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Spatial-frequency consistency-driven semi-supervised semantic segmentation:
SF-Match
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Abstract: Objective Semi-supervised semantic segmentation aims to learn robust pixel-level representations by leveraging
a small amount of labeled data and a large amount of unlabeled data, thereby reducing the cost of acquiring high-quality
pixel-level annotations. Although existing methods have achieved significant progress under the framework of consistency

regularization, most of them still rely on traditional ResNet-based encoders, which limits their feature representation capa-
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bility. Moreover, existing methods usually impose uniform consistency constraints on the entire image , ignoring the spatial
and frequency-domain differences between semantic boundary regions and target interior regions. This may lead to blurred
boundaries and inconsistent predictions within object regions. To address these issues, this paper proposes SF-Match, a
semi-supervised semantic segmentation framework driven by spatial-frequency consistency. Method First, the traditional
ResNet encoder is replaced with DINOv2, a Vision Transformer-based self-supervised pre-trained model. A DPT decoder
is further introduced to reconstruct spatial feature maps from sequential representations, forming a dense prediction archi-
tecture that is more suitable for semi-supervised semantic segmentation. This architecture enhances the model’ s ability to
jointly capture global semantic information and local structural details. Based on this architecture, a spatial-frequency con-
sistency mechanism is designed. Specifically, strongly augmented views of unlabeled images are explicitly decomposed
into high-frequency and low-frequency views. Meanwhile, morphological gradients are computed from the pseudo-labels
generated by the teacher model to dynamically construct boundary-region masks and interior-region masks. High-frequency
consistency constraints are applied to boundary regions to strengthen the modeling of object contours and fine-grained
details, whereas low-frequency consistency constraints are applied to interior regions to improve structural coherence and
class-level consistency. In this way, frequency-domain information and spatial regions are decoupled and aligned in a
region-adaptive manner. Result Experimental results on two benchmark datasets, PASCAL VOC 2012 and Cityscapes,
demonstrate the effectiveness of the proposed method. On the PASCAL VOC 2012 dataset, compared with the second-best
method, semiVL, SF-Match improves the mean Intersection over Union (mloU) by 1.9 to 3. 6 percentage points under dif-
ferent labeled-data settings. Compared with the strong baseline UniMatch, SF-Match achieves consistent mloU improve-
ments across all partition settings, with a maximum gain of 11. 2 percentage points. On the Cityscapes dataset, compared
with the second-best method MPMC, SF-Match improves the mloU by 5. 1 and 3. 7 percentage points under the 1/16-and 1/
4 labeled-data settings, respectively. In particular, under the 1/16 labeled-data setting, SF-Match achieves an mloU of
83.6%. Ablation experiments and qualitative analyses further demonstrate that the proposed method effectively improves
complex boundary delineation and enhances prediction consistency within object regions. Conclusion The proposed SF-
Match framework constructs a DINOv2—DPT dense prediction network and integrates a spatial-frequency consistency align-
ment strategy. By jointly enhancing the modeling of global semantic information and fine-grained structural details, SF-
Match alleviates the limitations of insufficient feature representation and coarse consistency constraints in existing semi-
supervised semantic segmentation methods. Experimental results show that the proposed method achieves superior segmen-
tation performance on multiple benchmark datasets.
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Fig.3 Schematic diagram of parameter relationships
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Fig. 4 Spatial-frequency decoupling mechanism diagram
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BN AR RAGAE D, AR LR D, RN ZRFE )
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NG I A Sy BB f

TG ALTE Lo HIRE A 24
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BT TR
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3011 Hdige
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Pascal VOC, Cityscapes H-A 5 /&5 i ER 53 3 % (GE
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TN 0. 01) o A By L i 51 it 81 TR S5 i A5 A5
ISEIRAE , 51 A 25 2 RS BT 4 112
> Ve R ST 0. 1A%, 4R a2 ) &
M 22 101 XU R W (Poly LR) MEATIR K -

n, = no(l - lT)w (20)

o, m R UGEAR 2 20 35 m WA 2% 2T % 5
h YT EARE T o SR AR 16 %00, 9 2001
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A 253548 4 3K 3268 vGPU 3 i 43 A 204
B 3147 (distributed data parallel, DDP) 5 [A] 24t & I
— 4k (synchronized batch normalization, SyncBN) 5¢
B, 4 Rt R /N2 R 4, Pascal VOC 2012 5
Cityscapes £ 95 4 A9 VI 25 5 21 43 53] 5 2 A 60 F1 180
™ Epoch.,

7E SF-Match iy HAR S, Sy (A5 B 2 o] X
S R DR 19 23 RIS AR M 0SS0 A 1 A A
FPRSE T CutMix RG22 5 o AU IOy T, I Aoy
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P BYER 25 IR BB o BE R 0.5, 25 WU HE 7
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o AR A, DR B AR M 7 R 0. 95,
T B AR R A A, BE S 1.0, H i A T A
I3 SRR BB, BN BRINBLE R 0.5,
3.2 XL

R T AT 56 UE SF-Match i #50M: 8 5 2 i
A B o B R AT T L AR ST
AugSeg . iMAS \DAW D) 5 3£ 28 75 7% UniMatch 55 .
SEIG 43 S AE Pascal VOC 2012 Al Cityscapes P23 I
Btk BbAT o o B BRSTE /N H AR (A S5 R
RN P E YR B, AR SCAAE Pascal VOC 2012
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3.2.1  FEiAHEERIAIERRN
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*1

TEESHREZ L FIRI 4 X 1L T Pascal VOC 2012 £13E & Hy 14 BEXT EE (%)

Table 1 Comparison with state—of-the—art methods on Pascal (%)

ATHRTE PR LA KOxl i Ec

ik KR EWUT RS
1716(92)  1/8(183)  1/4(366)  1/2(732) AFRiT(1464)

Labeled Only - RN-101 45.1 55.3 64.8 69.7 73.5
ST++ CVPR'22 RN-101 65.2 71.0 74.6 713 79.1
PS-MT CVPR'22 RN-101 65.8 69.6 76.6 78.4 80.0
GTA-Seg NeurlPS'22 RN-101 70.0 732 75.6 78.4 80.5
PCR NeurlPS'22 RN-101 70.1 74.7 77.2 78.5 80.7
iMAS CVPR'23 RN-101 68.8 74.4 78.5 79.5 81.2
UniMatch CVPR'23 RN-101 75.2 772 78.8 79.9 81.2
AugSeg CVPR'23 RN-101 71.1 75.5 78.8 80.3 81.4
ceve CVPR'23 RN-101 70.2 74.4 77.4 79.1 80.5
DAW NeurlPS'23 RN-101 74.8 77.4 79.5 80.6 81.5
CorrMatch CVPR'24 RN-101 76.4 78.5 79.4 80.6 81.8
DDFP CVPR'24 RN-101 75.0 78.0 79.5 81.2 82.0
MPMC ECCV'24 RN-101 773 78.6 79.8 80.8 81.7
semiVL ECCV'24 CLIP-B 84.0 85.6 86.0 86.7 87.3
SWSEG CVPR'25 RN-101 79.0 79.3 79.9 - -

ConformalSAM ICCV'25 SegFormer—B5 81.2 82.2 81.8 83.5 83.8
Labeled Only - 76.8 81.8 85.7 87.4 88.5

DINOv2-B
SF-Match(74< 30) - 86.4 87.5 89.6 90.2 90.6

T - PERE SR L B0 A SR UL AR LS R LU I Zebmid: , Bl sk LA - bidi

Match 5 Ho Al 56 i > WA 3 o %107 3 i Pk g
B, B R ma R R R . SEG R Iy
2 UniMatch A ., SF-Match 7E 24~ 59 X S0 S2 80
TR EERERTE AR 1/16.1/8 . 1/4 172 A1 Full 43 [X.
o, 43 )4 11.2%., 10. 3%, 10. 8%, 10. 3% il
9. 4%, JE S YATEIA T 2R K5 1 i
S SOTA 75 ¥E (403 T CLIP-B 224 1Y semiVL) A1 1,
SF-Match <SR 4435 7 B i 1 A 38 e R PR B 20 1) 1/
16 43X, SF-Match . semi VL 15 H 2. 4% ; 76 5045 5 %
W HE A 174 172 F1 Full 23 BXR |, 4550 0 2 ik — 2 9
KE3.6%.3.5% 3. 3%, X—LI0EE A TG
JE T 238 3 F A DINOv2+DPT 254 i M 2% |, I 5 23
TR — ECHE LA 25 A, SE-Match fE7E bR 25 B4
TR AT B0 A R IO 55 I8 1 S FES R 15
B T2 A2t W 2 20 v % I Bl Il 5 g i 2
T 1% 250 I 245 SR T P BR800 , 7 s 28 254l e A2 Fsf
FESL R L8 1 R E R ALV T

2 X T SF-Match 5 ¥ A I Ui A A 78
Cityscapes £ 5 I iy PEfE 22 5% o %d W, SF-
Match 7E £ 30 43 X ST 4S80 1 6 304 7 15 1)
M TEALE 186 AR iC FEAS M AR AR A 45k (1/16 43
X )F,SF-Match B4 1" 83. 6% IS+ £ L, 5 4 i
SOTA 773 MPMC #2475, 1%, 7843 BRI T 23 e
FEFRAILH FE PR M B 5 T X & 2 SC A RS T
FENIBETT o AR, FERRZE IR X 78 2 19 1/4 53 X Hp
W, SF-Match 4K S8 PR 15 1 25 00 3, H mIoU 43 51) 40
e AL T MPMC 3. 7% 5 25 L5 5 28 UniMatch
5. 4%, BT BS54 Ty I RAE S
3.2.2  IMESHITEREXS L

AU mloU /R SR AT 2448 b , M L 7853 s ik
BERUAE /N H bR AR S50 FN i B 52 22200 1 R
g it — A B E SF-Match X R ¥EZ 51 9 43 I HE A7, A%
SCHE Pascal VOC 2012 %4l 48 1/4 Fr i 400 4 T 3£ B

bicycle | bottle | chair. dining table , motorbike Fl potted
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&2 Cityscapes iEE A SIRE L HIBI S KM T2 Bl 1EREXTEE (%)
Table 2 Comparison with state—of—the—art methods on Cityscapes (%)

ATHRTE PR H 91 Kk i i

Tk RF W i it o
1/16(186) 1/8(372)  1/4(744) 1/2(1488)

Labeled Only - RN-101 66.3 72.8 75.0 78.0
U’PL CVPR'22 RN-101 74.9 76.5 78.5 79.1
PS-MT CVPR'22 RN-101 - 76.9 77.6 79.1
GTA-Seg NeurlPS'22 RN-101 69.4 72.0 76.1 -

PCR NeurlPS'22 RN-101 73.4 76.3 78.4 79.1
iMAS CVPR'23 RN-101 74.3 77.4 78.1 79.3
UniMatch CVPR'23 RN-101 76.6 77.9 79.2 79.5
AugSeg CVPR"23 RN-101 75.2 77.8 79.6 80.4
CCVC CVPR'23 RN-101 74.9 76.4 71.3 -

DAW NeurlPS'23 RN-101 76.6 78.4 79.8 80.6
CorrMatch CVPR'24 RN-101 717.3 78.5 79.4 80.4
DDFP CVPR'24 RN-101 77.1 78.2 79.9 80.8
MPMC ECCV'24 RN-101 78.5 79.2 80.9 81.3
semiVL ECCV'24 CLIP-B 77.9 79.4 80.3 80.6
SWSEG CVPR'25 RN-101 76.8 78.6 79.5 -

CSL ICCV'25 RN-101 78.2 78.8 80.0 81.1
Labeled Only - 81.0 82.5 83.8 84.5

DINOv2-B
SF-Match(4<32) = 83.6 84.4 84.6 85.0

T - PERE SR LB A SR UL AR WAL S5 A LT R 2 b, Bl ok LA - B

plant 25 HA7 B I 407 3 45 1 8 52 2% i 5 69 28 51 ik
e geit, IRk Se 35 B-F- 2 ToU , 32 N Hard-

Avge SEERERMNE 3 FR,

F3 EHERFISEIERETEE (%)

Table 3 Comparison of segmentation performance on difficult classes (%)

WIRrS BT i i+ o BEFER A EAMESSHITE ToU mloU
UniMatch 70.63 79.64 26.31 67.62 83.63 57.39 64.20 78.8
Augseg 72.07 76.92 33.75 66.37 84.98 57.14 65.21 78.8
DDFP 71.12 77.42 36.01 64.97 79.85 55.31 64.11 79.5
semiVL 78.30 85.97 44.23 74.63 88.95 74.70 74.46 86.0
SF-Match(4x 3C) 84.30 88.31 69.62 77.07 94.22 73.29 81.14 89.6
TE MEREIA A 45 SR LURLIARR 1T, IRIE 45 2R LR IR bR T

i 2 3 0] I, SF-Match AN HUAS T 89. 6% 1Y) %% 31 5L, chair 55 dining table W) 2% 5 57 2] 3 24 F1'= 4

PR mloU, 7 PRI XE 2 0 -t 2 B0 i 1) 40 # RE T o
Hrr, bicycle 1 motorbike £, 7% 4248 | 4~ 2055 41 K 4%
14, bottle 1 potted plant A BA BN B b N E B A0

A5, SF-Match 783X 263551 F 1 Hard-Avg
IKF 81, 14% , Ut iZ 5 T AR R B bRk 5 3

SRR THEEAR mIoU , & 7E /)N H AR AL 4544
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A Zih ) LRI AT B ar i et . X 322
#5343 T DINOv2+DPT X} 4= Jryifs SCRIZS (Bl 240755 iR &
FRRIRE ST, DL K 75 W — S50 SR %o DX ek 45 4 15 B 1Y
YT AR R % B A SO AR R B AR PR — 2o
it 0 SR DX 4 ) )
3.3 HRRRIE

TEATT 3T SF-Match HAS [a] 53488 B 4
AR K 25 SN 5 MR AR A . TH RSB 47
25 Wi Pascal VOC 2012 8455 k4T,
3.3.1  SRHEBIHATHE T

A/NTTHRTE T R4 T AR 5 2 AU RO A5 76 1
(RISEI A3 AT 25 T S /RTE 2R 4 R AL AR S d6 4
I MG SO 3 A 8 3G 3 4y 32, IR A1 7 S
i O B LR T A 5 A 1 2 R 3 5 70 5, T JIEE T
F57 R A8 R I A2 40 B2 Bl S IR I 5 5 ] IX
AT IR VO AR . AN TE R S TP IR HRSE T
e AT i BRI A ) 108 e SR s LA B SIS 431 T R A
RIVERE AR

TEZR 4 LT TH R, J7 %8 A SR AL 55 ResNet-
101 48, HAR G i A AR 25 8] 5 X 5 A5
P AU e 4 i — B e N4 . INZE SR AT LA
B, K A% G2 X 2% T A8 S DINOv2+DPT %5 42 T %) 4%
Ja (77 % B) , BERLLE 1/4 F1 172 43 X F 4 ¥ RE i
77. 8% F179. 2% T+ 3 88. 3% 1 89. 4%, 13 I H A4
o 24 Jip S5 B i TR (O SERIVERAE Feak e o FEUE3E
filt I, s | A A AR (O %8 CO BRI A (O 58
D) i, AL g E— 2D 52 T & 89. 3% 1 89. 4%, %
A v AR £ A BT i Al Ay AR AR A A A
T Y5 H AR RE S e . SR, S AU
B4y AR AT 25 [ H IR0 55 (7 28 B) i), M BEAH
LU BRI 4 S A T R, Ui A 42 Ry e — B e IR A 24
SROATRE AR R e, BRIV AR 2l 5 e P DX, AR
N5 BT o A A R S5 G (TR F) ,
RLRYAE 1/4 F001/2 45 XT3k 2 5 08 1 g 89. 6% Fl
90. 2%, X A 23 [B] 48 JIE Xk 55 BE % Bl i A A 40 s
(AR I L o e 1 24 o 3R A i 7 DI, M 24 R A
FHT ERRPFR, TS0 UE 1 2% EAL) 23 A il 5 25
Vi) %o 5 09 ) 15 3 A A i

WS PR ARSI T 1/4 BRES LB Y 43 X
BISUT Pascal VOC 2012 03 5 76 A [8] i3 4500 i 4
FSUHRE W RN S B B (k) /N B PR B AR A P i
BB B IR SR FH 23 B0 0 Z B i g3 i A )

F4 MEEMETHEPERIEER (%)
Table 4 Ablation results of network reconstruction and

spatial-frequency modules( %)

184 WM B R MR 140 12

IR mmo mgmoomf o wE o (366) (732)
A ve 77.8 79.2
B v 88.3 89.4
C 4 v 89.3 89.9
D v v 89.4  90.1
E v v v 89.2 89.7
F v v v v 89.6 90.2

T PERER LB AS SR LML IR R T, IR ES R LT R Zebn i,
VIR X NS T SR A B

P I AT AR “FET B U s DU o A5 )
PR B AR A mE A A T IR I, NG IR
LA, S REAR S B 3x3 (k = 3) B “fi i ir
Hr BT AR I, B R B AR PERE (89. 6%) o AH
2 F Fila S AR B 55 (k = 5) F1 7x7 (k =
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Table 5 Ablation results of high—frequency component

extraction strategies and neighborhood ranges (%)
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Table 6 Ablation study on fine—tuning (default) vs. freez-
ing pre—trained DINOv2 encoder in SF-Match (%)
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Table 7 Performance comparison under different hyper-

parameter settings (%)
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Table 8 Complexity and performance comparison of different methods
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Fig. 5 Qualitative results of SF-Match on the Pascal VOC2012 dataset under the 1/4 split. Subfigures: (a) egmentation of a small

handheld object ; (b)segmentation of a small chair; (¢)multi-class segmentation in a complex indoor scene ; (d)segmentation in a

crowded pedestrian scene with occlusion.
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Fig. 6 Typical failure cases of SF-Match under occlusion and small-object scenarios. Subfigures: (a) highly occluded infant scene;
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