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Abstract The same object may has different forms of manifestation for different structures in an
unrestricted environment, how to recognize such objects is a relatively difficult recognition task
for the machine. The banknote is a kind of object that can be easily distorted, as a result, in this
paper, taking the distorted banknotes as an example, a local view distorted banknote recognition
method based on heterogeneous feature aggregation was proposed. The texture style, color spec-
trum style and texture of local view distorted banknotes from multiple views were obtained, and
these features describe local view distorted banknote images from different perspectives, so as to
capture the semantics of local view distorted banknote images as much as possible. As a result,
firstly, the gray gradient co-occurrence matrix was used to obtain texture style by carrying out
secondary statistical calculation, the Haishoku algorithm was used to obtain color spectrum
style, and the circular LBP was used to obtain texture. Then, considering that the multi-view in-
variant features describe the distorted banknote image in the local view, the VGG-16, ResNet-18
and DenseNet-121 networks were used for each type of feature respectively in the proposed meth-
od, and these three types deep models were fused, that is, these three types models did not rec-
ognize separately, but learn the invariant feature to get the output feature, which was normalized
and aggregated with the other two output features. The VGG-16 network learned invariant fea-

ture of texture style to obtain output feature, the ResNet-18 network learned invariant feature of
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color spectrum style to obtain output feature, and the DenseNet-121 network learned invariant
feature of texture to obtain output feature. These output features were aggregated to obtain ag-
gregated features. After aggregated, aggregated features were input into the recognition layer
Softmax to achieve the fusion of three types models, and recognize local view distorted banknote
images. We had carried out a lot of experiments to verify the effectiveness of the proposed meth-
od through three aspects (i. e. aggregation effect of output features based on invariant features,
performance comparison of multiple models fusion, performance comparison with existing meth-
ods) and four evaluation indexes (i. e. accuracy, precision, recall and F1). Extensive experiment
results showed that the recognition rate of this proposed method was higher and this method
could be extended to other visual images, and aggregation of multiple classes features and fusion
of different types of models could both capture the semantics of the local view distorted banknote
images to the greatest extent, and the proposed method was universal, which could fuse different
types of deep networks and apply them. Moreover, multiple classes features aggregation achieved
higher recognition than the aggregation based on single and dual features in accuracy, precision,
recall and F1, and multiple types models fusion obtained higher recognition than the recognition
of the fusion based on single type and two types models in accuracy. precision, recall and F1. In
addition, the proposed method had achieved relatively good results compared with the existing
state-of-the-art methods under the evaluation criteria of accuracy, time complexity and so on.

Keywords banknote recognition; local view distortion; invariant features; features aggregation;

models fusion
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2. FEBI RGBH colors

3. ¥ RGB A colors A palette_tmp[ |

4. BB A% 5] palette []

5. FOR colors € palette_tmp:

6. IFEEG-FEEAEOEPRILE p

7. f5LLE p SMEAEE RGBEIRE ¢ KR A
— B TE pe

8.  WH—ICEK pc A palette FI|F

9. WH MIEKIH|FE images [ ]

10. FOR P, € palette:

11. HKEITLER P, M —ME w S ZAME

12. B =0 CRGB s w ., r) i 035 i 3 Fp
B B {5 BHE color_box

13. Wi i A color_box MK AN images[ ]

14. ¥ images 19 7T K 7% 1k 860 1% B R A7
3.2 EEEMEGRLERI

SR AE B (LBP) Y 7R FER 1 SR 356 X 3
N LA O R SR A 0 R LA S 5 v 3 3t 5 4 481X J8
AR LE P 3R A 1 — 3 1) 4 15 75 Jm d8 S0 L. J5E i Y
LBP 3 i 5 5 DX K B2 (B3R 7R 24 R Y Ry B AL
P & A JRER () LBP 2 A B AN RE 1 B Sz ke [
BRI SO B S T AL SRS [ AL 1B ) SOBRRRAIE
JF RS R4 e 5 A A K LG LBP 19 1E 5 B
AR BAZ S [ AR 3L RE WS A B 2 MR R R TER
& LBP B9 IX 380 A FL e 2 P P 4 7 20 A 408 X 48y
X F AR FRAE T PRTE T A X f 2R R mi 3R A5 %
By, g 5 B B BE R 5 LBP {H & KA
A8 A B AR I A AR X T b oL SRR 2 A B P
1) A FR AT DL IR Ry
(x,:y,)= (x, +Rcos@np/P),y. —Rsin2xp/P))
4
Hp(x sy ) Rl JARRR (2, sy, N BDE XA
B ARABIR(p=0,1,, P—D.
mE 6 iR, & 1 o AR M4k R L, R
i B JE LBP X k47 Se B4 B, & 7.8 i, ok
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1.2,3, % Ji 45 Jm 3 AR B2 B SC 3. AR 7 (a) L (b) .
(O LLFE H .24 R =1 W, $2 HCAY S0 B 375 0 A
W B e 4y

()4 R=1 B, & RS P 755 H
4,8, 12, X i i Ry 0 PR 3R B S0, A IET 8 (a) L (b))
(O LIFE I, MR BT E P =28 I, $2 B 80 37
B JE i

(m s —{ conv1_1)

Comv2 1
I = = !
(Conv1 2 | (Conv2.2
¢ '
pooll pool2
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]
it

et s FSNET

i1z .-fba‘__;ﬁ =

-'ﬂr?z:_?ﬁﬁm e
(b) P=8

P8 AN [l SR M a5 K SO [ 1R

(a) P4

K. R RJE LBP W RJE X242 R=1,%
A P =38 B $E A 20 B 1 AT

3.3 REFIRBNHEME

3.3.1 Pkl VGG-16 #8454

AT X JR A ARG T B S PR HE AT A 2T IR
2] B Y FREAE 55 H Al R 8 2 57 ) )RR AE UEAT Rl A A
TR @ Y VGG-16 B, 122 46 700 45 #y dn &) 9
Fias s BEF 0 HARSR I .
(o) et )

B9 ek VGG-16 HEm 25 1 &

VGG-16 BRI 5 Bes BUA . Horb Ll 2 By
A2 ERZ R 3BEAIANENE HERRZ
Ja R B R AL = R 4 i B v RSF. o 7 5 HE
RIS A5 5 B B AL 2 2 05 4
THTEARE Norm FI4EME R G )Z Multi-Scale Fea-
ture Aggregation.

55 5 B ARy ds Rk 2 1 S AR S O Y
VGG-16 BRI % 5] FEAE ¥ HL 2 1 Norm 2 #E 47
FAEAL 30 R AR 2R 5 2 5 H B WA TR R A Y
i RRE R A BV BCHE ) VGG-16 B ] F 2% 2 JR)
PR T B S PR AURS L OF 55 B A TR EE A 2 A TR )
JRHATRLG .

3.3.2 i) ResNet-18 #4544

Y Ry R AR T Y €6 KUK BEAT 2 T IR
> B B FRRAE -5 A A Y 2 o] B B AR AE EAT R AL A
TP H R 1Y ResNet-18 #6422 856 10 45 ¥ 4 %]
10 ffr7Rs s F 2R3 i HARH AR I F

TE ResNet-18 Hr, iy )2 4 LR — A~ 15 )25 % 4%
i 4% 2 W, L E A () 4k B 9 R A 22 8] AR AT —
FIR) AR I B PRI OHG T LK B 2 W ST ) o A i
FEIEAT RN 25 0 2% S A 1) R A 48 B2 TR s, A 2
5 SR R AU I S ) 4 R U o I A B 110 B
I A U S T W B 5 AR ) B 4E
R JU 1TXT R/ B BRURAE. 3R 22 WL 4 R X
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y=F,{W;}) +G&, (WD (6)
KL F (e AW, ) RN pR L 2 s WL iy A
v Fm WL L 7 5O o BRI R 4EE « A1 F
Z 1) B A G R S AN e S A R s e K
(6) 1, FORAFYEEL « F1F Z [ BB, o T 85 )=
HEZE AR, R T 1 X1 5 G
G(x {Ws}).
TEIR Ja — A3k 22 Y 3% e i M Ak 2 5 19
THIEAL)E Norm FI4F1F 8B4 )2 Multi-Scale Fea-

t-18 1 T 25 44 14

ture Aggregation, i@ i3 L LZE Norm X fix K ik
J2 0% AR EAT RS AL R E A RER S R S HE
PSR B 5 Y 1) i B R AE 2R A B ACaE 1) ResNet-18
FERY T2 ) Jmy i 40 T 1 835 XUks L OF 5 HE
G AANTE U 2 HE AT Rl A
3.3.3 M DenseNet-121 FERI 254y

S TR R TR AC T SR AT 2 L IR T )
8 RP IE 5 A RS R A o] B YRR AR HEAT R G AN
$& @ e HE ) DenseNet-121 5 AU, 3% #5 R 25 44 4n 1&]
11 s E 2o iy BARH AR G F
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Convolution

B 11

DenseNet-121 £ %1 2 iy ) 25 7% $ B 2 i 19 IR
FE R 2 W &% TEIZ AR p AT B )2 2 18] 347 45
TE A o L 28 9k 3l 43 Ry Z2 A B0 2 3% 12 1 A 2 L 1D

5 B3 2 0 B R AR AR O LS T A 2 I A L N 4%
)2 22 [i) 7 A e K % DT R e A T R Y ), HC
HARE =X (7)) Frs

F,=H,([F,.F, ... F., D 7

Kb F RoR 58 ¢ 2 005, BT i B A 2 4
fEFge... . F  EREIALLF,.F, ... F,_  JFR
WIS 0 Z RN [ — 1 2005 R E , B 5 2488 1o
LM E G wRECH, - )BT, B0 H,(+ D
b T — Ak B I M T M AR K.
TR 45 T 2% 1) 2 i 10 A L S B X 4% )2

&
Convolution
|

ik 1Y DenseNet-121 #5581 45 4 K]

'Pool

B 3G i B 3G 4, P, DenseNet-121 38 1 78
g A A B R AR 2 L an i 11 s 7R
A ERAE BT, A A B AR A R AIE 48 B ARy A
YRy — 2. P, A ] T HAOE T R )2 R
HE BT JE W 4%, DenseNet-121 1] DL 5 4 Hy 1] A%
HEFRAE.

T 5 S5 — A8 25 e e dm R AR 2 L B 1
HIEAL)E Norm FI4RME R & /2 Multi-Scale Feature
Aggregation, il &I B 1L)JZ Norm X & Kt 46 = 1Y
iy YRR AE AT LG AL R B S RIE R B R S HE MW
AR B R 1) i 1 R AR 2R S B G Y DenseNet-
121 BRI T2 ) Jm A AR i 803, JF 5 e WA
TR BE R AR R ) )2 HEAT Rl



14 BB A TS M R A BRS04 ) R PR it 2 4 T AR 107

3.3.4  WEBRAMRE S5

30 A R TR R 2 A A Ik ST Y S A
e fr B XL B S e 2 Lk X
A T] P R A 22 T 8%, X AT DL S O S )2 Y I 4%
JERBEZ S ERGE o = A" ok R L
W D RN RHIE G B ) £ i

ML 9,10 11 T LA B0 T4 — J4AE L 2R H]
TN [ A R A AR 2 AR R AT 2 2L O TR I 4%
BRI SR 2 FR AR5 TR AR I 4 A —FF
K B R WA ERAE 5 X /N B2 R AE R AT FoRAE (1L
g AT AR A A 55 AR L IR B — B 4E B B T AN TR
KAV R AE o0 R 2 A S 6] 19 (8 98 [, 38 2 Norm
CoO B —FP R IE Y JC R (8, 2R 5 AT R & 4
1E Agg (o) RIGREGRER

F =Agg(Norm (V) Norm (R) , Norm (D)) (8)
Foft . Norm ) 467 B AL 38 AE . B0 £, 5% o~
score. Agg (+) Fn ] B 1Y G HAF , 41 4n a7 3 5
1 | RO =11 L S N SR € o N L
K JH z-score BRI AL 45 A T {7 BLGLK 19 SR T k.

ALl & )2 Softmax BE 6 3K WU A REAS 7Y A
FROPAT Y, HA 55 A n] RE Y a2l o DA T Y i
FTBERY S5 R R B SR B RR AR i AR5 2 Softmax
HEAT YN,

e M B iy A ) Jmy R AR T R S AR
TRAAETEAFAE - SC3ERURS | €335 KUK S0, 4R 5 R
SRR ARG AT 2% 2] P [ TR B AR AL (17 27 )
FRIESR G N B AR E. T 0 SR A5 R ik i A5 78
G )2 Softmax 4325 2% LAH ) Jay B0 L4 ith A 48 .

HFA-LVDBR MR ML BNl LUE
J&, HFA-LVDBR "] LI7ETC B 8965 5 T A AN )
FERY A AZ I AR AL A [] 1 40 18 FIORL B2 R 7 L AT
S H AN, B U A2 8 A U, Kk, HEA-LVD-
BR AJ DL 33 S8 A8 I R AIF 38 4o % B 55 0 15 3 R )2
L8 RFAE , I 55 R B AR RO, B R TT RE b A%
Jey FS AL 1 A oty 2 46 T m A R Rt HEA-L V-
DBR J7 1 B 3 T S5 49 RRAE 2R & 0 Ja 50 40 11 4 1t Y
48 MR A TR 1 TR 4t ENR.

4 LB
41 BIREMTLLE

T34 HFA-LVDBR 814 6E , 76 B & -~ (CPU.
AMD Ryzen 7 3700X 8 — Core 3.60GHz, N #:

32. 00GB,GPU: 11GB, Windows i 4~ ; Windows10 %
RO BTSN EAT T I8 AR b R AR T
PR 5 5 IR e PR ) 8 ey 350 4 v U 1) %) S 6 K 4 L R
(6] T Fofr 5 T (L P 46 T PR an 181 12 B s 1 12 A
T AL A A RS T RN R ST 4R T B AE T AR A AR
. 54 B AL A RROTIE 0N L.

s T 1. " w

a 5

|1-Ill‘J‘ 5 a4
' L4 B AT

E

iy #

50 od

!
=
=
&
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&, reesns

. L BN S T

LT e

S ‘
= P R
g—, TRARALY d
4 —_— 200 ESBRain (I

B 12 ERooAn A R

AR 48 1 PG RSE o ok T i 1T 4% 39 i R~
RN TR 4 Jrg 4 T PRL A5, A 8T 13 7S o 3R A5 A [
T b 5 L A SRy 46 T 5 768 5K SRR IS0 HE X
e AT ARG L SO I 28 i AT IR £ L X d 4R 1Y
AR

K13 RN R SR R A R

(1 20 2 RURS 1) K Al 4 T Aok 2

Je S AL Pl by T8 44 T 7 D' PR R N — e Y B
L BRI S BN — R B, O T 3R IR AR AR T
4 SCHE XA 5 7 3 1 4% T PR 5 T A TR s AR A 5
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Eitd 2022 4E

(1) — (3), RIS KRS Fm I 18432 4>, Horp
N T T RS [) T A 35 1536 A, A4S 0 AL B
15 AN E AR S o B B s SR A7 78 CSV Uk,
TR AR VGG-16 #1722,

(2) €035 AU 1) B340 4 T Ak 3

S T AR AR T EG 385 KUAS L 5 a0 3 XU Ab
BEAH [, 76 98 95 48T R 52 B 1 TR sl AR 3. 1.2 77
(77 1 AR AT €0 535 XU 15 18432 kL AR TRl
FpR T T B 35 1536 5K, H AF— 5K % R AR /R
TORTE] L E ] B T AR T R s XA

(3) 03 KI5 A B30 30 42 71 Ak 2

H T ' BRI 3 AN 2 52 ) 50 B 174 75 BT TR 400
JE PR L 7 AR AR T R ) SO S SR AT 52 3
T TR TE SR AR T R A S i B TR i i I, ]
14 iR, L 30 BE £ kg B e i R, 1k 3 8 4 1
BB S 7 55 rp 4R TR R R BUE AS L3S U R %
18432 5k, Hor R[] M A A [a] 1 {3 R 1536 5K.

rq kc;)
L alod

AT JE 4 Jr R 4R T PR 4R

[ 14

A DL B D A T S XU | €3 KUK 5 AL
B = 2RRRAE I 2B 2.

Y B AR SO 5 7 2 i A RvE L AT BE 1R PR
WA 1 TR B ER 1200 58, R [E] MR ) A —F
AT A 48T i 222 100 5, A7 an I 25 B0 E 1Y
T Ak 3R A B0 3 A (1 XU IR 12000 5K L EC
HUAHE F R FEFE 12000 A SCHE{R 12000 5K,

4.2 ZIHRHERSLER

VGG-16, ResNet-18 I DenseNet-121 +& 24 Ri
BEARH) CNN IR R854, S 1 56 Uk B 52 07 ¥ B9 A7 8%
PR B I A S B X = P AR AT LA
BAEEAI I ZR S0 % 3 Fros. X TR R R
BEAE Agg (o) BUAR AT R AL I FRAE R G 07 12
1E'TZ|K3CIf/EﬁP FEAAPAE ) HFA-LVDBR #E

O it DR R A B I 5 ) R 5 7 2R 48 T U 1] A A
W R TR B G HRAE . 7 I8 B [R) AR Y 2
STFRAE B AN TR (0 4 BE L %t /N2 BE R A E 1T 85 30T 4B
B AR AE S i T RAIE JT R 7E S [R) B (BLIE BN X 4

fﬁlﬁfﬁ%ﬂﬂﬁmil_ﬁr z-score ML{E L, RE R A XL
fif i ABEE 2 Softmax 47 I 2k, 78I 4k 11 2
'43 ,iﬁﬁ 1.2 1F D) b e Ao 5 g 3] o /N 9 4 By 1B A

AU LG JF A 8] 2 KRG of BE L ME R R F1 9y
THT 2R B0 41E AN A2 TE R AE 1) 2R 5 RIOR LA SV Al % i 452 Y
R il 5 1 B
*3 RENMIESH
15 Ay learning_rate batch_size input_size weight_decay

VGG-16 0.0001 16 224 X224 0. 0004

ResNet-18 0.01 16 56 X 56 0. 0005
DenseNet-121 0. 01 32 56 X 56 0. 001
4.2.1 AZSTRARE B R A ROR

FEAINAT R R SCEE XA | £ 3% XUAS L L
Pk SRR AE A 5, % 4R T R A R 50 AT H A A
A3AT N 15 BB 17 SR T A RV RRAE 4 & 0 SE 56
GESR AT LLE B A = A2 AR B A )G L 4R
T EHE R AR R R B IR A F1 Fs T
BT — AR Y R .

(1) 5 T FRRAE 3R 51

It VGG-16 A5 8 X 20 38 XUAS 347 1R, &
15Ca) T 7 o B A 225 AR50 500 1 o, G003 ) offe 2%
KB VB RN F1EAREREAE 65 %0 1 F Z [HUE 3.
i TG AN BT & F AN [] 4 T, S [) T b 1 80 28 X
AT  [] — 1T Fofr ) SO XA T T[] 2 XUAS i ] 28
DA FE AN [ T (B 22 8] 1Y) 22 5 L A/ s 23 x40 T &
(R 7 A S ) PR IR 3 ek 0 B RURS A AR T TR AR
PHERR R K G MR F1 R,

i 3T ResNet-18 #5181 33 XU A% iff 4741 51, 40
Pl 15 () I, Bt o 22 AR B0y 185 o, 0 3 v g 3
KB A DR F1SEARYERFAE 8520 1 F Z i) ).
Xof T[] — IA A 79 4R T >k 3 o G ) 5 € 3% IXUAR AH 4BL, 7E
g b A 6 1Y L AN TR] L H 6625 AL T TR
— B R T A BT TR R H K
JCTE (A5 KA 15 N R AE L, R ot 25 5 30FE £
AR BT R 2 RS EE CH 1A F1OREAIR.

i#1d DenseNet-121 & 80 Xt &5 3 k47 1R 50, 4 &
15Ce) T , Bl A 3 AR AR B0 18 o, 0 3 1 o A %6
K BE A RN F1EEARYEREAE 87 V0. ASIW) 1 {8 1Y 4%
1, Fo o R AN R o AH fy 1 4% T R 340 i 09 9 30 2
Xof S BE AE —E B T A  DR I 2y S BOTE S0 B 1 TR )
I UHERRE RS A MR F1REL.
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TROERETR, Hh F1 RSN F2 LR 60
TS F 3 Rn B R Al LU Y 9 b sl = Fib
KBRS B 5 7EHERN 3 R LA TR F1
b TR T R SRR AR A U

i3 DL BN 2R R 3 AT L AT ARG S5 98  IOTRTA

BT B RF ik 22 [ S E A 9 7T L i KT fE i 4 4K 14
PG TE S TH BR [R] — T A P A AL SO KRS 7= 22 1 52
M, 9ok /I AN [s] T 7 (6] €0, 38 DX 14 R AL T L L i 4
REAE AN S B Ak R oK 32 B i W I =5 () R 51 7
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x4 ARBEHAGHNKER

FEAE R R (V) KB Y HER D F1Score( %)
F1(VGG-16) 67.956+1.092 68. 788+ 1. 288 69.792+1.667 68.333+1. 060
F2(ResNet-18) 88.000+1. 000 88.889+1.111 88. 000+0. 500 87.000+1. 000
F3(DenseNet-121) 84.900+0. 100 85. 000+0. 000 85. 000+0. 000 85. 000+0. 000
F1+F2(VGG-16+ResNet-18) 89.762+1. 290 89.424+1.591 88.563+1.167 88.833+1.378
F1+F3(VGG-16+DenseNet-121) 88.061+0. 485 89.564+0.874 89.350+1. 334 89. 884+0. 484
F2+F3(ResNet-18+ DenseNet-121) 90. 90040. 550 90. 35040. 553 90. 869+0. 581 90. 874+0. 610
F1+F2+F3 (HFA-LVDBR) 95. 63240. 450 94.54640. 331 94.100+0. 884 92.484+0. 485
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Background

Banknote recognition is a new research direction in the
field of computer science. Most of the existing methods di-
rectly extract deep visual features for banknotes recognition.
which ignore how to recognize banknotes based on distorted
local view deformation in human view. The banknote with a
distorted local view does not show unique spatial layout and
structure. Therefore, standard object recognition methods
may not perform well on this task. Secondly, local banknote
recognition can be considered as fine-grained recognition.
The first step of fine-grained object recognition is usually to
find the fixed semantic part of some objects. However, the
common semantic part does not exist in many deformed local
banknote images. Therefore, it is difficult to capture semantic
information from the deformed local banknote image by the ex-
isting fine-grained method. Third, similar to object recognition,
local banknote images also have various geometric changes, such
as different views. rotation and scale. The banknote with dis-
torted local view requires that the banknote recognition method
should have geometric invariance and be able to recognize ban-
knote images reliably. The existing banknote recognition meth-
ods usually use CNN to extract the visual features directly from
the whole banknote image, and may recognize errors when the

geometry changes greatly. This is because CNN can only process

images with a small range of deformation through maximum

10190-10203
[28] Tang L-M, Xue Y-X, Chen D, et al. Multi-entity depend-

ence learning with rich context via conditional variational au-
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merging. In this paper. we propose a new method, named Ban-
knote Recognition based on Local View Distortion, to handle lo-
cal view distorted banknote recognition. In the first stage, we
extract the nondeformable feature to represent the local view dis-
torted banknotes. In the second stage. we use VGG-16,ResNet-
18, DenseNet-121 model to learn the nondeformable features.,
and aggregate the learned features. In the third stage, the
three deep models are fused, and then the aggregation fea-
tures are identified, so as to identify the distorted local view
banknotes. The experimental results show that the recogni-
tion rate of this scheme is higher and more universal, which
can be extended to other visual images. the

HFA-LVDBR scheme is universal, which can fuse different

In addition,

types of deep networks and apply them. This scheme is su-
perior to single and dual features in accuracy, precision, re-
call and F1 in different types of feature aggregation, and it is
higher than that based on a single model and two kinds of
models in different types of model fusion.
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