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Traditional pattern image retrieval method based on Transformer
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100007, China; 2. Artificial Intelligence Institute, Beijing University of Post and Telecommunication,
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Abstract: Aiming at the problem of retrieving the original image of traditional pattern sub-image effectively
and accurately, a traditional pattern sub-image retrieval algorithm based on Transformer is proposed. Firstly,
the traditional sub-image dataset is constructed, and then the convolutional neural network is used to extract
the multi-level feature for fusion. For the image in the database, Transformer is used to generate the prediction
box, and the prediction box is mapped back to fusion feature images to extract local and global feature images,
and then global and local feature vectors are aggregated by feature aggregation algorithm. For the query
sub-image, the feature aggregation algorithm is used to aggregate the fusion feature graph into global vector.
After that, the feature vectors of the query subgraph and the database image are respectively calculated for
similarity, and the retrieval results are obtained after sorting.
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ERREEH

(3) Transformer A B FEHE 19 A R

FH TP i A B ) B8 A — A A i)
B AR S A0 B AR 10— 53, mi o e b i g
WEZAHRXEL I TR &SRR N ER T, A
SCH| FH DETR A5 7 i (%) Transformer 2% 4] £ A 751 0 AE
P2 IR IR AT, 4 50 P AR P R BB 1 24 )R
B X el 5 A SRR ARLEE |, B5cds e 1 g iR P rh

SR 100 FHREAE , phy T 08 HE B ek 50K HLEE 5 A9 X
W Z TR T R P PR AE 2 A Y X
S A AR T 80%, WAL LR B — 4> HiIE
AT 2R FH B9 R 00 i BB DX U M A 28, 1
PG 2R A G TS AE A ¥ 70 25 B L 36 4 BTz Al
FHFSTERE 5 AN (8 FH BB AHE PR R 2 R X L

FRABTEIES EHUEER R

TR R SRR G MAP
SI-Transformer( JETEHE ) 70.85%
SI-Transformer (75 FEHE ) 86.09%

& 4 rp (i FH TR E A A 7R 5 T T HE A B TR 2R
K LI T 15.24%, f1 06 AT LLE B Transformer T A=
) T AEE P A P ) P 0 A 4 P B
1 224> H AR DX AR AE ] o, B0k BT 4 B 224> DX I
FRIESEATARURE 18, S T R R A B2

5.3 AR szaG ok g

5.2 75 v ) TH Rl S 56 0 0l TE BH T R A Rl
He FUMAE | 2ot R-MAC B A R, A 1T IElIA
SCHTHR A R 7 i 5 H AR SCER I R R R
DA LA S SRR R 4 A ek e B T LA L
W W) RS FRABE AR HEAT 1 X L 525, >R I AE ILS-
VRC ImageNet £l 4 [ Pl 2 iy, i A SCES 3
R T ) R AR AR, 0 3R 5 B i AN R A A
TERAESE FHT 200 5K BRI F- IR 2K L .

RS HMERILIGER

A FROEAE R KGR BE mAP@200
rR-MAC?! 2048 49.22%
DELF:4] 1024 47.04%
SPoC!23) 1024 43.06%
NetVLAD!26) 2048 35.66%
Crow!?7! 1024 44.52%
Ours 1024 60.74%
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TE B T AR SCRT 4R (R A5 A AE 1 [RIRS 28 11 3 1k
WA 13 i 7R A SO AR5 371 48 B (M AL G 8URE T
PR B v B8 i T Xl 7 A PR iR
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