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Abstract: Semantic segmentation is a fundamental task in computer vision that aims to assign a semantic label to each
pixel in an image. Most conventional semantic segmentation methods are designed for a closed-set setting in which the cat-
egories involved in testing are predefined and largely consistent with those observed during training. Although this setting
facilitates the learning of stable category representations and clear decision boundaries, it limits the applicability of segmen-
tation models in real-world scenarios, where unseen objects and novel semantic concepts are frequently encountered. In
this context, open-vocabulary semantic segmentation (OVSS) has emerged as an important research direction for extending
semantic segmentation from closed-set prediction to open-world visual understanding. OVSS enables models to identify and
segment pixel-level regions corresponding to arbitrary textual concepts by using natural language descriptions as category
definitions, thereby alleviating the dependence on fixed label spaces. The rapid development of vision-language pre-trained
models, especially contrastive language-image pre-training (CLIP) and related large-scale cross-modal models, has pro-

vided an important foundation for OVSS. Trained on massive image-text pairs, these models learn aligned visual and tex-
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tual representations and exhibit strong transferability in open-category recognition. However, most existing vision-language
models are mainly optimized for image-level semantic alignment and global visual recognition. Thus, these models have dif-
ficulty meeting the requirements of pixel-level dense prediction directly, such as accurate localization, boundary delinea-
tion, and fine-grained category discrimination. Therefore, how to effectively transfer image-level open-vocabulary recogni-
tion ability to pixel-level segmentation remains a key challenge in OVSS. This paper summarizes recent progress in OVSS
from the perspectives of task background, representative methods, benchmark datasets, evaluation metrics, remote sens-
ing extension, and future directions. First, the paper introduces the task background and basic characteristics of OVSS,
after which its relationship with conventional semantic segmentation and zero-shot semantic segmentation is clarified. Com-
pared with conventional semantic segmentation, OVSS emphasizes generalization beyond predefined categories, whereas
when compared with zero-shot semantic segmentation, it further benefits from large-scale image-text pre-training and allows
more flexible category definitions through natural language descriptions. Second, representative OVSS methods are
reviewed in accordance with several major research routes, including zero-shot semantic segmentation, early explorations
based on image-text supervision, two-stage methods, and single-stage methods. Early zero-shot segmentation methods
mainly rely on semantic embeddings to transfer knowledge from seen categories to unseen categories, but their expressive
ability is often limited by static semantic representations. Meanwhile, initial studies based on image-text supervision
explore whether transferable semantic region representations can be learned without dense pixel annotations, thus providing
important inspiration for subsequent OVSS methods. Two-stage methods usually decompose the task into class-agnostic
region generation and open-vocabulary region recognition. While this paradigm is clear and modular, its performance is
highly dependent on the quality of candidate regions and may incur additional computational cost. In contrast, single-stage
methods aim to integrate region modeling, vision-language alignment, and pixel-level prediction within a unified frame-
work, thereby reducing cross-stage error accumulation and improving inference efficiency. Nevertheless, they still face
challenges in fine-grained localization, dense semantic alignment, and robust generalization to unseen categories. Apart
from analyzing the main ideas, technical characteristics, advantages, and limitations of these methods, this paper dis-
cusses the extension of OVSS to remote sensing imagery. Compared with natural images, remote sensing images typically
exhibit top-down perspectives, large variations in object scale, significant orientation changes, complex backgrounds, and
cross-region distribution shifts, all of which make it difficult to directly transfer OVSS methods designed for natural-image
scenarios to remote sensing applications. Therefore, recent studies have begun to explore open-vocabulary remote sensing
segmentation frameworks, dedicated benchmark datasets, training-free strategies, and multimodal fusion methods. This
development indicates that OVSS is gradually expanding from general natural-image understanding to more complex special-
ized visual domains. Commonly used datasets and evaluation metrics in OVSS are also summarized in this paper. Existing
studies typically use COCO-Stuff as the main training benchmark and evaluate model generalization on datasets, such as
Pascal VOC, Pascal Context, and ADE20K, under different vocabulary settings. At present, OVSS evaluation relies on
conventional semantic segmentation metrics, especially mean intersection over union (mloU). However, such metrics
emphasize strict category matching and are insufficient for measuring semantic similarity, category hierarchy, and open-
category generalization. Therefore, constructing evaluation protocols that better reflect the semantic openness of OVSS
remains an important issue. Finally, the paper summarizes the major challenges in current OVSS research and discusses
promising future directions, including the effective transfer of open-vocabulary recognition capabilities to precise pixel-
level prediction, adaptive region generation, evaluation protocols tailored to open-vocabulary settings, learning with lim-
ited supervision, training-free inference, and extensions to domain-specific applications.

Key words: open-vocabulary semantic segmentation (OVSS) ; vision-language pre-training; contrastive language-image

pre-training(CLIP) ; cross-category generalization ; open-world visual understanding
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Fig. 1 Research evolution and application expansion of open-vocabulary semantic segmentation
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Fig. 2 Typical workflows of major technical routes for open-vocabulary semantic segmentation
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He AR R AR, 1 9 AR R A AR B2 U1 RE )
S-Seg (simple open-vocabulary semantic segmentation)
(Lai, 2025) W) it — 25 2 W, FEHCiI i 357 %1 v 3
ik DN S0 B BRI SRAR o o B A LR
FPHE SR 33t 1) ) P 3R A 508 A2 AL P R

BB BT Wk R — AP S A SR i — A SR
D) R 5B A = T 1 . LoGoSeg(Chen
%2026 ) 3 i X QAT AE SR | XU Fr A S
KO Rl AL R 225 1 SORIABABE JR T X B 24 SR A
i L E s — 2R~ AZ H . dinov3. seg
(Dutta 25, 2026) W 221804 DINOv3 £ 51 & Ak 5] AJF
ORI S8, i B A R 2 R bnic 5 R e
BOURE, TR SO BT R HEA T A 42T 5 23
S P S AR E 5 B R

VRIS, BB BT IR BOWE S B B 22 i)
I i CLIP” B — 25 Ji 21 o] % 5 B 58 19 Jmg 34—
2 R e Se 30 0 S GE — MR R A0 — SO
B o AR T WU BT %, B B A T B T B AL
SR 2 28] g P13 (5] DG A T T B — s ¥ 7, (H
HOAZ R ARATS 2 BT D A T ] PR 50 0 B ik ) AL 5
—if T PO GRR R A E iR AR R HH AL 55, OF
H 4 ] 5E A 4i0RE R 25 8] 67 BE T 5 F IR Bz 4k
RETT .
1.5 FFAgiEiCE R E &R E

Wt 2 F R o3 R AIE TS 2 A0 5 1) LS 0 3
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S, 1R EMR E O WY R . AT A
SRPEIS, 1 TR 508 i BA IR A AR T ) 221k
R R B K L B B DX o o A 2 5 b 3 SRR A
1 A SR I rp 1 I R 3 S0 5 M L) T
#% . FTF It , OVRS (open-vocabulary remote sensing)
(Cao 55, 2024) B AL R Ge b Hy 7 T 1) 228 JR% P 1R
AT BRI T o> BIHESR , IF 41 %0 7 10 22 4k 5 R
AARBETT T AH B AE A

Fi J5 , GSNet (generalist and specialist network )
(Ye 55 ,2025) it X I ik i) 1 1 S A 4R 1 S o7 )
(open-vocabulary remote sensing image semantic seg-
mentation, OVRSISS)T: 55 # 47 T IE Xfb e X, IF 42
tH LandDiscover5S0K #4552 , iz 05 n] A 7 441k 1
BE 4% . A, SegEarth-OV (Li 5%, 2025a ) 4% 56 |
GITEIE— I NB Y 5 A2 A 1R R 4R AN
ZRAES BIE T ICESNINGRIT O BTk il
H o HE— 25 M, MM-OVSeg (multimodal optical-SAR
fusion for open-vocabulary segmentation in remote
sensing) (Wei 55,2026 ) SUKHZ 7 [ 4 g 2657 5248
5 SAR (synthetic aperture radar) 2 ) SRS
Yy il B AR AR AR 5 5 RUm S S AR IR B,
THT 2R T R n & B

BART , TE i) R B Lok R e w0
TE AT 55 5 SC B 4R A A 3 5 2 B & e ik
2%, IXFRH T ORLTE S BRI FE R GAEAE
FI AR B 37 5038 20 0 8 28 I Ao 7 JH 5, 1%
¥ e Ry HAT S e I R FEHE SR

2 HEESITMOIEIR

2.1 ERHEE

Pascal VOC (pattern analysis, statistical modeling
and computational learning visual object classes)
(Everingham 4§, 2015) J& 185 3L 43 BI0F 52 b N FH ek
Tz BB RO B — A 20 D ET R SR 1A
o T E R 1 464 TRUIZREIR (1 449 TG IE
FUGFN 1 456 @il 185 . 22T ORI oy HIME
%5 v, LB SR DL PAS-20 I 28 L 32
TR 0 R SR AR 2 S A4 O TR 5 o g
Ho AHH T 2RISR A IR, AR 415 51 X
LR N5 T BTG RE AN AFE—E A

COCO-Stuff (common objects in context-stuff)

(Caesar 55 , 2018 ) /& 4 /i JF B I 15 S o BIWF 5 h
i 2R 2 — o BB 4E COCO J5AT Xf
GG I IERE b 2R T KRS S X
SRR VR, A 172 A4S 2800, b AL 4R 80 A Hip St
(thing)Z& 91 475 5t (stuff) 28R 1 AN KPR S, B 5
COCO 2017 (Lin %5, 2014) i) 4= 3B 164 K 7 K5 . #H
T Pascal VOC, COCO-Stuff FLA B 58 24 19 3 54
BRI 3= 5 118 SOZ IR R oA B B2 0 1
SR . P, FLRE Tz SO RN S
EN G — IR, DL S PR 2 o) B 2 5 Y e 1
PE 7

ADE20K (ADE20K scene parsing dataset) (Zhou
45,2017) 37 SRR A AT o 2 A 1R MR B 2 s
27— 4055 20 210 & I 25 &% .2 000 I8 56 31E & 15
A3 352 M R AR o AE TR ORI i 43 E A O
58 T, 12 B e A 38 H R AP G, B A-150 1
A-847, Hidr A-150 XF Ry 150 4% 2R, EEH T
PEAS B LE BRI SUorE1 e T SRR RE ; A-847
XTI 847 /N T ST B (2 i A G, T R AS Jix LA AR A
2 FE SRR 1 Iz AL B

Pascal Context (Mottaghi %5 , 2014 ) & X} Pascal
VOC it — 4 & 3 TR N E R s LR
FRuEAs L R 2 5 K g2 G 5 KRS
WEEMG o FEFF ORI LAy EME 55 v 25 s A7
1£ PC-59 Fl PC-459 Wi i UL L &, o PC-59 i
TR AL B ERT L , PC-459 W B 58 A 2 S A6 I A o
IR 3] 2 (] v 1932 Ak B

SR E B 4 R A A BT ORI R
SCoy B AECh RRE IEIIMA R, K 3 iR . A
TAE % LA COCO-Stuff 75 Ky Il 25 KL v , I 7F Pascal
VOC (PAS-20) . Pascal Context (PC-59 . PC-459) L\ }
ADE20K (A-150, A-847) A7 Ik . BT A
RE A% Rt T B X B AR s 4 10 RR A0 T, 5% 0 b
MR LE T b B2 AR BE T, TR B T A
AN T A i RIS 3 5 OS] 22 2% 14 T A 1k
B2 5.
2.2 FMIERR

FEVEUFEBr 7 T, TR %) B m5ih &
B AR B8 5 B0 4 4% 0 48 b - 38 58 5
(mean intersection over union, mloU) (Zhu #1 Chen,
2024)

SR, T ZEF8 2, A 18 o BIPEM AR b K
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Table 3 Benchmark datasets for open-vocabulary semantic segmentation

AT S X5 B TR
. o YIRS 1 464 17 IEIEKIE FHFPPAs MR 5 BRZE 50 TF R 3 5
Pascal VOC (Everingham % ,2015) 1 449 TIRIEZ 1 456 0 PAS-20 SVEIBE S (BB
COCO-Stuff( Caesar%,2018) 24 164 K I E1{4 COCO-Stuff  # FHUIZREEuE, it i 2 18 EE
ADE20K (Zhou . 2017) YNk EIM% 20 210 17 50 0F K14 A-150.A-847 A-150 I FARUEPERE VAL , A-847 I F

Pascal Context(Mottaghi 45 2014)

2 000 i RS 3 352 1

245 K45 K g 3IE RIE

AN I Gz Al

PC-59 I F#r AL X} 1, PC-459 I T

PC-59 PCAS9 St s ) F 1932 1L PAS

Z e e AR BOE TR , B T T n)s 2y 1
55 W AFTE—E PR . HARAJEAAE T, AR IE
8 SR TN 200 5 B S S A bR 4 R TS 4 —
2, MR 3 %1 5 i 8 T 245 SR AR 1 SCZ T Y
VCRCA . AN, B BLEE “sofa” FU >4 “couch”
I, A8 A A SC b BRI (RAE ™R (1 28 55—
ECEIEO RN R BINAT 2 gk R . T
I, AR Ok & A AT T AR R T3S T I OR)E 4)
BT PPAN FE bR , 12 PEHE T SCRR I 288 391 =2 [ 1) 45 B
RRAATEN R FR 2 (Zhou 7 ,2025)

3 REMRRE

I W55 B K e WK 45 R B, TR ORI T8 4
AR TS W R (HEE R TR e B
HHEA RIFZALRE 1 07 s Bl R A 3K
PETH 25 (8] (Saric 45 ,2025) o 454 AT SO A [R1 B AR i
LT AR IS T OB ) E A IR A

1) an ] S R < TR BN ) AG B 1R K 5y
I A AT R ORI TR oI5 B A% O
[, A A ik E R S —i 7 TR A
RIRB AL by oA DL 2 0 $ it — 5 (9 I O e ) ABLAE
SR AR o BERNAE 3 B A /N B AR AR BT L2
25 RA PR DL SR 408 28 5510 340 1) 45 7 T AT e B O
JE o BRI UL, SRR I T B AR SRR OE iz b
8 1 B TRI A, — 25 i X Jey SR A L 25 [ 485 4 AT IX
Sl — SO AT, DI B T RN 53 5 A 48 A
5 S

2) DX LA A 2 — AR R 25 1)L an i
SCRE U B 7 v 00 2 BT I 7R 122800 vk 30 e 2B il

o DX 38, A T TR A A 2, ok e e e R AR
AR 1 B R RS A i . B Tk BLARBE
A B — 5 T e P 32 X 8K, HL 25 ) 32 U 2 580 4 A
FNEB S5 52, A7 eI i B, e LA B I B Bt
TR sh A28k . B, KR o 5 E itk — 2
PR IF O B B 3 07 DX s AR LA i fi i
DX 3 A it TR BB A 45 A SCAR 0 R iR AT Bl A
L Bl PE Bl FuR S -y N I P a (R
JOTf AN 2 R P 1R 25 A G, R TS B A R SN 23] A
BaY5 MR E et 5z hg

3) PR R AP TG i — 2 5838 . WIRT SO M 4R
BRI M s, TR 38 430 H AT 32 22 95 H
PR T LA B P 48 A, AR L5 R ORI X
S EINAL S B IR e 2R (Liu %, 2025) . HHER
TR AR5 TR BRI 3 S0 80 SN 56 4 ) 45
FE T )2 T UG B G 3 DA KRS 7R 1 5 iz Ak g
71, AR S EARZE 2 T A X R . BIE, &
KA LEAEINA B R HBNE B br 0 5Eal b, i —
LA 2 BB IS U ME IS 2 IR S5 44 LA K 5
AR EAR AR E R ER R, @ B A I &
TR PR BRIUE

4) G S5 AR B 2 S T AR (AR G
AIBIFFE T 0 o R SCORT 3 P SR 1 00 2 1 4
I, EMG—SCAR Wi B A Bl TR AL 2 3] W T A% 1Y)
SRR HAE— B R LD X AR R bR
T AR , (1 HL DX A7 4 B R 553 i E 1 475K
AR, B IEREIRRE ) A RFEL IG5, Q] AE REAIR
B FEAIS RN I i A 8 RIS, 785032 B P il S
PR 5 DX SUBA R ), BCA TR RN X ) )
BT 1) o AR T A 25 2 55 W 24 )
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FEBE 225248 L Tl R R 302 36 45 37 55 vp e 9 i
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