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0 28 R RS 5 [ P T (5 R i 2 A T R AE SR I, X% LE 231 Inception_v2. ResNetS0. ResNetl01 [Zg 050, 531 T
— PG 35 E N T AP 2 28 AR AY THCDM ( Improved Hyphantria cunea Artificial Neural Network Recognition
Model, THCDM) , RHJuin®|sm 5 E7E GPU AL FRAR EXHZAAIHEAT TSk, IEXFHMAT T SmEiE. 458 E0: %
PR 5 [ 1 4k AP HERR SR AT 35 99. 5% , #HEL T ResNet50 5 ResNet101 RIZAR Y, AR RIZEES T 0.5% 5
0.4% . MSENE, FHEEERER 0.85 B, PUIMERHZE 99.7% , PHHIEEE 0.09 ms/ik. THCDM FIHYF 3 [H
B PR R L IR T AR T

KR EEAE KRG AT HEY
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Faster R-CNN based image recognition research of Hyphantria cunea

XUE Da—Xuan', ZHANG Rui-Rui’, CHEN Li-Ping” , CHEN MeiXiang’, XU Gang” (1. School of
Information Engineering, Capital Normal University, Beijing 100048, China; 2. National Agricultural
Informatization Engineering Technology Research Center, Beijing 100097, China)

Abstract: Artificial identification and classification of Hyphantria cunea in insect monitoring are time—
consuming and laborious, and subjective. In this paper, the RPN artificial neural network model is used to
extract the features of the H. cunea image data, and the ResNet50 and ResNetlO1 network models are
compared and analyzed. An improved artificial neural network Recognition model IHCDM of H. cunea is
designed ( Improved H. cunea Artificial Neural Network Recognition Model, THCDM) . The model is
trained on GPU processor by end-to-end method, and verified by experiments. The results showed that the
recognition accuracy of this model was 99. 5% , which was 0. 5% and 0. 4% higher than that of ResNet50
and ResNetl01. After Hyper-parameter adjustment, as if the confidence threshold was 0.75, the
recognition accuracy was 99. 7% , and the recognition speed was 0. 09 ms/piece. The improved image
recognition model provides a new method for the rapid identification and classification of H. cunea.

Key words: Hyphaniria cunea; image recognition; artificial neural network; deep learning
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PPk o BEH AR AR AR (BRSO AR,
2017; fLE4R, 2010) , BhaSEIOFA X ERT A
SEARTE R P2 A B B KR Y U I A
A LI B I RE A% i O TR A 28 B AR S 40K -
TESEE H Py in g e, dad BEA R E, Of
XA IR BEAT U e THEUR Y T U 3
AW FE Tk WAL AR EKX
oK. FHEZ. RARERRZERA, &
BENTRB o2 IPRCE S AR R, 9%
s MR

W TR AR AN B A, 25T (R Ak 2R
BORRE B A SRR B Z BT . 5KEL
VS T I WO PO 308 MUK B 17 4EJE 25 2 AR
H SIS U S U4k 125 1), R T SRy 1] AL X
AL (IRELHE, 2002) o BICHRAEHI I
(1) 22 705 oA S OIS U B S R A IR -, il o 2
IR o A6 RO 4t 1 8 B (B SR AR,
2008) o BRHAESEE UK K SR EAE N T% I
BRI 328, a8 HIE I MR 2RSS G 1 XU K
Sy B R (BRA AR, 2007) o JEE AR
PREE T ARHU) T AR TS SR BOR, St
LRRIES A S, SRR TN R L BA —
E MR R o T IR 2 2T 19 H AR IR 75 ik A ]
Ui % 3 77 95 o BB AR AT F S AR I, WP 5T R
MFHTRIE 2 2] 7 6 %k 3 B AT PO B8R . R0
A TAIPR o A7 ] ] 52 3 e o A A PG A7 BT 0 2 ik
InEE A, 45 G AR R XU A B 25 [m] 52, A
M Grab Cut F3L 2647 FH BUE LA & (Al [ 4
2017) o FMRAEHRH —Fh g G HtIT —1b 5 4 R bk
RS A 10 4 BUR 2 10 4 10 50 B A (P 1R 4,

2017) o VESCFAFBTH IR B 2 > Bl 28 ) 45 0 SR 8 R
PR E AR T vk, O $ Hh e sh i i S 80
AI5E (ERSCAE, 2017) o IMVEESE ] K-means
WARA YA AL Faster R-CNN, XHMEE LSRR
WNak BT BERBUN (PMESE, 2019) o

ZSQVESIEISE: SoiE e SEPONER/S TS
VEAH 2 1Y 26 [ A AR R AT R U B R B 5E
P —Fh 454 Inception _v2 4% [f] Faster R-CNN
(Zeng et al., 2018) 3 [& i P 1 i ik A Y
( Improved Hyphaniria cunea Recognition Model,
IHCDM) o 2SRy b 3 B AR ME A 2%, g
g A 3hE A PR 36 [ g Ui, O g g BIL A
Hahgeit. fikitpt ¥ 2%k,

1 HR5H%

1.1 SEIEHF#l

L E HIREEA SRR T 1T B X ME X
PR3E ik B SRR TR SRR, AR A RS
25 K, ffiffl Canon EOD 7 D #IHLREUIE 1+ ]
[~ AHU S TSI 4 AR REAS BRI EHRR
AR/ 2 736 px x 3 648 px, 5 AR ECHE I R
T4 PR 2 40 22 600 px x 1 024 pxo

1 PR R RN 3 500 skE RS, H
L /INTR Ay 35 B EAR 1 300 5K, F Rk 4 4 1
PASCAL VOC SEFE MBI 7. Hrh 2 600 5k
FAYEE K ZR4E, 450 5K FH T F4 EE I 2% 36 i 4
450 5Kk FH TR M2 . T ARIERLRLTE M 45
PREGHERATE, VIZREE. AESE . MRAEREAR T R .

®1 EEABMBESEMERYE
Table 1 Date set type and size of Hyphantria cunea

25 Type VI|Zx4E Training sets I UFEE Validation sets MR EE Test sets 43 3E% Resolution
ZE [ 1% Hyphantria cunea 1 600 300 300 600 x 1 024
5 Background 1 000 150 150 -
B3t Total 2 600 450 450 600 x 1 024
i1 Labellmg T H K 31 25 42 A1 55 U 52 o (1 4 th RPN P26 (1 [l 3158

ARO3HFEATARTE . B i 285 o3 Wi Fp: 56 [ 1 6
HABPIAZ], AR xml SO A HE S
(Name, X, Y,., X,..» Y,.) o " Name {33
PREMIZEA, X Yo Xowo Y fURAIEAHER
e b, AT AL E AR, T E R

1.2 THCDM #=#8Y
1.2.1 £ Faster R-CNN 758 22 > iRl

Faster R-CNN 5 71 532 2R FH X 3l 4 % 9] 2%
( Region Proposal Network, RPN) ft & Selective
Search &1L (Ren et al. , 2015) , R RFEER/LT
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o _

(b) H Rl
('b) Second example

\

(a) H—mpi
(a) First example
B SR b o gk
Fig. 1 Tagged date set of Hyphantria Cunea

e A EAE 1 B ] . RPN I 28 i B IR 4 F /&1 2 i
78 (Qin et al. , 2017) , RPN R4 —Fp4li 2,
B TORRR B R 40T B TR E 2 5 TE R AE B
(feature map) HVESZEF A P, Bl TR
FHEREAR S . EFREE TR —4~ 3 x3
MMl O AT S FERAE, B — NI O S x)
Bt SR BB A A T AE XIS, R — A X
R 5 I S T S A543 0 — > 30 X S AE 1) 7
58 (Fan et al., 2016) o fRi&R— R FUIHIAE
MR K, A RIHETT 1 x 1 BRI, a2
350 2 k AR, FERIEZSE] 4 k A7 E AR bR
SHE. EBRVCRAE, M (0.5, 1.0, 2.0) =Fh
Fefifn (8, 16, 32) ToRAEAEEL, 53 k=9 Ff
AFIS . KT W x H K/ RIER, Sk

NN

I 2K scores | |4Kr-nnrr|inal95

K anchor box

n dimension

silding windo
—

conv feature map

K2 RPN R
Fig.2  Flow chart of RPN network

RPN 6 28 11 Z5 v 454> 70 Bl — > o3 2k
FrZE (/215 A object) o DL X W4 Bl s 50 B A IE
W% 1) S5 HESCHE (intersection-over-inion, IoU)
IR RYMEEEHE; 2) 5 ESNHE ToU KT 0.7 ffee ik
2. REFHARA T ST ToU KT 0.3, MU
N BbR%E, HAx ToU KT 0.3 Al ToU /NF 0.7 fYf%

WHEARZ 51%: (Chen et al. , 2017) o X F 1%
AR PR EIE LN 1 BIR:

1
L( {pi}»{ti}) = @ZLCZS(PNPL'* )+

Horbri B/t R BRI RS, p 25 LA
9 E AR D A 2R . SR I R R R AR A
Wp* M1, RZHA0. HRGERHE KBS X
TR TR R, N 2 Bk
Ly Cp,p* ) =loglpp* + (1 —p)(1 —p*)]
(2)
XF T B br I A4 K R EOE =k 3 FR:

% = — .k
ng( ti ’ti ) z ie{ x,y,uf,h}smOOth“ ( t" ti )

(3)

XTI FAERIA , o, S THER 4 4> A8 P5 ) i,

Hh s e, 00, 00,,0,} 5 0% SEESHERY 4 D ARAR
R, ARIHR N4 PR

A

= (x* - xu)/w

e = (v —x,)/w, 1% o0
Et" = (y g )/t = (e —ya)/haE
H = logCw/w ) t,* = logCw* /w,) g
U, = logCh/n) 1% = logChx /p) U
(4)

Hrr, (x,y) AR 4 FEAE 1 bt 5 A R
(x, oy ) AU B A& B & 8O s AR PE,
(x" 9" ) EREIGHFHER) PO sARR, w0, h 535
RERHE ST o 20 FUHE [ 09 H A9 2 1 T i %t
HEAN VR 30 L 51 370 S AE £ [ 0
1.2.2 IHCDM #5i7Y

M AlexNet [1] 8 JZ ¥ 2% 45 ¥ #| 22 M Faster R—
CNN IR VGG 16 [ 28458, A4
B 5 18 K 22 B0 1 I 1 45 J2 BOR A 28 e AU -
(L2 SR A 3 0 T BE RN 5 R 2 B S B 2
HALA AL, R REBONEE, SEGTRRE L,
SEOGHAMITRE R, YIZRm A, MEL .
Inception_v2 S fif e DL b [R5, 76 #4828 rh s
TZMAFENERZFMALZ, ¥ Inception_vl
5 x5 BAERESAHMA 3 x3 FERERE, )
KRFRFERRAR T S 808, Whns 17 & M 4 it
B, SN TR 2R I 2 0 R R A aE A

AR SCORE X L A% g AR S LAY, Inception _v2,
ResNet 50 ( Rezende et al. , 2017) , ResNet 101 4§
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Wz B, f &8 VGG 16 far A B 7Y B i
Inception_v2 254544, Jf%f THCDM g %, 3k

IRREL, ISR SRR S5 S A T 2
AR BIHESR N IEL 3 f s

Atk e

RPN
[aa | [3a ]| | m | :>
T T T
1x1 1x1 Pool 1x1

ConvNet i

softmax classifier

bounding-box
regressors

feature map ROI

pooling

K3 ITHCDM 2R
Fig. 3 Chart of IHCDM model

1.2.3 T85>

TR TR IR EE 2 ] U+ 3 Tz, B
&V aF R R ITE R B I — AL, 35 B
BOAHEAT R B 2R AARIREE T, 36 [ H ik BI4R
BORARSH R A 22 57 HHETRFINS, ™
ZRARUME AN S, MR E T B E (= IIRR AR,
2018) o ASCEER T 2 #7F IHCDM H5
LR ] A A T X 56 [ 1 e PR R A A s
WItR ) Rk, TN 2R b 1 F001 R 2 i 47 4L []
RO AS , DT AR sk 2D 1 455 Y31 ik 7 O 4
KT BRI kAt [a] .
1.2.4 BSH0k

P RGN BT B T A E
ISEL, )R/ RBUE T MR, U
SKHFENE, Syl iG> RN R A > SR,
B RANEIRNE - EACREOZ N R e 1 22 0 2%
TR 2 B, AN R AY SEAR B 23 77 A AN [m] 1 A
BURGIE o 7 3OS 3030 5 4 ) 728 o v6 R b 2 ) R
AU B S T THCDM K52
1.2.5 FdEssag

XA AR W 28T 5, b i S 8RR 2
BLIE T, SRR R R 4, W2l
FHR R AT U DR B0 1 5 AR 7T LA ey A
Rz AL Re I MG, B b BRI G . AR
FIH Keras ¥ BF 2% > HE 28 77 ) ImageDataGenerator
NS 5 [ I PR B AT e f S KRR
MR BB 4 FhO R SR s A R iz A

2
He /J o

1.3 XEBR®IRMNREIEIRIT

XF HO R B 2 2] U Rk 5 A% 48 SVM + HOG 53
2, SEEN S E g R B #E4T T SVM + HOG
BERE G BAR U, SR R BRI~ H
PRRBIRBOCR UL T 58 B s PN S, . B TR
IR EAR R R, IR AR b G0 O B — A 36
i s 22, DT -5 38000 2% 455 007 A fiE 0 355 -
BEXFLA B 0], S im0 2k DA JURP J7 325 %) 1) 2% A6
RURREGEAT ek 1) B —Fh R0 3 538 other;
2) PGS B L M 4 VGG E 4k Inception_
v2, Xf It ResNet 50. ResNet 101. inception +
ResNet S 45 81 71; 3) Xf IHCDM wh2g>) %, 3%
RREEF S B TR A R R XTI 4) l %
PR SR BN THCDM A T4 B4 T
1.4 EEABIRANERIFMATE

ARICGIA A3 (Recall)  HIEE P BIAF
( Mean Average Precision, mAP) i IHCDM AJ3F
Hrdatr. HoH \REHXEA, RRFEARDR
IEREARRA A Z /DB E B, R Y IE
B 5 B A FEAR T IEREAR R LU, THEANELS fis:

TP (5)
TP + FN

A1, TP ( True Positives) %FHIIEREA TR M
HIEZE, FNACRIEIEREATIN A 12 .

BEX) 25 E ik S, A HESR ( Precision) AJ LA
THAERRURE R, RIOAAEALFN () TP £50E bR DL B 52
UG —2K HAR SR - il R RG] N Al
HEFARIT mAP {8, 1A 6 FrR:

Recall =
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z Average Precision
N(Classes)
(6)

Mean Average Precision =

1.5 ZEARWIRFIEELETE

A SCH 0 A [) % BE 27 2 HE B8 rp () 485 78 152
The BeE. WE. MR 4. RIFSET I, R
H Tensorflow HEZE A SCHY FERIHESE . S0 PRI
BN #H4EZR %K Ubuntu 16. 04, CPU f Intel
Core i 58700, GPU ) RTX 2070, Python R 7K K
Python 3.6, W17k 16 G

2 #ER5HH

2.1 B#RRATTEMEREXTLE
G UNA ] HOG S35K 3¢ [ 1 6 P 5= 78

DX IR A6 B 7 1) B R BURRAE . T SVM 4328
ARUEAT R (AT B AN B AL B, 2011) o i F HOG
FRHEAS L5 8 e AN AR M D R B 1 11 R BURRAE X
BRI RPN 4% 22, B U 25 R i S 28 31031)
FLEMER mAP 2 0.90. £ IR B 2% 2 (1 ) 5 452 71
H, R 4 FORTE Y E AR R 48 2547 X5 H,
BT HE% R 600 x 1024, #EARRECH 10 000, [E14
SRR 1400 5K Ll ESCRF-H 18 h iyl
Y5, RATENRES BN mAP U1K 2 Fin. N
SRR AE K] 4 S5 AT IR F], SSD AN T/
RPN R B AR R S04 A9 THCDM. i 2K {H
(Loss) “40.140, mAP 599.5% . Wi5X&s R,
TEW{E H 0.85 F, THCDM 73 [0l % 3k 5| & &5 N
99.7% , X Lt HAB R GIBEAL, THCDM BRI mAP 43
BIHEINT 9.5% , 0.5% , 0.4% , 6.4% .

*2 BRRRANFGE MR

Table 2 Performance comparison of target recognition methods

P LAY PR(E HIl R (%) mAP (%)
Recognition model Loss value Recall value Mean average precision
iR HIFE A HOG + SVM
AR - 88.4 9.0
Traditional Recognition Model HOG + SVM
Faster R — CNN + ResNet 50 0.177 99.3 99.0
Faster R — CNN + ResNet 101 0. 145 99. 1 99.1
SSD + Mobilenet_ V1 0.241 78.0 93.1
THCDM 0. 140 99.7 99.5
» r‘-“
e
£8
" ~f

(a) SSD i—Kaill 7 i
(a) First example for SSD detection
K4 SSD RBURITRUN S [ P ks
Fig. 4  SSD model recognition test for Hyphantria Cunea

2.2 FHBREFEIFEMERENL
SR AT COCO Hiffi 414K 200 000 Y fy 46 7
VE S0 i TN A B o 7RG 2 v, K

() SSD &5 A5 I 7= 5]
('b) Second example for SSD detection

BB A A — € PO AR O, S5 A1) ] I 4
f{) Faster R — CNN + Inception [ 2545l £ 28 2% 3 #|
SHCT ) THCDM . WK S fis, A%
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PRS2 J5 i, THCDM 7E 35 AR 10 000
B4R E T T 0.40 SR M IE 8% o > J7 3k i

1.200
0.800

0.400

Loss{H Loss value

0.000 —f——

0.000  3.000k  6.000k  9.000k
EARKE (IR ) Trerations

() BUBARMAIERS)

Model without transfer learning

THCDM R (6 #43E T4, I H YOS, SRR

w, PRGBS, IR AR TR R A4 Tt

—_
%)
(=3
(=]

0.800

0.400

Loss{H Loss value

0.000 ————— - ——————————————

0.000 3.000k 6.000k 9.000k
EARUKEL (IK ) Tterations
(b) BAMTHIT R

Model with transfer learning

5 iTE2E Loss {HXTEE

Fig. 5 Comparison of Loss value in transfer learning

2.3 BSYU A EMRERT

TERRIYN G, o ) FRAG AN [R5 i I 25 o Ak
JETRENEBE, TS BOBE RN ZRCR A TR A
P AL R A S B — 2, XA R 5]
FT R 28 B JEAT PUIRT LG, I8 P34 b Y

2 AR AT R, B R R 0.85. 1
3 s, M 0.002 B, Loss fx/ME N
0.016, HIH% % 99.8, mAP fEH bR /NS
BT k%] 99. 5% o

&3 FRAFIRHHEILL

Table 3 Efficiency comparison of different learning rate

PU LAY o R PRME HIEHR (%) mAP (%)
Recognition model Learning rate Loss value Recall value Mean average precision
IHCDM 0. 001 0.03 99.5 99.4
IHCDM 0. 002 0.016 99.8 99.5
THCDM 0. 003 0. 047 99.7 99.4
IHCDM 0. 004 0.15 99.5 99.5

TERE ALY Lty AR OB e 5 e A A 1)1
HIROR . TEYIZRad B, AR YA iy 2 AR B
ZRHAT SR o EARYBG /NS A SR M
AR BGE K, w5 B UE, BoE HEE N
0.85. Gl 4 firzn, XA RECH 50 000 ¥k, i
PRABMCS, PUNBCRIB BN, A 5K 99. 8%,
mAP j5%]99. 6% .

2.4 HUIEGSETEMEREXTEL

AN 3 Keras A7 Y ImageDataGenerator 25
XF s RIS B e A T PAL B4R AR, E B A T S
APGIBAI Il 2. %F T H AR 19 26 [ H i,
JESFHE A —FE, Bda 3 om 75 A 1 8 B bl 2
W28 51 222 2] RUR PR TR Y RAAE X TR AL U]

R4 FRKERRBEI L

Table 4 Efficiency comparison of different iteration times

e 21 vfor 3 - mAP (%)
AR AL PR HIEER (%)
Mean average
Iteration Loss value  Recall value o
precision
10 000 0.10 99.1 99. 1
50 000 0.09 99.8 99.6
70 000 0. 007 99.6 99.5
100 000 0.01 99.5 99.3

B —ERRTE. LRI, K6 MR
(o RS 3 s B A, TR PP 2 S 1 IOR 0
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BRI, A D ol 50 04 56 0 0 9% I P g P A5
PRBOER IR BE B 5 HOR S i TR A2 AL

RES A KB HRE, RIS B e 1T HAR IR .

(a) MURURAE I Hcdn 1

Model without data

(‘b) AR P 5
Model with data

enhancement enhancement

(a) MURURAE I Hcd 1

Model without data

(‘b) B R AR 5
Model with data

enhancement enhancement

F6  ART SRR R I E RIS

Fig. 6  Comparison of data enhancement methods in differemt background

»

3 FSitie

ARG BE 22 2 7 ik, F B bRk il gy ik
Ml A F A 56 [ IR TR, AR B AN N 4R

(1) #7213 19 55 B A D A A
IHCDM, XfHAZ %4 0%& 5 HOG + SVM, ITHCDM
B AL 28 H bR I S R S FE 55 9. 6%, ABiF
IR 1R BE 27 2 AE 56 ] 1 A 0 vp %) B AT PR A
AR, R TN TR TAER, $#2
1 1 S P o R 258 R T S

(2) IHCDM #iRIGERE T /)N Hpw B A 32 [ ik
ozl %) A% K, kA T IR P A 3 Y B T 3R
ik ES AR SR AN T+ o XF HE ResNet 50
ResNet 101 SSD + Mobilenet_ V1 =Fh A 6] 1) &2
WML, KRS R/ 35 T 0.5, 0.4, 6.4 4
[EF=E

(3) KM 2 ) F 80 9s 3 5 2 R o i
THCDM #5141, e f5 i) THCDM A5 AL X 36 [ 1 e ks
WKS BE fE % 3k 2] 99.5% , 15 H 45 il A5 8 kXt
IHCDM AV SHGHATE . 2252 2] %8 0.002,
AR B 50 000 25 B, 461 2Kk KA MH B /DN,
IHCDM K555 99. 6% « it F B4 Hir £ 4~ H
Pkl ., THCDM #7330 [ 4. 784G 20K,
000 R A AR T, ik fS A THCDM 455 AU
EELCR T e

(4) XFHeHA B B o, A SC H X — )

PRVERT HARAZIN, 18 SO 12 2Z A R LA AG I AE A
oy Mt)E A9 THCDM B RURS T HoAth Ay 5 £ W)
A—EMSHME, W THAA FLY K Z BiR
KRl 5024 5 BB e T —28, AROFTOR
THCDM RIS SEBRAR S &, Bt T ki —akcfa
FEWIAGIN APP I R i e AT AR R B 1 K
P, X ARk A 2R 9T B A A AR S
e
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