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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 understanding of both visual
content and linguistic semantics, as well as precise alignment between multimodal features. Although existing
referring image segmentation methods have achieved notable progress, several critical challenges remain. First,
many approaches fail to sufficiently capture and integrate global contextual information and local detailed
features, resulting in limited feature representation capability and incomplete semantic understanding of complex
scenes. Second, 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 feature extraction and loss optimization. The
proposed method aims to enhance feature representation diversity, improve boundary alignment accuracy, and
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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
module consists of a global branch and a local branch, which interact with each other to capture complementary
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 segmentation. Furthermore, to mitigate the influence of redundant or irrelevant
information introduced by multi-granularity features, a dynamic weight allocation mechanism is introduced. This
mechanism adaptively adjusts the contribution of features at different granularities according to their relevance to
the target object. By dynamically reweighting feature representations during training, the proposed method
effectively suppresses noise, enhances informative features, and improves overall feature robustness. As a result,
the model is better able to focus on the most discriminative visual cues that correspond to the textual description.
In addition, a joint loss function is designed to further optimize the segmentation performance, particularly at
object boundaries. The joint loss combines multiple complementary loss terms, each emphasizing different
aspects 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 discrimination 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 benchmarks, 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 effectiveness and robustness of the proposed
multi-granularity feature extraction and loss optimization strategy, highlighting its potential for advancing
referring image segmentation research.

Key words referring image segmentation; cross-model fusion; feature enhancement; attention mechanism; loss
function
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MagNet!7 SwinT-B 7424 7724 7015 6516 70.32 5714  64.36 65.03 62.13
RISCLIPM CLIP-B 7357 7646  69.76 6453 69.61 5509  63.10 64.09
AL SwinT-B 7396 77.09 7026 6331 7012 5496  63.33 64.28 62.10
43 FLESTES *2 BEREHEXLER
i Params(M) GFLOPs
JUE TR T VR A R, AR SCAE RefCOCO, Y 237 65 199.16
RefCOCO+fl G-Ref = AMHdfE4E LTIt S MagNet 286.38 24214

DA kT R LR, SRR 1. SRIRaR T,
B4 7 VEAE = AN NI B 5 b 0 4 BRS BEAR T
A Fm T, BB TREEA, ASC7Em
OloU #EbrA BESETF, R UIBIALRETE RG] FH AL
BEEENBHFR, 7 TestA LisH| 77.09%, £HIA
SCOTVEAE N B A5y BT 45 B R A S
XA, NHAERRESH5ENY 5 FRIE
5, 1E TestB ik 70.26%, IeiiF HAEM ARG RLE
B R B, 18T R A R A .

A T713:4E RefCOCO+ itk — 5 iF B HLAE b 3
AR H A JEYER &% . RefCOCO+4)
PRRR AR R B R, WA E A A
BRIk, KA K R SR A . (HAE
TestB L PR RISAG, AT BEA2 HH T TestB &1 1VEAH )
RIS, X HAREE R /N, EPHE 2, loU
XA AR EhEUR, [FN RefCOCO+ ik B £ AW i
JE A, SR AS (A1, AR AR RS A0 D S 1 1
MEEE.

RITTIEAE G-Ref FdE 4 R0 T LAY,
7 Val(U)_Eik 5] 63.33%, & BRI SCA I8 X
fRHITRE ST 5

BARITAER) SOTA J77% MagNet 755 Er gt 5 1
T ARTTE, BARET MR, s irE
WIZREH b3 1 B s oy BIHERD, R i = HL 4o
PR e A RS, SIRERA R, X
TR — P AL g AD 2%, S A e HLABE Y
AR AL LU R S A i 197 B i 2
PIHEREE, RRETEORIFR S PERE IR, AR Hh
PET AR () S P R B M . 7 [RDRE I SRS A BE F
BT, R S8R SO S AR B EL SR 2 B

44 HRASELG
4.4.1  EHLE]H Rl SLLG

SR 56 IE A SC R B H 1) 2 R AR AIE B RS B
(MGFE). SR ESEHLE (DW) KEEA K
BRIEL e (WA B, AR SCHE RefCOCO.RefCOCO+
A G-Ref B ERHATIHRLSLES, SLo0ah v WK
3. #4. £5.

TS B PP A B G R PR R I R e, R
MGFE I}, #iRI7E RefCOCO KiE4E M MloU ik F
75.30%; RefCOCO+IGIE£E[] OloU iA% 62.74%.
B G T, BiAAE RefCOCO JniF 41
OloU ik % 72.89%; RefCOCO+IIF4 ) MloU ik
FI] 66.40%. 45K, 2R RHESE U5 5 7
OO B ARIA GRS SO AT 0, 4R Sl
PRARARMR, HME IR LA AL AR B — AR R
], R R B AR B RAERE ST . X T T
MEZR AR I FAE G R B 400 2% bR B AR AL
BHTBOR, 1ERAEE IR n AR R, B S0
()77 Tl BT A M, A AR S AR X e fE X 43 (1)
BRI, I HAE DA AT AR R 2 A s LR
] A AR 1) 4 2 T v

(5] B JE FH 22 0L B2 R IR £ EURS B A B 25 B E
BCHLEIES, B PEREE— 32T, 7E RefCOCO I,
MloU £ %l 75.88%; 7t RefCOCO+#1 G-Ref I,
MioU 73 liA % 67.40%5 65.86%. 25K, 2
FEE 43 BC AL ] e 22 60 B R AE 52 BB Bl L TR AH O
RHEIRIE I — P ORI Zh A R & R 1)
B L, 3mSR X & 37 5K 3E M R

2 jE T A B, SRR B E AR B TE AR
VIS5 5. #E RefCOCO |, MloU #RTFE
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76.17%; 7 RefCOCO+#1 G-Ref |t 5 IS 2
FHiaH . 250K, BCAHR RO G E ST
K5 22 L 5 AR A i RS B 1) R 3 5 S A T ) —
B, WURWCSHEE R, AF 2R R R AR = Az 11
YT 7E S AL R R AR 2R .

mEl 4 Fiow, =—FHMEERE NSRS R
BE SRS LA B se B4 i, BRI
BT B J 3 3 b B b 1R A B A R A0 1 2 1

73, Bt D RRAEREH R AR RN

K 5 R A FE AR B Gt _E Vi Bl — Mg R
IR RACR 2R AR AL SR U B 5 25 44k H AR
JAFFFAMGF TR, I X S e RS i &
PR SR BB 2 Fo LA e 7 S FERS )
BRI E, RTHEME RS, BREHIp Hdt—
B E bR, =FAERLZ R ANME &, X 52
Thor HIPERE R K HEL,

% 3 RefCOCO IGESEHRSLIRER (%)

MGFE DW L combine 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

v 85.38 76.40 34.78 75.30 73.12 236.26 198.22

v 84.95 75.65 34.55 74.97 72.89 227.74 192.30

v 4 86.24 77.05 35.11 75.88 73.59 237.65 199.16

v 4 v 86.83 77.37 35.43 76.17 73.96 237.65 199.16
%R 4 RefCOCO+HIFSIHRSIIETR (%)

MGFE DW leomie ~ P@05  P@0.7  P@0.9  MloU OloU  Params(M)  GFLOPs

74.44 65.58 30.23 65.81 62.14 227.74 192.30

4 74.95 66.06 30.30 67.03 62.74 236.26 198.22

v 74.86 65.80 30.26 66.40 62.33 227.74 192.30

4 4 75.98 66.96 30.88 67.40 62.95 237.65 199.16

v 4 v 76.97 68.32 31.02 67.72 63.31 237.65 199.16

&5 G-Ref INEEIHRSIIER (%)

MGFE DW leomie ~ P@05  P@0.7  P@09  MloU  OloU  Params(M) GFLOPs

70.81 58.60 22.73 63.34 61.24 227.74 192.30

v 71.37 59.07 23.61 64.32 62.30 236.26 198.22

v 71.13 58.85 2291 63.82 61.48 227.74 192.30

v v 72.39 60.27 24.23 65.86 63.05 237.65 199.16

v v v 73.19 61.05 24.69 66.23 63.33 237.65 199.16
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RefCOCO OloU

A A
Baseline |72.73 Baseline |62.14
+MGFE |73.12 +0.39 +MGFE |62.74
DW |73.59 +0. 47 (+0.86) DW |62.95
Heomsine | 73-96 +0. 37 (+1.23) Hepiine |63.31

RefCOCO+ OloU

G-Ref OloU
A
Baseline |61.24
+0.6 +MGFE |62.30 +1.06
+0.21 (+0.81) +DW |63.05 +0.75 (+1.81)
+0.36 (+1.17) Hogmiime |63.33 +0. 28 (+2.09)

El4 HRRIRFRA MR E

The umbrella with peacock spots

Standing black suitcase on the right

()R (b) SRR

(c) +LGSA

T
2 n

(o) +BRE R PR KL
CGERBD

(d)+DW

(DI FEhE

E 5 JHRARIRXIEEATALL

4.4.2 FEIEES RO Bl

RNIR TS LA b A AR BRG] e 24 45 R, AR
XAE RefCOCO 0iE4E it AT yHmhsrys, 45 Rk
6 FTume TEH T W48 DR FFAH RS2 DL K )11 25 5 s
MIRTHE N, WA SR H 1) 22 00 B R IE R HUBE B 43 31
B N RSB B B T I . EFN 56T 5 1
FRAEPHZ NS, FLrEREIRAI AT BEYR T AL VRE 2
H S EE UE BASTE . BRINet 3@ i3 XA i 7% A
PACKFAIE, EIRFREUR, WS H SRR K
R R IRTE . GACD & — it T g R0 Hk
PR R INLH], SRR A R E R,
AR PIRFIED B 2 (R A B, B 58 R85 4 R
Fon, BIERE R TEbE PR T AT, eI
TR IR B33 4 B AE R BE R RN RSFE
P R I SRR X3 )3 A A2
4.4.3 AL RS

IR FURHIE 2 A E 73 Beo &5 SRR T, A5
7t RefCOCO HiF£E bibAT s, «5Ransk 7
Jimo SESG 1 R e E, SR E 2 AR S o2
MR N RIS RIS RS S T, FEE A

Y5 N HIRFIEmA SAS A2 5 1 EL R = 56 2 a7 5 sk
PERERAR, PRS2 RRER I E A, A2
PAXTHI N R AT A 28X 7 BN A R A . SRie 2 2
11 PIEREER ST, @i R A e R 1,
AR ] 8 AL A — e FE P BN A RERE ), (HBT
PCRBAR R H RS2 s X K AR 2 g
71, WAFEOCRM B IGEAL . Hai s HI6e
A, MITRIAE T AR 5% 258 3 & SE
B, @S SRR E R B, R
FARFAEHANEITEHRHE, (H X BEXT AAMREAE B 3E AT
PRI HE,  ToiRAb B AN [FRIR BAFAE . T )7
REE A3 e W P AN FRAE YR, 38 I A R A R AP
fEIFR A EAT, 2L “1+1527 MIBCR, Jf Hisid
AR AL ], OREE T e B 1) 25 (A1 4E R
A4.4.4 5K R O b SR Ie

IR FEAN [R5 2R R 5O 45 SR 77 A AR AL R,
ACAE RefCOCO 6 iiF 4 F b T miseas, &5 3
R8P B XU HRIARE Ry d i FH B 2 4 i
KRE, Rt iR ptECON R BRLRMERE, 7E MIoU
Eietr L EABOVFRRMRDL, SR, BT HX 2
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[E AP 5 B ARl A0 S AR AL, 75 A
R 4 4K s o7 RV A AT I L T TN AE AR 32 T =5
). 2% Dice 514k bR U6 2R HI AT 58 Ha ek,
TES T s B3 — 2R 5T, 16 B AR Xk
AR ARG B BN, IR S
TR M FAR AT RPR ST, T RE S BUA LA
FT /N RS B AR5 IS . 1. 5% Dice 512Kk BRALTE
Dice #i K R EGEA ik PRI TS S, BRIk
i H AR A S5ih g e S, SAEEMEL, Hxt
DI RA AR R B E AT, PERER x40
I SR SRS AE 4 JR S RSP AT AN AL
4.45 BRI R B LA R 1 s 5

NPk B 453 2% BR B2 18] ) B A R %o A5
Iy EIERERIFLIE, A AE RefCOCO ilE4E bitktT
THRRSEEG, 45 RNk 9 R M EBIH 74 0.33 |,
PRAULE 5 TR b 3508 BB PR e, & 4301, 1
EE A5 A BT 88 v A 28 St R M A A A 0 s 1)
KIERE 1. A FILBIR A 3.0 B, H AR
FREET 0.33 B HE , 1 L (R 733k — 25 1 K,
PRV RE U BH 2 N %, b SR | AT e S BUR A X
4 JR DX I 78 5 66 ) BRI (R, (HAE AL EE S
A48T UL R HME DA DX 20 RN ST BB, B () e
PERURE N4> BIBE A2 o 4425 | (0 ELE R o
U Hh 5] AR R T AR 5 T 48 ST
RFEAR, MIMTTELRER 4R o BIMER FE I RN, 238
PETF IS0 0% R SE ARG FE

=6 PBIRSHAEIGERSIINSER (%)
A R P@05 P@0.7 P@0.9 MIloU OloU
EFNIT 8350 7392 3382 7355 7184
BRINet!®! 8226 7281 3331 7242 70.19
GACD_ 8322 7409 3271 7316 71.20
LAVTH 84.46 7528 3430 7446 72.73
ZNC IR 86.83 77.37 3543 76.17 73.96
Fz7 WNENECHMLELER (%)
W E P@0.5 P@0.7 P@0.9 MIloU OloU
SEEG 1 85,53 7596 34.28 7457 72.89
SEig 2 84.60 7531 3414 7434 7249
SzEg 3 85.66 76.09 3455 7512 73.23
AEJHE: 8683 7737 3543 7617  73.96
8 MRRBUHMSIER (%)
W P@05 P@0.7 P@0.9 MIloU OloU
lee 84.46 7528 3430 7446 7273
Ivuttictass_pice 8598 76.73 3493 7544  73.07
I oice_Boundary 8452 7518 3418 7425 7217
ZNE AT 86.83 77.37 3543 7617 73.96
=9 PRRMELGIEFHMIEER (%)

k@I 7  P@05 P@0.7 P@0.9 MIoU OloU
0.25 84.60 7531 34.14 7434 7237

0.33 8683 77.37 3543 7617 7396
1.0 8496 7577 3413 7465 7245
3.0 8531 7631 3475 7511  73.09
4.0 83.56  74.63 3405 7390 7176
45 SEIFERATIL
NEAEARSCOINERYERE, SRR A

1o FIRCRHEAT I R4, 1 6 B, RIS H ARsE L,
AL HER X 7> 2 M e, RS (o B 5 75 (Ll ik
— 3, UEBHON 7 A1 7= 1] 6 A A R 4 ) ) LR 22
REJT; IBARARKLEE AN &, Ish H ARG B
SIS, TN R e A B EARRC R HIA AT
2 WY I 46 T AE 52 A8 LT S BUCARE P AR T 265 9
I AR EOE; 2 RSN, HAAE Y
iy AR XS R R A5 BT S RE RS 2 B OF
RFFTEE 5.

K7 ffos, 547 SO Ty ] A5 W
B 7 S AE B, RS BB R A7 AE AU B T
o, BRAIREE RS I TR AT R, AR
IR B, A H AR X O A RTE, (BT
WEEDERMES, BENERRFILE, ERIE
FAEHARXIE, BT RS . 5 AT ERIR
FEXRIEZ BN TRRARS T SR
PRI, BRMK IR BENS DR A7 = 1 70 H1AS
FE, ARJZHRFAL D A N R R BN 0 1 B
2 UG R H R B AR LT 5 B =147
Hh TS AL P e e 8 TR B BEFE A (R R, (EX AR
S E SR RPERA, 8 R Z RS KA
BE— BRI EIRE H AR XS T A A BT
T ko VTR SR I8, XM e, 7
FRHEE T, OSSN A E SRS X
s, IR RIS A AE 0 IR, I
oy BIEE RRERENS X 7 OB 20, (HAEMS
NPT A D B R oy, 5 R SERREA L,
WS S DX IR ) 75 A% 5 0 2 ]

K8 o, Bl AR BEHERA X 2 “ )5
I EAR /N S B 1P E 1164 AN GO/ B T )
Pl AL S AR 7 B X3, B AN H ARSI
Ll BUEARE B EER, AL e A 2l
7oy ETT Bk, AR )E 4 AR BRI AE AL
B, 3R BRI, TR BIIR R OM
PEERR . B AR 3 DA DA v
W, AURRRGEZE, WHERBRETL. otk
PER, BB R 5 B RO R VOV A — I S EUL
FA I ANEMT . X R TR L,
XX L R & R AT 5 52T
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AR P 2 WAL 3R B i R DA )
KGR0 E5E. B, M — M2 R LIR
Wi, i 4RSS R SO, SeBl 4
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Top left plate

Bottom right plate

X 2 KL EERHIE AL HEAT B A B, D U AR AR 2
T, RIS, &5, Bt — MGk
PR BRSO LU, BT S H AR
DX AL ARAF B IRA AL, 9 A . 72 =
AT B RE S 5 e B e M i R,
AR SCT5 I RE S ARAE SCAS R x B & b R e H AR IX
BESEIBON RS HER E AL S 0 &, B — €A .

Top right plate Bottom left plate

o u

The girl on the far left

T'he kid in white on the right The kid in black on the left

(a) L (b) FENGER

(c) HSEHR%E (b) FEIZER

Top left plate

(c) FYPRE (b 3 I F

The chair on bottom left Blue couch lower right corner

(c) FLohr% (b) 7 F (c) BLShR

(a) R & (b)F, (c)F,

(d)F; (e)F,

E7 SEIM AL
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The red bus at the back on the left
| t e
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The closest laptop to us
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