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Abstract: Aiming at the problem of training sample sparse in Logo recognition task under the deep learning frame-
work, a Logo data synthesis algorithm based on contexts was proposed. The algorithm comprehensively utilizes
various types of context information to guide the synthesis of Logo images, such as the interior of Logo object, the
neighborhood of Logo object, the link between Logo object and other objects and the scene where Logo object lives
in. The experimental results on the FlickrLogos-32 dataset show that the proposed algorithm can improve the per-
formance of the Logo identification algorithm (mAP increase by 8.5%) without relying on additional manual annota-

tion, verifying the effectiveness of the synthesis algorithm.
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WHEATAEA A8 4 . 5) Random Position: £ % K4
H Logo ARV BCE AL B 58 A RENL. AH OGS 45
R 3 Pror.

L3, WEM EWUER, S5ELITEM
b, AT B S R A I S o e 28 RS AR £
PERESR T AR 2 TR, 1P IE 7T

A SRR A 3k o HAR I 8¢ 21 4 2
S, 1) KRB EPINN Logo HERGHEAT A K IIRL
REN T RHE R 2EHMEE (58.1% VS
57.8%), XKW Logo HERSH L5 1 JRs bR 3L
5 BRT T ARG AR 25 2] A P as 19, (HARES
M E VSR E MW H BER T . 2) A%IE F
B BT SR B S R e R
IPERER 2K (56.7% VS 58.5%), XK & iK%
A J bR SOAE RO TR E T G R A A OB
(RAHBIVE T o 3) %EXF Logo MEARGEAT (1) 14 5 AR #e
X TPERESRE T RO B W3 (56.3% VS 58.5%),
X LR B T A G K 1 5 0o i AL P TR
e LA Sz A RE A A AR LI . 4) AN AR
P T AL A AR B R 2 e R
WUNETE (58.2% VS 58.5%), TERESETH32 BRI AT
A i DRI E o 28 D 288 30001 UG 40 1 11 B S

=2
o

x3 AXAMEFSTEM MM EEXRLER
APH

Adidas Aldi Apple Becks BMW Carls Chim Coke

5k Corona DHL Erdi Esso Fedex Ferra Ford Fost mAP
Google Guin Hein HP Milka Nvid Paul Pepsi
Ritt Shell Sing Starb Stel Texa Tsin Ups
31.0 69.0 74.3 78.0 76.6 51.1 62.1 29.8

Synlmg-32Cls+ 88.5 353 70.9 53.5 49.0 87.9 76.9 52.9 S8.5%
Reallmg 61.7 66.9 69.3 34.1 25.8 26.2 67.8 22.8
(Our Baseline) 41.8 455 79.4 72.5 79.7 69.2 62.1 61.5
32.8 69.7 75.2 77.6 76.8 51.3 61.8 29.1

Transparent Only+ 88.0 359 71.9 52.9 439 87.5 76.3 47.8 57.8%
Reallmg 59.3 61.5 68.3 33.2 24.8 243 67.4 18.5
42.6 47.5 78.6 73.6 80.3 69.2 61.3 61.2
327 66.7 73.8 75.5 77.4 48.3 59.7 32.0

Pixel-level Only+ 87.5 375 71.7 53.6 52.2 87.7 722 53.5 58.1%
Reallmg 63.8 65.9 71.3 29.7 26.8 25.4 62.9 25.4
36.5 48.6 75.4 75.3 79.3 66.6 63.4 59.3
28.5 65.2 68.2 74.5 78.6 46.6 60.0 30.8

Random Context+ 86.4 33.5 70.1 54.5 50.4 83.5 759 522 56.7%
Reallmg 61.6 63.3 69.8 28.5 26.3 22.5 62.6 23.8
35.6 472 74.6 74.0 79.5 69.8 61.0 56.1
30.5 63.7 72.0 733 73.4 49.0 572 27.1

No Logo Transform+ 85.1 339 68.1 52.8 47.6 85.0 75.4 48.6 56.3%
Reallmg 56.2 62.2 69.1 339 24.0 26.0 67.6 23.6
34.0 46.3 73.5 72.9 80.5 69.0 61.8 58.4
33.1 70.2 73.6 74.6 77.0 50.0 61.3 30.5

Random Position+ 83.0 35.8 71.7 53.9 47.0 86.6 78.4 54.4 58.0%
Reallmg 57.9 69.8 71.4 33.7 20.4 249 64.3 24.1
41.7 475 77.3 74.4 80.9 68.4 63.6 60.2
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