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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 spectrum 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 invariant 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 method, and these three types deep models were fused, that is , these three types
models did not recognize 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 feature of
texture style to obtain output feature, the ResNet-18 network learned invariant feature of 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 aggregated features. After aggregated, aggregated features were
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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
method through three aspects (i.e. aggregation effect of output features based on invariant features, performance
comparison of multiple models fusion, performance comparison with existing methods) 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.
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SR — ¢ Conv2_1 @ 4 Conva_1 4 Norm = Featﬂ/lr: I:;i:?aﬁon
: =Ny =y
Conv2_2 @ ‘ Conv4_2 ‘ ‘
¥ v \ \
pooll pool2 - @ ‘ Conv4_3 “ “
Iy
pool3 / pool4 / pool5

B9 itk VGG-16 HERI 45 Ky &

VGG-16 BRI 1 5 BEBE AR, b, T 2 B
TH2NMERE, F3BRSHINENE, HES
B R A B Rl E R AR v R~F e 7 53
EWAMNREARTE S, 7558 5 BRI E 2 5
BT MYEILE Norm FIKFAESR A2 Multi-Scale
Feature Aggregation.

55 5 BB I i ORI JE R R AIE A et
VGG-16 B (1) S RHIE, K4 Norm JZHET
Ak, HEdRHER A RS e ANR BT

S IE R A, BEGH VGG-16 B T 245 J5
AN S AN, 5 e AR B AE 1)
E TR
3.3.2 M) ResNet-18 A&7 £k fy

N R AR L KU AT ), IR
ST RN FIRHE 5 HAB 2 5] B E T R &, A
S E ) ResNet-18 B, 246000 45 1) dn &)
10 Fiow, EZIR P RAARR IR
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Multi-Scale
it
FHERAE —l —l Conv10 {NormHeature AggregatioD
\‘
\ Convs Conv8 Convil
15 o
/ Comvo 1 | Convi2 1 |
|
g g
Conv9_2// Convi2 2
( Maxpool )

K 10 i3 ResNet-18 1571 45 1) [&]

7t ResNet-18 H1, HZHM N5 R iER
PSR 22 LSS, HLE A (R4 B IR AE 2 IR AT —FF
(REAE LS, DRI, AT LIRS 22 WL S (i N\ AN B H
BLHEATANN o 24 W0 28 S B AR P AN TR, )
F 2 £ T REEALRRAE IR 0 2 BE Uk, eI 5 AR
MECEIGIN—A%, Rk, A7 MU R S5 A E
YR, KA 1X1 RADNMBREE. REMFT
XF7R:
y=FX{W;}H|x ®)
y =F(xW;}) +G(x,{W}) (6)
X, Fx WD RS R, x RN, y
Forms . EXG) T, R RIZER x A F 2
[ETNE] 7 SRy S e o Nt | N o S = 0 | a2
(6)r, FoRAFLER x M F Z A, TR
EEZEAERULE, RAT 1X1 SHB

G {Ws}).

TRt G — MR EY R ERE R RILE, R
T AVEALJE Norm FIRFAESE & )= Multi-Scale Feature
Aggregation, #EIIHIVEE Norm X s Kbk 2 1)
R IE AT RO, JRBIRHIER & 2 S e W
ANRFERR M R IE S S, RIS ResNet-18
R FH -2 5] JRy 3 AR 1R ) i A, JF S e A
R FERBTAE R 2 AT R
3.3.3 i) DenseNet-121 575 £ )

NT X R ST 3], IRk ) B
(PRFAIE S AR AL 22 S B FRHE AT R A, A0
P57 kY DenseNet-121 R, (%47 48 Ky 4 18]
11 o, EEE B B AR IR IR

Dense Block 1

1njoAu

 (9)
ﬂ =
8

Dense Block 2

areos-anN- -/

ﬂoueﬁajﬁﬁv a1 nleag\

o

11 2idkfr) DenseNet-121 A7 4544 ]

DenseNet-121 15 4 i HH 8 25 2 Fe He 41 B IR B2
LGHMAEMLE, B d, [EEWEZ TR
TR, I E w43 Dy 22 A0 1 ) A i B
R BE = 4 R N FL S B JZ N 5
28 J2 2 1)K B R A, DT i S s PR R 1) ) R
Hof B ARFE =X (7) B«

F= HI([FO’ ... FH]) (7

X, R RS, AT = 4

fE Ry, R fERNEIN, [Fo, B B ] FRORGERER O
JEEE -1 ZRs L, B RS AR L R
SEEEH, () #4784, BVH, () diittE = —1k.

MR 7T KB E A K
RGBT 25 e, S W4 250

38 N P K, (A, DenseNet-121 @it 75 4F

APRE RS R A, w11 Fros, 7Ei
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ACERAERT, FIH G AR ERAEARIE 4 2 A i N4 FE
=4 PRk, ASET R AR-T 57— 240 AR )
TR M4, DenseNet-121 7] DL B 4 Hb 1] FAR 4EHFE

PR 5 fE — B PO s oA R, N T
FEtkZ Norm AUFFEZR A Z Multi-Scale Feature
Aggregation, T HIVEALE Norm X5 Ktk 2 1
B RRERE T RNYEAL, B RHER AR S HEW
AR R AR R A, B ok
DenseNet-121 #8 H] T2 2] /i AR g0, It 5
HE W NSRRI S E AT RS
3.3.4 REERAI LG R

SEUT A 2 TR A 4R X 4% 2 B ST F 2R
FXER, XEEEREER LR, Fi,
XA FIRBE AP 2%, 30T DL SE I i HZ 1)
2% Z AR B 2 AL SR AE h = (.., hY . hP)
Hop D RORRHIELEE I E .

M9, 10, 11 ATLAER], X T4 —KHHE,
KT AFRIRE GRS RBHT%5], JFHAE
W28 RS BN PR IZ LSRR S TR R 4EFEAS
—FE, RABRKMAGERAEG, X/NERERHE AT |
KFE CHLan im0 IGE ) #4E, X8 — B 4EE .
BT A R (PR E e 3= B AN A A E ], did
Norm(\) Mlya bt —MRHER Rl REHITE
G ERAE AgY() SRR R ERHIER R :

F = Agg(Norm(V), Norm(R), Norm(D)) ~ (8)
Hrp, Norm() R HEAEAE, #ilan 1, 5% z-score.
Agg () Foom B R AR AE, 5 fag e e P AN
J2 TR 25 20 S e — bk, #E A ST, SR z-score
FNTEACIRAE AT BRI R B T i

MR ER A JZ Softmax BES 3R U AR AS I HES
oyAn Y, HE S ATE AT RE RSt 2], AT SR
ATREMAE R, R, R A RHE M ARG 2 Softmax
AT

FEMART B, NI R AR m g, ok
RIBALTERHE: SRR A RS, 208, A
Ja R = RIREERE RN HE AT 52 2], B AN [FR FEAR
U2 SIRFIE R B NI AR . BJa, W R B HHE
R Fh S 2 Softmax 432528 DLR B = 364 & 41
HEENITN

HFA-LVDBR L #H ML ENEFT DR H: &
%%, HFA-LVDBR 7] DIE TG & KIS 5 FIRAEAE
KRBT, WANE AL AR B R E,
T2 B AN, HOXT JULAT 8 B A ok . o,
HFA-LVDBR 1] DL X S8 ANAR TR ARFAIE 388 1 ¢ P A Y

RENREGCRE, HRE AR EERR, &K
AT R HEL Er SR A0 L R 4K i S R
I, HFA-LVDBR J7 AR T A RHIE 5 A 1 Rl
P R R AR TR A0E A 1 L s Ak m B .

4 LRGSR

4.1 BRENTLIE

N T 1P HFA-LVDBR [t fE, ERE N
(CPU: AMD Ryzen 7 3700X 8-Core 3.60GHz, Nf%:
32.00GB, GPU: 11GB, Windows hz4s~: Windows10
TR BTHE ML BT T S8 . RIS, A
B 1 B8 5 R e G OR =) 3 4% T AR i) 7 S B 4
P, AFRmASHEMRTREWE 12 Fiox,
R T 12 FhEME N R R G AR ) TR T RS
Feili N, S50 BEAH AL BRI B EE

g 'Pﬂ‘\,;ltl-r

100

ISuudaguds |

AN s

i =
b4 IC_
\\\\E W

@ PE AR AT

4 u\,\.»\wm\\& S
'\‘
_i

R 200 ES8Si1 MikAd '

Bl 12 BRooHIA R e

ARAE AR BRI RT s 0 JH I i 8B R
KMHFIR R AR B, &l 13 s, 3RAEA
(7] o i 15 T AL P ) 0 8 1T PRI 768 5, SR AT
Rtk R XS SORIX SERE SR 5, d
PRI HA IR .

@ é )rl‘-
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Bl 13 4408 T 0= B PR %

(1) S RS P B A 45 T AL 2

Je F AR P L T Y 4R T 7 O B B AN — FE I B
B, BGSEEA—FE. Bk, N7 3REURE
A% T SCRE RS, 7E 48 T B B R R, AR
P (1)-(3), FLIRENGLHE XS RN HERE 18432 A,
HAp AR MmFAFEEAES N 1536 4, B
A5 15 NRFR, ARSI R SR A7 TE CSV XL
P, fE TG R VGG-16 #4752 .

(2) i JRURS T B A 4 T Ak 2

N SRERAR T R ) (i R, 5 SR KR Ak
AR, 7ETANT BUE S IR, MR 3.1.2
T, RS A S IR 18432 5K, A
A MR SN 1536 5k, HAF—sk @ik &G
HER T AFBEREE, KRBT 4umEGR &
KR o

(3) L G I B A 4R TR AL 2

P T ' B3 5 AN 2 52 1R S0 1 37 B 52 R 48
FEEE, B, 7E3RIAR T G SR, AT
FEVRTT, T AR AE =) 0 4% T G S IR 5 I ) B A
b, Wikl 14 Fros, BL30 AN AL EIE, &
B T AT R BLEL S o h AR T R BB A, RIR1E
gUH G 18432 5K, HHROAN[E AR [E TE 3 N
1536 ik .

e e

E 14 AFEf R R G

I DA IR T AR . (R XU S AL
X = R ) 2R B 4

N T BGUEA ST VR A R, I FE R
W& 1 BRI 1200 5k, AS[E R —
FhIEAE A48 T ECRE S 100 5k, AT I 280 4
) T A B 5 380 S 4 - £ IXURS 14 12000 5
SUHR XA R FERE 12000 >, SCHE % 12000 K.

42 LWERGHE

VGG-16, ResNet-18 F1 DenseNet-121 72 24 i &
AM) CNN 1R RE5H . A T 3k i 7k A 2ok
FIEEME, ARSCIE X MR A TS,
TR )T 2R S 5003 3 s« X THREER SR
HEAE Ago(r) » EARPTIEF AR RIRRE SR & i,
BAEASC AR, 2RI 1) HFA-LVDBR #E
B, SRR B R AR (A HES 7 4R Rl ) &
R, SR TSR R IRE . BRI R
27 STRFIE B AR AERE, 0 /N B2 R AEREAT B¢
ARG A M ERE, 1 THRRAE JC Z AE A A A VE
W RHEFRRIE ) G R AT z-score Btk SRJE %
FIXLERRIE, RS Z Softmax #EAT ISR, 7R
Zrad i, JEid L2 AR EE R i R B /N,
Pt B A, FEAAREIZE., KSR, AEmhERA
FL1 DY T RS IE AN TEAFAE (1) 58 A 80 B S PEAG
IREERE AL b B 12 R

= 3 RENMIIGESH

] learning_rate | batch_size | input_size | weight_decay
VGG-16 0.0001 16 224224 0.0004
ResNet-18 0.01 16 56>66 0.0005
DenseNet-121 0.01 32 56x56 0.001

4.2.1 AEBTEFRHER TR & 2R

TEA/NT R, g BEI SRS i KU
SUPHIR LR IE T A e, AR T AR AR S AT He g
. M 15 & 17 SR 7 AR RHFIELH A 1) 52
RER, nLAER]: WiFhE MR RHE RS S,
A EUS IR A EHER R . RS, BREM F1 L
TR T — R ARRAE U

(1) FTBRERR 7

Bt VGG-16 A SUH KA HEAT IR, an &
15() o, Bl IEAREEE I 0, FEM i HER 2 |
FERE S BIRIZRFN FL BEAR4ERFTE 65% b K 2 [a]3 50
v N T o e N T AR & N N R D@
WA, Rl — MR SR XS & T R 2K, T lR
FAFEAEA A A 2 (8] 2 S LN, S0t aRim
GRRRI = AE R, Rk, I SO KU R 4R T
UG HIAERIR . RS A RERAIFL LK
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K 15 FURFIE AR R AL K

IS ResNet-18 AL} (A% KUk BT IR A0, 40
B 15(b) o » Bl A 16 A B 38 0 FEI vk At 26
FERE . A RIRFN FL AR YERRE 85% bR Z (Al 5l
XA — A A AR TRk, R € ui U AR ABL,
i, PG EEIARRE, EFERR)E
T E =B R, 1mEoTA A R T T A F
P, (HERICTE RS A% 5 NRMAREL, Bithe &
FAE O RS (R A R . RS . A B R A FL
(2198

iHid DenseNet-121 #E R £ BEREAT IR, 4 &
15(c) o, Bl IEARFE 3N, FEI ) dEm 2 |
KR AR FL BEARYERETE 87%. AN[ETHIE

g, HEERRAFT, (HiF45M R i r R
IR0 U= — 2 TR, BRI S EE S )
WA R R RS, AR FL K.

(2) BT RURHE SR A R

W 4% T AR ) S RS A3l KUk R A S ik
AR,k 16, BEEIEAEE I D,
HERfR . RS, BRIEM FL AR 90% - F
Z AN . [l — A S KR AR AL, il XUk TT
DAYR/INSCER KUK AE [7] — T A fm] PR ARARLRE , BRoTH A
B T LA AR ) € XU, AN [) T (] ) 038 RUAS
AT DAY/ R KUK (AR ABLRE , DRI PE A 28 L R FE
AR FL_Em e AT T SRR 1R

1.0

1.0 1.0

‘\/\/j/»rw-\q W
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NV
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091 e LA FTE 08 081
0sf AV 08 [ el ' 1
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0.6 06 — Recall — R Recal "
0s s 024 " , 02+ " , 0 t|
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epach

epoch epoch

(a) SRR A (i XU SR 5 ROR

(b) SCHE R FISCHE A R

epach epoch epoch

(c) T XURg A S B 5 RUR

K16 PIRIREAE I A IR 2 A2 4L 1A

e 4R T BB S XK A SCEE R 45 JR 347 IR
s Gk 16(o) o, FEAE AR KRR N, et
MIRERR . KGR HRIRM FL AR 90%.
SRR AT DAY/ INSUHE ARG AE [F) — T Rp E] (AR U, X
AR AT DAY/ SR S it 45 SCEIE B L
PRICAERER R . R, AR FL B ek
TR AR o

H K T PR B0 £33 XU RN SCEE R A R AT R
Al Wk 16(c)rn, BEFE AR AN, H
RIMERRAR . R AR FL SEARHERF(E 91% F
T IEBE . Mot AR Mg AL, S0
A DA % AR LE AN R] TR B (AR DU, i X

A% T LAY/ T ) B L B e SO P R R, BRI
FERERAR . KRG, AR FL B el
FFOEAITR A o

(3) HF =HFEREHIRA

Rl BRI SUH KUK (il XU AN S SR 5
JEHHATRGA, W 17 Fron, BEEIAAR AU,
FOMNR A AERAZE . RSB, HRIZM FL BEARYERF/E
94% N2 [ . [Fl— AR SCE XA AL,
T XUAR AT SR L RT B o JH 0t 4R T 3R 7 A Y
SN, RRTT AN B T A i JXURS AR ALL, - S0 XUk A
U LF- AT DLV B R 4% TR )= AL iy e, S0P
IRV R €8 3% JXA% LT 7T DA 200 H T ) 0 4 x4
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A RREE, RIAEER S K. A Il ZE A FL
bR T AT AR AT OURHE R A o
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0 Al' 0.8
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—— Accuracy Precision

0.7 0.7
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W
™ 0.4

300 0

200 300

10

0.8 0.8

0.6 0.6

0.4

100 20 300
epoch

0 100
epoch

B 17 = AR R & AU AL

Wk 4 frox, RAFRFHEH ST 10 Frilik
BT RENLS R, Hrh F1 RRaE N, F2 #oR
il XK, F3 RaRguH, WERFBATLE L, #Fhak
SFRBIMRHER G S, fEREMRER . R, AR
AL bE TR T R — AR R 5

WL BN, TS AR B
N BT RRIE 2 )2 FLARE), AT DA K AT B A 3R
BUZ BIVE X, T 3 [ — oA P AR AL SO XU 7= A= 1
SO, ek /INAS [ o (] € 3% XA RO ARABLRE, i L
IXUERFIE AR I, RE08 M e A 32 AL H B 5 2 ) HE
F 75 ) AR R

I 4 NEHHEH S MR R

HHE WHER (%)

R (%) AEE (%) F1Score (%)

F1 (VGG-16) 67.956 1 1.092

F2 (ResNet-18) 88.000 * 1.000

F3 (DenseNet-121) 84.900 £ 0.100

68.788 * 1.288 69.792 * 1.667 68.333 1 1.060

88.889 + 1.111 88.000 £ 0.500 87.000 £ 1.000

85.000 = 0.000 85.000 = 0.000 85.000 £ 0.000

F1+F2 (VGG-16+ResNet-18) 89.762 1 1.290

F1+F3 (VGG-16+DenseNet-121) 88.061 * 0.485

F2+F3 (ResNet-18+DenseNet-121) 90.900 * 0.550

89.424 * 1,501 88.563 t 1.167 88.833 1+ 1.378

89.564 * 0.874 89.350 * 1.334 89.884 t 0.484

90.350 * 0.553 90.869 * 0.581 90.874 £ 0.610

F1+F2+F3 (HFA-LVDBR) 95.632 + 0.450

94.546 + 0.331 94.100 £ 0.884 92.484 £ 0.485

4.2.2 Z BRI RE L

TEA/N A, KA [F) 2 8 A Y il 5 3R AT 131
ELESFN 20 HT, B VGG-16. ResNet-18. DenseNet-121
Z ARG, HAR R R AT S Bl i B - R rE b
G, Hghia A T LA il 2VGG-16+ResN
et-18 W, M VGG-16 AIHIE T 2, FARIE =AM
Rghéd, M7 24 VGG-16 1 1 4 ResNet-18.
M 17 BB 19 BoR T AR b6 i S48 AR
thila%s, TG B PIFhEl = AR B R A A S
EHERZ ., KWL, ARIZEM F1 s TRETR—3K
TR FA R

(1) BEF [RS8 BEL fl A (1U3 A

W FRE A SCER R B KRS AT SCHRAR B N
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(d) 2ResNet+DenseNet-121 Fli& 2R

epoch

epoch

(e) 2DenseNet-121+VGG-16 Fili & 23
19 WIRBAL LA AR 1k
mE 5 P, RARBEEMNGET 10 Hrilik
BTREREG R, NRPATLEH, BaBa i
BRI 2 [A) Z2 BBk oK, FLAR PR e s T T R
— BRI A It RE . AT LMS R EER, AFISE
*5 TEIRERAHNIKER

poch

epoch

(f) 2DenseNet-121+ResNet-18 Ffi & 25 3

TR B () 5 SRR S R A e, RS R
e 2 A1 E I B R A RS AE, 15 21047 2R
DX, T ER BRI

Method HEFHE (%) KE (%) AEE (%) F1Score (%)
3VGG-16 79.313F 1.034 82.857 1 1.810 83.000  1.333 83.334 + 1.111
3ResNet-18 85.000 & 0.000 87.878 £ 1.011 89.583  1.042 87.5711+0.731
3DenseNet-121 89.526 1 0.768 88.750 + 1.250 87.500 1 0.833 88.889 1 0.540
2VGG-16+ResNet-18 85.595 1+ 0.817 86.917 1 1.245 85.778 + 1.213 88.546 + 1.034

2VGG-16+DenseNet-121 89.951 = 0.082 88.857 1 0.810 87.667 + 1.083 88.334 1+ 1.143
2ResNet-18+VGG-16 89.869 1 0.068 87.778 1 0.635 88.350 = 0.465 86.667 1+ 0.834
2ResNet-18+DenseNet-121 91.553 1 0.668 91.534 1+ 0.467 89.162 1 0.561 91.599 & 379
2DenseNet-121+VGG-16 90.168 * 0.842 90.236 =+ 0.667 90.128 * 0.656 90.109 * 0.741
2DenseNet-121+ResNet-18 90.138 + 1.112 91.318 1 0.672 91.068 + 1.103 90.332 1 1.326
HFA-LVDBR 95.632 t 0.450 94.546 & 0.331 94.100 * 0.884 92.484 t 0.485

(VGG-16+ResNet-18+DenseNet-121)
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Background

Banknote recognition is a new research direction in the
field of computer science. Most of the existing methods
directly 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
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
existing 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 distorted local view requires that the banknote
recognition method should have geometric invariance and be
able to recognize banknote images reliably. The existing
banknote recognition methods usually use CNN to extract the
visual features directly from the whole banknote image, and
may recognize errors when the geometry changes greatly. This
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is because CNN can only process images with a small range of
deformation through maximum merging. In this paper, we
propose a new method, named Banknote Recognition based on
Local View Distortion, to handle local view distorted banknote
recognition. In the first stage, we extract the nondeformable
feature to represent the local view distorted 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 features are identified, so as to identify the
distorted local view banknotes. The experimental results show
that the recognition rate of this scheme is higher and more
universal, which can be extended to other visual images. In
addition, the HFA-LVDBR scheme is universal, which can fuse
different types of deep networks and apply them. This scheme
is superior to single and dual features in accuracy, precision,
recall and F1 in different types of feature aggregation, and it is
higher than that based on single model and two kinds of models
in different types of model fusion.
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