546 B 5 14 A X o F R (8 A& F KR Vol.46,No.1
2025 1 A Journal of Northeastern University ( Natural Science ) Jan. 2025

doi: 10. 12068/j. issn. 1005 — 3026. 2025. 20230204

ETEESHESHNEBXRUD ST IE

TR, Bak, MM
(ALK MBS ARLES TR2ABE, 1075 TEBH 110169)

1 . YO AEE A R S = W R SOR AR AR AR SR S T B LU ORI , 5 e A AT
SUERATE . R T X A e REER T — P 3L T Transformer 9 RGBD ISR A GG 7 s, T IR ES 2500 69 43
#1. 1% 77132k F Transformer R 4% , 3 4 B RS Al A TR I RGB FIVR EERFIE A R PRI Z 2 EE N
MLkl (MLP) % & RGBD $#-1F , SEBH 3 Rl 25 IR AE 9 Al & . RGB RTR B RRAE Bl S B4 1 43 3¢, LAS o o 265
PIFFIESRICRE ) . e 28 18 AT BIfRAS 3R 45 G 4 A B BUR G RRIE S Hh B S 25 (U 1) o B 285 51 . 4 3R AR
5 ¥ 5 EBLNet J7 ¥ A H 7 GDD, Trans 10k F11 MSD 4k 5 _E 1932 I Fo 20 4255 1. 64%,2. 26%, 7. 38%,
5 PDNet /7%l /2 RGBD-Mirror 4l 4R 128 L2 T 9. 49%, B0 UE T A Rk .

X OO R IE SR B RS IR AG T

FESES: TP 753 MERFRERD: A XEH/E 1005-3026(2025)01-0001-08

Segmentation Method for Glass-like Object Based on Cross-
Modal Fusion

WAN Ying-cai, FANG Li-jin, ZHAO Qian-kun

(School of Robot Science & Engineering, Northeastern University, Shenyang 110169, China. Corresponding
author: FANG Li-jin, E-mail: ljfang@mail.neu.edu.cn)

Abstract: Due to the lack of distinct textures and shapes, objects such as glass and mirrors pose
challenges to traditional semantic segmentation algorithms, compromising the accuracy of visual
tasks. A Transformer-based RGBD cross-modal fusion method is proposed for segmenting
glass-like objects. The method utilizes a Transformer network that extracts self-attention features
of RGB and depth through a cross-modal fusion module and integrates RGBD features using a
multi-layer perceptron (MLP) mechanism to achieve the fusion of three types of attention
features. RGB and depth features are fed back to their respective branches to enhance the
network's feature extraction capabilities. Finally, a semantic segmentation decoder combines the
features from four stages to output the segmentation results of glass-like objects. Compared with
the EBLNet method, the intersection-and-union ratio of the proposed method on the GDD,
Trans10k and MSD datasets is improved by 1.64%, 2.26%, and 7.38%, respectively.
Compared with the PDNet method on the RGBD-Mirror dataset, the intersection-and-union ratio
is improved by 9. 49%, verifying its effectiveness.

Key words: attention; semantic segmentation; glass-like object( GLO) ; cross-modal; depth estimation

= N BHE S L) (glass-like object, GLO) L F77E, VF 2 IS HLILEAE 55 1] AE 2 2R UL, ) 4 i
R R BRI s AR ae B SO0 E) R TR AR HL &S AN AT 3D
A B AR R AR B TRES R M A Y SREE Lidar MERAEN . GLO B 4 E R ARFN
L PR Y AR E VI B IR el I SO AR ME B AT BUA 1 o7
BHR TR R RGO TR SRR AT AN AN 23] . DA AT S R B ) GLO

WiEEHE: 2023-07-17
ELWE: EREARPARESW I H (62273081) ; 1L T4 FRIHFFT 815 H (20227H2/101300202).
EER/N: JTRA(1990—) , 3, Hl i A, ZRAC K29 A s Beard: (1965—) 9 10 TR BH A, R R #5082 1812 i



\S)

AR FFR(A RAFR)

% 46 %

Oy BT BT S R L

AR A 5T N A 5 UR B 2 ) g ) — 2l g
B 43 EN T B0 40 Yang SR T — K
FLBL 5 A5 4y #) %P5 4E (mirror segmentation
dataset, MSD) , Jf-FI FH 1 & B B i 2 2k 1Y
SO LR IE £ T 0% . 7 MirrorNet [ 254l 1
Lin %78 R T 56 & i 53 4 L ey 3 #E e
(relational contextual contrasted local module,
RCCLM) #& BRI R g5 1T 5 b 8 SCRFIE 2 18]
KFR, IE2R D G I A 5 B4t i 2 RUEE 1Y
BRI GRHIE Mei 597 e T B X B4R
FE T Bl K bR SURMIE Al G R
Pl TG R I B AT L AE A L, He SEN
P TR R S AR 48 5 GLO 1)
g EE R Z I A T A e 2= 0 B Bk
(refinement difference module, RDM ) A= 1S # 1)
%, IR F e 280 0 2 1 A0 TR 4 R I 4% A B
(point-based graph convolution module, PGM) #f
T JRHINGFAES ) LA, — S5 N R &R
T PR B AR ALK B TR B EOR3S 5% GLO 43
NI 0 Mei SR T — 5 B PR RORTER
FEAR B BEAGR I 7 % .Chang 561/ T & 535
B R B S B 1 T — i LB T AR T 1R S
¥ fE (large-view deformable context feature,
LDCF) > 3 HU 4= ¢ 3 58 5 1 v I 3 Fn 4
SRS

g5 FIAR Y ET B ISR o B oY AR
FRE L LR SCRRAE 4 B 3 R B AR O A~ T
T ELATT 55, 3 3 2 AL 3R B 4 S B
S BEAG O G A B B R v DS O B8 T L
ST B R S A SRR AT A B 2R
W RR A 2 D) 28 XfE LA v A5 SO | SCRRAE
WA, 3% 38 AU %) % B {5 S AR M Mt ) £, {HL
T ES TR BEAG 1145 5 1T DL & BRAE 32 31 3 35 2510
Py V1) 4 S5 R0 B S IR, A TR A 3 B R TR E 5
Pl SRR E A b2 e A AR | X e B 3 R AU Wi
FE B RENS i B 0 B I 4% %o = B T e o7 ARk
T, IR D7 BEAEAE I 5 A A R D7 T AT A7 7 Jey FR
PE, I Hoask TR R B2 A% e 1 TR BE I, R T
SRS T VA N Y

BEXS FRIFRT, A S — LT Transformer
% |2 7 S HLH ) RGBD (red-green-blue-depth )
PSR RGBS ALY 0 B M 28 3207 IR AE I
KA Y FEAEBEHL S M1 B AR B A T T AR AT T
SR H R AE B R0 45 £ Transformer /24

T W 4% 43 5l %) 115 RGB (red-green-blue ) 5 % J&
HATFRESE L, IF 7251 Transformer fif#65%)2 in A
SRS Rl A AL SR 5 25 f i 2 i A 4 )2 A5
ARLEFEAE i B I A o3 B 45 5 R Hh
AR SCIE 2o 5 B RS LG A TR BEAR B i
26 B 23 [A) (5 ELAOBE J1 L DA T IIORS i 3 52 o7 B B
FEAL Y DXl S 5 AR W AR SO Y 5 VA AE
4RV EE AR 1 A S A L S T
QST 38 A I R S B0 B UE T AR SCHR H ) RGBD 5
RS R 0 45 () A R

1 ARk

1.1 MKLEH

WAL BT, AR SC IR0 28 HE B2 i i B B 43 91l R
RGB SR> LA, B3 3 i & 44
i B¢ Transformer #& B, JF 72 A [W] B B 1Y
Transformer B Z (A INAREAE @il G REH, A 25
il AN 7] B B 1 il A A 2 T 2
&l 1 22 F J7 4 Transformer B3 2 [] (1) il 5 152 e
ELRZER, 28845y 328 RGB 4032, T 2B 4r &
INUREE B 43 3, PR 43 Fil G i RGBD 4332 . il
B H T RGB AR BE 43 32 B FRAE 7 25 (8] 15 38 3
AT7 I AT R TRAE S0 R — B BE RGB
FEAE T — By BO B R AN Rl SRR AE 3 X gm T
A A B B 0 RlE R E S BB
7B BURIESE S
1.2 HIBEYFIEREN

M TR A B sOE B B9 %
1) J&] B PR 08 52 ), AR SCH AL Transformer 7E 4
RGB 5 TR B FRAE $2 B B 1 W 28 0 3 B 25 A )
)25 2 90 1T SCE BURRAE 3E 47 42 . A S0
Transformer %5 #4 % F Liu ' #£ H A Swin
Transformer, & g8 it [ 3 & I LK L 42/ 15
S BRI G R A, HAT R PR /A
B 2] 4 Jm B SCFE BREE T L A, 5 H A
il VR B A SR AR 1 T AN T, A SR R BE Al 1
D) 4 T RGB G0 107 B R B AR Ay 15 A5 2 30
L R Y A, L TR R A T R 4%
AdelaiDepth''*'.
1.3 HEBEUYBRSHEER

J T R A B G R F RGB 5 1 8 A 25 i 40
25 (0] 5 45 0 SRR AR, AR SR T — R T
T I BIL ] Y A 2SR AR Rl A A X B B 2R
FROIESEA TR AR R A 5 R AR 2SS 3 . B RS il B A



%18 T R R TS RA IR R 5 E ik 3

S A ] 44 AR RGB 5 18 B AR AF 35 By
BE AN EAEERAY R B S S Rl A AR )
M 4L3E RGB IR B FIRLGHFE 3 BiEE S

L L LL)
=17 %

Transformer
Blockl1

Transformer
Block2

Transformer |
Block2

FRAE AR I, f5 e Hh 3 900 B R T 0 R A A

BRFIE L G PP RE A B ) 3 T T TR T 45 S T

TE R ARSI 2 s

Transformer
Block4

Transformer
Block3

Transformer
Block4

Transformer
Block3

=]

bk
e Wi HEN

ERGB#%%E

E1

Fig. 1

Max Pool Max Pool

Convlx1

Avg Pool
Convlx1

Avg Pool

Conv 1x 1
@ (b)
B2 HFERUYBEIFENSTETFENEE

RERGEH

Fig.2 Structure diagram of channel attention and
space attention feature extraction of GLO
(a)—IEEEE S (b)—=MEE .

1.3.1 RGB-S{REEME T 0] 11 5 R LS
RGB 5 ¥ J8& it 18 75 [0 1 78 1 R ik S UH T
T FilG AR b 1 3 N 2 > 1 8 T Y B
R, LA G b 382 JBCRPAE . 3208 18 1 8 ) T i
Ao X 4 A 1 T R AT AT 258 S BUAREAE A9 A
Rl DT 12 i 5 7R 14 P B R 9 A R 2 T

RGBD B#EAs R A MWLM £ ZIHER

The framework of RGBD cross-modal fusion for glass-like object segmentation
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Table 1 Quantitative comparison with other methods on the GDD and Trans 10k datasets.
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R0 /% F, MAE Ry /%  Ryu/% F, MAE  R,/%
ICNet!" ResNet-50 69.59 0.747 0.164 16. 10 74. 94 0.784 0.110 10. 92
DeepLabv3+" ResNet-50 69.95 0.767  0.147 15.49 51.52 0. 602 0.229 23.80
MINet-R!"" ResNet-50 82.03 0.847 0.092 8.55 85. 88 0. 881 0. 060 6.03
ITSD!® ResNet-50 83.72 0.862 0.087 7.77 85. 44 0. 871 0.063 6.26
MirrorNet™ ResNeXt-101 85.07 0.866  0.083 7.67 88.30 0.907 0. 047 4.95
TransLab!"” ResNet-50 81. 64 0.849  0.097 9.70 87.10 0. 897 0. 051 5.44
GDNet"” ResNeXt-101 87.63 0.898  0.063 5.62 88. 68 0.907 0. 046 4.72
GSD" ResNeXt-101 88. 07 0.932  0.059 5.71 89. 16 0.937 0. 043 4.50
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Table 2 Quantitative comparison with other methods
on the MSD dataset

DRI Row!/%  F, MAE  R,./%
ICNet!" 57.25  0.710 0.124 18.75
DeepLabv3+'"  78.81  0.872  0.054 8.95
MirrorNet!¥ 78.95  0.857  0.065 6.39
EBLNet!"” 80.33  0.883  0.049 8.63
ARICT7 Ik 86.26  0.909  0.045 8.03
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Table 3 Quantitative comparison with other methods
on the RGBD-Mirror dataset

Tk R, o0/% F, MAE R,./%
F3Net>” 65.15  0.707  0.069 14.25
MirrorNet® — 68.37  0.723  0.062 8. 66
PMD™ 72.27  0.775  0.054 10. 71
PDNet'  77.77  0.825  0.042 7.77
A 8515 0.922 0.037 6.13
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Table 4 Comparison with other methods on RGBD—-Mirror,GDD,MSD,and Trans10k datasets
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Table 5 Experimental results of different types of
depth ablation

Tk Row/% F, MAE R,/%
PDNet"(AIMIRAEIREE) 77.77 0.825 0.042 7.77
PDNet( MZAGTTREE ) 78.58 0.849 0.041 7.01
ARSI CHALRAEIREE) 84.15 0.908 0.042 6.50
AR B (MRS ) 85.15 0.922 0.037 6.13
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Table 6 Mean intersection-over-union ratio results of
different backbone networks and fusion
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Table7 Results of mean intersection-over-union ratio
at different fusion stages
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