F35% H 191
20194F 10 H

Vol. 35 No.19
Oct. 2019

Rlk TR A 4

Transactions of the Chinese Society of Agricultural Engineering

ETZEEFEMUINREERHZEMENEYE RiRH

KR, R g
(L3P 2 AR 0 07 5 AL LT 5505, T B 475004 2. TR Q2% MU B 2% 1 I RHBFAL 4 T 475004)

B OE TR P AR 2 FEE RN RURE 22 B P S5O TR S AR AT 1 ) e, 122 SO 72 ) < 7 B it Ak
LB YOLOV3 IR A B A M 5 A 45 R Y T — T 25 1) <5 7 B T A0 P R PR A U 28 o 2 A A ) T 1R
TRV EEVE , 1 SE 0 R L1 7 S AT R0 5 A7, SR J5 A 0 5 A7 e 1 3t B AT M Ul . i gt YO-
LOV3 [ 2 451, SR _ERAE 5 B B AEAR 25 5 1 75 S R A R A 500 RE A A7 2 b s Wl 380 18] o Ak B 52 /)
AR 3 SRR 5 T 0k R AR 1 1 5L B dgy 50 20 28 b AT PRI GK , IR RS 2 3 (8 Pl ik 51 88.07% . 156 45
FEWT, AR SR H R TR0 S92 B A A8 kb o A 4 3 R AT RS DR R S R

KRR BARA Sk B R £ R A AR ZE M % 2 8 & F b BEAR

doi: 10.11975/j.issn.1002-6819.2019.19.025
HE S ES:TP391.4 MHERFRERS: A X E &S :1002-6819(2019)-19-0209-07

KiE, K E IR BREE . BT T EeFEMLIREESRMEMNEMEDE RIRAI[J]. R TEFR,2019,35(19)
209—215. doi:10.11975/.issn.1002-6819.2018.19.025 http://www.tcsae.org

Zhang Bo,Zhang Miaohui, Chen Yunzhong. Crop pest identification based on spatial pyramid pooling and deep convo-

lution neural network[J]. Transactions of the Chinese Society of Agricultural Engineering (Transactions of the CSAE),

209

2019, 35(19): 209—215.(in Chinese with English abstract)

www.tcsae.org

0 3l

AN — AN [ S22 5 e I B i, W A 7 2 %
AP ERA . WA 2200 2 R0, o, i
BN N RN o AR HR U I
AR P 57 78 o T KR S KRN 22 A5 50T R AR AR
DRI, A 4 5 S0 U3 2 R 2 BT 9 e L A R 2K
Pl ARG M) T HLo) 2RV R SO i W
(¥ &b BRI 5 5 20 (1 i 1 1] S0 7 U P SR AT )
IR T I A I H R BT L b . TR
T RN B KCE AN R U R BRI

AR A B T SN SR S UM R e
ARAEDE R 73 P AR R T T Z . B4
(7 BCPUR AR K 2 21 B SCHE TR SRR AL, i
M7 (151 » 2 2 A3 7 HUR) et 5 4% - i, At o 7
AT 73R, K RTIRAEA B A N TG

oIt

W H #7:2019-04-26 BT H #:2019-08-15

FEETH H R [ RREIE S (61802111) 5 ] Fi 48 7 41 T 20T % )
WA (2017GGIS019) 5 Vil 7 44 Z0 & J77 B 2% £ R WF 50 3 5 5 H
(19A520002) 5 ' [ 1+ J5 112642 (2015M582182) 5 i g 4 11 J5
#:4>(001703007)

YEZ A0k {8, BT TUTT 0] IR 27 20 1 E AR I 55 803
P I 43 %), 47 U3 . Email: zhangbo208@163.com

ST AE VR TR T, BB, BT 5 )k BB A B N
FETUREE 2 S H K 5 U3 . Email: zhmh@henu.edu.cn

doi: 10.11975/j.1ssn.1002-6819.2019.19.025  http://

TR AEBEAT VRO, £ — e FE RSB T R Be Ak B4
SRl ] b R 5 2 B H AU B R TP S fEBE
IRBE 27 ) 5 PP e o 24 1) R e, k3 1 ) RO BIE 9T 2 ) LA
T AR AL 0 A% 0 PR 2 5 ST RE R, A HE A A< A& R 1
RS T WEE AR T IR R o I T IE R FE A
PRI AN A ™R B SR MO T N T RS T R AR AT
WEHURN 70 &, 70 JERG 32 18 TR K. O Tk — 2D %t
J2 HUHEAT B ORS00 AR 23 2%, FE T B ARSI 1)
IR P SRR e LA 1k 5 % . Ll Fast R-CNN
(fast regions with CNN) Al SSD (single shot multiBox de-
tector) £ H 73 A Y ] 4 9], AR 4 A B 4 Y
B PVREAE 1) £, 23 ) 38k T 02 R 1 [R]E 45 2 R
i 328 D3 3 SRR 2R LA S s A b o ISR T A Ak
Tt T MR A ) ) AR 2, OF HLRERE 0 L H bRk
AP, i T E R H AR AR ZE R AOR R R
e J2 B A B 48 I 2t 4 BB B A RORFAE A B BLD 1 £
RN 5 SR AZ AL RE T 2%

B 75 o 2 I 2% FR) A R 5 R T VR A LR 2 T 2% 1) 7
RN EA R T N A5 K P B R B, qH
XA R B o SR ), A% e AR B Loy 2R
VRS UOGE T BB T 2SR SO A R LR AL,
ok ¥ 2 2 W 4% B S FF ) & AL (support vector ma-
chine, SVMD A5 73 KGR HEAT 70 2K . IXUUHLRR 2 F R %
DL FETERI R Z SE AL, 38 52 31 RUEE 22 REVE R 520, ik
RN ROREAALE I o B SRR D AL S



210 ANk TFE2EHR (http://www.tcsae.org)

2019 4F

1 R G5 R A DA€ BUREAS () IS 2 7 A« A8 SCHE T ResNet
()% 2 190 o SEVARL , A FH B R 2 R it Y &8¢, a0k FoRAE S
B ARERAE M 456 10 J7 1, 7E YOLOV3(you only look once
version 3)2 W 28 HN N e A FR gl A4, FH TR H AR TR A5 /N
(15 B HARIE 2l — P A R e B A 5 Sk 5 1)
YOLOV3 A& G, 1 I 2 A Y BB 1 Y. 22 RS [PAE AN
NI /N AR IR 2 S A KON 73 SR R 38 PR 5% T
1 #MRl57R%
1.1 FHERERIIRE

R T RAE 1 B2 A S B B 5 v U0 S O AR 2R
AL G B 1) SR AR AR FE0] B 48 G 4 v 2 AR e A
5 Hb 5 IDXC-1 Y8 BE HU R A o 3K el A %
B P () B AR 35 41l 210 1) B T A 2 B o AR
FH R L, AT DR A 2 1 O R T R ok
— B IS A) P A WS A S ) AT e M K, DU R
T F0US7 5 it o T ) Fe A Sk A 1R) B 10 min R4 19K 55
KI5, il 4G W 2815 5465 2 J5 6 RSG5 A% » el 31 B0 8K
[ N s A

BT AN [F] i 8 1R 55 o3 A AT 0 v, AR O
AR BG4 D AR 1H 2015 4F 5 H 11 H 2 %2 2016 4F 9 ]
30 [, 23 I B AT, 2 AR P AR F Ll AR R ) b A
AR I RAL B F e A K 976 5K, Bk B 7 14 HE R
25921 944, F didb 12428, 1 s L XA
oo & ¥R Labellmg 248 B2 bRyt AR, JLoHFRid 3 U A
25425/ HRECRE AR 1 IR, R 18 R
AT ) 55 T AR R A EC BV L 5 3 8 O R A &
TEAZIE P ) R e 5, 55 2 21 A i AL 2 1 SR AR
BT AR E PR AR A B o, IR S g
5 oy P v g 2 U] B G B, R AR AR
AR 15459 5 MR E BRI

e v 31y ‘ " rads

AT
LN

B 1 FRAHFRATH
Fig.1 Examples of pest samples
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Table 1 Quantity distribution of pests
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Table 2 Sample distribution of 20 species of pests
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Table 4 Test accuracy of 20 species pest

. ; PR HREVE PR 2% iti 0
%Eﬂ@%% = P2 44 BK Species name )”l“lre?;ijfn%g’S {)Jiﬁj: HOG+ . ﬁi:itl::cogmuon;%es o YOLOV3-
Pest species No.
sample sample SVM R-CNN LOV3 SPP
16 “ALUE Tryporyza. incertulas 1670 861 80.37 89.36 90.62 95.1
32 It S48 4 8. Holotrichia parallela 905 466 78.26 87.15 96.28 97.22
40 HA LR TN 4 f Anomala. corpulenta motschulsky 690 356 70.35 86.29 93.74 95.48
8 H 3k Plutella maculipennis 608 313 73.68 75.72 84.7 89.12
24 a4 4 Cnaphalocrocis medinalis 570 293 67.38 84.32 90.19 92.94
39 AL Chilo suppressalis 537 277 65.13 79.48 82.44 84.6
11 FI SRRk Beet armyworm 336 173 71.29 84.15 86.99 88.37
48 Je T\ Predaci diving beetle 272 140 68.55 82.04 85.18 89.74
43 T KUE Pyrausta nubilalis 221 114 64.79 77.15 78.21 85.44
54 ¥344 t Helicoverpa armigera 206 106 79.68 74.36 88.32 89.81
6 k7K UE Nymphula interruptalis 152 79 72.43 78.69 84.55 85.98
15 i 1% Agrotis ypsilon 143 73 67.32 77.27 78.98 84.48
37 Wik Gryllotalpa spps 116 60 68.96 69.29 77.95 82.74
52 /NFE K% Aelia sibirica reuter 108 56 74.18 76.61 89.9 91.98
28 SR BF RS Proteuclasta stotzneri 104 54 69.23 73.47 87.31 89.97
69 NI Athetis lepigone 77 39 63.82 72.37 81.62 82.92
5 S Hellula undalis Fabricius 59 30 60.15 78.48 82.02 82.41
63 WG TR Palpita annulata 55 29 61.23 74.31 75 80.86
51 BB W Craniophora inquieta draudt 40 20 57.68 73.17 86.25 86.08
50 K H Mythimna separata 36 18 54.62 74.92 85.19 86.33
V34 Average 68.46 78.43 85.27 88.07
U338 £ Recognition speed/(i*s™) 21 6 32 26
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Fig.4 Identification results of pest species by different methods
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Crop pest identification based on spatial pyramid pooling and
deep convolution neural network

Zhang Bo', Zhang Miaohui"**, Chen Yunzhong'
(1. Henan Key Laboratory of Big Data Analysis and Processing, Kaifeng 475000, China;
2. Postdoctoral Research Station of Geography, Kaifeng 475000, China)

Abstract: Traditional methods for classifying crop pests are based on the appearance of the pests such as their color, morphology
and texture using algorithms s back propagation neural network and support vector machine. These methods are sensitive to the
environments where the pests appear. Also, the imbalance between training sample numbers, difference in scales at which the
training samples are taken, along with that the pests might seasonally change their color and shape, make it difficult for these algo-
rithms to detect and recognize the pests. In order to improve the accuracy of detecting crop pests appearing in diverse environ-
ments, this paper proposed a deep convolutional neural network method by combining the spatial pyramid pooling with the im-
proved YOLOvV3 deep convolutional neural network algorithm. The proposed method first located the pests on a test image and
then identified the species they belongs to. Using the improved network structure in YOLOV3, the proposed method used up-sam-
ple and convolution operations to calculate the de-convolution. Bilinear interpolation was used to enhance the output of the net-
work, and the depth characteristics of the pests were extracted by the depth residual neural network. As a result, the improved net-
work can effectively detect and recognize small pests in the images. By fusing with the spatial pyramid pooling, the Yolov3-SPP
network can map the extracted eigenvectors to different spatial dimensions. The network can be used at various scales to detect
pests of different sizes. Results from identifying and testing 20 types of pests collected by traps showed that the average accuracy
of the proposed method was 88.07%, with a detection speed of 26 frames/s. Compared with the typical YOLOv3 algorithm, the
proposed methods improved accuracy by 2.8 percentage points. We also reconstructed the maps of the network at each stage and
compared them with the typical YOLOV3 algorithm in attempts to demonstrate that the features extracted by the proposed method
was more recognizable. The results revealed that the typical YOLOv3 algorithm could miss the targeted objects, while the pro-
posed method is not only able to detect pests of different sizes, it also has high recognition accuracy. Using the same dataset, we
compared the proposed method with other detection algorithms such as HOG+SVM, Faster R-CNN, YOLOv3. The comparison
showed that the proposed method was 19.61 percentage points higher than that of HOG + SVM, and 9.64 percentage points high-
er than that of Faster R-CNN, Faster R-CNN was unable to extract small pests, and its recognition accuracy was only 78.43%.

Keywords: image recognition; algorithms; pest classification; deep convolutional neural network; space pyramid pooling; decon-

volution



