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Abstract

In this paper,

we propose a layer structure of a pest image classifier model using CNN

(Convolutional Neural Network) and background removal image processing algorithm for improving

classification accuracy in order to build a smart monitoring system for pine wilt pest control. In this

study, we have constructed and trained a CNN classifier model by collecting image data of pine wilt

pest mediators, and experimented to verify the classification accuracy of the model and the effect of

the proposed classification algorithm. Experimental

results showed that the proposed method

successfully detected and preprocessed the region of the object accurately for all the test images,

resulting in showing classification accuracy of about 98.91%.

This study shows that the layer

structure of the proposed CNN classifier model classified the targeted pest image effectively in

various environments.

In the field test using the Smart Trap for capturing the pine wilt pest

mediators, the proposed classification algorithm is effective in the real environment, showing a

classification accuracy of 88.25%, which is improved by about 8.12% according to whether the image

cropping preprocessing is performed. Ultimately, we will proceed with procedures to apply the

techniques and verify the functionality to field tests on various sites.
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[[l. Smart Trap design and operation for
pine tree pest control and monitoring

1. Smart Trap

A 2T A el AR A o] e
Aol AR 2] ANF WS 3 ERES, AA &
AR ARkl At - &g - FATE A3 Edfo] A

A Aol 7 28 2FE9] WS o dek A
gl w9 BUHY A4S sl ddo] ES st &4l
o 57 el W AIRMH HAA WES dew v E
o x99 wj7iFe] SRS AR seldnt sjw 48] of
= Al oj® A 28] HATA Gohl7|7 oA A
o) BUEY AAZE e AR 5 asht A AR

o d ol /\Eoﬂ,] 7+l o] Lo sk AR 9dHo] 7<017<
al

9]

_ér‘.:

Aol A A A zel Aol sk 27b Al 5
;omc ofelo] girk. Slitel, Egto] ARH v}

o]
#9854 AzEe Qudoz

W 598 Soeistiahst By
bk 2L WAFES BolEol/] A3 ALH 1 AHgHIA
oA A2 e AT 2 Sl A 4 o 7H

Ny
X
N H
2|
=
oty
i,
O{H
)1‘
i =N o
o w2
=
fetl
_O‘L
x
&2
Ir
ri
ofj
il
)
B
1~H
o :io

o,
ol
rg
X
e
e
o
4
2,
s
o

re
-
2
>,
r rlr
o,
v
4? %
ol
i
2 o
ol M
X, 2
2 o



12 Journal of The Korea Society of Computer and Information

& QAFAFS 0§ 3 LR daelZol o8l wlE oI%E 4
Fom sk A4S AXNA Ak o] 2A HH AYYTF
GA7E EAEL 43 AlekA ol Aot Aste
§ A B 7B BEE s 250 18 oy
A7 o) FAR AN AR T F Q7] o
27149 WAl Ul S Bel AUTANEYY 19 B &
HHoR UG 5 ovf ol dla) Az R ulg Aol
ST e FIAE SvhE Edle) 4 Fas B4 A7
5ol thate] Wit

2. Design of Smart Trap

2.1 Structure
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Fig. 2. Smart trap for pine—wilt disease control
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IV. Pine tree pest mediator image
classification algorithm using CNN

1. Classification algorithm
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Fig. 7. Process of the classification for pest monitoring
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Foreground and background pixel separation algorithm

Algorithm SubtractBackground(fgimg, bgimg, threshold)

Input
fgimg : foreground image which has RGB channel values
bgimg : background image which has RGB channel values

threshold : threshold value for binarization
Output

Binarized image by background subtraction
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newimg : array of pixels to store binarized info

sub : a pixel info to use temporary
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if Max(sub.r, sub.g, sub.b) > threshold then
newimgli] = 1

else
newimgli] = 0

return newimg
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3 H2ol] H2 @A AeS Efste] 2= R-CNN
(Region-based Convolutional Neural Networks) A2 | #]
3 7S o] dlelHE 7vko® o 77 ShFo] daska
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Table 2. Algorithm to find the region of an object from a binary
image

Algorithm FindBiggestBlob(img)

Input Binary image

Output Rectangle area of biggest object

Variables

blob : array of pixels

blobs : array of blobs

visited . array of pixels

x1, y1, x2, y2 . rectangle info of blob,
x71 and y7 are initialized to O,
x2 and y2 are initialized to 9999

for each pixel in image
visited.Add(pixel)
if pixel is foreground and not in visited
blob <— FindKNearestNeighbor(pixel, k = 4)
visited.Add(blob)
blobs.Add(blob)
for each _blob in blobs
if blob.Count < _blob.Count
blob <~ _blob
for each pixel in blob
if x1 > blob.x
x1 <— blob.x
if y7 > blob.y
y1 <- blob.y
if x2 < blob.x
x2 <— blob.x
if y2 < blob.y
y2 <— blob.y

return Rectangle(x7, y7, x2, y2)

E 2 A dos TS olXGAE gEto} ojwA] A
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3. Pest insects image classification using
Convolutional Neural Network

3.1 CNN training and classification algorithm
AT E Sl aPshe AFALS wEe o
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3 BR7] BERE CNNE ARS8ISIth CNNS ¢
of &A= ABMES] w7 F2E EHele] v

73 Artificial Neural Network, ANN)E 7

o
N

0> £ oop Ju .

oy

Rore AL
zo, OF L2

= K(Zw,g, (z)+0) 4)

T 2 WE dukbel g5 AFE HMEEWMulti Layer

Perceptron, MLP)|A A&l HAEE slte] 25 43t
Ao mdud Aolth o]d mEgRE HEuke gk g.(x)
o 7FsA w;
P35t

ol#]3l HAE
dlolB| & &3l Z47to] 7159} ks ghsekomm U

(1

o= 78‘/\}3}7J%(Grad1ent Descent)*a B2 A
aoke HJ?’QP—EH g5 o ] 1
y

< 4=

A Aol

—g—a-
0=0—a——J0) (5)

J

T 24 )= 7:‘/\}’3} dH daEFE Holal vtk 0+ HA

g ghepr|E o] 3k J(0)Z w23 gholl learning rate
2l % =t ”}3«] tﬂﬂa Fol gk gty ghs FAg
o kA oz s ERAA 543 error FEE VIS
™ ofe] He] B AA mteprE 7t 8 whet error gt
o] AA HAiste = AHE IS F Ak Akl W]

AHH = (Chain rule)S AL43] Hd9 dagFoz HulEs)
W Z4Zbe] wro gk Ao Hal s gk sy
4L e 4= ok

Wi = wl— a6tV ®6)
B A )



Pest Control System using Deep Learning Image Classification Method 17

54 63 (e oF A
sepleE wge) 98 fE %40

T Al o2 ke

rlo

to

i

s

rO

S o
:

stepele] W, o} 3t seple) b & 242k Mg gro el
g}, e el QIFAATRL ofm]x] B Folol A
AHga7)el ofm) Ao ok 2] o34,

R84 -1 H
] 7H 3k A9 A, EHA A4S St
717} ol HESIE Bl
Al wol Aol ﬂﬂ] Zyeket B 3
Over—fitting®] WAE-0] FolA W F&4 <l
ol FAIES a7 sl aeke Wi o] HEARI WA
2] 7oA AR oA gt HH | JidS
7|4 dEe 53] Ad(kernel)olz} %E]—or“i Zﬂ%-er
H &3 ojm Ao RE
Ao gk o Fut 1 *—TXJO

A
A5
=z

P g she) 14 2
A=
hl
1
v
o]

H

3
rg
(]

(convolution) A4k
oFoli} AHo] &AEH=A
2 & AEINE AYE &

2 T2 Ade] o4

j& Jm
=

A AT gom 24 ol
FE3he 9L Fekh mebd ofrlA dolee] Yul
TASAA H9lo] LG B L LR A

b7t 48 AaREE ojulA BF
% % BhH0E @ 4 Uk

- o

3.2 CNN mode! structure
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Table 3. CNN Learning and Classifier Model Structure

Layer Parameter

1. Input Shape: NX256X256X3

Weight: 5X5X3X64

2. Convolution Stride: 1x2x2x1

3. RelLU

Kernal: 1X3X3X1

4. Max-Pooling Stride: 1x2x2x1

5. Convolution Weight: 5X5X64X128

6. RelLU

Kernal: 1X2x2X1

7. Max-Pooling Stride: 1x2x2x1

8. Convolution Weight: 3X3X128X256

9. RelLU

Kernal: 1Xx2x2X1

10. Max-Pooling Stride: 1x2x2x1

11. Fully Connected Neurons: 16384X1024

12. Fully Connected Neurons: 1024x1024

13. Dropout Rate: 0.5

14. Fully Connected Neurons: 1024 X2

15. SoftmaxWithLoss Cost Function: Cross—Entropy
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3.3 CNN classifier training and test
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Fig. 10. Classification accuracy change according
to change of learning frequency
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V. Experiments and Results

1. Experimental data collection
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Table 4. Acquired experimental data—set

Number of positive data
(training / testing)
Dataset
Number of negative data
(training / testing)
- _ 900 (800 / 100)
A 7l E / HlZ2S
1000 (900 / 100)
- _ 800 (720 / 80)
B of7i = / vlofIH S
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Fig. 11. Experimental image data
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2. Classification results
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Table 5. Classification accuracy evaluation according to
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various experiment groups
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No. Dataset # of data Accuracy(%)
1 A 900 / 1000 88.45
2 B 800 / 800 87.32
A, B 1700 / 1800 89.26
A Positive
4 900 / 800 89.83
B Negative
A Negative
5] 800 / 1000 90.95
B Positive
6 C 102 / 159 90.12
7 A, B, C 1802 / 1959 88.93
Average 89.26
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3. Preprocessing results
3.1 Background subtraction results
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Fig. 12. Result of background removal ((a),(d):
Foreground image, (b),(e): Background image, (c),(f):
Separated binary image)

3.2 Noise filtering results
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Fig. 13. Results of noise removal through morphological
transformation ((a),(b): Result of two consecutive dilations,
(c)(d): Result of two consecutive erosions, (e)(f): Result of two
consecutive erosions, (g)(h): Result of two consecutive dilations

3.3 Background subtraction results
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(a) (b) (c)
Fig. 14. Result of subject area extraction algorithm ((a)
Noise removal image, (b) Rectangle area information
extraction, (c) Cropped original image)
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4. Classification results after object image cropping
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Table 6. Classification accuracy evaluation after cropping
the subject area

No. Dataset # of data Accuracy(%)
8 A’ 900 / 1000 100.0
9 B’ 800 / 800 97.5
10 A, B 1700 / 1800 98.0
A’ Positive
11 900 / 800 98.88
B’ Negative
A’ Negative
12 800 / 1000 100.0
B’ Positive
13 C’ 102 / 159 100.0
14 A, B, C 1802 / 1959 98.0
Average 98.91
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5. Classification results using field data
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Table 7. Comparison of classification accuracy before and
after cropping the subject area

No. # of data Preprocessing Accuracy(%)
1 Positive:104 | /o Cropping 80.13
Negative:50

2 Testing:77 w/ Cropping 88.25

¥ 78 845 CNN #57]9] Cropping ¥4 A8 o]
we} Qe gk 9o sl] HlAES Adsn BR JHnE
¥2 ko] Yepd Zlelth CNN 2771 & 79 139 29
14 Croppinge 3}4] 252 olu]|#]e] disl] 80. 13%94 4=
2 AYgS Lokl 2W AdellME Cropping ¢ald]Fs
T °1U17<]°ﬂ 88. 25%«1 éﬁE%— BT o= Xd g A

(f)

Fig. 15. Results of pre—processed images taken in field test
((a) Pine wilt insect image, (b) Background image of (a), (c)
Cropped image from (a), (d) General insect image, (e)
Background image of (d), (f) Cropped image from (d))
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Table 8. Comparison of classification accuracy among the
proposed method, k<~NN and SVM.

Methods Accuracy(%)
k=NN 81.58
SVM 83.65

Proposed 89.35
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