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Abstract

Aiming at the problems of text omission caused by the failure of the mainstream scene text detec-
tion algorithm to make full use of the high and low-level information in the multi-scale feature fu-
sion, and the error of long text boundary detection, this paper proposes a scene text detection al-
gorithm which applies the multi-scale feature fusion of attention mechanism and the residual
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coordinate attention. The model embedded the attention feature fusion module into the pyramid.
It extracts more detailed information by correcting the inconsistency of features at different scales
to improve the missed detection of text; after feature fusion, the residual coordinate attention mod-
ule is used to capture orientation-aware and position-sensitive information in vertical and horizontal
directions, refine boundary information to optimize the effect of long text detection. The experi-
mental results on the public datasets ICDAR 2015 and Total-Text show that the model achieves
85.5% and 83.6% in F-measure, respectively, and 22.4 FPS and 40 FPS in inference speed. Com-
pared with the DBNet network, this network has a slight decrease in inference speed, but 3.2%
and 0.8% improvement in F-measure, respectively.
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1. 518

AR, T BART S NHISORREE, FRERZYSMAEET IZMLBRMNAH, Z2BkEZ 07
N, W5 AR LI Er . SERTRRIEA B 2 2 00 . 1 SCAKHE v SCAR T s e i, H
R SR B SCARAT B, HOUAR FHERIRE TR T IR SRRSO R A BB, H4h, BT AR
Vst FISCAREREE J7ial, TRRZFEMEAE SRR T F, A SRR IAT 557 B A 1R R Bk ik [1] -

S SR ) 32 B B FALAR 27 ) 7ok 2 SI N TR RRAE,  BARIX 2RO VL A — e I vl fle i
PE, (AAFERI BT AR A R . AR, RS 2E 2] B H IR K MU HES)) T 3 5 SCARS 4 AR g 4
Tt, RetiEd AL S R BB, e TN TR RHME M BB AR, MR RS TS E, FH
I BEAS AR LF Hh R 5 A3 57, KRBT 70 RS BT Bl ) SR AL 1 2 B B

BEF A1 VA FR) B9 A 8 3 T 42 [ 1 SCAS 30 A (1) st AR bR R SCAR S . SCARAS [R5 B B A, 31
KM SCAR, TextBoxes [2]BE 1A A FEIHELLIGEEE, [FES (8 AR A 1%5 4581 DU % 1F 77 T4
USRI CTPN [P K SCAR S A— R 558 B[ € P4 HE, H BLSTM SKRHAT/FHI@RS; X T2
JAISCA, RRPN [415I N T BA J5 [l (R HE SR AR s 4 77 1) A P TR BOHE, - [ $2 HH i Rol it
KRB E R JT ] TextBoxes++ [S1RH WL ERRARBAL G AETUAE, EHEENAVYAN TSR 2 J7
] SCAS s RRD [6]4 FHE A A [F BT H [E1A 5 43 28 49 3K 3 T B BUNE % SR AN RF AR AN e i AN AR TR ARRAE s % T
AH I SCA, CTD [T 14 A RORFRIRSUAR IR, $& R ) A [l e 42 (TLOC) Sk 2 21 % i ]
IAH IS s SCRR[STHE HE I IE M AU SCF X IR R, fHF LSTM SRR STAR X S5k, AN ) 2530 2 Tl
—XFIA T, EEFRANBE SO Ik TR g v TR R S AR, (H RS2 R Tl AR ROR,
AR AT B TEAR I RCRAN SR

BT 0BT E R RGN BATRIER IR, 455 5 BB LA OS], %5F FCN [9] M 4%
RERS [R5 B R A A Jy B R SUE R, O 2 T AESCCA S BIE, SCER[101R A P AN FCN 4351 4=
FROCAR X 2 B 5 8 F AR o, SCER[111R A FCN AR =Fh o Bl SOREESCAR . /536015
FRARF AP REH /7 W), SCHBR[12]32 H TextSnake, RFH FCN A= B A 42 5 A5 B SOA 0 2650 50
PRI SCAS X 35 46t S5t 338 S 43 1) 2 0 - AR A0 SC 7 ME X 43 1 1) A, SR [13] 42 Hh v a3k =R B 9 8 X 4%
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(PSENet), X T-HEASTAR S A A R R BEE M A%, FFZETd e P k% 22 sl 0 B 1, (a2 B0 P A
18 ZCRAK, SCHR[LATHE H AT 22 ST IR R B A (PA) G AL ER SR MG , [ I 2 HH ] 2 ARG AIE 4 5 35 18 s i B
(FPEM) FIRFAE il & B E (FFM) o tb4bh, 525061 50 3 B AR50 5%, PixelLink [15]7E4% R &5 FH 8 77
{5 Bk g il FAE, TG K 8] (B 5 R, TextField [16] M filr i SCA I B 48 A1 45 A SCAS S 0 7
7, H4Em RN ER R R BT 0% E T E H T RIME R RIR 5 500k, A5 AR &
e, S MR

WS OURAR TS0 ERISCA, HREARMIER K, JIMERILEBREANSE, X TIREREE
BILBUOSFE, K2R RS 2 A B S BEASEE R, 1B UEERD, MEEFrRasEL
15 A5 BA RS 5, S BED . W T35 CRRIN A, R 0 B & K2 RHEE R,
DBNet [17]. TextSnake [12]. PSENet [13]. PAN [14] K% SCHR[181Z: K H T AR IR AERV S 715, SR,
BT R FE AL 5T 2 ) A% FLIE R R T8 B 0 I R 1 7 SOR B A AN R B RHIE S B, AR HEAR1E
P [ s Rt LA, X RERI RS 7758 G K HR JZ R AE MR e i v, 4k, BT SO B 1 B id
Ft, Bk, SR AMRHER R A RAR AT IS RSO, S BRI 25 R 5

R, RSB AR SCARRI, AU T S RERHEE B R R, BE T 5 13 210 Es
TERINAETS HIE N A IRE i o B0 BA B, AR SCRE T DBNet [17]5095 M BUF P 7 AT 2502k, 4t
— AR ORI E L. B, R IRHIERRL G AL (Attention Feature Fusion, AFF) [191H T4%
fE&78d, DSR2 RIEFHMERI B G 8OR: Hk, BRI (Residual Coordinate Attention,
RCA) [20]FH TRilv& JG RFAE,  DAR A IR B RFAE AR DG, H B S, BT

AFF REfS [F] I S A AR AE R AR AEAS 1B, MBS S, b, 2 @IV & /) H (Multi-Scale
Channel Attention Model, MS-CAM)RESSTEIEIE4E S FR A R AR 2 RE LR CERE, 7T RAF B 55
3 A5 B A Ry [ OR SCA RN 3 A BB SR B (0 /N SCAR, A IEAS ) ROERFIE A — Bk, (REEZMATiE R, B
G 5INBRA N 75 17 3 A R A o

RCA J&—Fiig i B A5 B 5@ S BAS G IEE ), el 2 0 WK R 55 1753 il A
BA AR ERE B, E— N E KR LRI SCARRIAYE B, AR TR SCRA SN, FE,
PR ZEGMB R R B R ER, HitHEAK.

2. ML
2.1, HEk

SO I SR 2 T R iy — A% 5K I DBNet W28 HEAT (AL, Fe 28 S5 tn P 1 o
G, M A BI(DCN) [21]1) ResNet-18 [22]4FE 1 M 248 K S U MR 1 S ARFAE, DCN J@id
SE NS B R AL AT R E A% RENE XA A RUSE BB BT B S I (0 5 A7 B8 F SO 2 RUBEHFAE s
G AR 2 AR AL B8 . AFF BLBREAT 120 il SR R SR [ 0 RUBE I U i 4 B HEAT D25
5, i RCA BEHAS B R RHE IR e, A RERRERAE 215 21 R BB R R R IR 13 (P)
MBEE(T), ZEHARQ)THERS ZERE(B), k ESLR i E N 50, BEIRYE B 132507k illgh

1

By = 14 HRiT) @

2.2. AFF &1k

A% AFF BEEA A 508 FPN [23] AR SR AE B EAT il B AN B A, T2 S v A T WL AR A ke U
HIA— BRI R & ROR, e nl&l 2(72) s .
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Figure 1. Structure diagram of scene text detection based on attention mechanism
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Figure 2. AFF structure diagram (left), MS-CAM structure diagram (right)
[E 2. AFF ZEH3[E (%), MS-CAM Z3E(H)

WE AR, AR DS EAH AR A AR AR IE ], (AR B S5, A IEAS R R ERAE B 2 R A
— Bk o AR JERAE B A ORI R, BRASOR B 2 SO, 0 T R RIS B I
M e JE AR E U 2 (08 B R, R I X /XA 5T 54, BF, XY e ROV 405058
NRHIEG I RS SOE RHIEE, C FRonidiESsE, H x W RRFHEERIFADN, EXE, AR
WAFITTH A St 5, (1 x 1 B O IBIERR/D> 2 256, X T = RFE BT H i Bk A J7 4 DL )
SREFEE BAG AR KN, BEJE R B E Z A AT PP S, FRs G S g Rk
MS-CAM 154 Bl & HLE , 2 5 X AN A RUBE (R ARFAEREAT FHF IE DA AR AE, 55 FREAT B AR B AR kAT —
KRG, AFF 7] DL R A A 2(2):

Z=M(X®Y)®X +(1-M(X +Y))®Y @)
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M A MS-CAM HIfii’ 5, @FKRBETLHRMMN, QF/RZFILHRMIFE.

MS-CAM [ S AR @ o528 2 (At K /N, o] DATE 24N U b SERLEE = ) Hahinls 2(4)
FiR. EF AFF BEERYIE Al A 45 F X e RO fi AN ] (1 40 52 5 3R A3l I i & ﬂi, X' ol A
KE)BE. Hrp, — AR Pk 284 & RRFE, UL B2 R AOR, HAR@)
For, BRI ARG)ERR: I X EEAHZ GRS EE E R ER, RS
B RFAA NSO, HAR(6)ERN:

X'=X®M(X)=X @0 (L(X)®C(X)) ®
G(X) = B(PwConv, (5(B(PwConv, (g(x))))) @)
(%)= gy 22X L] ©)
L(x)=B(PWConv, (5(B(PwConv, (X))))) 6

M(X)ZF 7~ MS-CAM $EEUAS 3 (174 3 T AL E, B Ror it & IH—1k, o i Sigmoid il i1 4% PWConvl
F PWConv2 Fm NiZ iR, #% KNI C/rxCxIx1F1 CxC/rxix1, v, LX) S5HNFEREA
FHFEIAR, T O B A2 AR A0 P o R A0 1

2.3. RCA &z
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Figure 3. RCA structure diagram
3. RCA 515
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AAFRE S Y ARV AR A R S RS SR A BB TR IR AT o, TR S SO A7 B S e LA
B, DAL, 3 B S DS At A PO A (H, 1) AL, W) KT R 3 B [ 06 ANl IE HEAT S h%, 5 ¢
AMETELE R h MDY w K AT s N A (T)H(8).

2 ()= T X () 0
20 (W)= 3 Xc(w.) ©

RPN ARy U A BT A R AL, P X T R EIARR AR I, SRR RERS U — AR
[ PRA T Bl SCAIL PG R, DUE AR SCAR IR i, 1 50— A5 R R BEAS A BLAS S, R S HER
5 B 2 B G B SCA

ARFRTE R AR K BIRPIAS AR A (M YEE E AT PR, IR 1 x 1 B RURIESEIEIE, 2 )5 T
AR, AT A 3 (9)

f= 5(B(Conle1 ([z“,zW]))) )

T, [ JRRE R TIHE, e RO g R, ¢ AR, ST E R 8,
2GS A A AE ¥ £ 2200 AP AT £ e RYVP RN £ e RY™, B il ] 1 x 1 SRR & 1 |
fsiEE, TR EREITER . &5, M Sigmoid AT LG RIRCE, RN H
A PAFH 2 3((10) % 7R -

yo (i §) =% (i, §)x 0l (i)x a9 (§)+x (i, ) (10)

X, (i §) ZRMNKEER, ol (i) F1 g2 (§) 52 BIZRAE KT RITE 7 1 HOVERE AR . R, 3%
gl P G L B B

3. EWERE S
3.1 BIESE

N T IR AT IR SE NG s FRAE A FFEdESE ICDAR 2015 [24]/1 Total-Text [25] #4755, &
I HERG P (Precision). 7 [ R (Recall)fl F #J1¢ (F-measure) K38 1IE .

ICDAR 2015 (#5562 1000 5K Il 25 FE A1 500 5K36UE EUE, SCA T R4S, XK H DDA 4 A
TR

Total-Text Fs #2605 1255 5k I ZR B G A1 300 LA EIE, &K 207 AT fhSCA .

3.2. SEEOYRTS

BTN ZREEE, BRATE G T SUARFRE N “#” WSO, BfjE R HBENLEET, FEHL R fpE
PUBHSE LASGSm s, B A (2 AL RE 70, 5 R A EAST it 31 13 B U7 v ol 1 i R4 8 BT 3K
/N 640 x 640 LA N 28 I 25 5 e 2K

BATH B FAE B GTX 3090 GPU )14 1200 &, Batch size %4 16, KH Adam 1EN{l4LES
WIUG2 ) B E N 0.001, {4 warmup FiHE 3R 5 45, i cosine 2% ) R HUH S, HLA #EAT T
S5, TEHEBEPYEL, 44 batchsize WWE N 1, (RIFEMGIMMMILL, H WA EE R E GG & kR
UNEEE OGS
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3.3. XFEEsCLE

FATRH DCN-ResNet-18 1E 8 F M4, 1/ AFF HI T2 REFERIE, 51\ RCA KX ab& 5 1
TEFREATHRIE, f81H ICDAR 2015 Hda KPPl B S B AE 2 07 o) SCAS At Re, 7EHEFREANE], PRIEFIE
BRI RELL, EKEAF] 736 55 1152, [F]JR DBNet J HAth 4 iz S ORI BE AT LR, 45 R 1,

MIA TR MG L R 736 B, WTLLE R, FEHERIEER F A By AlIAF] T 89%F1 83.6%, HFHEL
T DBNet fEHER B _E4E 7 2.2%, 16 F 080 b3 1.3%, AHE T He ik, AT AT F 25
FRIFEEARRNTES S, BAEHEREEE F AR . UBATE B R A5 3] 1152 1, 1E
BRI F 238 B B TH 2 82.5%A1 85.5%, #iZ Hi /B E T 3.7%41 1.9%.

Table 1. Comparison of results on the ICDAR 2015 dataset
= 1. 7£ ICDAR 2015 #i#EsE FRILE RELEE

Fik P (%) R (%) F (%) FPS
CTPN [3] 74.2 51.6 60.8 7.1
SegLink [26] 73.1 76.8 75.0
EAST [27] 83.6 735 78.2 13.2
TextBoxes++ [5] 87.8 78.8 82.9 2.3
PixelLink [15] 82.9 81.7 82.3 7.3
TextSnake [12] 84.9 80.4 82.6 11
PSENet [13] 815 79.7 80.6 1.6
PAN [14] 84.0 81.9 82.9 26.1
DBNe (736) [17] 86.8 78.4 82.3 48
Ours (736) 89 78.8 83.6 46.6
Ours (1152) 88.7 82.5 85.5 224

NIAEAS TR AR 25 i S A AT RE, A G Total-Text $ESEHETSLY, MLE/FE E, D
HHEE) 800, F A5 R U1 2 B, 7EHERAZR A R 2R ] F 434 143 ik £ 7 89.3%.78.5%F1 83.6%, 4 TextSnake
FHEE, 7E F 7080 B4 5.2%, %5 DBNet #HLL, [FIFEA 0.8%IMHE T, HAEHLE L FFERA 5],

FH AT DL, AR SCOF RN R LA 22 7 1) SCA IR /2 25 i SOAS, 7RV SRR B L3 — e 3a 4 .

Table 2. Comparison of results on the Total-Text dataset
%2 2. 7£ Total-Text #iiEeE ERILERELER

J7iE P (%) R (%) F (%) FPS
TextSnake [12] 82.7 74.5 78.4 -
ATRR [8] 80.9 76.2 78.5 -
TextField [16] 81.2 79.9 80.6 -
PSENet [13] 84.0 78.0 80.9 3.9
PAN [14] 88.0 78.4 83.5 39.6
LOMO [28] 87.6 79.3 83.3 -
DBNet [17] 88.3 77.9 82.8 50
Ours 89.3 78.5 83.6 46
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3.4. jHRASCLE

ACAE ICDAR 2015 FiFATiHmhscss, REFEMGIARELL, Wil i%es) 1152, 455w 3 fox,
Hr, Baseline SAJ5 DBNet 7F A SZI ¥ 4 Jv S50 B LA LSS B, L IRATOOK RRAE fl & BB 5 oy AFF
i, EA R F 3% 51 3.06%F1 0.88%KIFETF, 24U RCA BB, 78 F /0% FsH N i%,
A4hié AFF BLUUEHET, F 2080 B SCHERTESY, A3 T 85.47%, AHECT Baseline #5 1.59%, 0iF T
AFF fELUAT RCA HLH I 2 -

Table 3. Comparison of ablation experimental results of each module on ICDAR 2015
7 3. HARRFE ICDAR 2015 ERUHRASIIS 4 RELER

T3 P (%) R (%) F (%) FPS
Baseline 88.84 79.45 83.88 24.7

+ RCA 89.06 78.98 83.41 23.9

+ AFF 87.11 82.51 84.76 22.1

+ AFF + RCA 88.70 82.47 85.47 20.4

FATDRE AR SR AT 1) AFF 58 (R HoAth 22 ROBERFAE Bl & 5092 FPNL FPEM_FFM 1 CAM #E4T [ LL#L,
e AR B SCHTE F B 75 AT A PR b, SRR B R i i A 2 3] 1152, seadal Rk
4 Fw, WTLVER], FRATETE A AFF B /E R N E B2 ERS A kb, HAE F oy 8 B 7 e T, X
1355 T AFF BEHLRERS7E R EE AL G 1l e, [FIB %8s, (IRERRHEREE, MESS, YIERERNA—I
PE, BT NAAI ARG, AT A A5 AG W 14 B B 1 8

Table 4. Comparison of the results of different feature fusions on ICDAR 2015
% 4. TEMFERRATE ICDAR 2015 ERILERELE

REAERL-E AR B P (%) R (%) F (%) FPS
FPN [23] 88.84 79.45 83.88 24.7
FPEM_FFM [14] 88.55 79.8 83.84 13.6
CAM [29] 85.82 83.24 84.51 22.9
AFF 88.70 82.47 85.47 20.4

St ER, JAT A ) RCA B [FE & E = 71 SE fl CBAM HHAT [ HUAL, SLI0 kg [E k-,
S5 RLN5% 5 R, AT B IE 1 5 ) (SE) RUEIE | 23 [ = 1 (CBAM) , AT BTl FH [1)5% 22 AL bR i 3 71 (RCA)
TEMERIZR . A R F B 7 HAb 7%, BRI S 52 ma ANk, 12 T RCA R % 1F ik o 85 22
SR ERMFEIN, CRE SCARN BAE B I KB ERSCARMILRE R

Table 5. Comparison of results of different attentions on ICDAR 2015
# 5. FRELEESITE ICDAR 2015 FRILERELES

ER I P (%) R (%) F (%) FPS
SE [30] 85.26 81.98 83.59 22.0
CBAM [31] 86.6 81.79 84.13 18.4
RCA 88.70 82.47 85.47 20.4
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3.5. AIMHLER

Wl 4 SRRSO S TSy B AL DBNet M5 7E ICDAR 2015 £ 4 BT #ifbas R, BT A
i, DBNet 287 /N RS SCA S EAFAEIRAS LR TR SCAR S A AN HE B (1138 FAE s 1 AR 5L
R R ] AFF BB RCA BEEUHSS &, AMUBEOR B BE 2 IOAITRAE, B REd Peiz i 1 )RS AR
FAl, AR TN BEESCAR A S K SO I BOR S 47, DU E 1 B P i Rtk

DBNet

Ours

Figure 4. Visualization results on ICDAR 2015
[ 4. 7£ ICDAR 2015 ERIAT#ILES

4. BE5

PRI SCE A, BATR M TR U K3 SO INEE, X 2 REBATRAERL A,
TE R VRFE R A B (AFF) R IE R A — B, A s, IRZ R, Ml w s, DISeE ok
Modter. ZJm, Xt R AR AL AR 5k 22 AR BRI TR B (RCAVFE N 85 7 4 2 4 v S ) 6 4%
B AL E R, AR SRR BAT M 58 B B SO N RCR S . SEIR R WY, AR A SkAE
AERVE R SEI P LA BUF IR L. R4 ORI AR, BATR S & SCARBI L, Kt — D SEmt i
i B3 SCAFEI RS o

E&WE

T BRI S W R HE 6 (2019WGALH21); | 7- 48 B Al 5 N H F:fill AfF 7 % 43 (2020A1515011468) ;
IR AR T R R (LA T 2R T H (2019KTSCX189).
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