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Multi-Granularity Feature Extraction and Loss Optimization
Referring Image Segmentation Method
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Abstract Referring image segmentation aims to accurately segment specific target object regions
in an image based on a given natural language description. This task requires a fine-grained un-
derstanding of both visual content and linguistic semantics, as well as precise alignment between
multimodal features. Although existing referring image segmentation methods have achieved no-
table progress, several critical challenges remain. First, many approaches fail to sufficiently cap-
ture and integrate global contextual information and local detailed features, resulting in limited
feature representation capability and incomplete semantic understanding of complex scenes. Sec-
ond, the optimization of the predicted target boundaries is often inadequate, leading to imprecise
segmentation results and weak feature discrimination, particularly in scenarios involving small
objects, complex backgrounds, or ambiguous textual descriptions. To address these challenges,

this paper proposes a novel referring image segmentation method based on multi-granularity fea-

Wk H 1 :2025-07-15; FE L8 & A H #1:2026-03-03, A UREAF 3 E K A KRB 5 4 (62076246)  H Je i A H A B Ol 55 2% & 8% 4: 5 H
(2024JKF1D ¥eh . 3% 7% @i, b BT R AL & (CCPY 4 & B EE SO0 T 5 AL A6 105515 . E-mail: 742635473 @qq.
com, Z B AL, EEPFSE G AL GE R B DS R SE . FEE LWL, RSSO T RN R AT RS, B
BT A, FEAF AT ARG AT AE PN, £ OBRGERES WL 2 PEIFREIL¥ S (CCP) & R, EETFRS
S AL N TR A SRR % . E-mail:dbdxwangrong@163. com, Z& & A+, T EHF U Y AN A ALE S .
M2, ROR%5, FE RGBT ENAGE GHEVE S Wl 5%,



7 3 T Je TR - 22 R AT B IS 0 Ok DG A B PRI AR A A a0 D vk 1635

ture extraction and loss optimization. The proposed method aims to enhance feature representa-
tion diversity, improve boundary alignment accuracy, and strengthen feature discrimination
through a unified and effective framework. Specifically, a multi-granularity feature extraction
module is designed to deeply integrate global context features and local detail features. This mod-
ule consists of a global branch and a local branch, which interact with each other to capture com-
plementary information at different semantic levels. The global branch focuses on modeling high-
level semantic context and long-range dependencies, enabling the model to understand the overall
scene structure and object relationships, while the local branch emphasizes fine-grained spatial
details and boundary information, which are crucial for accurate object localization and segmenta-
tion. Furthermore, to mitigate the influence of redundant or irrelevant information introduced by
multi-granularity features, a dynamic weight allocation mechanism is introduced. This mecha-
nism adaptively adjusts the contribution of features at different granularities according to their
relevance to the target object. By dynamically reweighting feature representations during train-
ing, the proposed method effectively suppresses noise, enhances informative features, and im-
proves overall feature robustness. As a result, the model is better able to focus on the most dis-
criminative visual cues that correspond to the textual description. In addition, a joint loss func-
tion is designed to further optimize the segmentation performance, particularly at object bounda-
ries. The joint loss combines multiple complementary loss terms, each emphasizing different as-
pects of the segmentation task, such as region consistency and boundary accuracy. By carefully
optimizing the proportion of each loss component, the proposed loss function improves gradient
propagation in the real target regions during backpropagation, thereby enhancing feature discrim-
ination and boundary refinement. This loss optimization strategy ensures that the model pays
greater attention to difficult regions, such as object edges and visually similar background areas.
Extensive experiments are conducted on three widely used referring image segmentation bench-
marks, namely RefCOCO, RefCOCO-+, and G-Ref. The experimental results demonstrate that
the proposed method consistently outperforms existing state-of-the-art approaches. In particular,
the Overall Intersection over Union (OloU) metric is improved by 1.23%, 1.17%, and 2.09%
on RefCOCO, RefCOCO-+, and G-Ref, respectively. These improvements validate the effective-
ness and robustness of the proposed multi-granularity feature extraction and loss optimization
strategy. highlighting its potential for advancing referring image segmentation research.

Keywords referring image segmentation; cross-modal fusion; feature enhancement; attention

mechanism; loss function
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He S8, R SEATROM . it B b, AdamW
et . Horb, B A7 2] FRBE AR E Ve B E R
1X10° F il h BE I M F8 O R I E N 0.9,
P b B8 SF- O BE 0 38 BOS WOR BCE S 0,999, )
)R E R 5 X 10 T NEEH AR E N

0.01,batch size B 'H K 8, ILHH 1T 40 4~ epoch, i
A BMG ek 38 5Y 55 1 4b B4 AF , A 4 BR KN R
480X 480, £8 I — LAk HILI Hi A 21 ) 28 B AL i, TG
b 5 HRE 1 5 R

TE G G 1 2% B9 36 B J7 T8 » Swin Transformer
A A B T 4, R A BRI 2k i 1 2
753G A E AR IR L O R L A
2 ROBERFAE I s DINO™ & — A [ W B 5 A Y, o)
FH B MBI I 505 =2 00 FE PR 28 08 1Y O i filE
RSN UG {325 2] B LSRR AE . 7E U G
2R B HUT L BERT & — N4 CAR M ARIET
AbPRAR Y SR XL ) Transformer 2 fith % , i i #E %
T R R — 4 WU AT 45 2E A7 WU 2k . CLIPY
SR TTRIH T BLR E R SCAR Z B R 2
RS HERL , R HI WU 2 e s 4 48] AT I b2 ) Ak
R i A 5[] RS 55 R R SCAR R

AR SO E T B A AR AR AR BT 55 L T —
AN 58 KRR $2 T 285 5 [ s, 75 IR R B A o
Fin . I XXMAECR, AT EiRFEE, A
B HL Swin Transformer 5 BERT 1E b K14 9% 15
i SOAS G B 2% 0 A0 AR 5 SCAR R IE R AT $R I
4.3 XfLEXLIe

Sk A BT 5 07 95 1 A B L AR SCFE RefCOCO
RefCOCO+ Ml G-Ref = MH4i 4R Bk i 5IF 5
WA Tk AT R LA A5 R UL AR 1, SCER SR,
PEIT AL = AN I EEAE B o EUR AL T A
FW I HARR T HEAA A SO 1 OloU 45
b A G 3 4R T, 2 WY AU B TEORE oE R 7 B R B

F1 BYBELARRFE OloU TEXFLEE R (%)
RefCOCO RefCOCO+ G-Ref
Xif L AR Y e T M4

- Val TestA TestB Val TestA TestB Val(U) Test(U) Val(G)
EFNHH ResNet-101 62.76 65. 69 59. 67 51. 50 55. 24 43.01 — — 51.93
BUSNet ResNet-101 63.27 66. 41 61. 39 51.76 56. 87 44.13 — — 50. 56
CGANM DarkNet-53 64. 86 68. 04 62.07 51.03 55.51 44. 06 51.01 51. 69 16. 54
vLTHH DarkNet-53 65. 65 68. 29 62.73 55. 50 59. 20 19. 36 52.99 56. 65 52. 02

LTsH DarkNet-53 65.43 67.76 63.08 54. 21 58. 32 48. 02 54. 40 54. 25 —
SeqTR'®* DarkNet-53 67.26 69. 79 64.12 54. 14 58.93 48.19 — 55. 67 55. 64

ReSTR!'™ ViT-B-16 67. 22 69. 30 64. 45 55.78 60. 44 48. 27 54. 48 — —
MalL ViT-B-16 69. 38 71.31 66. 76 62.23 65.92 52. 06 62. 45 62. 87 61.81
PCANL? ResNet-50 69.51 71. 64 64.18 58. 25 63. 68 48. 89 59. 98 60. 80 57. 49

CRIS? ResNet-101 70. 47 73.18 66. 10 62. 27 68.08 53. 68 59. 87 60. 36 —
ETRISH ViT-B-16 70.51 73.51 66. 63 60. 10 66. 89 50.17 59. 82 59. 91 57. 88
CNNFormer ') ResNet-50+SwinT-B 71. 93 76.13 67. 74 61.78 67.78 51. 77 60. 84 62. 20 57. 38
BarLeRIa™" CLIP-B 72.40 75. 90 68. 30 64. 00 69. 80 55. 50 62. 40 63. 80 61.60
LAvTHH SwinT-B 72.73 75. 82 68.79 62. 14 68. 38 55. 10 61.24 62. 09 60. 50
MagNet!'® SwinT-B 74. 24 77. 24 70.15 65.16 70. 32 57. 14 64. 36 65.03 62.13

RISCLIPM™ CLIP-B 73.57 76. 46 69. 76 64.53 69. 61 55. 09 63. 10 64. 09 —
AL SwinT-B 73.96 77.09 70. 26 63. 31 70. 12 54. 96 63.33 64. 28 62.10
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AN HAR . 7E TestA BiKH] 77. 09 %0 , RIAA SC T
FENY) B AR o BT 55 vh B AT 5 Y B LA ) 55 g
D, A ERENSEM Y 5N RAEM, &
TestB A F] 70. 26 %6, J ik I 7E Wy 44 4 B2 18 X
HRA L3, 159 25 T SR 6 4 Ja AR R

AT EEAE RefCOCO+ | 3E — 45 31F B H A8 Ak
PRSCA A A P B B A I BB R . RefCOCO +
V18 ) A 8 R AR At 52 s ) O R L 0 A 2 1Y T
AT 2%, DRI S AR A K I A AR L AR
{B7E TestB FRIBURBEAL, AT RE R H T TestB %17
PEAR R 2 92 4], ok 2 A A A R B /)N L Y
%, ToU i F 4} 3 U, W B RefCOCO + H & T
Z W) it Ja A L 0 7S [) i) L B R T AR HORG 40 A0 5 T
PR AR B LR,

ARSCTFIEAE G-Ref 484 L0 TR BIAY,
7E Val(U) b3k 5] 63. 33 % , 2 WA SCA 1y i
SLfgHTRE ) 5

BRI K1Y SOTA F 1 MagNet 78 X} H 45
H AR TF ARSI AR AR T H A AR, 1 S A

TE IR B 10T 0 05 0 ) A A 4k e L
USRS A P A SRS A S I E AR RE .
UL T W5 4 — B 5 4 1% 2%, W 2 A 1 6 ELARE
RUSL IR PE W o AN SCTT I LABSUARR ) Al M 15 77 2 1
SSCH) A PR 2 BE A 7 DR A 550 v 1 R A ] IR o BB R
P FHEERL A 52 AR S P . A R RE G SE B 3R 5 T
PEAT LY B SR B S R X LI 2 R

®2 HASZEXLILER

(] Params(M) GFLOPs
ATk 237. 65 199. 16
MagNet 286. 38 242. 14

4.4 HEZXE
4401 AR R b A2 8

R AR SC T 4 Y 22 kL B R AIE B O B
(MGFE) . 8h 25 AU 4 B AL il (DW) K5 A 1 2K bR
B L compine BIA B . A CHE RefCOCO \RefCOCO+
Fl G-Ref B iE4E [ iE 177 Al 52 50, 92 50 45 31 0L 3%
3. KA K5,

F 3 RefCOCO WHF&EHRMEIEER (%)

MGFE DW Lcomt P@0. 5 P@0. 7 P@0. 9 MIoU OloU Params(M) GFLOPs
84. 46 75. 28 34. 30 74. 46 72.73 227. 74 192. 30
N 85. 38 76. 40 34.78 75. 30 73.12 236. 26 198. 22
N/ 84. 95 75. 65 34.55 74. 97 72. 89 227. 74 192. 30
NG NG 86. 24 77. 05 35.11 75. 88 73.59 237. 65 199. 16
N N J 86. 83 77.37 35.43 76.17 73. 96 237.65 199. 16
R4 RefCOCO+IIEEHMIEBER (%)
MGFE DW ! Com P@0. 5 P@0. 7 P@0. 9 MIoU OloU Params(M) GFLOPs
74. 44 65.58 30. 23 65. 81 62. 14 227. 74 192. 30
N 74. 95 66. 06 30. 30 67.03 62. 74 236. 26 198. 22
N 74. 86 65. 80 30. 26 66. 40 62. 33 227. 74 192. 30
N J 75.98 66. 96 30. 88 67. 40 62. 95 237.65 199. 16
N N N/ 76.97 68. 32 31.02 67.72 63.31 237.65 199. 16
K5 GRef WIFEBEMIWER (%)
MGFE DW { Comt P@0. 5 P@0. 7 P@0. 9 MIoU OloU Params(M) GFLOPs
70. 81 58. 60 22.73 63. 34 61. 24 227. 74 192. 30
N 71.37 59. 07 23.61 64. 32 62. 30 236. 26 198. 22
N 71.13 58. 85 22. 91 63. 82 61.48 227. 74 192. 30
N N 72.39 60. 27 24. 23 65. 86 63. 05 237. 65 199. 16
NG NG N/ 73.19 61.05 24. 69 66. 23 63.33 237.65 199. 16

TS R DA AR B0 AR Ak B8 1Y 5 e, RS
MGFE i, BRI ZE RefCOCO 5 3IF 4 i MIoU ik |
75.30% ; RefCOCO+ 5 UF #E£ B9 OloU ik #| 62. 74 %,
Jei FEE A 4 2 oR BB, A BLAE RefCOCO 5 i 4 11
OlIoU 35 3| 72.89% ; RefCOCO + % iiF 4 iy MIoU
IKF| 66,4000, A5 R KW, 20k BERRAE B2 OB B )

073 SO H AR I G AR BE S0 R AT B 5 L 4 )R 4y
ST PR R A, e 2 S5 2 A4S TR AN PR — 4 AR
JEE A [ AL A 3 00 S 0 AR B BEIR SR AR RE Y . X T
T ABE AR AR A 0 A 215 2R R 45 Ok e RO AT
XS R A B S 1) A i A AR S O
TR T 17 5 R o i L AIE ST L 3 0 L IX S
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(A 300 5 X3, 5 ELAE 3 50 b B4 AT ] 3000 R 22 48 2 B
P GINEER EN DR E =

(] FF i FH 22 88 5 A 2 BORSE B 3 25 A 3 i
BLAI I AR A BE 3 — 2P 42 T} 7E RefCOCO |, MI-
oU iK% 75.88% ; 7E RefCOCO+ Hl G-Ref |, MI-
oU 23355 67.40% 5 65.86% ., 4R EMH,shE
AN 43 ML BB 22 R BE AR AE B HURE He BL TE A DG 1Y
FRAE I 8 HE— 2D TOK 38 5 2 A5 R R G RRAE A AL
T3 C L 1Y SR AR R X A 2 37 S 3 N RE T .

)5 F T A B e i 4 A A 25 R AR AR b

KEUS AR 45 5. 16 RefCOCO |, MIoU #F# %
76.17% ;4 RefCOCO+ Ml G-Ref |-t 5 3 25 B Y
PETF T, S5 R B A B oA 0K M ) A 4
Tt 5 2200 B R AIE 4 BUASE B 1) 200K 8 340 2% AR D 1)
— B0, 0 SR MBSO P i 2 AR I B OB B 7 A 1Y
0 AE S ) AR T AR B 5R AL

WE 4 Fis, = FH S BRI N4 Jm 5 5 e
TiF 5451 2k 25 AN )2 S B 4 05 2 A Ak, B 3 4R T
WUt 2 5 v E A 04 35 A B A R A0 Y o R
HE— 2 B0 AR He 2 1) R R A R

RefCOCO OloU RefCOCO+ OloU G-Ref OloU
A A A
Baseline|72.73 Baseline | 62.14 Baseline |61.24
+MGFE|73.12 0.39 +MGFE |62.74 0.6 +MGFE |62.30 1.06
+DW|73.59 +0.47(+0.86) +D'W | 62.95 +0.21(+0.81) +tDW | 63.05 +0.75(+1.81)
e atine| 7396 +037(+1.23) . 6331 H036(+1.17) . (633 +0.28(+2.09)
B4 T RS AR T X L 1R

P 5 JEZR e S LR B FE A L 7H R — AR Y

FTAARRCR - 200 BE R AT S RO B o 28 4 A6 H A 3 5
T T TR L 43 F DX ) S G S G 5 ) 1

The umbrella with peacock spots

(a) HLFE (¢) +LGSA

(b) FEREHLR

& 5

4.4.2  BERASTG B PRI Rl S 5

Sk AR 5 5 A S T G R e X e 8 5 SR ) R L AR
AE RefCOCO B4R FHFATIH R SC 50 , 45 R W3k 6
JI7R o TEE T 4 DR AR AR ] A58 Y DL K I 2 3 gk 1
FIHE N B A SCHR H %) 22 00 B AR A 4 HORE B 43 531 3%

AR s BT 73 B AL A5 7 B ) F) AR
PR TF AR (N B 5 HR A B 2k R B — A B AR =
BAHL L PP AME G X HETH BV RE R G 5,

(f) LR

() +IPEEr 48 2k o B
(SERERLAY)

(d) +DW

TH B AR B X HE AT A

iy [F) 2 A B AR AT X, EFN 2 T 5L
FRAE D422 SR ms L FL Pk BE L 00T RE VR TS S M 1R 2 2
HFEYIE X AE BOAFF . BRINet i id X i 5 2%
FACACFFAE o A0 A8 BR 5K, S B3 1A 285 0 78 K R K
HER A R BRPE ., GACD J& — Fh 3% T Wi 4 f g
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B U 1 T T L i e R S B 15 R
W R )RR B ) 2 ) A% A7 L 08 R TR S A SR Y
Fon BTN R AR AR _LAR T AR E 7 5 L
B 1) By 25 0 T A A i R (LR 6 /N RUSE H B
11 FHAEUR DX ) 3 S

Fo6 BESHARRERIELER D

il A B e P@0.5 P@0.7 P@0.9 MIloU  OloU

EFNH 83.50 73.92 33.82  73.55  71.84

BRINet **] 82. 26 72.81 33.31  72.42  70.19

GACD 83. 22 74.09 32.71  73.16  71.20

LAVTH? 84. 46 75. 28 34.30  74.46  72.73

EN RS 86. 83 77.37 35.43 76.17  73.96
4.4.3  AUHE S BCTH RS g

AR GERAE Z ()AL E 3 TR 235 SR 0y 42 T, A S
TE RefCOCO Ho ik 4 b i 47 1 Al 52 56, 25 R an 3k 7
JR o SR8 1R [ AEE , SR FHE S A SR m TG
HR AR i A RRAE 20 25 R 4L PSS A8 B B, S B0 A
Yy T RRRAE e AN 2 5 T HL ik = %6 2 (i) o7 B Uk
PRI A, B A )R 5 4 R R AE I B IR Ak L AS 2 LA
X AFHIE AT A R o S s A R, S0 2 2
IXIWEHRAEE . BB, EREERTERETS
P R A ] A AT — o R W s A R L g ) B
TR Z RO R, i 2 15 DX 388 1) K R 0 0 4l 42
RE T, e A P BOCHE O B A AN B RS 4l 6 % Ak
T TR AR T A & Ir ik, 05 3 72 SE
R 3 o 27 > R AR IR A 1 1 EE L R A
FEAEIF 3060 T FHRRAE (5 H e X B A FRAE 5] 2E 47
PR, TC T Ak B AN A [R] > U B R AE . T B A AL
01 R N S 1 W i PO A e TR S S S S A
JERA BT S+ 127 B, o B s R
A S VA I DR B T S8 B 25 (R 4R

x7 NESFEEHMIBER 0

A0 A 5 3 AN BEAR SO LT AT AP e S Th =S 18] . 2226
Dice 45 % bR BIO6E 8 51 AN - i 5 HL 5 4 1 L 7 45 T 4
b A —E R B4R T AR H b DX B
FIR A e B H O 5 M EE I AN B XA 5y TR A B
Ir AR F BT R IR G TE L T RE T BOA SR AR Y s/ R
P HARES A B IR . 2 F Dice 41 2% B AUAE Dice 5
KRB AL bt — P R FE B B R G E by
ARG NS E AL AT IR HO I AR
AT AAT Sk 2 25 A 4 TG 45 L U T B X AR Y R Y
SR SR A 4 SR 5 R B AT A AN AR

xS MAEBHEMIEER (%)

AL P@0.5 P@0.7 P@0.9 MIloU  OloU
S 1 85.53 75. 96 34.28  T4.57  72.89
SIH 2 84. 60 75. 31 34.14  74.34 72,49
SIHy 3 85. 66 76.09 34.55  75.12  73.23
AR By ik 86.83  77.37  35.43 76.17  73.96

oo PR eRECH FlSE 5

RSN EEE RO S iR N &
A SCHE RefCOCO B ik 4E I 9547 3 fil 52 35, 25 AL
8 R . AU RAE y fe o I 253 K H1K iR
L REUS R AL A O AR T Y LR BE L 7 MIoU 4548
b b BB AR B AR L bl T 2 RRSF
flir 55 B bR 00 5 1 BE AR S AL L 7E = BT ARG

2% R B P@0.5 P@0.7 P@0.9 MIloU  OloU

leg 84. 46 75.28  34.30  74.46  72.73

! MuttiClass_Dice 85.98  76.73  34.93  75.44  73.07

L bice Boundary 84.52 75.18  34.18  74.25  72.17

EN RS 86. 83 77.37 35.43  76.17  73.96
4,405 BRAHR R ARG ) R 5 9 S 0

R VPAR 56 A5 401 % BRI ERCZ T] B L 451 PR o AR 78 43
E| M BE B B W, AR SCHE RefCOCO B UFE 4 L R 47 7
AL, 25 RN ER 9 Fos . Y BIEFR 0. 33 B,
BRI AE £ AR bR b 33K B SR A PERE 55 380 £ 1)
LU A Bl T 4 e R TR0 ok R A A R AR B b 1 5%
HRE ). AHEZ T IR TR 3.0 B, HAS T 48 A
BIRF 0. 33 (L& , 1M LA PR i — 25 38 KR,
RUPERE N B BT R, SR £, nT AR OB A X 4
Jey DX 7 5 R 0 AR R T AR B L B 7R AR 3 R
S LA K HE DL DX 43 B /N ROSE H s B, A58 78 1) 45 s P
ARG FIRE A R . & S8 ( WL E A
B b | B SR AR TR L By T T LA A 2R
FEAS . NTTAE DR 35 4 Sy 4 B B2 1 ] 1), 1 3% £
T 25 240 Y 1 220 1 RS B

x99 BARTBILGIEFHMEELER (%)

L A1 5 5 P@0.5 P@0.7 P@0.9 MloU  OloU
0. 25 84. 60 75.31 34.14  74.34  72.37
0.33 86.83  77.37  35.43 76.17  73.96
1.0 84. 96 75.77 34.13  74.65  72.45
3.0 85. 31 76. 31 34.75  75.11  73.09
4.0 83.56 74.63 34.05  73.90  71.76

4.5 HDERMRAAML

O BAEAS SCT7 1 B PR BE L %) 36 TR A v A B AR
(8 FIROCR BEAT /] ALAE . 1 6 BT 7R L [R)26 H AR 2 7
L A DX 0 22 A e S ) L 3 A 2 1 5 7 (S il ik —
i, B N 23 18] 48 71 1] 19 % A R4 )R L AT 2 il BE
PARYEE bl WY/ P w7 B R E R T NG



1644 it =

2 4R 2026 4F

P TN 52 B ) 8 T R A JE LD ST SR T
IR RS AR AC HL T B A B A RTE 250 4 o 7 5%

Top left plate

Bottom right plate

(b) FrHEsE S
Bl 6 oy gl Ak

(a) J5 (b) SrHgs (c) TR

WP 7 R CH R — AT SOR IR TR I T B
& W 8907 AL AF B BVAE R A A AR 0L H bR Y
I AR AT BE A RS B M 2 5 A O B TR AR AIE 1A
T B B BRI H AR O 7™ A — 5 G TE . (HA A
TR SR AT R RS R e H

Top left plate

(e)F,

The woman in a bright blue shirt

The kid in black on the left

(c) TTHzhR%

BRI s 2 RUZAR AW S B B e /N AR AR oL IX
SRR AR 5T SRR 20 BOR RS T 5t

Top right plate Bottom left plate

The girl on the far lefi

e \ea L
o, e

Blue couch lower right cormer

The man bending over

I'he chair on bottom left

(b) Ar#nss () T bRE

(b) sriflLs R

(c) FLIhRAE

PRICIR, T 5T I 55 . 28 AT AR R A% X
Gl 22 5200 AR A H AR5 5 8] RO
I B RAR IR RE WS £ 35 52 o 1) 20 KRS B2 L AR )=
REAE PR A A N 6 Wi 7 458 8 7 I B A 2 U
TRAE Y 32 i 3R FRAE A T 5 o 3 =47 P )45 Ak 5]

(@) AR

K7 g BoaT AL
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C 28 RE RS TR 3 B R 48 42 19 48 B . (EL X950 20 7 S o i
BRI, 3 5 B 2 R R SCAR SR AR Y i — 2L 2
AR A ER H AR KR P BT A L o
PUAT ) 373 55 A7 B0 53 4wl J3E O vy 7 DA A T
w0 S R N A B e O DX, B I AR AR
X B2 2% S 4 1) A — S TR M L e 0 A SR ORERE
1 DX Bt 55 19 2 400 L 7 22 30 55 N 0 58 AR AT A
A ERR I AY L 5 EL IR TE AT LG L UE N TR DX Y
e o 75 B g P2 T =S 1

P8 J 7 » & — {91 v A 2R RE Y Afy X 03 72 )5 O

The red bus at the back on the left

e

(a) 518

(b) rEh

(c) FTIhrst

CLAON AT H T2 I 55 ) 2048 2 52 4 5 i 5 7 7y
AL 7R 23 1 D BER 2 A AR SR IUAR AL B
A L o0 A I L AR A 20 (8 8 S A T
SrJEJ7 bR R A A A8 R AR A AL 5 AT
M A 2 SR TR U TR R R R B AR
S T R 23 B B S A AR XN HE R L A
AT AR R 22 L AT R AE 55 0 BOE 26 F T L B B
O 45 5 5 SOB R I [R] — 28 5 B SR I A
M 3 3 WA R 3 B JRRIATS A7 AR A A2 S RPN L
P Y & R A o 32 T

The closest laptop to us

(a) IR (b) rEs R (c) T 9hs%E

K8 rl e i as R

5 4 i

AR SCHR H — o 220 Rk i B 451 R AR Y T
BARHIIr ik . 5 h s — ol 22 R AE £ I
BBl 2 R o SO R oy SO S e R B
T SCRFAE 5 Jry 0 4 9 R A B TR EE R B2 TR IE SR
B RN s T A —Fh Sl AU 2 B AL L 38 i %) 20k
JERRIE B AU R AT Sl AR D TUAR S BT 2
THRFAE B 5 fi S B TE — Pl B 48 2% R B, T
DAL pR B L9 382 T 552 H A XSS 1) %
AR L I SR R AR SR . A = A AT e
4 R S 45 i E TR M R L AR SO A RE B AR
B SCAS il i o 1 8 R RE s DX T B A A O 1Y
SENLS o BAT — Ak
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segmentation method. By leveraging advanced language rep-
resentation through BERT and high-quality visual feature ex-
traction via the Swin Transformer, our method performs a
more comprehensive cross-modal feature fusion. Specifically,
we introduce a local-global synergistic attention module that
enables deep interactions between global contextual informa-
tion and local boundary features. Complementing this, our
dynamic weight allocation mechanism adaptively balances the
contributions of fused features, and our joint loss function is
designed to enhance the segmentation of difficult targets
while suppressing background interference. Experimental
evaluations on benchmark datasets such as RefCOCO, Ref-
COCO+, and G-Ref demonstrate that our approach achieves
superior performance in overall Intersection over Union
(OlIoU) compared to state-of-the-art methods.

This research falls within the domain of computer vi-

sion, specifically addressing the problem of referring image
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segmentation. Although significant advancements have been
made internationally—with various models now capable of
handling complex cross-modal interactions—challenges such
as precise boundary delineation and robust segmentation in
Our work makes a notable

cluttered environments persist.

contribution by advancing the current state-of-the-art, partic-

ularly in the integration of global and local features for en-
hanced segmentation accuracy.
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