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W E: aRSFTTOEAARE, AR GAAREF, HIWBBAE. FHRIEHAB R, RATAFH 0, T
AP AR, Ak, b —FViEE A 5] 5 6947 £ M 5 1R 7] W 4 (attention guided logo detection and recognition
network, AGLDN), BR&HACAER 3 % RE T AbAn B 26T K 49 -EA . & b8 AR EAEM B RAE L B AL 2 AR, 47
& F BRI A AT & B AR A R AT E S AR &, AR5 KT RetinaNet 4= FPN 21X % R Z #%fﬁ;’f%;gx\%%%
SAFAEAT, RS A E T A G| M 2 R IERRE R IR, LR #rx%m“##@@'% b # e, KIATEAS R 5 R
A FR g BRI, PRy k=T AR AR L Z A, JERIET K 6h % h, & 47 A M &

KHIA): AR EAR MR R]; FABE AR § RESIEGRE & N3]

FPEESES: TP391

rhc 5] AR Tk, BTERR, B, 5K, SRR, FER 51 S IFR B 518 5. B4, 2024, 35(11): 5116-5132. http:/
www.jos.org.cn/1000-9825/7033.htm

J 5] % Zhang DM, Jin GQ, Lu DY, Zhang J, Zhang YD. Attention Guided Logo Detection and Recognition. Ruan Jian Xue
Bao/Journal of Software, 2024, 35(11): 5116-5132 (in Chinese). http://www.jos.org.cn/1000-9825/7033.htm

Attention Guided Logo Detection and Recognition

ZHANG Dong-Ming', JIN Guo-Qing', LU Ding-Yu’, ZHANG Jing’, ZHANG Yong-Dong'*

'(State Key Laboratory of Communication Content Cognition (People’s Daily Online Co. Ltd.), Beijing 100733, China)
*(Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China)

*(School of Information Science Technology, University of Science and Technology of China, Hefei 230026, China)

Abstract: In natural scenes, logos such as trademarks and traffic signs are susceptible to shooting angle, carrier deformation, and scale
changes, which reduces logo detection accuracy. Thus, this study proposes an attention guided logo detection and recognition network
(AGLDN) to jointly optimize the model robustness for multi-scale and complex deformation. First, a logo synthesis dataset is established
by image collection and mask generation of logo templates, image selection of logo background, and logo image generation. Then, based
on RetinaNet and FPN, multi-scale features are extracted and high-level semantic feature mapping is formed. Finally, the attention
mechanism guided network is employed to focus on the logo area, and the influence of logo deformation on feature robustness is
suppressed to improve logo detection and recognition. Experimental results show that the proposed method can reduce the influence of
scale changes and non-rigid deformation, and improve detection accuracy.

Key words: logo detection and recognition; data synthesis; multi-scale features fusion; attention guidance

b5 (logo) 18— E BAERR PR IRIERLRE T 5, #57 fh BRAH G B A% LR RIS . B bR A5 B A g R
B, AREAT I SRR BRI . BRI T, BRESSE ARG 17 B R A IS SUREAT )2 1

« SEEWH: BxRE SRR (2021YFF0901600); [ 5 A 2R 2564 (61672495, 61971016); b5t 17 H SRR £ FE &- T FZ A B2 B0
H (KZ201910005007)
R TE]: 2022-11-21; A& 2R []: 2023-03-16, 2023-04-25; 5K FH RS [H]: 2023-08-18; jos 7£ £k Hi il 8] 2023-12-06
CNKI M2 & &I 1] 2023-12-08
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KA &2 E N 5| S a4 AN 5 A 5117

FE N bR B F T RIERZRE, Wl R A e 0 20 HT B AR SRR A 55 1R 1) 2 A A g e ) 552 Bk T
T2 B2 FH PR

HEBZ NARG R AT WSEARRRE, WA, SR S5, 11 BT B 285 WA E B R 8 58 2640 A
A, AR E . M. 6, MBI E RN L BRIE. FERIEIBA, RN X e =Rk,
WA BARRE AR T 118X 2 RBERTE R AR 55 i REEAT ARG AR Ak, TEAR T G 2 A A 3 LAIR 13
WA

ARG st bR SFEEREBUI R, 2318 SR BRIRHEA N 55 10 8. 2 R B ARFHE S BRI A 2 — Fh A 20
(¥ AR R 7 vk, e T A T 2 R AE P 315 3R e Py 25 R o SRORRAE (06 A5 B, SR AR R 278 H BRI RS HE B e 1 B
RetinaNet ' {F: 2y i FH R E 4 7 H5 R 4% (feature pyramid network, FPN) B By H BRI R 4%, CL4AE H bl 45
IR TR RCR. 53— 5, bR S B R B AR B AR Sk AR G AR AR NI AR . VR B AR 2 T
W 3 A A 1 R R B EAT R AR SR BN, G SRAE M RHME A S T 2 BRI N, B R EURIEZ
B EUG AR H br 28 (10 5200, BRARAS I 55 1 500 (kG 13 1), ) B2 v 9 48 X T A8 E AR O ARG 77, Zhe 5 N R T
AT, KB =S B R AR AE AL, 5 1R 2 4@ 51 N o] 2R T 36 AR et 6 TR 7R B AR A 5 iR
BIBE 77, B0 Liu 25N W2 —Fh 1R A A B, 85 i R LR AT Rl A ] AR T A R AE AN 3 4 ARy
A, LRGP TE B bR AR TR 2% 1k 5 1R 70 Be 7. 28 SR BIFR & BARFE SRR AR, R WA M E R EH R
JEASA R, TR, P RIS RV S AL R 51 3 AT AR TR A AR AN E S AU E I RS, T BRI 2 B rp B
FRRFIE AL EE, BEAIC AR A8 T A v R i e . B Ab, bR S 2803 B8R MnmEl, G SEERETEE
AEETA bR SR, PR, BRI S R R T e Am v B S A 2 I R

I, AR — P ) 5 S AR A I S TR P 4, i A AR AL A, R N R JENIME AR
IURER=S G

A FETTERE LT,

(1) EFx5 b E 200 F & HHr BRI AW, 5S8R B AR o T A bR S 300 [ 18, A SR H —Flby S48
BIRITE, B AT S & MR A S o A R 4R, S Bz A e

() TR E . MAEIR, FrER S HBURE AR, RS RetinaNet A1 FPN #2822 ]S FFAEAL £ 2 A4
T SURFIE LT, 8 il A (K 2 AR AE (A 1 PR 25 R v JURRAE (9 18 S B3R = U 278 H AR IR E B i .

(3) ZRFRAE . PR AR TR0, br B2 27 AR AENIVETZ AR . AT A 577 51 WL SR A &
Wil AR AT AR T B ARRAE, AT A 2R THEZ B v B ARRAE (B, FRAC AR TR Ao U RE R e M. I 7E
Gr— 2 A %o 25 ROBE R 3 JILRIIBE & DAL, SEB63R B TR 52 W3 4R T T An Sk P R

ARCE 1 AR SRS U A OC TAE. 5 2 WA Ghs ERER S BULAE. 58 3 WAANER 5 ks E
R 5 45 AGLDN. 5 4 T3 SRIe W B 5 85 R0, e WA LA 8,

1 H8xTIME

b SR 5 AR 2 X B AR 55 R AR S HEAT B LA 4 28, JUJR T H AR I AR, B SR FH 1) 32 B R T Ay Sk
T F CHRHER VRN IR B 2 ) 773, 25T F THRE B S AR SR 5 100 32 B R i X R . F L4F
FESREURD G X 3k 26 1, FEME e 7 E O T T (R RRAE, 17 7 B8 04T 45 B R SR AR A I - AR HE 1 B 1
HMECLERIE. EAh, 128 773208 8 8 A% G0 0 28488, tH B 8 FE v Bz Ak Re Ju i DAORAIE, PR T RE5E b5 S kil 5 R 5l
HRO B RS B B4R

TR B 2 STHRR TR B 7 9 2 A R I BT VAN B B 5 vk U B UG M 5 5 BL R-CNIN (Region-
CNN)!'| Fast R-CNN'" Faster R-CNN"URHCEE, 7255 1 By BOIEAT H bR X S AOHEEL, 55 2 1y BOIEAT H AR5
5, FRMRESRTE T EARR IS W BOAE F5E, DR LA BT 738K WA B 7 12 S PR AE IS4 b PRI -5 4 31 . Hoi 45 AL 1
248 7 R-CNN. Fast R-CNN. SPP-Net (spatial pyramid pooling in deep convolutional network)!" 347 ¥ 5t R
RIS IR5, I: LB T AR SHE FE . Eggert % A Ui 3 F Fast R-CNN 5L [FRFIEF 78 BB K H bR AT 1R 51,
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[ BT DA v AR 2 T A B /N She ) 3 35 X3 JBOKR, v BRI e TR KR B R R IR 2R, FE IR FF R T S TR B 1 )
W T 2 R B ARSI R & Li 25 A U7 B4 A Faster R-CNN 34T M0 5 b 2 BRI 53R 50, 48 F B 24 51 36
WAL P 28 224, BT BTl A R S A6 A K 5008 SR SRELA & 1 B AR RURE, DAL AR o G 2

BRI B 742 T U H AR X 3 AR R 5T 5, (A1 IR SRAFE o PR RS T 7 1 236, (E I ARG o P AR, TRV
T AL S SR A T B A T SE R, FRUAHIE AT B T 2, 1R TR S YOLO™, SSD!"”HI RetinaNet.
B BT VER S TR TR 0 RS M, (R AR UK B AR T R B AR — s 20, R E T S R
FASHE B 2 T R SO R, 658 22 RURE H AR AORFAE G PRI, DASR 0 BB B H AAS I 7 12 M 8. RetinaNet ™ i it
Sh G B RRAE SR IO 26 F11 FPN £ I 2 RBERHIE, I AEAS 5] RUBE B HFAE 1B 1% e AN 5] ROBE B4 AE (anchor), {38 FH R
TR AE BE T /N 1 B A, AN ROT REAE B TI0 5K ) B AR, A 8 7 5 A [FREE B Aw Al 5 3R 1 g8
Yang 2 A\ PHE T —A Inception-Text b, 383t AN F A/ SRALBE H AR 2 RIE, SEEEAN TRE H
7 —A AR (deformable convolution) b FH 22 75 [ il #1, 4R J fil & A8 [F) K /NGB 20 SR BURORFAE, SR A2
Z RPEZ J57 A B ARk il i 58, BAR 51N 2 REBERHERA 7T DU ot 2 RBE B AR BRI BE 77, (H3EAT RAAE Al A 1,
R RHIE R IA RE I R Ak A S RRIE BT i, BRIk, A 733 8O0 T & 2 )2 OURAIE I &, JHETmT R I+ = 20 SURF
HERE Z 45 HE ARl A 20UR. Hou 25 N PR T —Fh 22 B RFAEMR AR 48, ZEII 28 T BN T — AN 4 (AR 42735
B (balanced feature pyramid, BFP), & FIAH [ ¥ 3%  RR AR e bt ok 22 2 VBRI, 7F FlickrLogos-32 ¥4 Y |
mAP L E| T 86.2%. (H/&# Fl BFP Jyikiss B3 W NRFAE LA (K 5 24 B, Yang 55 N BO%FSE 2207 2 R 5t
75, IS T Inception 2% N H  FARSR L 7 — A Inception-Text 3, ¥ Inception-Text ¥R INTE M 45 i 5 =,
FEAR S %2 $ v B 44 B 10 (R IR 4 v 3 SCHRFAE 14 )5 &, 7F TCDAR2015 ¥ 48 P E IS T 90.5% HIAG MK FE, 2
a1 2 REEZ J5 1 B AR P R

TEFE RRHIE B, B0 708 AR 48 5N B T = B AR R EALE, SRALRHME R R IA Re 77, #hm 4t H
FRAG I 2 ERE. 140, Woo 25 N\ P U 7480 5 /) ML HI#iE (convolutional block attention module, CBAM), 3 &
S A PG BT INAURHE, BARS NG Z5Ci TE A, 7 T8 VR B BRI N R BB, S s ) A
FHEMIGERRE. B8 CBAM B 12 B TR 2% 1 RRAE 404k, {2 38 i ZR D638 18 v 55 R0 28 (B 0 SRk
FHAE, T B 7 A& B ) BN E, B aEmin K TERE 0, mE M TR EE. T K
TR E, Hu %5 NPT SE (squeeze-and-excitation) FEHk, SR T — PR AE BRI [ 325 157 Hhy 28 A v
I FRFAE R B, M6 55 SORTE A E, ISR IER & 1 SE £5 Ml 4% HE)Z (fully connected layer, FC) B#K4F
RS FE LA SR B TR (10 52 1, BRAREAS T — s O RIUR, EL 2 A4 4 R R AIE (AR AL 28R Wang 28 A P T ECA
(efficient channel attention) #ER, £ SE FIZEAY_F A INE M AEIERS T, SR KN k 0 — 4850k 3k s
WIER AR R, MURIREK 7 S8R 55 %R, T B A9 SR 2 3 vh B AR RHE R E.

B 7 b e TR TE AN A R AR v 2 A, A T R v W R AR T H R RE ), LAIR B2 B
H PR AE AL . Dai S5 A\ PR I T R4 35 BUORIR w48 H bR IR AR G 7, JLAE M B AR 34 Ein w2
&, i a2 5 b —ANPAT A S A e T EAR B, s s b RS2 BT b B AR RHE R, T AR
FATE A AR I H AR B0 H (AR 57 M R, 7EAR 2 W48 R 13 5 F. Zhang 25 N PY5I N AT AR B U Y 1 — b B JK
FATAR T A AR, 17 30 A5 AR AT AR T A ARt AR AR AT @B 20 & HE A 11 B A S B A AR LSS, Befig B
& MR IR S o AT R SCRFAE, 38 B At B FRFFE R B P, (B2 IR J7 vk R 3 e 2 AR ] AR T
BB R EREAT IS G, FE A S8 A BRI AT AR T 36 B BT B BUREAE A 250t 20 A Liu 25 A P
— P TR AR R G AL, T 51N VR R T T B SR ST 8 A B AR AE AT T AR T A UREAE, 2 H bR AR TR R 1
BRI, 34 = 7T AL PT DA 5| 538 38 45 AR AR AN T AR T A ARURRAE 2 (R IRl A, DUE SR THE BRI . BREEAR
A B H AR R BE 77, 5 R B 0 AR & BARAETE JERI R T AR vl /R, (H 2 AT R G A s R 8 RO AR b il /1, 6 8
SHIRAR, BRI, 51N R 2 7 TN T Re e M Bl B IS R = Re 7).

WAL, TR BE A 5 5 I B Bkl 5 R 50 R K E BAR T A R I SR A S, DU e B A e 5 AR il
fRIBE 7. A R e o SR v B R I R BT VR R T V2 SRR S AT N CARVE, (R IX MY TR EE A R N Ty, e
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T AR B 2 AR PE R R A O L SE AR A 5 R AR 55, AT U B 8 AR 35 R 5 5 ¥ 2E ORI 2
sk, b S R A AL s br SR R B Bl 8l . 07 5 AR A AL B S B 275 S G, R B 3h 4
PRTERS B XHLSE b3 AR Pl (A B TRAL 3 7T AR i 2 MR 1 22 R, 10 Su 25 A P A5 AR B ARAR 4T
W WERE . AR B S AL, S AL R T 3 R X AT B ke A P AR S AR A M Tiang 25 BT
B8 T AR SR R A B, HAE R T IE M SO AL bR AR AN AR B SR AR AR, [ A
IR AR PR HEAT 05 5 A e BEALERET . BIEAR e, mBTBOI A — R AU TAL B AF, DLIESREE s R A K 2 1
P T R AL B b AR BB AT TAR B, RREAE — € i Bl W SR i REAS 2 R, DRI WF 038 SR o 1 B MR
(f175 1, Tiang %5 A P28 ERAE B Sty S b, MEAE bR 6 2 R B 50 — 58 1B R SUBRR, A T RREAR R T UL A 1
SCHE R A, % 57 SRy SRR I B R, O T L B A0 b 35 W] RE I 370 55, 0 v s ) B
FERE; Song 45 N BN B A L & & RS AR R 0T SRR, 3R T 5k T BEALAG IR G0 bR 25 B0 A i, H 0547 5
FGREMEBIBEHLENE . AR, SOHSERFE M B A A S AP SR B, PSR & R A K 2 FE . DAE
TR DA AR A AN SR PR I Tk B RIS AR S R N AL B, TR N SO R AR,
YT & B PEMGOR 75 100 FLSE R 1 1 B i, W LB AT XS A BT B R AC, Su 25 N IR H T SO
YU I I7 i, WERD & B EURHAT 3 — 2D (50 B . 6 LU SR A 3, PR R A A bR S0 B B 500 3 SRR 1) A A
FI1%. Gupta 58 N IR IE T 5 50705 B 0 A BRI Al P15 5 PR 0 8 B A0 2 0455 S SREBURRL 610 (X 3, O
TR HBENLEE RS SEFAC B IN 209 5% BUR T X b S il AR, A UG 7 BSE & i B R S0k
% H:T1Z LA, Montserrat % A\ P00 b7 & BURMUIEFE « I E AR, TR0 P VA RA B A4 OB T In 2175 5L UR
S XA, AR VAR Bl P ROR AT & SR AR A IR TR E B R T ISR S B 5 R
ReEEAR 2 FEVE L A UL R £ RO IR A & i BB & LS MR A 0 A (B A7 AE QR L T ) A,
FEAIE: (1) 7R U SR AT REAL 07 5 284, AT & SEBRiE Ot () AR R B A &, sURESIC
FRPEE B N E, 3 EBLGE AR E A BERRBE TR 75 SV M AZIE; (3) £E & N 56 A JE b i & vk e b Ak
BUEWIRCR, AFF 6 H L S LR S R, DRI, A2 bl & FOSE R 10 2 REAG & i, sk i B i AU Friz Ak
RE T, MCOR I H AT 0% 75 At ke 14 1 .

2 IRSHIERE A

RSB R SRR R MR R, N TARESE R, H T2 T I S TovA 2 REHE I 2RI K. A3

B — Tl B AR A O 1, SR A AR A R AR O 1 AR Gupta S5 AN ISR A E R G

J, FEARIEAR B MS RHEAT T O, EERAEEIE 1 PR, 20 bR SR F R IR R AR R T SRR
PREBREG ST R A RX 3 NP

5y P

i AR [ G AR
R RS E K

by “‘
¥ ==
g adidas  [sfeftelel]

- <a%|&11%@%>

HREE | A £ BRI

‘

I

B bRl SR e
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(1) b AR MR A8 B ARG A 1

H AR &R ) 32 B A SR 49 FlickrLogos-3214, $t418 32 34hrE, A C[EREIE T FlickrLogos-32 $#f
45, DR AR AR Rbr 7B A0 R A, 4R 1R E 2800 S5 FlickrLogos-32 H1 1 32 KA E R . B e /E M 4% h i 4E
ot AR R, SR 8] 2R i AR R MG 2 B VR A AR S R, B33 B R R B4 R, 4 N THIE
JERARR R X3, BRI AR AR .

(2) BBk

b 35 B0 R 2 AR EORE S 228 i b E R A B s h AR B MR, IS s R R B R 2/ S b
BEW RIS R, ACEFE T FlickrLogos-32 [ 6000 7K no-logo K EGAE AT 5t G EIEIR. RN % & 2)h5 &
A BN S AR T AL B 2 e B i A AR UBUR, 7R DR AR AR R 0 B s MR ARG T Xk, AR
ARG B R bs G EE. A SCGERS A Gupta 25 A\ PIE I 57 7 BUR A X 155 BUG T & X Sskidk 35 7
15, H @ G BRI A TR E A1 X

(3) R EBR MG 5 H 5 A L

PR T35 bR SR, EFR S BUR TR IR ESE s, A R B AR A, 1EG ), RS
ANE AR Rl A 1A BT 25, TSR br SR B AR 3 s BUE b, BRI,

1) FRIEEAN AT G 55 X A5 R 58 BR AR A

2) KT RIEC R AR 9 3-D T, FE4 XS AT e e {3 AR ML 4G 0E [ X 33

3) W el Ja A DX ATl B, B ORI x Ay Bl AR RRAE B

4) SRICT IR ANMISETE, SETE R LA A A FBERC, JEARE M B0~ X I8 AT e s, iR &MU sE TR M A 0.

5) MR AT J5 o3 FI DX G 3R AR IR AR AL SRAT R SR AR L B H e

hiy hyo hys
H, = /’l2| hzz h23 (])
hyi  hy o hss

6) il FH Ho RLPE AR AR R H A5 78450 J5 1 X SAMRUAE T ALK (1, 1, 1y, 1) THHEITE R A, 45 21 5 B P X0 4
MR (L, ), 7, 1) BA LG, xo) B L (), x) AR B, TR A R

x; hyy hyno hy X
Vi |~ ha hn hay Vi 2)
1 hy hxn o s 1

7) SRR AEAR & B A ARG B, R RO T8O AT S5 R R A DX SR g SR T — UK, IR BT
LB TALHL. ¥ 5K RGB BI& o HSV K, SR )5 A R i hue FOME, A2 AT
hue = (hue + huec)%180 (3)
Forh, huec FENUE, BUEIER N 5-30. fE 2 J5 54109 RGB El4.
8) bt £ B T FL A TLSC MR BN I, S AN ELAE T 4 A AN 6) gkBUKAAT (1, 1, 74, 1)
HHA B RS HR AR RE H.
9) AR F SR AR B R Hy b AR 3 B MRS B R AT A e, IR AR i E B RS AR R FE T 5 B %S
INENTH S B, &Nk T PR
rip={ S o
b, PG, j) T SRR B B AR, A, j) JIbsaErs S R B AR R, M, j) ATERS G A B AR .
Febr bR & B R A e 208 SRS 7T DL EAS SRR,
Bl 2t R 1 AR B R AR R, AT A AR SCAR TV AT A AR S B A 1S S AT P A AR T, S LS
b R HI A B Al TR, b i BRIX SO BT 1 X, A A RTUIK, T B 2RI AN R RUBE, 3 T REA
(R 22 FEAE, 2k — B IG5 P 25 1K)V AL BE

@
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3 GEESSISHRRERNSIRBIMEE AGLDN

Bt bR SRR FENIPETE AR I L, A SO THAEE 75 S PR SR 5 IR 3 2% (attention guided logo
detection and recognition network, AGLDN), M 2522 i)t 8] 3 ffr7. AGLDN 2:F RetinaNet HJ %, T EZHEA
RetinaNet H 02 A0 & SERIREAE SR UM 48 FI L T FPN (12 FROBERHMERL-S AL, H HIZAE AR B H brkiil#s, v oo
TEARAEKRE MRS FE (1) [5] B B2 s S I ()3 % . {52 RetinaNet X AR K T 56 F FPN (1 2 OB RHERL & ML, A2
DL AR R AR AN AR AR (1) 1) 3, TR, K SCTE RetinaNet 5t _FaEAT 7 A0 DG 0, T BT AR 2 46
WA P4 AGLDN, BLER i 0 28 6 b 25 B ksl 5 R0 58 5.

LRI R 24 ResNet-50 .
i ®EFEeNERE | L]
K | Stage | Stage | Stage | Stage |IC5 HHE R % |
i |1 2 3 4 [T
A ‘ o
. B GRS Y
e R € T
MAEEG ; TG R

3 FERIGI SRR EAI S R 4%

T, PR P 2% L b R R AR AL 14 ) L, 75 2% 5] N 22 R AE A, £ B35 Inception-Logo FEHRA
5T FPN 12 REZEFRHIERLA. Inception-Logo BEHUE I 2 R EE M B FAZ S BURHIE JF AT RlA, 7T DASE i 15 SURFAE
i, BB S SR ERHE R S AR R A T 8CR. 3 — 25, SO T FPN 02 REERHERL G FIRIFAE P6 Al
P7 5I NG BRFE G Y, 1X /2 RetinaNet AN B 4411, Foik, 9T G RS AR S AR NI AR o) B, ZEM & oI N T
FERE 5 S AL RS = A2 B P H AR R, R D5 S EEER I (attention gated module, AGM)
NI T XN E = 0@ IE T = /7 (efficient channel attention, ECA), Frf, AGM H 146 3 1 25 FURFAE A o] 25 2 46 A
1, 24 H AR A8 T RS B RN, v 0 T TR AT LA 5| S8l S B E AN i T B BURHIE 2 R Rk &, LA
R FHERS AT R E B #R 1. ECA LR %% & 20 i858 v SO L), e i i R 5 i 1 1) 22 BLAE Bk AR A
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RO (S B, AT DLBUINIITH BRI R S e e A b

LN, AGLDN [ RIHEAE BEE M 25 7% ResNet-50, B5 4 MGAEIR I By, A& H 49 NEMZE; 7
ResNet-50 2 5 5| N2 R ERHERL G, 2 R ERHERE G 3 ZAFHE Inception-Logo A LA K 3T FPN 112 RIERHE
fi, LRI LA o 2 RO R IR S A 1 75 2 R R IERL & 5] N AGM FIXUE ECA 2H AR i = 71 51 SHLHIR
PRS2 BT H ARARRAE B, 3215 X 28 AR T H AR B REAE SRR g, SEI e s b 2 e e -5 R 7).
3.1 ZREFHEME

M br SR A 8. BN TR R BEAR, RO R 2 AR B AR BN 5 1800, AR
P2 REERRAERLG 1 753, Hotin FPN 8 mill &1 2 R fiE X0 14 P9 25 A s R AE (9 15 M5 R, SRR R 278 1
FRAE R U (EAEAE B FPN HEATHRE Bl A I, o SRR AE A 28 3 B 0 B S i i A 5 O A0 o B, Ak, 15 56
Inception-Text A AR G FUFHFILE.

(1) PR ERFEP AL Inception-Logo

Inception-Text R, I AR K /N 1 78 (W) 1] 43 B 5 R SR AL BRIZ) 5o A7 1K 22 RUBE 10) j, HAEREAS 5 3R 5 iR
T — AR T AR AL B 37 S A5 10 22 07 1) I R, i Rl AN ) DR /I 4 AR S R B IR AR AIE SR G 808 S R AL 5
M R B R FIAR BRI R UL A, AS0F Inception-Text 11 4% 1A AT 73 B 45 AR O FR AR, U B0
SRR B AR B SR BURAAE. T SO S0 5 & IE T bR 1 2 RBERHESE LA PR N Inception-Logo, H B A& L5 4 1n
Kl 4 fii7R. Inception-Logo 33T 2 ]~ S FUZSREU N RHE BT RHMERL &, [R5 B 2L St L B e AT SRR
A EITE [i6] 58 B B HEAT SR, TS ) [0 o7 L mT e X LA )RS BE AS [FL TR AR I 4, IX Be 5 R SR 0 75 E B iR R
P B IS B, KL, 7E Inception-Logo " 5| N T AJ A JE A, £ & H AR R E & 5 PE. Inception-Logo #E ¥R INTE
CS BREZ G, MINFFIERI R BN 19%19, BRAE4E RN 1024 45, 0 e 5t i NAFIEREAT 1x 1 B AU 1E 48 2 [ &5
256 4k, BRARE BUZIRBURE I R 24, 582 N as by o dIX 4 DN SCAbBE; Xt ey d 452 B 3x3 A1
5%5 PIBFUZSREUFE, FIETE by o d 03X FIANTIAS TSR, & moxd REERTEAR 2 B h5 E W FEIRIRE 7T; 2 )5
] Concat #EAEHS by o d 28 S AN EAT I 4E B 00 200, FFAI0 1< 1 SR SORIE 2 1) P REIE A &5 B a1
GG HIHIES a 4 3060 H PRRAIE BLEREAT AR N, R0 ReLU Buf s 25047 AR 2R 1 LS, 56 BRURFAIE IR R AL

Shortcut Conv 1x1

Concat

Deformable Deformable Deformable
Conv 3x3 Conv 3x3 Conv 3x3

Conv 3x3 Conv 5x5

Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1

K] 4 Inception-Logo FRER K &% 4544

Inception-Logo HE i i A [/ N 146 AR AL HR BUAS [R) R RRAAE, 5E RRRIEAR AL, {H Inception-Logo 1% 4332
FRHURFIE VT BE 2717 KRBTSR TR, DRl R A B s I 22 I 25 1 v 22, 3 fe v fnct 21 S
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(2) #F FPN 12 REHFFFfA

RetinaNet F1 0, & T RFEAL A& 45 #) FPN, FPN N top-down 287 (1) &7 BXRFAE Al &4 E ) o] DURIH & 248 XUE
B, W T RRAE LR (40 HEE, RRAETT RSN/ B ARFIAS . RetinaNet H FPN 25U 5(a) fis, 5% €5 2 F
KEEA R T P6 I PT 2, JEAE{P3. P4, P5. P6. P7}ZHHAT HARKITHM, (Hi2E P6 ZH P7 |23 E & 5 5S4
REr. N8 B G SUE B BRI A B8 0, AN SCelik 7 2T FPN IUARAERRL & 7775, S0l S 12 R RRE Rl &
Z5R U 5(b) fitaw, P5 /2425 Inception-Logo AL G HRFHE, 7E P5 JZHFHE T RAEAF 2] P6 A1 P7 ZHHIESS, ¥
P6 EH P7 EIEHES 5 P5. P6 E41ERL 4153 P5'HI P6’.

W
P5

-

Upsample

C3

—

(a) RetinaNet H13E T FPN ()% R R IERR & (b) AGLDN H 3T FPN [ R R RE &
5 LT FPN B2 RBERHIER& W 2% 2514

RilA TS RRAE B RO AR A 3R 1 BT, A S 3588 (P3. P4y PS'. P6's P7HX 5 FPAS [A) R IHRRAE 14,
D BEAR JE S S 5T 2R B, TR RlA WD 4R A R AE B PR g 256 4, X 45 St fa BRI FEAE IX 5 ol RUBE )RR AE I
B BRI 7 B A T 3 A AR AE B2 R top-down S8 [ 4 S B AR AR R A 45 1, T DL AL IR RS
AIE B8 R 1 PN 25 R s R AE PR SUAE S, SRR R AR R AR I B A 1k, 3 — DR T 1 R ROBE A S AR A i e
KSR

R 2 RIERHMER )5 RRHE R R A2

Rl eI
BRE FAE R B BRE AR R
c3 75x75%512 P3 75x75%256
C4 38x38x1024 P4 38x38x256
cs 19x19x2048 P5’ 19%19%256
P6’ 10x10%256
P7 5x5%256

3.2 EBNISHEH
HRERbR S BB RS, bR DU R AR B AR T S ik R S A7 AR AN AR, DRI, 32 v i A2 B
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RS AE AR, X6 5 b A A 5 35 3 A P LA 0 3 S A S T IR i L) T R, B R 0
PR, P TREIE A G SR AR H ARRRAE 0 S # 1%, th4h, 5 FERFIE A 5 REEEAT 388 38 ) 1) P9 2522 L, U] (ks 1
PR RA RAR F R AEALE, T ECAPTWE Ay B Ak (138 v 75 /LI, O 4aiE B aT LU 2R THAL o B bR IR 5 (ks
. R, $2 A R B ECA TEAFAE R & I AT AFAEOL AL, 3E— 032 s A U 5 R A PE e,

() FEENEER AGM

AGLDN TE 5 A [F] JUBE BARRAE B Fgh A7 47 25 R0 2 S 1 T 00, 5t v e 1 J 2 %o G 00 -5 15 31 £ 12 e B i K.
BRI, AR SCTE AR R BT P A 2 0 1 D B 2 4 SR AR [ A5 AR, LAIRAR B B4 3% 0 IR R A

2 RS B 8 A AR E I8 TTVE XA T 1) B AR BEEAT A RIS, T T AR T A AR AT DUARYE AR A % G AN E & R
HOPRIURFAE. AER 2 H bR 3T AT WA /N 1935 50 3% 557 A ], A o6 AURRAE T A8 B8 K0, DR AU AN A 5 v
AT O] BEAFAEAN B . AGM I 72 77 IR 10 1E 5 26 AR IR AN v 2R TR B RURRAE, 24 B AR 103 TR S 1
AR, YRR AT TR AT LA 5] T AR M S R E R AR HE S R R 2 B I R, AT SR THRRAE i k.

AGM HIZEH N 6 Fior, BRI NEHE F 4T 3x3 BN, KIS AE4E R G — N 256, BRARJE 2L S 2 4%, 1A
A B (A R AE A B, R BRI F; AR5 43 A F, 34T 11 BRI AR S RS HURHE, 213 2 F,
N Fy B35 P 42 RS (5) AT INBGR A, SRAGFER F,.

F,=a®F,+(1-a)®F, (®)]
H, @ REZILEMIE. o /27 2 IR ESEL, N Sigmoid AELE ML FT13; ASTER o F1 (1-a) 2 HIER
Pt G AR AR AN AT AR TS R IE B E. b E IV TER, o /DS, TG K AT A T G AR IR, 1T A bn &
& BB TR, o 38K, T HE B AR AES BUSHIE (A SR, fME 22 71 51 AL, 7T LA 8% 45 S dm i BURn ) 25
TEBRRE i, BRAF G4 1) B8 HLRAE 77 AR S RFAE.
\_>I

M HAFE F,

Conv 1x1

Sigmoid
F,
Conv 3x3
Conv 3x3 I FC la);r

i NRFAE F F,
AR AR

K6 TERATEHEit

(2) T XWE ECA MEHEIL

SR GDAAEIENIEIZAE, SERERNE RGBT S RE R B, VR IpLE] T DR & 285 H AR )
SIESE, 7E BARE TN, 5] S48 5 A2 B rh B AR X IR AR B, AR E (1R K R ) %), 7273 WL, ECA
IS N AZ K B G RL — 4G B ST IR 0 TR I 15 S A2 L, AT LA RS U155 52 2% 5E 1) [R] B 472 s A RSCRFAGE RIAR
#H, AGLDN K H] ECA i i B k52 B vh b B RFE AR

XE ECA #5tanld 7 . iSRS 1 42T Inception-Logo J&, Inception-Logo Ak o5 K A F AN [F] K/
B FAZ SRR AT &, FE N ECA ARG 7T DU ROk BRRHIE. 28 2 AbE PSRHIEZ 5, FLRT DASE A R iR
= ERHE AR ZRHE M RLE . B e NRHE F T8I % 4 R P2k (global average pooling, GAP) 3 314
TEE Fg; SR RGBT KN k B — 45 RUOR RIS I8 I8 128 TAS B, AR F,, A0 k BUE N 5; e
8 Sigmoid Wi eR HUAR B AE FLAF B AR OB B; B JE ARE 20 (6) ARG NAFAE ] F, 15 BINBUS FIFHE F,.

F,=B&F 6)
B O ECA ML, 7T DA-& 30 15 B /832 BT s -E AR A .

© PEBEERKCEIFR  htps/www. jos. org. cn



KA &2 & N 5| S a4 AW 5 A 5125

F F,[Convld | F. (. .| A8 | F,
‘E-|-| GAP ]———[ =5 ]———[Slgmmd]—ﬁ)—i-

B 7 T WE ECA W F R & &

4 TWERSHH

4.1 LWRE

AR SCHEA P AN B SR AT 9200, L — N B SEE 4R FlickrLogos-32, S5 32 Jehr ks, AR 24x & 70 5K &
1%, 3£ 2240 5K B ; K o8& REE S, 2L 32 3%, SR FlickrLogos-32 4 £ 19 2800, 425 100 5k E&, R AT
k. 7EYI1Z5 AGLDN K AH G RLET, i N R I 7 35 Z 3% 5 600%600, B N\ B4 177 9 BOX FriE, 1§
Adam RAGER AT IR, FIUGE 2] %N 0.00001. 256 H K A (L 23 it & > NVIDIA GeForce RTX 2080 Ti GPU,
IR {8 ] PASCAL VOC 2012 85 8 PORI VR bt A SOl 4 21 9256 5k 36 A 26 8 4= 1 7 ¥ f AGLDN
1 B
4.2 FRAEBUIESE BT AERI R

NIGAIE bR 76 HidE A A DU RE AU RZ I, {4 F AGLDN [{I5ERE M 4% RetinaNet FEAT 280U, 46T SCL (synthetic
context logo)™ A1 CSD (context-based synthetic data) " 'Ze {8 H] T Faster R-CNN W45, Jy T 2 LR Lt g, A
L f§i ] T Faster R-CNN %%, RetinaNet F11 Faster R-CNN {8 FI 4[5 01 R0 B . S8 2% SCLPF1 CSDE %) %t
i RN B 75 32, A A /b BCSe B R 4T I 8, # FlickrLogos-32 425 10 TR MG A Il 2, HAEEK 60 3k
G AE IR AR, BEit 3 R E R A8 50 An 5 B0 A o B B ME BE A 521 (1) Reallmg: 1A% ] FlickrLogos-32 VIl %%
AT IR, 1E FlickrLogos-32 [ A #EAT MK, (2) Synlmg: fUAE A2 e ddis (538 100 5K) AT 25, £E
FlickrLogos-32 [R5 47 M, (3) SynImg+Reallmg: 1 5648 FH AL SEHE (4525 100 3K) #E4TI14%, SR )5 18 1
FlickrLogos-32 VI SR &I AT 1M, iS5 7E FlickrLogos-32 IS 3E47 I,

PEBEMA S5 a3 2 FT7R. RetinaNet { ] Reallmg #4454 mAP 24 54.3%, 1Mi{# /] SynImg+Reallmg ##54
mAP N 64.8%, 35 T 10.5%. Faster R-CNN f# H Reallmg #(#54E mAP 4 53.3%, M SynImg+Reallmg
HEE mAP N 63.2%, $E T 9.9%. SCL Fl CSD 77723515 Faster R-CNN JF 5T AR, Bifh 751548 FH Synlmg+
Reallmg $Hl S AHE T Reallmg B4 mAP 2 HIHEE T 4.4% A1 8.0%. 1fif# Fi] Faster R-CNN I, AT 545 & iy
AL mAP 8 L SCLP TR /7755 5.55%, Eb CSDPY TR 7V 1.95%. 1X 7840 U 7 4 FH & A bs 250808 )
DA RO T REAS I 2 1, 36T SR e b B AR (O 8. [RDIRE, AR 2 PRl DA, 2448 ) SynImg SEIKHEAT I 2RI,
CSD B8 7 # & H mAP, v 32.6%, iMi RetinaNet [{] mAP {84 30.1%. X 3 B2 T Al il & o7& Fi%a
F3 BE# G FlickrLogos-32 HIEE N 25 40 A1, B AR SRR 0 2 B E R MR BB R 515 56 I S RS
T TR A ROV BE A R AR R, T SR R A2 A RE 0. AFR 2 W AT LU Y, 6 B TURP O YRS TEAE
H SynImg+Reallmg Il k&N 311G 1 S 4F K VERE.

4.3 JHRLSIIE
2SI S FF RS2 56— 7S [0 £ 1 2500000 358 5 G 0F L 98 o 48 A 5 U 1) e e, JEL A, 6 ok P A A B8l 1
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B A B A2 25 100 5K B, 7215 H FlickrLogos-32 34T Il 2k 48 4525 40 K B SE MG, iR 4AE FlickrLogos-32 [15F
2530 SR E S EME EHEAT IR, T RS E R ANEE 3 P, ASCREL T AT A RetinaNet, A A AR s fiii 2k £
FOEEFRHIE R & A =2 7751 SALH S bR S A 5 IR 55 1 fe.

F 2 MHHARNGEIEER mAP ST (%)

PR RetinaNet Faster R-CNN ScLP CSDE

Reallmg 54.3 53.3 50.4 50.5

Synlmg 30.1 202 27.6 326
Synlmg+Reallmg 64.8 63.2 54.8 58.5

F 3 AN AT A PR FEE ARG 2 P P S

i ZEEih A J;‘:%i E ;]|
pomuy RS G R gRE%{E;;Z?FPNEq R ) KT (55)
Tk B Inception-Logo £ R R AGM X EECA

RetinaNet — — — = - - 81.37 21.9
RetinaNet+S v - - — — - 84.24 21.9
RetinaNet+SI v V V — — 85.76 19.5
RetinaNet+SF v V > v — — 84.86 213
RetinaNet+SIF v V V v — — 85.88 173
RetinaNet+SA v \ 3 — v — 86.37 15.6
RetinaNet+SE v V — — — v 86.03 213
RetinaNet+SAE v V — — v v 86.52 14.5
AGLDN-D v - N v v v 86.84 12.9
AGLDN v \ N v v R 87.16 12.7

FE3 3 1, RetinaNet AU J545 1) RetinaNet, AR I AT 045 i RetinaNet+S AR A H & i 2 515
B 45; RetinaNet+SI AR A F & B EIE 2 514k, I RetinaNet P 4% 19l _E 80 Inception-Logo;
RetinaNet+SF 1R FH & 38 2 51145, H{UXT RetinaNet 45 1) FPN $RAE G4 75 23047 H0 2 253 ; RetinaNet+
SIF AREAE HI & s 2 5125, JFAE RetinaNet T8I 56 8 1) 2 R RFERL 7 RetinaNet+SA AR A & it
25145, IANAE RetinaNet 45 Hifs IvE = 77 1148 AGM; RetinaNet+SE AARAEH & lididls 2 5125, H1X
1E RetinaNet P 2% 1 X & ECA; RetinaNet+SAE RE i & B dE 2 54k, IF7E RetinaNet 4% Fp s I 56 2 1093
H 7151 S, AGLDN AR R 7151 5 1R SN 5 00 M 2%, A& B3R 2 511125, FFAE RetinaNet [1)5:
fili B 5INZ RBERFERD & A R 151 AL, BEAh, 3T 58 845 AGLDN Bt 7 AME I Al 48 581K AGLDN-D,
DLYPAL T AR T B AR B (4 . B 8 %124 T i} RetinaNet. RetinaNet+S. RetinaNet+SIF. RetinaNet+SAE Fl
AGLDN HEAT R 781, B F 7w 3 AR pr A ) 14 R

1 3 iR, EAUAE A BRI 2% RetinaNet B, mAP 24 81.37%, % 21.9 f/s, A&l 8 ] LAZ tH, RetinaNet 17
FERZ AT N R A 0, (RIS T S AR A B AN BAT S B 1. 565 & BB I 2R 1K) RetinaNet+S mAP
84.24%, HILLAVE &5 BREEIE = 1 2.87%, Z K 8 WA IS R, RetinaNet+S FURIZS FAHEL T RetinaNet 47
TERSE, YIET erdinger BUE IR IIA 1R, [FEFHTE rittersport EE A IEAAALIN I T 5 2 (ks & X 4, (H2
1E R E L 2 1) pepsi UG ERIUALE, I W M8 2 IEH 1 pepsi i, th4h, 33 PR TIlIMZ R
FERFAE Bl A 25 R, Hodh 2 REEFFIEE A AL HE Inception-Logo UL J: T FPN (12 REEFFAEE &, 76 LER D
Inception-Logo ] RetinaNet+SI mAP >}y 85.76%, AT AR RetinaNet+S, $&15 1 1.52%. 1043 FH Seidh J5 1) 5
F FPN ({12 R RFAE il & B ¥) RetinaNet+SF mAP iy 84.86%, H# 18 F1 5 4 FPN £ ) BEHRAE fil & 1)
RetinaNet+S, £ mAP 25 T 0.62%. 7N LA _E WA 244 J5 41 5 52 28 1) 22 X RE R AE Bl & A Bt RetinaNet+SIF,
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mAP Ny 85.88%, H#: T RetinaNet+S, #2757 1.64%. & 8 fi7x, RetinaNet+SIF £ —Eu B A E T
RetinaNet+S [R5 B, Bl a0 e REE N Z 21 pepsi BGF EFRAE T HE L MR EX S, 775 H
RetinaNet+SIF 75 R 2 AR SR 5 AT 5 P BE — S, 4658 3 WIEREURE, IEM T 2 RE
FRAE RIS T DA O TR SR 5 IR A RS BE . (638 3 B R RNyt = 70 51 LRI 45 3R rh, 1 = 70 5] AL 2 2
W5 AGM LK W E ECA LI, AN AGM ) RetinaNet+SA ] mAP N 86.37%, TEXH I E ECA 1)
RetinaNet+SE [¥] mAP 3 86.03%, fEA AN LA L WA L4 J5 20 2 B2 K173 7 77 51 WL, RetinaNet+SAE ¥ mAP 3y
86.52%, T HY 14.5 /s, FI#HT RetinaNet+S B 1 2.28% HIkEEE. MFF ol LIE 1, 8 HE = 151 SHLHER T
% RPEHF LR &G 5 9 B 55 RS R kIR, X 32 B T RetinaNet A& A HFAE A& UL, Frid 22 ROBERRE A
& 7715 AE RetinaNet JE6f 1 (1 20k, 5 B3X t00E B9 7 9 2 0 51 AL 7L 32 b AR A U 5 1R 3RS B8 10 A sk ek
AGLDN-D ] mAP N 86.84%, #H Eb{i I r] A5 I &A1 AGLDN N[ T 0.32, M#EE N 12.9 f/s #HEL T AGLDN 3
T 0.2 s 3IX— 45 R, SIS AR 0] 1 — B4R SR Y (KRS B2, FLES N vk S B 400N

ersport - ". - - rittersport
starDIRe ] v: StarDIRE e iPs
1 L0 ~ TR e - ,i

\ rittersport
star DYRS el P
]

< i erdinger

(¢) AGLDN
K8 RetinaNet. RetinaNet+S. RetinaNet+SIF. RetinaNet+SAE 1 AGLDN )45 $ 7~

251K 8 4G B, RetinaNet+SAE #%% T RetinaNet+SIF 5 Ayff, #]un, H 42 1IE T RetinaNet+SIF 7F

milka B BRI ES 2, IXWAFE L 3 F R RIS LR, S0 0E T RetinaNet+SAE 18I VER ) 51 FHLHERLACES

A2 2SR AR AE TR INTE B 1 5] SHLHI G 21.9 s FEARE 14.5 /s, BRAK T 7.4 f/s, MAEARIN 2 R ERRE

A JE R TR BE N 21.9 f/s FRAREE 17.3 f/s, {XBRAR T 4.6 17s, RIVER J1 5 SHLEARE: T2 RERMER &R T2
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KR, AH R MoK T3 2 (i ST 4. )5, 78 RetinaNet TR T A IBLER S, #4874 EAGI R2% AGLDN,
MRGE H R R mAP R 87.16%, T IR 4G RetinaNet 35 1 5.79%, AT IN% JEHFIER A B RetinaNet+
SIF 125 7 1.38%, B TN & /151 SHLH] ) RetinaNet+SAE 425 T 0.68%, iX 7t /- iEW] 7 AGLDN 7E4& &ibn
AR 5 R S T T (W R B 8 R T LU Y, AGLDN 3K45 1 ¥ i (1 7 B3R, 1407 pepsi B15 0+ IEH#4
WA T 2 bR B X

T AREAE AR P T DA kU 5% B0 E 0 51 SALEIE B T AR SRR 1 SR AR X LRI Grad-CAM. (B £ AL
S AT AL T A R AR, B9 JER TN R 5] SHLEI B AT S B B S gE R T LR
HTEBA IO D) 5] SHLRI, BEBLE & A S5 ERA R RE HE I R AR B X . Ban, HAE av by o d Rl e %%
bR & X IR B BORAE, T FARE X f. g hy i EIRBONRE S S bR O ZORST, R fE AT B
TEAZ (1) milka A1 pepsi S5, RN TE R D MBS B AL B T & BRI I, i SR A AR RE DX S5k, 1T 72 I N BT 1%
TR R IWLE S, B g e 7 T A e L JX — 25 SRR VR R T 1 B AGM RIDUUE ECA #2213 2= bl
i, BN B AR AR (AR, 35 BB 7 A OR AR E X 4,

starbacks rittersport milka pepsi erdinger
AN

JIHLi

b =]
Bkl

9 IIAER 5] S HT A FIALE T B R

FH SE36 45 F AT LU H, AGLDN 0] L@ 2 )] BEREAE Al -6 KA 20806 bs 76 ROBE 22 A8 (M1 10, 19 270 51 4L
1 AR 51N — 7 THT AT LAA R 33k W AR 45 FRURRAE R 8 6 AURFAE A Al &, 32 M 4 T2 42 B AR I RE 10, 55— 7
T AT LA AR BRAFAE, $2 750 1852 7 P br B A E B AL 2R, 338 T B2 R b AR5 1R 0 FR S 2. {HL AGLDN 75 B ks
FE B TR R A5 SR 7 SARAY, LA I B A 12.7 /s, AT JE 4R Y RetinaNet FRAE T 9.2 f/s.

4.4 AGLDN FEAMB77 AN EEXTEL

SZ86 3 7F FlickrLogos-32 33 4E LXT L T AGLDN FFAth 5 ik (14 8, 72911 Z: AGLDN I, 5 S i F & 3L
PE TN GRAET, AT 25, SR 58 FlickrLogos-32 HrAEK 40 gk G HEAT I 4R, JLAREE 30 ok ESEEAT IR,

LI BAE IR 4 FioR, AT AGLDN J79% mAP 5% 87.16%, i DeepLogo”®. BD-FRCN-MP?1,
Reallmg™. RDSLP". Logo-Yolo™. MFDNet" 5 Hf 7t £ % br & B i AR I 53R 5 7592, H o MFDNet 247
BT HIPEREIL S, mAP £ F] 86.20%, FHLELZ T, AGLDN {15 mAP &7+ T 0.96%. tAh, SEUGd%f b 7 i B Al
#% Faster R-CNNUHIELET BRI 2% YOLOX!™ 4t 5, 76 VI 2B F Al AGLDN —FEf{9fic . J ' Faster R-CNN
mAP Ky 84.86%, tHELZ T, AGLDN #2717 2.30% FIREE. T YOLOX ) mAP N 86.65%, FEUfS T Fk AGLDN #b
Bt e AR IRS B2 1T Logo-Yolo PRI R FH f 19X 42 L 111 YOLOV3, M REE K.

ZSEISAIE B, AGLDN B85 23R Yebs J6 A DU R 3 3 R 1 5 BT A "B B 26 R VR B A A 2R 11
ZAGEE 7, B AR AR I A M 2 RS RFAE R 4%, A i 22 RBERRAE, BB A N0 bs R A
AT R A T 265 HR R I T AR PSRRI B 7 51 S WL B 8 4 s I 4 A B AR RS 77, BRAR B BRI AR A
PERERIREM, [ B PR ALFE R IA R 77, b T HRE S b RE AR B
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# 4 AGLDN FIHAD 7% mAP 51 (%)

Jiik mAP
DeepLogo™ 74.40
BD-FRCN-MP! 73.47
Reallmg™” 81.10
RDSLP! 82.00
Logo-Yolo™”! 76.11
MFDNet"! 86.20
Faster R-CNN!"! 84.86
YOLOX!"! 86.65
AGLDN 87.16

4.5 AGLDN FEfth 75 /ERHNIEE R XTEE

9T BB AR TV AP e, S48 DU H T 481 Faster R-CNN. YOLOX Fl AGLDN J7v (Rl 45
5, Wik 10 7R, Faster R-CNN Al YOLOX 34471645 R R B IS UL, B U07E A4 milka FIAR RGN, #2470
ebr EPEIR A AR &, Horh, Faster R-CNN R AERR EEIR TN pepsi, T YOLOX NPHAEFR EMERIIA apple,
YOLOX K25 JE ) milka il T adidas. {22 YOLOX 7£ pepsi B % A4 3 B H A% Faster R-CNN 5
EROLH, HIESRN H T 5 2 FFR £ XK. AGLDN AH5F Faster R-CNN F1 YOLOX JEILH T T8 A el 45 3L,
HAAIE 7 P AE milka H IR, JEFE rittersport HIERR I 1738 2 FARE XIS, AR GIFF 538 4 T
mAP ##E, JEIL T AGLDN TEFR SRS (R AT 45 F 1 0 3, AT DU AR b A 5 10U RS B

rittersport

smlm V

Cpst-

(b) YOLOX

erdinger

(¢) AGLDN

& 10 f#FH Faster R-CNN. YOLOX F1 AGLDN [ il 45 57 45

4.6 AGLDN SSilZER

WeAb, T BAEAR ST IR A, B BN S PRI T B ER, MR T AGLDN FEiX SE50HE b il 21
B, HA MRS R 11 FioR. 85 RR I TR Z S EHE, AGLDN 1 GEHCARES #EHUAS -5 0053 B H
IR R bR &, BA BT St
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K11 fEA AGLDN 7 5 Hn b pi 45 5o 6

5 & &

N A RS A T TS RO AR Ay AERI T T AR ) 1) /8, A SR T — PRy = 7 51 5 B bR S A 5 R )
2% 1 S AR A AR T VR SRR R AR A, R IR JE A N TR, IREE R AR D) RIEET
RetinaNet F4 & br A 5 R 51 /9 4%, 383 Inception-Logo A1FE T FPN 1% N E Rl A SR P2 I 2 RS R AIE 7%
R AV SCRFAE W s I 5 R R A 11 e AGM RISUEE ECA MYZE F99E 7 AALH] 51 SHLHIR SRR & X 35,
PR EFHMERBGE. @l 5 — BB A AL, P mibn S A -5 1R 3 e k.

9T AR AR A I S R B RN RS I, ATTE DR LS TR LA (1) TEER A L AE R, AI7E
G RS R R 2 AR A S R 7 s DTG 1) 3, B8 0 B SR 2R (2) AR B AL T RS bR A
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