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Multimodal fusion image segmentation network based on FuseNet
ZHANG Tao, HUANG Xiaoci
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[ Abstract] The purpose of localization image segmentation is to segment objects corresponding to natural language expressions.
Previous methods usually focus on designing an implicit and recursive feature interaction mechanism to fuse visual-linguistic features
and directly generate the final segmentation template without explicitly modeling the localization information of reference instances.
Therefore, this paper proposes a multimodal fusion image segmentation network based on FuseNet, which aims to generate
segmented images of objects through linguistic expressions in the input images. The model consists of three core components, which
are a multimodal fusion module, a localization module and a Segmentation Mask module. The fusion of visual features and linguistic
features can focus on multiple target image regions of specified categories in the input language and then generate a finely segmented
image about the object according to its context. The performance of the proposed method is evaluated on the Cityscapes dataset with
real-world image segmentation and containing 50 different urban street scenes. The experimental results show that the best mloU
value (52.1%) is increased by 15.5% in the real environment models trained on the data. Through the performance evaluation of the
model on the dataset, more accurate segmentation results and faster segmentation performance are obtained than previous models
using explicit modeling of visual and linguistic features.

[ Key words] image segmentation; deep learning; multimodal fusion; FuseNet

S, SR, P T UREORT b ds o #2502 A i

0 3l PEA I R ) BV 2 BHL AR 22 M R D5 5 A S B

[l

UTAESR TR 2 2 (¥ UG 43 1 it
HEA R OBTHESR , LK 25 Fh 41 3 508 46 1 ]
MTEE IS TAR KRR, Horb ok A 4 FR)Z R 45
o ) B S A R R X2 12 U & e R A
TEKCHEBENOMEN, R0, X TR B
AR 9] B AN LI&C%%MﬁE%&Z?EﬂE#%%
I, T BRIl o R B XA [ A UL i 2R
ﬁ/ﬁmfﬂﬁ*%i”é‘]/ﬁﬁi‘%%iwl}Eﬂiﬂ‘mﬂEi‘m

EZERY: K W (1995-) 3 BB AE  EREMFF 5 In KB ) Rk

wIEE. ki
Wi AR 2022-09-05

Email ;2099743507@ qq.com

o, S R A TR S R IE ST
B R 7 S 2 0P 42, R AR Y 5 2b P DCRF 4
AR AN AL A X IF g R 4 EUT
55 IRELSRAS Tz W, 5] a0 ¢ T =X PG G e R
EESI AN E, B TR MBS sr5, il T
RURFNE & Z A 255 15 S A E% 4 )
P E, AN, SR IR AR R TS (i
ST AT RE A B R IR MR TR Wk 4 e

ZSREE

YV EX B ERRN ¢+ A% b & A




12 B o /5 M5 MM $13 %
(e zrea CARRRT) CBAE (B an s R h, =LSTM(x,,h, ), h, =0 (1)
%”)O h, =LSTM(x,,h,.,), h,,, =0 (2)

DLHTRIBIFSE 32 2 P AR AT il SR AE AT
FRHIE . — A AT BRI i ey 210 R P R K R
TR T Rl G AL s AR 5 R0k, L Az e 09 1
S50 HI, H TSR SCASR B Bl Y | 3X
Tl VR AN B A5 AR R R RN 5 Z R X 55,
T i B SRS Z [ A T S0, — 2 JE T
A5 R T SRS TR R, A I N M OGS
1) S DX BRI 5 238 TR AR 8 0GB IA] . i, Hu
st 280 ) 35 FHM 28 W 2% ( convolutional neural
networks , CNNs) Fl4< — 7 1 1212 M 45 (long short —
term memory, LSTM ) " AR5 FIIE 55 FRAE B Ok A=
BT EIRERR . T ARAS SRS B A 2 R SCER[ 10 ] il
B T Z 2RSS RRE , LR AR 3 F AR 1Y) Jm) 7 40
i,

25 LAk, R X BT AR T RS TR B
Ji& L IR0 2 4% 22 235 4 AR S 0 S92 R AD 2 388 20 8 45 5 A
Bk, XWSEORER RS R BAS BN R,
PR B X3 — AR, BIFSE M S —A> £ B2 I ik ke
AN B, X B R 5 BT 55 530 R 2 7))
1155, 43 12 « 1) 1) o 4 AIE 2 HURIRG 48 43 1 4 A8 A
B TEASCHR AR b S5 LU 0

=

(1) ZHEERAA Y, L RHIE AE 5 R E 53
) Fh 5 A 28 R 4% ( SegNet ) I LSTM ¥ 45 $2 B, 4%
B e N 2 N S (T

(2) eI B, 3 T v = 7 LA Y
transformer #-2% [ 325 L7 b g B P45 v ) o 22 DX I
W H FR A5 B O R) = [H] A AH M

(3) Segmentation Mask Bk i FH 22 2R AR Fl
ARCETRRHER , NI FE 22 RUBE b 3R & fEHE
R SC, S RS BURAIE R SRR R B 5, RS
PO R 25 R B, 1 A8 SR 2k R )|
N

1 FuseNet BiEEM

1.1 ESHERE

G — RN E X = [x,,x,, 1,1, Hp
xS L PRGN H] AR A O BT HL R ik
A, Z e B HAth A —~ 300 4k 538 18 A )
T30 18 R s — A1 o] i 4R Bl GLOVE
PEAFE A AT RSB 418 AL i) 2 1] A AH LA
KFRHHIBRAER LSTM e kb B4 U 8 A SCAS [1] 12

Hrpr, b,y Fh, 5353878 LSTM [ i Fl ] J5 3K
TRBYSCA ) L, 42 Jm) SCAS IR o T A i) 22 [) -4
WAL IRAS  Hoe Lk .

P.w =avg(hy by, h,) (3)
h, = concat(h, ,h,) te [1,2,--;m] (4)
1.2 EHFIERE

BEMABL T e RS R SE 3 T2

SYRHAFE, B F, e Ree F e R il

F,, e RS, K HRFIRERIEE, W
YRR GENE | d AT R, T

BORAMRZE, {1, P ) &, BFSEBBR e (R
S0 B T e A A 4, B R e 5 A A
(LTI S5 2 . 5 R A TR B A L
AEAT MLP % R4 5 5 4 3D 192 41, 4RI T4%
LA T IR S B, 3D (R R
E 1R,

E1 3DKEARY
Fig. 1 3D pixel projection
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Fig. 2 Overall model architecture
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Tab. 1 Comparison results of FuseNet with other advanced models on GTA5-Cityscapes

Method  road  sidewalk building wall  Sign sky  pemson  rider  vege car fence  mloU
Source only 758 168 772 125 30.1 703 538 264 279  49.9 41.1 36.6
CRST [ 910 554  80.0 337 329 808 577 246 301  84.1 423 47.1
MISL %) 89.0 452 782 229 461 612 604 267 449 854 493 49.0
uta (6] 906 361 826 295 3140 802 593 294 539 864 37.6 46.3

Ours 918 561 846 394 429 846 653 378 481 875 48.8 52.1
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Fig. 4 Analysis of model running time
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Fig. 5 Change of segmentation accuracy and loss value during training
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