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Abstract: Aiming at the requirements for multi-scale Logo detection in natural scene images, a multi-scale Logo
detection algorithm based on convolutional neural network was proposed. The algorithm was based on the realiza-
tion of two-stage object detection. By constructing feature pyramids and adopting layer-by-layer prediction, mul-
ti-scale region proposals were generated. The multi-layer feature maps in convolutional neural networks were fused
to enhance the feature representation. The experimental results on the FlickrLogos-32 dataset show that compared
with the baseline, the proposed algorithm can improve the recall rate of region proposals, and can improve the per-
formance of small Logo detection while ensuring the accuracy of large and middle Logo, proving the superiority of
the proposed algorithm.

Key words: Logo detection, convolutional neural network, multi-scale, region proposal network, feature fusion

Wi HE: 2019-05-29; f2E BHA: 2019-08-11

BIEEE: 1L E%¥, jingjiujiang@qgq.com

E2WMAB: EFXARFAEETEIINH (No.61601513)

Foundation Item: The Nature Science Foundation of China (N0.61601513)

BB LR, H08, =, 55 R TEHMEMAIZ U Logo Ml Hy%[J]. M 5{E B 2424k, 2020,
6(2): 116-124.

JIANG Y C, JI L X, GAO C, et al. Multi-scale Logo detection algorithm based on convolutional neural network[J]. Chinese
Journal of Network and Information Security, 2020, 6(2): 116-124.



B2 VLS HTHBRMZ M4 12 R Logo Ml 5k <117«
1 a= e B 1) JUTIE Y. Logo A MY FH 53¢,
=1

EVE AL S, 22 R H PRkl — Ea
— AP PR SRR . AR, AR
fze 2% (CNN, convolutional neural network)
IR RE, BRI ROBE R H Rkl B AR T3R5
e, s TNEAR, HTRBEVNHBR RS g
PG, TR TIRERR I, AN L A
PR REATS 193 32 B o A2 H ASAS Il i) — M43
Logo Frill7e it A FATTM . FIds~BURY . 4240
IR RGeS D P2 1] A< MW

MET, JET CNN 2 ] H bkl 3= 224
PLUR P s B ™ —25JL DL Faster R-CNNDY
HARK I B v, R e el — e A
g X AR A, SRS AT 2 RO R IR
i e DX ST M A e UL ERE 15— 2B
SSDUUJ AQ 1) B By By v, MRy VA B AE
CNN (1) 22 ]EERFAE 70 H BR800 F1 12 FAE
BUHAZE, SR BOTEAILG, FE B
THZ A A E TGRS I R 5, AR SRS T
J7 A S I BOTEAF AR e 22 . R, A
SCHT M B SIS R AT B AR s R T 2
JUEE Logo H ARSI fr) 2,  EIVES— B BOR] HI %
1 DX 3k A Rl Bk A X 3 s G b T R A Y
Logo H PRI X4 55 B Bz 1 X Iadh 4728
WA TR — R AL BRI E . AR, X TIXHE
R INRAE ,  5F i B A pefie 8 X S i 0 55 4 1L
FEFE M ST WU VL () 1 R

YE 9 P B H bR A 1 AR J7 7%, Faster
R-CNNPIE o #4) 2 [X 45 A2 s M 4% (RPN, region
proposal network) A pUEIEIX . HARIMNE,
RPN 7 SE Al AE £ B 26 2 ) 1R 5 RO BE SR A 1]
bl e ) 22 ROBEH R Canchor) BEAT 3% 4R
RAEAT B W46 o 18 X IRAE 5, 1T 5 &80 5o 2K
it 4 FEHEIRN A L SRR O 0 5 P R A 3
I I X A X H P AEE AN . O R
JURE e AiE P ) U 52 3B Ak DA Y. 2 ROBE H bk, it
Jl b5 I sz B ROBE AN UL HC H A A U 1 e 52 B 5
@ Pl I R BE R ReadE N H bR, 5 80
H #5175 RPN Y ZRBir B A= s 1E A7 A% & ™
AP

AR T ML T CNN 2 R Logo Kol 4.
%o BULAE Faster R-CNN [F564 |, 1l i) sy
I 4 35 IR IOZ J2 T50i (1) 77 2SI B 2 R fige e
DA AR fl, R B O B 4 R - 3 )
WV, G aa Rz BT LK Logo %41
VLR IRV (R DTl DN Ei1h7 i e i | e e 2973
(R J2 F T A2 Ry s R e X 3. thabh, A
SCAE SEILAIRAT 1 22 OB R AR Rl & JEAR, R SR
W 286 R H AR 99 26 2 TR 380 T 22 ROBERFAE R &
W2, F TRl 2 R OCRAIE LIS 5 H BRarill 194 4%
BINFFIERRILGE ). SER T, ASCAE Logo
K i) benchmark %454 FlickrLogos-3280 F#E47
TV EVEIRAE, AHEL T vENY, AR
WS 45 RIS T W AR H (mAP 85.7% VS
81.1%), BOUE T ASCHIE I

2 HxIE

2.1 ZREBWREN

BB BAFAEAR R — 85> TAESU) TRk 2 R
FEE H BSR4 < - B SEARU R o o sy
PG AT 17 S 4 iR s B 1 22 ROBERINAS, - ki
SEEL S RS H AR Y, S A R e
RE 0 P THRE R IR B, AR5 2 i R (1 D
KA A7 RIS 8] 85 18 A A VF 22 512 B I F A DA
Zo YT CNN WJZIRE WAL BAH KRN Z R
JEE TR, ey RO I B B AR 4
TR B REEWT H bR, R B
oM E AT W B, (HRE 1
SR ETE M DL SRR I H bR 2, S
XN HBRIOR IR . P, SCER[15-161%
2 RBEFREAERLA 1R 75 7R AN H RSl v R )
AR, ERERE A AR G BT E 2
AEFD S 2 R VR 24, 48T T 2 % H bR
M AARPERE .

2.2 Logo &

A CNN 76T SN LA S AT 1) iy
S, — LS T IR CNN B 7E Logo £
MAT55 0 . Tandola 25 Vg B T 73X 10 T A%,
i3t Fast R-CNNU™g 37 T4 ] CNN 347 Logo
RO FRIRS P FavfE . Zhang “5PHE M £ R VAT %



+118 » W44 5 B e A28

6

BAIZE I T2250 Logo MM, o 1 bR
1 J7RAE Logo Rl il i (KW 5¢, Hoi 451 g gt
T R MBS Logo 6 W 45 7 A5 o0 K 4 4R
LOGO-Net. SCHR[10,20]10 A K KA A A Logo €
BRI SERMRISREABZ A, Christian 251!
i 3 5t Faster R-CNN HH B3 DR 9 242 BB
ATEERPEIAR T T /N UE Logo (A DN TERE -

3 ET CNNHZ RE Logo #&M &%

K145 T ASSCEE T ONN £ R Logo £
DEVL I EEARHESE 12 225 T P I B H AR
DU F ST, SRV 2 B A) Ol SR AR O B E A
I AN A e N AL S A N S (1 e
4. HASKIMM L 4 Aoy . o, BRI
FRIESR I 4% 4 8 VGG16 14 s 1E L B
2, % RO DK AR i 4% 6 B AR e N LG
AIREELT Logo H bR IMGILE X 8, 2 ROEEHRFAE fil
A W45 H T35 22 3 UORRAIE LU SRR AIE (1) 26 08
RE 0, E R 00 ) 2% iz B o) 32 X3 Fy 25 531
THR 12 FAE ]

3.0 ZREXIAERMLSE

MEER Fke i, ARSCHEVE T 2 R IX S84
JSC 9 4 0k 22 G oy R IR A B 45 Can &
1 Fion), fE2kEiH -5 ssplfl, s*Fpl'
AHAL, Y370 FEAHRE I £ H 00 5% J5 Vs I T B4 1

AT 4 (VGG16)

—————————————————————————————————

B, IR IE AN [ RURE AR AE J2 TI00 4 5 R
JE H bR AL, SSD & il 2 H B0k 17
ZRHM, 1 S’FD Bl % 12 A KR I .
X T Logo HFR, ASCHEIEAE RN RE X
R ER R T AR E: © £ CNN 1)
EZ B Y Logo HARREMIEN KR, X HE
KR EN WL 2 RGBT @ TE SCH AT
5 Logo HFRREME N, XHELRE
X 265 119 K J3E RITAC S0

R4 CNN A2 BFHE I8, CNN K2 sy
5% DX 2 A (AT A ST BN 2 5 ) 12 J2 A N
oL g R . Rk, ERTE 2 RE XA
DAY I 3 Rl Pk 6 AU S (1 < W w1 81U I w7 )
oF N ) 3 I 7 Y N Y 2 G AR 2 BORUEE (R
Hobr, WWIRARSZER Bk THT CNN (1
E A D 559 T e T0I 1) H bR R PR, 3R 1
WU T RS 2 R DX A B % T
23t 333 BLREZ G AR IR 2B, BRE
B — RV AR, )2 I B Kz Y
B, B 2 45 T FlickrLogos-32 %4 4
SR RANVEER A IE O, diaR 1S
Bl LUE Y, FZE Conv7 2 I FE 8 I 52 1Y it
i 78 55 1B A R AR 2 BRI H bR, XA
B FARUE T A SCHT ¥k 1 2 OB IX 3802 B
CERSF &8 AR ER TN /ibrAs

%REB%\%&WJ%

Conv: 3x3x4x(2+4)

J

i
e T =
Loy N TR Conv: 3x3x4x(2+4) ?; = -
Lo o ' Conv: 3x3x4x(2+4) ¥R g |zg
: 2 \ ﬁim 5| EE
: z | (5 Sk
o A3
! O A B
{ R R
. el R
. g S| |
<+ <+ 2 2| |
& 8 8
______ () =t =t ﬂ
""""""""" Conv: 3x3x1 024 Conv: 1x1x1024 Conv: 1x1x256 Conv: 1x1x128 -
Cony: 3x3%512-s2 Conv: 3x3%256-s2 -
Rol
B o
Max Pooling Deconvolution| [N~ \ <
(] y (]
l EALE | —
1 |
1 |
| HHAEPEBEConcat | -
S A\ F 2 R
; = in il 4 £ iy
Z S FHERL S N 2% Conv: 1x1x512

1 JEF CNN 92 R Logo flI5E
Figure 1 Multi-scale Logo detection algorithm based on CNN
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Figure 2 Distribution of object instance sizes in Flickrlogos-32
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Figure 6 Comparison of the PRN performance between

our algorithm and the baseline
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Table 4 Comparison of detection accuracy between

multi-layer feature fusion perdition and single feature
layer prediction
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Conv3_3+Conv4_3+Conv5_3 85.7
Conv3 3 83.2
Conv4_3 84.5
Conv5_3 84.1
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Figure 7 Comparison of the detection results of our algorithm and the

baseline on some test images
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