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Semantic Segmentation for Road Scene Based on Multiscale Feature Fusion

Yi Qingming, Zhang Wenting, Shi Min, Shen Jialin, Luo Aiwen’

College of Information Science and Technology, Jinan University, Guangzhou 510632, Guangdong, China

Abstract A lightweight network model based on multiscale feature information fusion (MIFNet) is developed in this
study owing to the imbalance among the parameter amount, inference speed, and accuracy in many existing semantic
segmentation network models. The MIFNet is constructed on the encoding-decoding architecture. In the encoding part,
the split strategy and asymmetric convolution are flexibly applied to design lightweight bottleneck structure for feature
extraction. The spatial attention mechanism and Laplace edge detection operator are introduced to fuse spatial and edge
information to obtain rich feature information. In the decoding part, a new decoder is designed by introducing a channel
attention mechanism to recover the size and detail information of the feature map for a complete semantic segmentation
task. The MIFNet achieves accuracies of 73.1% and 67.7% on the Cityscapes and CamVid test sets, respectively, with
only approximately 0.82 M parameters. Correspondingly, it reaches up to 73.68 frame/s and 85.16 frame/s inference
speed, respectively using a single GTX 1080T1 GPU. The results show that the method achieves a good balance in terms
of the parameter amount, inference speed, and accuracy, yielding a lightweight, fast, and accurate semantic segmentation.
Key words image processing; real-time semantic segmentation; Laplace edge detection; attention mechanism; multiscale

feature information fusion
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LFE bottleneck

w: number of input channels; Dd: depth-wise asymmetric
convolution with dilated convolution; d: depth-wise asymmetric
convolution
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Fig. 3 Structure of LEF-B
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(®)

(©

B4 Al B g 17 AS [a] Ak RS 9 #0051 Ca) B A B 5 (b) R A Laplace 574 B Y #1314
(c) i H Laplace 55 &b B J5 (1 #4232 141

Fig. 4 Heat maps after different processing in fusion module. (a) Input image; (b) heat map without Laplace operator;

(c) heat map with Laplace operator

3.2.3 MAFD B3k 6 12 48 o #7

FE 50 F Zt 5 35 43 v 04 R 2 45 A8 LA R Rl R
43 BT MAFD A58 8 X B A~ 1 48 S5 F M Re 1 =2 i . 1 %%
JEAE W 45 25 44 U MAFD, LA B0 20 25 884 0 it
T 25 AT A B, R 5 4% A5 25 35 i PADY (ERFD LA
Ko APN' i i 5 e, 75 21 (1 M B 45 5 x5 be BoHis an 2 3
Frow o Hor 48 A ERFD (1 9 25 45 14 43 5K B2 3k 5
72.10% ,H H BN LR EE, SR B ERK;
PAD fiff 1% 25 44) 4fi 2180 B2 LA K 2 Bk £ MIF Net [ 2%
) 2 AL AH XS T S FIOKS BE AR X ERFD fif it &%
i 22, BUOR PAD fifp fith i 16 4 25 3 R0 2 80w R I B X
F MAFD 8, {55 08 A 4 MAFD 3 APN fif it

%3 R[S Y e MIF Net I+ () R 3045 51
Table 3 Results of different decoders on MIF Net

Speed / Parameters / mloU /

Decoder .

(frame-s ') M %

None 88. 20 0.77 71.10
ERFD" 52.91 1.03 72.10
PAD"! 75.23 0.77 71.59
APN™ 67.29 0.78 69.51
MAFD (proposed) 73.68 0.82 72.50

i 7E R R B9 SR A I MAFD . I, B
K Lok A 7 SR TR o EAE 55 ok 34> 1k B 4R bR
B FAET 75 T, MLATF D 4058 HC At fiff AL A5 B 35 B8 4R .
3.3 MIFNet 22k 0] & 1 2 i) 14 5 2 47

AT FF CamVid B4 5 1 Cityscapes B 48 |, %
MIFNet 5 88 A 19 52 0 Pk S 531 9 26 75 2 5080
P B DL K o3 RS B 5 TR AT A TR PO, SR A
RNl B TE R AL S, R T AT A I PERERT L,
R 7 HRRIR DB A 2 B Y 0 3L (test) 2 B2 2 22 7R
NVIDIA GTX 1080Ti GPU R #f7, 3 H., 3£ T Cityscapes
W AR 10 592 56 2R ] 512 pixel X 1024 pixel FIZ 43 % %
F T CamVid W4 14 52 538 43 7 76 LA 9 b 43 FF 46 52
B+ 360 pixel X 480 pixel #1 720 pixel X 960 pixels

M 4 BT Cityscapes Ml il 5 #1345 5 52 T CamVid
DA 1) S 3 45 SR AT LU M, AN ) A 1 T 8% 1)
REAADLH . Fin, DABNet ™ 5404 FH A X Fk & AL
ERFNet "'l LEDNet " #f H A B 47 7 $2 T, (0 5 {f H
P VR Bk 3% 45 (1 MIFNet M H , mIoU A1 FFET 1.9 H
Gy a5 FE T Camvid £ 4 , DABNet {3 1H £ £ 3 A%
2B RS 0 B (B ARy HDORS B b gk T
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Table 4 Performance comparison of different network models on Cityscapes test set

Network Pretrain Speed /(frame-s ") Parameters /M mloU (test) /% GFLOPs
ENet" No 41.70 0.36 58.3 4.35
ESPNet' ™ No 146. 00 0.36 60. 3 3.50
CGNet'™ No 44.70 0.50 65.6 7.00
ContextNet' " No 176. 60 0.88 65.5 1.78
EDANet"" No 105. 50 0.68 67.3 9.00
ERFNet"” No 58.57 2.07 68.0 26. 90
FastSCNN'" No 198. 41 1.10 62.8 1.76
LEDNet" No 58.94 0.95 69. 2 11. 50
DABNet"” No 106. 20 0. 64 71.2 10. 50
ESNet'" No 51.39 1.66 70.7 24.40
LRNNet_C'* No 71.00 0.68 72.2 8.58
BiSeNetV1_X"™" ImageNet 105. 80 5. 80 68. 4 14. 90
BiSeNetV1_R"™ ImageNet 65. 50" 49.00 74.7 55. 30
BiSeNetv2* No 156. 00 — 72.6 21.15
BiSeNetV2_L™" No 47.30 — 75.3 118.51
MIFNet (proposed ) No 73.68 0.82 73.1 12.03

Note: ‘represents test result under NVIDIA Titan Xp GPU and resolution of 768 pixel X 1536 pixel; X represents Xception39; R repre-
sents ResNet18
F5  ANFEMEEALE Cam Vid MR AE M BE ) 4
Table 5 Performance comparison of different network models on CamVid test set

Network Input size /pixel Speed /(frame-s ™" Parameters /M mloU (test) /% GFLOPs
ENet'” 360X 480 61.00 0.36 51.3 1.44
ERFNet"" 360480 64. 30 2.07 67.1 8.80
DABNet"” 360X 480 117.00 0. 64 64.6 3.20
LEDNet"™ 360 480 58. 94 0.95 66. 6 11. 50

EKENet"" 360X 480 38.00 1.20 67.5 —
ESPNet ™ 360X 480 132.00 0.36 55.6 1.10
EDANet ™" 360X 480 163.00 0.68 66. 4 2.90
CGNet' 360X 480 112.00 0.50 65.6 65. 60
LRNNet_C' 360X 480 76. 50 0.68 69.2 —

BiSeNetV1_X™'" 720X 960 175.00° 49. 00 65. 6 8.70
BiSeNetV1_R™" 720X 960 116. 30° 5. 80 68.7 32. 40
BiSeNetv2'™ 720X 960 124.50 — 72.4 21.15
BiSeNetV2_L™" 720960 32.70 — 73.2 118.51
MIF Net(proposed) 720X 960 55.02 0.81 71.1 15. 86
MIF Net(proposed) 360480 85.16 0.81 67.7 3.90

Note: “represents test result under NVIDIA Titan Xp GPU; X represents Xception39; R represents ResNet18

MIFNet, BiSeNetV1"™' F] A Xception39 ¥ ResNetl8
fE R T W H-7F ImageNet b #E47 W 5 2 J5 19 4 2
RN 43 KT BE YA BOR B T (B i T AT T
YIS S T HL AR AR 2 5000 R o) H Al 1Y) 4%
A0t B0 B K (T 3k 49 M) 5 A I, BiSeNetV 2™ 25
B 7 N2, O 25 T S AN (6] IR B 5 T T A ) 2% A
BT 5 BiSeNetV 1 AH 489 mIoU {8, #i 2 B2
IR B B T A8 58 e B VR s R AR R T R 1 5R

i 2% BF B, AH #2 BiSeNet MM & , MIFNet 1 5% & .
LRNNet'"' f§ Model C #) & 4 1 i 5 A SC# W
MIF Net £ iF , {2 H: mIoU {f 7 3£ T Cityscapes il i 4
B S 5 H R 6 MIFNet T [ 7 0. 94> 43 o, 2 i
IR R FET 2. 68 frame/s, 3£ F Cam Vid I3 42 19 52 56 45
RHEmloUB AR, HfEMEZENIE T EAZ
9 frame/s. £ [ B GTX 1080Ti GPU ¥ # T ,
ContextNet " i 3 B AH X MIF Net 5 e, {5 HKS 2 7
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A S B9 MIFNet 78 Cityscapes 3l i€ 4 - LA
0.82 M ZEUR A T 73.1% A mloU, #£ CamVid ] iz
£ A EAG 5 BE R 720 pixel X 960 pixel B 4k 15
71.1% B mIoU, 7E 360 pixel X 480 pixel it iy A 1% 3k
53 67.7% By mIoU, AH XF HAth K 2 Bt 28 I 25111 7
MIF Net 1] L4541 i A A A5 AR 53 2 B 043 EDRS 13, B < LA
LA S ER B SR R B . EMEE G
MIFNet J& T 45 K1 AT 88 A 3R 48 T 23 [ 4 S R
et o8 TAER RS 5Ty, Ak, T SR , i
T MAFD & J5 09 I R AF 0 38 38 50 % 48 2 28 00 K
(Cityscapes & 19 25, CamVid iy 11 28 ) , 5 4 & 7
Cityscapes Fl CamVid £ 85 F 76 S 800t A A i) 2251 .
3.4 BEMEEREREOEMEITLL

R T ARAS PR o F 2 XS A AT, an LS

2560 55 12 #1/2023 £ 6 A/H S5 BFEHE
ARSCE— % H T MIFNet fIELA A9 2452 R IE X
3B W 2% 78 Cityscapes £ HE 4 1 4= BUAY o] #1445
W B 8 AT, 580 R 1 4 A L, MIF Net B2 %
W /NN G B A0 Y A S S A Ok BB AT B9 KT
FFRE BT Mo &2, £ 845 45 T M 25 h ) LFE-B B e 42
B A Ry B B AT R AR AR B DL e ESF B % AE
S B, TRl N B — AT B AT DL SR DUAT Y
gk AL T] PUA H MIF Net % F S [7] 28 51 49 X5 4 i % 1k
AT BEHERR Y 432, L 0 DR T ARURS b R b T, D R 3% T RN
BT 43 28— 2 R B T MAFD Bt F 2 RE(H
SRl AR . 5 BB AR L, MIFNet AN
B 1% 431 ) 30 2 20 /I B RE 52, AL BB A% A0 o 4t 53 0 o
BRI, o IROCR W3, 3R W] T MIF Net () 52 B £
WX EARAFERER R SE KRR — &
2Tt

DABNet

input image

ground truth

LEDNet ESNet MIFNet (proposed)

{15 1E Cityscapes UHR A I (1915 o #145 R

Fig. 5 Semantic segmentation results on Cityscapes dataset

LZEA HLECR , MIFNet A D)4 4 1 S 1 2 5050 |
TR R DL L A BRS E E Z OE R R T
TR 5% 1 G S0 b EL A e DRI A O v A 1 R
fiE , R B T MIFNet 76 52 5 200 X o051 07 2 BB AER
I 28 P 0 v s

4 45 ik

BT T 3T 2 RO FHEAS B RS 1Y 18 2% 5 5 52 0
P18 XA E) 0 25 46 8 MIF Net, %8 6F 307G 20 45 7 H
PR AR B TE) 58 AN I i 0 TR) R, T T R o R REAE 2
B 8454 LFE-B 5] A B4k i #2 5 21 4E X k6
JE WA BB G F 5 U T 258 Ay )&
W, T AR S WERSHEER &It T
Laplace i1 £ #5 W 5+ 5 =5 [w] 1 2% ) ML AR 45 &
ESF 55k $2 BOR [ )2 K 915 B, e o 3 i s 4 e
MAFD, i#f — 5 $2& BURI fil& 22 ROBE /9 475 15 B, 58 1R
FRAE S SUE BRI S & . 7E Cityscapes £ 4 48

R RS R 45 R R W, LFE-B L ESF 1 MAFD %
SAMBH BLAT B A A PR BE 4 A LAY MIF Net 55 H At B
T8 S5 E 25 A1 B, T DA B G- S i 2 808 e T
FRGE DL R BB B X = F B R, T AT R e 5
Bb B A 3 o AT 55, A T IR A2 R 1Y 3 2% % Bl 2% i
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