M5 T ESPNet Al ENet X P Fi i B 4 f 8, 55700 (1)
SENERBRE & N ASHEE N, BT
LA AEETE T 4.2% Fi1 8.5%.

L5 DA A BT, A ST SO PR A L A ST A 4y B
o3 ) TR T R B, ST v Ak v A 19 4 B
SEOL, BN T AR SC e A B B RS S T B BR AR
B2 B b R BB T 1 driE s SRS X
o
243 HRELE

ASCEIAT 11K, UEW] seSE TR I
B ASPP % LS REAE Al G A xof 17 1 3 55 RS o
(97 0, 2 4 etk 5 BT

MEAESE U-Net AN scSE ¥ & I H1 i) A b
Sk [7 B 434 552 368 3 AN 2 A REE 2 R ) R IA I, 7E Ciity-
scapes fl CamVid $#5 £ F A MIoU B J5 46 U-
Net FER A HIFETE T 1.5% F1 1.3%; 44N ASPP £
FEE AR A B R SR BB B 1 4 J7 bR SCfE B,
fE Cityscapes fl CamVid ##55 FHIAIH MIoU R

& U-Net HERI 0 IRTF T 2.8% AT 2.5%; 4 [FHINA scSE
VE R ST KU AT ASPP 42 R R AIE il & M LI, 7
Cityscapes fll CamVid ##54E FREAL MIoU 73542

100 Z %% # System Construction

F+2 64.5% F1 59.8%. HEMUER] T 7E4% 48 U-Net M 2%
M seSE VEZ AL ASPP 2 KU RHIE fi
A BB O BUE OGRS IR S B R G BIR 2
JREERHE.

£S5 HBSLE (%)

LY Cityscapes CamVid
U-Net 60.6 56.8
U-Net+scSE 62.1 58.1
U-Net+ASPP 63.4 59.3
AS-UNet 64.5 \ 59.8

X

244 IS ILGAERIL ) Hres

9 T #5220 BITAS-UNet I 46 K17 )45 3801,
ZIKIJ&E Cityscapes £ 2 fll CamVid 2(¥5 £E L it AT
G R oy BN RS, Wk 6 IR T Fioas. A
6 ML 7 B W] LRI, AS-UNet [ 254 155714 73 5]
A 13 AR5 A0 B AR 0 43 F) 45 Sk i A
PEBE Y, L H R LM 5. 1T ANEXFE
B e i 5 AR 3R BRI /N B AR T 5 4% 48 U-Net B2
RUAH L, AS-UNet [ 25 15814 i A5 2 301l (1) 73 1 45 SR 358
i JE 4R U-Net (45 R4 & 6 MK 7 84, IE WA
SO Ok AR A o T4 b s R o = AR R
R LT 1) 4 B ROR.

# 6 Cityscapes B iFEE % KA loU (A LLER (%)

%% UNet FCN  SegNet © ESPNet ENet  Ours

jei s 96.7 972 % 964 _ 970 963  97.0
MTiE 756 | 782 73.2 77.5 742 788
HHY 850 <880  84.0 76.2 750  88.6
s pk 29.5 34.7 28.4 35.0 322 355
£ 459 421 29.0 36.1 332 464
HZEAT 470 472 357 45.0 434 488
KT 46.6 452 39.8 35.6 341 472
AR 56.2 50.4 45.1 46.3 440 567
TE 89.5 91.2 87.0 90.8 88.6  91.0
Him 57.2 61.7 63.8 63.2 614 615
NG 864 924 91.8 92.6 90.6 918
TA 72.2 74.9 62.8 67.0 655  73.6
BHATH 480 51.2 428 40.9 384 495
RE 90.8 92.4 89.3 92.3 90.6 914
& 429 39.4 38.1 38.1 369  46.4
NEH 52.9 53.4 43.1 52.5 50.5 559
KE 29.8 51.3 44.1 50.1 48.1  53.6
EEFGZE 357 47.4 35.8 41.8 388 479
HiTH 626 606 51.9 572 554 63.7

245 LR
T RFE AS-UNet [W 28 156 70 [ 4> %) 1t g, 78
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Cityscapes H4E A CamVid ¥ £ ik B 3 08 &5 MRER RN 22 R R R A Rl B Bl e 0 18 s i 1 i M 4y
5 JF 6 U-Net W28 3E47 8 M 45 B, S5 R anE 7 B eSS
K] 8 Tz, MIE 7 FIE 8 HsE Xt Lb 25 S mT LAE H, TR

& U-Net 026 R HE) AS-UNet FIZ R T 2~ %7  CamVid Wl4E E & F01 IoU (EELE (%)

Bl U-Net FCN  SegNet ESPNet ENet Ours

KEIW R IE A B 9% IE 7 238, {H /&%) F Cityscapes 31 T 292 887 Py 909 904 895
P A5 R U T G A Y StoF - PR 24 B R~ /N B AZ T s HBEY 726 778 788 739 664 739
AT BEFEZE R AT 2655 F AR R 3R A MR 40 21, T Eﬁg ;g; ;?-z Zgg ;;-z ;?-2 ;;-Z
. o o o i . . . . . :

AR = T o B HERA 2R X T CamVid £ 4 MFE 72 A 700 255 719 732
KULJRIE U-Net AT HZEH . (5 5F8. 17 AFIIE A 668 710 623 {;\ 596 677
B F TR BRI B, OB G 2k A BRI S B g SRR i

. o o N ot . 40 193 200 206 238
UNet [ 4B T LUK i 8% H A 52 82y ok, 25 wE T S P
FiR S HT, AS-UNet W28 A5 45 JFL U U-Net [ 2% 14> 13 476 7505 433 389 268 523
B g WG B E T, - PIE il 5l N E R NLE gﬁ 4 A9 310 406 a7 321 421

(a) FH (b) h5%

7 Cityscapes iﬁ&%m@mﬂm{mg% -
: \ - -

(¢) U-Net 3 " (@ ASTUNet

(b) bR (¢) U-Net (d) AS-UNet

8 CamVid Hdl4E LA AL X b 45 51
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3 4

BEXf IR UG U-Net W2 {EACEE H brfl 285 2 H R
ALK 18 3 S EUR I AEE VRS FE A = . 431
RCRANUT (0 ) 81, AR SCHREHY AS-UNet W9 25458 7 Sk ol gk
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B, SELK T TE ) 5 BB [ RBE H bR 1 U Bk
ITE MG, S e EE B FE S 51N scSE {1
mnﬁ%uffﬁﬁ%, 515 W 2% SR A T s TR 1 E bR X,
P o BT 5 SR FH 2HL 5 13K R B A 3
FIG H bR 20 AP 47 1) 1), 3 — D3R T BV RE. 7
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R HAE P ATE S 5 BB 4 . JF H AS-UNet [ 2545
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LA B oy B 5 2 RV RS T AL T 1, 3 70 1 R
ARH LT — }ﬁﬁjﬂfﬂéﬁ?lﬁ BRI I 2% (1
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