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Abstract: Objective Scene text detection (STD) is a fundamental task in scene text reading and understanding, and plays
an important tole in enabling intelligent systems to perceive high-level semantic information from natural scenes. It pro-
vides essential technical support for various applications, such as autonomous driving, image retrieval, unmanned sys-
tems, and intelligent scene analysis. In recent years, with the rapid development of deep learning and visual representation
modeling, STD has achieved substantial progress and attracted increasing research attention. Existing deep learning-based
methods can generally be divided into regression-based, connected-component-based, and segmentation-based

approaches. Among them, segmentation-based methods have become a mainstream solution due to their flexibility in pixel-
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level prediction and strong capability in detecting arbitrarily shaped text instances. However, most existing segmentation-
based methods still implicitly assume that multi-scale features can be optimized under a unified supervision signal and
fused within a shared semantic space. Such a strategy overlooks the intrinsic semantic heterogeneity across feature hierar-
chies. Specifically, low-level features contain rich spatial details but are vulnerable to pixel-level noise, whereas high-
level features encode stronger semantic information but may lose fine-grained structural cues. Directly supervising and fus-
ing these heterogeneous representations may lead to interference between low-level pixel noise and high-level semantic con-
straints, thereby weakening feature fusion effectiveness and reducing inference stability. From the perspective of represen-
tation learning, multi-scale features are not merely homogeneous representations at different spatial resolutions, but hetero-
geneous representations associated with different semantic granularities. Therefore, effective STD requires explicit model-
ing, alignment, and coordination of semantic information across different feature levels. Method To address the above
issues, we propose an efficient and effective STD framework, which consists mainly of ‘a branch-wise distribution-aware
modeling (BDM) module and a cross-semantic global knowledge integration (CGKI) module. Considering that conven-
tional multi-scale text detection methods often ignore the semantic discrepancies among different feature levels at the super-
vision stage, the BDM module is designed from the perspective of label modeling. Specifically, it transforms pixel-level
binary segmentation annotations into hierarchical distribution-aware supervision signals, enabling feature branches at differ-
ent scales to independently learn text distribution semantics that are consistent with their corresponding receptive fields. In
this way, the semantic interference among heterogeneous multi-scale features can be alleviated, and semantically aligned
feature representations can be provided for subsequent feature fusion. Notably, the BDM module is only employed during
the training stage and removed during inference, thus improving detection accuracy without introducing additional computa-
tional overhead. On the basis of intra-scale distribution-aware semantic alignment, we further design the CGKI module to
explicitly model the collaborative relationships among different semantic levels. This module first enhances the representa-
tion of each scale within its own semantic space, and then performs controlled cross-scale interaction through adaptive scale
reweighting and adjacent-scale information injection. By selectively recalibrating the importance of different scales and
introducing complementary contextual information from neighboring levels, the CGKI module achieves global coordination
and stable fusion of multi-scale semantics while maintaining a controllable computational cost. The ResNet equipped with
deformable convolutions and feature pyramid network (FPN) is adopted as the backbone. For the training stage, the model
is either directly trained on public datasets for ablation studies or pre-trained on Synth150k for 10 epochs and then fine-
tuned on real-world datasets for comparison experiments.. SGD with an initial learning rate of 0. 001 and a poly learning rate
schedule is used for optimization, together with data augmentation strategies including random rotation, cropping, and flip-
ping. Result The proposed method is extensively evaluated against more than ten advanced methods on five widely used
public text detection benchmarks, including MSRA-TD500, CTW1500, Total-Text, ICDAR2015, and MPSC. Precision
(P), recall (R), and F-measure (F) are adopted as the evaluation metrics, where higher values indicate better detection
performance. All inference tests are conducted on a single NVIDIA GTX 1080Ti GPU with an Intel i7-6800K CPU to
ensure a consistent evaluation environment. Experimental results show that the proposed method consistently outperforms
existing efficient STD methods on the above datasets while maintaining competitive inference speed. Specifically, on Total-
Text, the proposed method improves the F-measure by 4. 2% and 2. 7% compared with DBNet++ and FEPE, respectively.
On MSRA-TDS500, it achieves F-measure improvements of 5. 0% and 4. 1% over DBNet++ and FEPE, respectively. On
CTW1500, it gains 2. 6% and 1. 0% in F-measure against DBNet++ and FEPE, respectively. On ICDAR2015, it achieves
F-measure gains of 2. 8% and 2. 7% relative to DBNet++ and FEPE, respectively. On the industrial scene text dataset
MPSC, the proposed method surpasses existing advanced methods ISTD-DLA, ODM, and RT-DETR by 1. 0%, 3. 8%,
and 1. 3% in F-measure, respectively. Ablation studies on MSRA-TD500 further demonstrate the effectiveness of the pro-
posed modules, confirming that BDM and CGKI can enhance multi-scale feature representation and fusion. In addition,
visualization results on these datasets show that the proposed method can generate complete and accurate text boundaries in
different scenes. Cross-dataset experiments further verify the generalization ability of the proposed method, where it
achieves superior performance over existing representative methods such as ZTD, MTD, and CM-Net under both line-level

and word-level annotation settings. Conclusion This work presents an efficient and effective scene text detection method.
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By integrating BDM and CGKI, the proposed method enhances the semantic consistency and collaborative fusion of multi-

scale text features, thereby improving the detection of complex text. Experimental results on multiple public benchmarks

demonstrate that the proposed method achieves competitive detection accuracy and inference speed, outperforming existing

efficient scene text detection methods. In future work, we will explore the integration of the proposed detection model with

efficient text recognition models to establish an end-to-end efficient framework for text spotting.
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Fig. 1  The overall structure of the proposed model
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()23 0] 43 BE R 22 5, D sy 40 BERARAE P R BE
AN TR RO AR Wb 22 []— RUEE =5[]
P =T, . (P)), ke{0,1,2,3}#(18)

AT 38 18 A DF A5 2 Rl B FRAE I8 o e A T

T SOV SE IR SR SR 0 0
F = concat(P,, P, P,’, P, )#(19)
X =o(h(F))#(20)

K, FFOR Z )2 R PHEFE , X ORI st 4
o () Fn sigmoid B, h (1) H—Z 33 EHZ5W)ZE
e A RRUZ PR L, A A e s 00 1] 5 A PR
() 53 PR AR X 5
2.4 WKEH

R TR R T AR SO X W IR 55 3R AT 24
T, B SCA A TN AN 43 2 F B A .
14 2% PRER FH T A4 2% R BSOS B, 5 AR

L=uxL,+L#(21)

N L, L, L, A3 B 7R B s, SCAS P A% T 45
RN 3 A E 5 A AR R TR R A AT
AL R R G BT 55, A 55 1
S50 A 5 A PR DR BB B . S5 B 2R
- 55AUAE Ry 4l B W B 2 5N 2, A 4 3B B vl 4 7
FEBR o X — SR MK TR A RO A AL RRIE R A R 7 1 [R]
Bf, ST B B R A A ST
2.4.1 SURNESK sREK

K H — 7638 A (binary cross-entropy, BCE) $51
FRRMASCA AL T SCAS YA X el 7 5 A
BBV ST, R T G E SRR AN PA A SO A
TR REASZ A AT

L, =

zpel]—x; X log(xp) — (1 > x;) X log(l - x/))

12

[, U U |3 8 IR R ARG FH T R R EL
Bt il 2R p 0 0 SCAR P BB AT,
2.4.2 oy H FE AT

R HG A 5% L, AR 3 3 H 3240 A R e
1155, BRRA N

#(22)

ey e
o, G N o 53R i ABRZE FFON . 4332 H £ 5
A A G AT AR IR R -
Li=L(S.M,),  €{1,2,3}#(24)
Ly=A, XL+ A, X L2+ A, x L3#(25)

RH,S,,S,, S, M, ,M,, M, 533 F R AR JZ RSO
A3 AR BIARZE FITFIAG , A oA, R A, oA 25k
2.5 mE5ELE

SCAS AR % S I8 DBNet 2B i . 76T 2b B
B, SR A T A A AL BRI PRI R, L
Uik U8 B A5 B A 52491, % 5 R H Vatti clipping
(Vatti, 1992) FIEY 5K SCAR AL A BUCAR R

L(G.I)= log(

3 XWERSHN

3.1 HIEE

Synth150k (Liu 4% ,2020) J&— /L5 15 7k &
R A BSR4, BRI A i 2 K T
Yy 5 SCAR AR | PR I AR S 32 B 32 800 B X A
RUPEAT WY 25 , DABRE THAE AL 1 LRtk SR AF BE 7 g
P£. MSRA-TD500(Yao 5, 2012) J&— T bRiER
277 1) SCA BSR4, I 2R 4 RN 4R 43 316045 300
5K 1200 5K IR . T I ZRE A B e AR SC
2% B A TAES] A HUST-TR400 (Huazhong Univer-
sity of Science and Technology text recognition) (Yao
85 ,2014) X R HEATHM 7 . CTW1500 (Liu 45,
2017) [R)FE S AT bn T B 4R L 645 1000 5K Il 5 5]
8 F0 500 5K 02 B A5, 551 TSl SCAS SE 4
Total-Text(Ch’ ng Fll Chan,2017) [Al¥E 40 & 7K £ )5
Ti] RS il 25 22 R LA IR 308 SCAS , FR R S b 1
7520, A5 1255 5K I ZR KR 300 5k I KR .

ICDAR2015 (International Conference on Document
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Analysis and Recognition) (Karatzas Z& ,2015) M ial 2
FrvE s 4 , 225 205 m) SCAR S, th 1000 5K
YIRS AN 500 5K I R AL . MPSC (metal part
surface character) (Guan %5 ,2022)J&— 4~ Tl 375 ¢
AREHEAE , BTG E IR 6 bl A S HR AR
177 2555 SR ZRPEMGOR 639 skl il (5. bk Bice
BETEAEA R ARTERLRE 3757 R N A 2555 7
TIAFAE—E 22 57 o MR HXT I ZRI B2, A SCR
P S I 25 | LS S WO Y SE B L 0T
FEFT 7 B AR 5 1 AT BB
3.2 iFMIERR

ARS8 5 SO AT 55 v i PR AR 1 5
(precision ,P) B & (recall,R) , F{H (f-measure, F')
05 FD AL PRITEL (frames per second , FPS) X} J5 i 1
REEATPPAL o v, P 3R AR I 25 2R v B 52 SOAR 52
BT 1 e, B D7 s A R A 1 BE ) s R RoR B
SESCAR LA A AE A A I H B LA, R T v R R
SCAR HARAIRE J) s FAR 235 5 RS il 50 5 4 ] ¢
FHT PP J5 ik 1) B ARG 0 P BE 5 FPS R s AL 7 B
LIS TF) A BB Acb B A PG T8, T A6 4 05 125 Y 4
PR, BB o 7 AR ) G I A 3 g
3.3 AT

WIZR LR/ N E N 16 SR T M Rl 25
SR - B P A A TE B A AT I AL A
Synth 150k 4 £ b WU 25k 10 % , S8 )5 7 31 52 8 4l
£ AT . DU FIRI IR 27 > 303 I B E D BE
ML #H B T B (stochastic gradient descent, SGD) Fil
0.001. i 2% R B 1Y 2R 003 Bl BERE N 1 u=6, A =
0.5,1,=0.25,1,=0. 125, FEYIZk B Bt iB4E “poly” IR
W 2 2] 2 B A SR A AR BE L e L 35T 0
o MR B, [F)— a4 1 PR 2 i R S 300 28 A0
6] K/ o B A7 A 44 8 5K GTX 1080Ti GPU 5
Intel i7-6800K CPU MRE (- REE T #E47 .
3.4 HRLEIG

T IR Y A A A B B AT RO AR SR
DU ZH S5 7 58« 1A TR SCA N A% B B2 T5 585 2) 7
BT R EElI A A FE A A AL 5 3) 7R
BT R b AES TR SCA R FIR AR UL E s 4) [ )
FIA LIRS BT SE5 4 fE MSRA-TD500 %4
Ptk L EAT , 48— K H ResNet18 7 Ry REAE SE IR
T4, LURIE LR 2P 1

®1 FEERAEFE MSRA-TDS500 #1175 & _FH 45 R 3Ttk
Table 1 Performance comparison of different module
combinations on the MSRA-TD500 dataset.

W A eRE KRR JIER

B R BER ) () o)
J x x 870 802 835
J J x 892 821 855
J X N 88.1 82.8 85.4
J V N 90.8 849 8738

U S RN I AE R, T R RN ARG X
Ir IR IR FZAE R

F2 ARBREFMEREFREMSRA-TDS00 FHER

Table 2 Performance of various cross—scale feature inter-
action schemes on MSRA-TD500.

Ktk Hhx
%= (4
I @ ) E
[ 5 HACAELAH 0 88.2 85.1 86.6
A] A ST AAAR R B EA 90.8 84.9 87.8

T RO TIREIR LA R, T RIZFRR RIS R

K3 AEHEIEFTEAEMSRA-TD500 FHIZER

Table 3 Performance of different inference schemes on

MSRA-TD500.
B ST
BES5HE BR%)  AEER%) F{H (%)
H
5 87.6 84.7 86.1
= 90.8 84.9 87.8

T RO P HETR R AR, T RILR RIS

30401 43S A E M IR AR A A

F LA T 4 3R 0 A IR AT 1 I
S EE R . ST SCAR AR T () FE R 7 S A
b, 51 AT 3 H 50 A BT S |, B YE MSRA-
TD500 4 4 [ (A0KG ff 2% A 1] 22 50 F (8 43 501l £ 7+
T 2.2%.1.9% F12. 0%, 3X — &5 R R B, XA R R
JE 3 SCHEAT A X A A R A B TR g —
BAGS TAFEZGARE Z 8] 08 3 % R
FEIE RE A% 7E LN 1 8%z B 91 [ P 27 >0 S fin DC JE /) SC

ARG ATFTR , TR T 22 JZ IR SCASRFIE B A B
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FECIERT I, 2025 A B i U4 )R R AR AR
BEHLS B FAE AR TALT A 32 H 3840 A 8%
TR T RARSARTE T 2.4%. X —IG B, 5
3 H F 53 BB RE I8 I 25 B FRIE Y )R
T LR IR IR BEIE Ry T S 2 1 A8 B AR ET N
FE R RRIE LAY . DR IE B ) P FH T AR (U AR R
FEPEREIG 3 b, i R IR X 5 2 8 RUBE 45 o 2
SRR b, 3 B B A PR RIME 45 6 &
3.4.2 B A SR TR BB A i

SRtk — A B UE B 1 ARy R A AR R A £ R
JEEFFAE U [R) A T R P, AR SO Je T R O 1 9
SEHS . MR TR TEANT A G 32 H 5 A B
BEAIEBLT  AL S TS S 4 Jry R AR A B B ]
AR FE MSRA-TDS00 54 45 1Y FAE IR 4k I %
FETF 1. 9%, T W IZ AR BES AT ROb Al A AN ) R )
SCARFRIE . MBS U4 Ry AR AR BB 5 0 3 F
3 A SR SRR B B A (o s, AL 1) T (AR %4
Pt b E— R TF 2. 3% ILAh, Witk IR
4 Jey AR A AR B AR s RUBE A o R R AR
P AR SOR 5 R E AR A S R A8 B Bk AT T
XFH . a3 2 TR, 45 25 T 0T 2 S SHOG R R R
W SCTTR A IS R, TR A P R SEE T
1. 2% e TH . ZE SRR M TEsma X,
JITHR R BE A 4 v 1 IR XN 5 I 78 A S
AR PR . EAR AR SO A A SN S S S
WA 45 R AT T o — k. 3R 3 s, 4 4%
Oy 3PN GE R H S I A B M R RS
FRTE FE M R 86. 1%, JRHAET , ANFH %>
ST A PR T S b RUBE AR, 5 7R 4 PR B B A T
I8 — XS5 A 25 5 5 AR 22 ), R 2
FESCAR D R XSRS ok i 22 . [FIRT, 4543 3 T
W2 554 A S HINAAMERTFRY . L, AR SCR
#5457 LM S 514k A S SR
3.4.3 HE

RS G Ah R F B A SR AR P RE R T
FFAE T B i T AR 10 0 B AT X 22 RO SCAR e A
Hh AN [v] DG ) R 43R o 43 3 ) 38 43 A B
R F T 42 T 45 B A AR B3 X RAE i, 51 X
4 Jr FIPRUAR RSS20 A1 AN [ J2 SRR AIE 22 1]
PPRE S BN, E A  RES T AR R i T
LRI T, A R SRR R X A 7 e RRE AR Ak
TE25 22 FE SCAR 1) 35 7 BE

3.5 S5lB\XHTENIIE

Jg T R T I WA RUPE AR SCHE MSRA-
TD500, CTW1500, Total-Text, ICDAR2015 F1 MPSC
Bl de B S B RONEIT TR, 455
AR 2B R SR 45 1w DLt — 20 i,
JIT 4 D5k 1) AR T AN T4 0 3 S AT TR XS
1 R s SCA K IAE 55 BAT B Az AR T
3.5.1 £ MSRA-TD500 $i#i 4 I iyx He

MSRA-TD500 J&— & Z 77 [n] KSR T4
PROEEAE S, Tz T PEAL D5 Bk 22 07 1] A1 JR) R
SCA SR BE T3e IR 4 BT , AR SCOT AR
ot FAURS IR A 013 AF 235555 92. 3%
88. 0% A1 90. 1%. 5 BLAT QR %k & 2% J7 ik ZTD
(zoom text detector) Fl FEPE (focus entirety and per-
ceive environment) A H , AR SCHEAE FAE 43 542 T+
T 3.3% M4, 1%, FIRESRRW], Frieth ke 2
T KRG 5 T BARGRARINARE ) . R TR
T AR ST VR R A AT U A [] RUBE R AiE ] 1y 3 L
22 5, TR AE TR X 7 1) AR AR B85 B K 18 SOAR
S AT RE PR AR 10 SCAS DX S8 A 5 5 A6 1
{7/ifdees

203, TERAF R AN BE 1 [ I) A SO07
PATH IR T 5P A B S 5 M R B T ORI
M T B 52 O ASE RU 2540y, T2 de S R 1k 22 R
SCERA SRR AE DRI SR o
3.5.2  1ECTWI1500 544 L AyxT L

N BUEA ST AT IR RAT RSO AT 55
AP i, AR SCFE CTW 1500 $Uii 46 1 5 Z /4 5t
PETFEIEAT T HSES . N3k 4 s, RSMTD (rein-
forcement shrink-mask for text detection) (Yang % ,
2023 ) 3ef H 3 N SO SCAS Y K R ok B SO R
JB AR AR FIRAT T 87. 8% [N 180. 3% 11
1] FEF183. 9% W F{H . AHLZ N, A5 i AE I
=R AR BB TE T 0. 7% 4. 2% 1 2. 6%, 1
Rk BE AN [l BE Sy X R B AR R . X —4h
RULH A7 X T2 e AR B 8. 3l s 52 e
AT BB AR SCAS (R HAT B IS L RE ) o FE H B
O3 3PN 8 53 A1 TR AR FE B8 498 5 AR ] R R iE
X Jey R SCA S A RN BE ), T 25 J2 1 SCHIp ) i —
A T 2 RO RHIERG I 008 E P, KA B T
FETH I FICAR SO I e BRI RE ) o (A&
[ 52 , 75 2K ] ResNet18 1 2 3= 1 W 2% 1) 5 1 0
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*4 WAEBYFELEMSRA-TD500, CTW1500 7l Total-Text £ #E 52 _E A IEAERTLE
Table 4 Performance comparison of existing efficient methods on the MSRA-TD500, CTW1500, and Total-Text datasets.

MSRA-TD500 CTW1500 Total-Text
o ﬁﬁfﬁf E('Oi';}: F{E(%) FPS *’é‘ﬁ(ﬁff E(i')% FIH(D) FPS R AR FE%) FPS
PAN(Wang/ji’J‘:,2019b) 84.4 83.8 84.1 30.2 86.4 81.2 83.7 39.8 89.3 81.0 85.0 39.6
DBNet( Liao %, 2020) 90.4 76.3 82.8 62 84.8 77.5 81.0 55 88.3 77.9 82.8 50
CT(Sheng%,Zozl) 90.0 82.5 86.1 34.8 88.3 79.9 83.9 40.8 90.5 82.5 86.3 40
PAN++(Wang/jf’J‘:,2022) 85.3 84.0 84.7 32.5 87.1 81.1 84.0 36.0 89.9 81.0 853 38.3
CMNet(Yang%,ZOZZ) 89.9 80.6 85.0 41.7 86.0 82.2 84.1 503 88.5 81.4 84.8 49.8
HFENet(Liang%,ZOZ?&) 89.7 81.1 85.2 409 85.1 81.2 83.1 322 85.7 81.7 83.7 22.0
FS(W&ng%,ZOZ:ﬁ) 90.4 81.6 853 254 84.6 77.7 81.0 352 85.8 77.0 81.1 33.5
RSMTD(YaHg%,2023) 89.8 83.1 86.3 62.5 87.8 80.3 83.9 72.1 88.5 83.8 86.1 70.9
DBNet++(Liao %% ,2023) 87.9 82.5 85.1 55 86.7 81.3 83.9 40 87.4 79.6 83.3 48
ZTD(Yang$,2024) 91.6 82.4 86.8 59.2 884 80.2 84.1 76.9 90.1 82.3 86.0 752
FEPE(Han %,2025a) 89.4 82.8 86.0 62 88.8 83.0 85.5 55 90.8 79.5 84.8 50
STD(Han4%,2025d) 92.2 83.2 87.4 334  88.7 84.1 86.3 30.6 - - - -
CIC(Han %:,2025¢) 91.6 86.3 88.8 40.9 ~88.2 85.2 86.5 50.1 88.8 84.6 86.6  40.9
V'8 92.3 88.0 90.1 50.1 88.5 84.5 86.5 51.2 88.5 86.7 87.5 485

T RO TIRIR I LA R, P RIL RIS,

T AR SO R AR I RRATI O TR 2 EE S RO
FWZ T VLW RE Y 5 0T JE 2 2R IR TR ALAR 3™
K, Mok 3 A R RRAE L 5 5 2 58 AL .
PR, AR SO A DR B I 5852 2% B8 B [m] b, AT
IR R A P G D A M R S B 1 1
3.5.3 JE Total-Text ZyE4E XL

Total-Text & — > 18] 9 11 1Y 43 & AT =B AR 3C
A BB | XA 7 2 (4 JLART S A5 B 1 R AE 4L
G TREESR . R4 PR, A SCOTIEFER
4y 55 A & 307 2 FEPE (Han 45, 2025a) All
DBNet++ (Liao %% ,2023) £ 7+ T 2. 7% f14. 2%, I
REE IR AR SO R AL TR BAR FAT IR SCA K
WA 55 B AT B G W e 7 o LR AE T, P
RV RE A 38 2o 53 S PN AT TR AR R AN [ R
AR JR) 8 SCAS 254 B FRAK B T, Il 85 R
P Ak — 203 T 22 ROBE R AR R A2 Pk, DT B
U WAL 25 i SCAS R 2RI AR SUAR ) J LA S A
3.5.4 FEICDAR2015%¥i4E 9% e

ICDAR2015 Z¥s £ b iy BHMG G & A 75 = &2
Z= SCASEDR AR R, X SCASAS I 77 35 F) 65 Pk 42 1

BRI A DR RO

TR EOR . AN 5 s AR SCHE MY RUBE P ST
AEASE R I ) X 4% SR SRR 1 ) 0 AR AR
A RN T 5 M SO X T R
KN 89. 0%, HIRFEME T % ZTD (Yang 55, 2024) |
DBNet++ (Liao %5 ,2023) fll CMNet(Yang &5 2022)FH
L, A SCT7 I 1 FAE 23 B T T 2. 8% 2. 8% Al
2. 0%, 36Uk 1 HAE S 2 5 SO K AT 55 vh i A &%
PESTEg 1 3248 TIZ R WS HE LB Bl 7% bR 19 45
P TE LRI = HE B B2 04 [R] 1), T3 RE ORAF 41FPS 114 #
PHBRRE , SCIL TR RIS AR AT
3.5.5 {EMPSCHEUEE FixiLL

Tolk 3 55 H Y SCAS S8 A A OB SR T
ol o N SO A A (R R 5 SCAS ARG D e B R Bk
i BRI 7 AR Tl 3 5 SCAS R I 55
O IV S B v AR SCHE MPSC Bdls 46 B aiAT T
oo Wk 6 P, BUA et T ik, ODM (OCR-
text destylization modeling) (Duan &£ , 2024) Fl1 RT-
DETR (real-time detection transformer) (Zhao 4§ ,
2024) (1 FAH 53 73] 4 83. 4% 1 85. 9%, 1535 T4 X
T3 AN ] [ DR 1 SCAA Jd A A R e 8l
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Table 5 Performance comparison of existing efficient methods on the ICDAR2015 dataset.

J7ik HEH%(%) A 112(%) F{E(%) FPS
PAN(Wang%,2019h) 84.0 81.9 82.9 26.1
DBNet(Liao %,2020) 86.8 78.4 82.3 48
PAN++(Wang%5,2022) 85.9 80.4 83.1 28.2
CMNet( Yang %:,2022) 86.7 81.3 83.9 34.5
FS(Wang % ,2023) 88.1 78.8 83.2 153
DBNet++( Liao 25,2023 ) 90.1 77.2 83.1 44
ZTD(Yang%%,2024) 87.5 79.0 83.1 48.3
FEPE (Han % ,2025a) 87.3 79.4 83.2 48
STD(Han %% ,2025d) 89.3 81.1 85.0 237
A3 89.0 82.9 85.9 41.0

T RO PSRRI AR, T RILF RS

*x6 MBEFHEEMPSCEIEE FHEgEXTLE

Table 6 Performance comparison of existing methods on the MPSC dataset.

Jii: K1 3(%) 4 m1%(%) F{E(%) FPS
PSENet(Wang % ,2019a) 85.4 78.4 81.8 -
PAN(Wang %,2019h) 87.1 81.6 84.2 -
FCENet(Zhu % ,2021) 87.1 81.6 84.3 -
RFN(Guan%,2022) 89.3 83.3 86.2 -
DBNet++( Liao % ,2023) 86.1 81.2 83.3 -
RITD(Yang % ,2025) 87.9 82.3 85.4 32
ODM (Duan %% ,2024) 86.2 81.7 83.4 -
RT-DETR(Zhao 45,2024 ) 84.5 87.3 85.9 -
ISTD-DLA (Hu % ,2025) 88.6 84.2 86.2 32
AL 90.8 83.8 87.2 46.7

T AR O TFIRIIR LA R, T RILF R Ss

FemE , BERS A RN XS 52 4% Tk 5 , AN e R
B Bk T EE 3. 8% 1. 3%, FE HEBRALE F
W KBRS, 50U T it ke 2 22 Tk
s
3.6 WK

SRy Y I I MR s A SR Y B SR R B AS A A
SN T3 1, BT 2 %68 i At JH B b 2 047 T AT Ak, DA
EEACH LW FRE A () FE AR ()R =5
I | (o) SE A4 86 P DL R, = FpAS ) 2 R ) IERE AR 43
M (d)-() o B34 T A SOk 534 e ik 77 ik
() Al AL X 45 F, FEPE (Han %5 ,2025) , KPN (ker-

nel proposal network) (Zhang 4§ , 2023) 1 DBNet++
(Liao 55,2023 ) 5 1 4 3 L6 20 3R UL A AE GCER K
HSCA  KPN B T Tk B4 . oAb, Fikorik
AR HE R SRS, 3243 T4y S A E 5040
TR AR 5 851 S A ey R AR USEH AN [R] J2 IR S
AFHERA R G AT Bk 7k BRI 7 ik he
g AR 4 b O X bR )R, BT 4 IR T 7E MSRA-
TD500., CTW 1500, Total-Text, ICDAR2015 #1 MPSC
AR ERER B A R . A LIS AR SOy B RE
i A i b 35 1 AT RN R) AT TR AR SR R A, I
[F) iof 3 T b S SR G 3 5t

© h[E KR KL AR



12

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

(a) HAJE (b)  #3% 41
EE K

(&) =53 (o) WUEFRIE () /MERI

S P S P oA

((a) input image; (b) binary label map; (¢) text contour map;

(d) 2x cumulative distribution map; (e) 4X cumulative distribu-

tion map; (f) 8% cumulative distribution map) )
K2 brasal il
Fig. 2 Visualization of the generated labels.

K3 ARSCr 5 HA et I ik g al BRAL X L

Fig. 3 Visual comparison between the proposed method and

other state-of-the-art methods.

00STMLD

k4
z
g

K4 ARSCRBEEIEA R 46 b i n] B AL A4S
Fig. 4  Visualization results of the proposed model across differ-

ent datasets.

x7T BHIEEXIXHEIE

Table 7 Cross—dataset validation results.

R

VER R ¥ F {1 (%
1] 12 SO Tk (%) (%) {H(%)
CMNet  77.2 69.7 72.8
7ZTD 84.1 73.4 78.4
MSRA CTW
MTD 82.7 72.3 77.2
AR 83.3 76.0 79.5
CMNet  85.8 77.1 81.2
ZTD 86.8 77.9 82.1
CTW MSRA
MTD 88.6 79.7 84.1
AL 86.3 84.4 85.3
CMNet  75.8 64.5 69.7
7ZTD 78.5 64.1 70.6
IC15 Total
MTD 78.7 74.2 76.4
AR 82.7 744 78.3
CMNet 765 68.1 72.1
7ZTD 79.8 69.3 74.2
Total I1C15

MTD 82.0 716 765
AR 83.7 74.6 78.9
T B AR FOR AR G5 R, FRIZ TR IR 45 51

3.7 BEEEXXWIE

SRtk — 2D PPAR T 5k 0z AR g ) B R A
WA AL S et AR SCS % ZTD (SR & I
J& T B ER AT . BAKITE S BIAEAT SR
AR E PR E T AT I B0 A S0, LU AR
RUFE A Rl bR s BE A [R)37) 5 20 A T 38 L g

TEATHARTE T Serh 1 618 MSRA-TD500 i 4
£ IR, IR7E CTW 1500 %508 4 b k47 it
WK T PR AR SCOEER 5 4 R A F A B4y
k5] 83. 3% .76. 0% F179. 5%, . T CM-Net(Yang
4 ,2022) . ZTD (Yang 4§ , 2024) A1 MTD (magnetic
text detector) (Han %5 ,2025b) . B Ji5 28 0 VIl 2k 5 1)
AR, BI7E CTW 1500 | Il 53-8 MSRA-TD500
R, B T VR B F A IA 2 85. 3%, XA R A
{UEB L T CM-Net F1 ZTD % 732 , i BLAOGT-86 0 H4%
TE MSRA-TD500 FJll 45 (1) 5538 75 ¥ , 21 DBNet (Liao
45 2022) FI PAN++(Wang %5 ,2022) . g0, 78
CIE/ Y TREEE =715 ol NS B S Al 2 SO
KEAITE ICDAR2015 B4 5 Il 259 7% Total-Text %X
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((a) instance truncation; (b) color fading; (¢) : character dis-

cretization )
K5 AR —N R 2 ab

Fig. 5 Illustrations of the limitations of the proposed method.

AR FIRIT , BUE T 78. 3% 1Y FAE ; 324l 25 53]
BT, BUS T 78. 9% 1Y F 1, B AR PE Rt T30
H 4t 77 MTD (Han %#,2025b) .CM-Net( Yang 4%,
2022) LA K ZTD (Yang % ,2024) . %54 iR g5 Rl
DLAS B4R O B A VI 4R 5 3 4 0 A5 A7 AE W
2RO AN RE RS R RN T E H A 8
TR I PE BE , 2 W27 VR I AR TR A o3
A, MBS BRI Y sizieie . i —2 otk
B, YRR DU SOA S T 08U 4R EIIZRITTE
275 1) SCAS B R A 1 It o BB B )
W, X FEEIEH N 207 10 SO 8025 AR
T 25 B 5 AH O A BIR TSl SO K B 7 SCARIE
B HA TR 2R, PR R TR A ) 3
BTN SOAFT IR . W28 MR AR SO
RZACOEFATF AR R T 552 A= (0 HEBRZE AL B R Y
A B, R AE Rl T W LAl b a5 S0
O3 A0 AR 5 B SRR LR A AR T T 2 R SOR
FHIER)RIE T SRl Gtk . B, %0k mes

TE 15 BCHE 4 V00 rp J 0 A 0 i B A v 5z AR T
77, 3 A i — 2 15 B S T s Ak s SCAR Rl
5.
3.8 ARZASH

Bl 5(a) IR T F T P4 38 g SCA S 451 ) 3 46
WT , DT e 152 R 310 A T 57 SS9 15 0, SR>
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