Rt FAFThRERERAFPBIT L RE &
AL =

Department of Biomechatronics Engineering

College of Bioresources and Agriculture
National Taiwan University

Master Thesis

N B | B el % 45 5 TE 1L g AF = 33 # 5
BEMRAT AR R B ERT P ARV FHEL

By

Optimization and Development of an
Online Self-Learning Framework

for Greenhouse Insect Pest Classification System

IR R

Ching-Kuang Chen

TES S SRS SN A
Advisor: Ta-Te Lin, Ph.D.

PERE 112 & 07 °
July 2023

doi:10.6342/NTU202303657



>+ 2
O

FALFLA £ B BB R Beh LA B L AR KA

B AEPFE  FAAT S R A LA RN LS G BHIEA R

e
&~
B
N

o

3

F_L
by
|

=X meeting ® X4 in o RHEAANT T #A E&:}P BLA R 2h o L e

9

W
¥
=

P A AT R GRS AALHY 0 R B

BHETRERMA LI F | S EfrE G KRR R T OFALT T RE
Ao B i - AR AL SRR ##*‘i*ﬁppxhrmhéﬂﬁﬁﬁ

FiEE vl B LFEEPIGE > FFIR R S R

EHT A EOPY 1 FE RS RG C EEL G RPN
SRS IERS FYb %W&ﬁ%%%i’ii—iméﬁﬁ%ﬁﬁy’ﬁ%
FETRAFEEEF 0 FFIRT % o 4 #H BBLAB 405 3 & - Longmen ~ 4
s b E BT S RF RS ﬁ A RI FEA - AR AR AR keh

’

I

._,_

B b4 A o

BRHAGDRA AT PP iy AN FRELFAREFHEALADT 0 L B
EHGE] PR € 0 P HRE S

oo WA P S R Lo R A
RERDRABRNE N RiEEE N £
$30PRAR o WP ‘é%%ﬁ#%§$+?éﬁ%&ﬂ?sﬂ%%ﬁﬁﬁﬁo
B {5 P %o G

e

Ao AR R TR ERE S B ALtesd £ o

P RS PR A R R AT B R AR AR

B HHA T AR R EF M TR 2 2L E AR Bk
—T‘L’"ﬂh’ff' Y %E «g 3\ i _;7!_: E\L

B b Slfle s REPALL 5T R R AR R T B R A %)

oA EAGEEY S L eehR o d KPR g -

IR L 0 S RS AL R A A TR R

pufy

doi:10.6342/NTU202303657



&

BIERALDE > AT MR LHLE L2 APR S P2L - s PAT R
%Wi%’%@éi’%%%iﬁﬁéﬁﬁﬁﬁﬁ%oﬂ&’jﬁﬁﬂﬁ%ﬁ%
TE o FRELT G Eap . FEEEITR R
ﬁﬁ%ﬁﬁﬁﬁﬁgﬁﬁ’ﬁiiﬁﬁﬁﬂﬁﬁ°ipiiiﬁéﬂﬁﬂ—iﬁ
e B e o g B Al A F Tk S (intelligent integrated pest and disease
management, 'PDM) » @& * ip 8 4p A4 0 » T FA B Y FE 2 A0
o AT P L 1Y PPDM i Si® A * end B yEai) o @ 4R B Brren
BT F o A SRGAN ¥2 s i3] » #3054 2 A Wik B
PE o BT Hent PR ARERCA Y R T I > MR B AR o
B T EAE A FRE DS R ZEATORCI 0 AR O RAe P
o SE R R ORA A B RS 8 2.7% ~ 2.3%E 4.4%0 Fi-score © gt b 0 A
ﬁ&—ié%ﬂﬁiﬁi??#ﬁ’ﬂ%HDM}@&%mmﬁﬁ,%ﬁﬁ&q
TAFGIRARE AU ARG AFIC R G R IR F LR
%?%%%ﬁWﬁﬁﬂ%%ﬁ*i44&%ﬁoi£é@ﬁ$%ﬂﬁ§%’ﬁﬁ

=

BAOR SR MITE R AR T HE I B B AT RN 1E B A
2 R e cdn i 0 P B4R A B oA DA o RIS R AT
Gz ETHEE A R AR AR T 0 RS RS F RS G 2.6%
£ S.8%:vk o o {5 A 417 MQTT » ZMQ & TCP % %5 @ Bk » L f 2 o
¥R RIEIIPPDM F A o 5T T B TAE TR B 8 A
A gt v iE 2. 7% 2 oo *2% HRRE s Ay A & R
Arducam 64MP % 3% & } 1 Raspberry pi camera v2 p % H-'e > & % 8 5% 2 2 DPI
R B L dnfcend ARG RIEB R BT 0 @Y ATA S D LN TR
B r R ARt 0 93 44%60 Frscore 2 -

MaEsr B AT FEFR RGN P ARY T AR

ii

doi:10.6342/NTU202303657



Abstract

During crop growth, pests are considered one of the biggest threats to agricultural
production. They damage crop growth, reduce yields, and cause significant economic
losses to the agricultural industry. Therefore, effective management of pest occurrence is
crucial for agricultural practitioners. To achieve effective management goals, accurate
and real-time data on pest species and quantities are needed to formulate appropriate
management strategies. Our research laboratory has previously developed an Intelligent
Integrated Pest and Disease Management (I’PDM) system, which utilizes cameras to
capture images of sticky traps and employs deep learning to identify pest species and
quantities. The objective of this study is to optimize the pest recognition model used in
the I’PDM system to provide more accurate pest information. We employ the SRGAN
image enhancement model to enhance the visual features of pest images. Additionally,
we incorporate the size of pests into the classification model to provide additional
information for improved recognition accuracy. Three new model architectures are
proposed using image enhancement, size features, and a combination of both, which
achieve Fi-score improvements of approximately 2.7%, 2.3%, and 4.4%, respectively,
compared to the original architecture. Furthermore, we propose an automated online self-
learning framework that leverages the data flow of the I’PDM system to continuously
collect more pest images for augmented training sets and optimize the base model through
retraining with new images. This approach solves the challenges of traditional data
collection and the significant manpower and time required for model training. By utilizing
a sample cleaning algorithm with a Gaussian Mixture Model, the newly collected samples
are filtered to ensure their correctness and feature similarity with correct samples. This
automated process of sample collection and model retraining is achieved. With three
years of data and four different base models, the final models show effective
improvements ranging from approximately 2.6% to 5.8%. The online self-learning
framework is deployed in the ’PDM system using network transmission protocols such
as MQTT, ZMQ, and TCP. Through a five-month data test, it shows a 2.7% performance
improvement compared to the base models. In addition to software optimization, we also
upgraded the hardware by replacing the original Raspberry Pi Camera V2 module with
the Arducam 64MP camera module, resulting in images with approximately twice the

DPI. This upgrade captures finer pest features. The test results indicate a 4.4%
iii
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improvement of the Fi-score when using the model trained with the new camera

compared to the model trained with the original camera.

Keywords: integrated pest management, image enhancement, hand-crafted features,

online learning, insect pest classification
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S O

~_
’
&
1
Ny

H < _RGB 2 B2 YCOCr 2 » &4 Gz I AR EL R - 5% > )
* Aok A ]2 (watershed segmentation) -t 8245 1% 32 (region of interest, ROI) &2
E3as L Rr maki e e hB o R SRR ETY 096
FEFEE o Wen (2012)% 4 i 7 5 B kA 22 % 0 BBk 5 4 2 (hue)
4 {c & (saturation)fr HSV 3 F o ik iR F1E¢ A 2 L HBP % 1 Ut B iR
HUgrd 29 had K o SEHB st s HSVES 2/ > A5 L B 7 1% 1

4
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B

Pl A R R R T R e A SET R

LI
%

N
e

- i Ear P E 5] 0.86 s sF RS

)

2IZBEE Y BT TR ArEE

R oo B AR R URIE 2 A fRAAT SRR AR S B U > FIRL T E R
BEEVHITDF R AR PRI - LR P om Il 2R
BT SRRV AL ROTER Y BRPPGIE S o B EFY

W B FEE TR B R i e iR AE o

Liu (2016)% * # * MSER (maximally stable extremal regions)™ ;* jgf-% § *
g% 5 @ % 2 5 R E > B (histogram of oriented gradient, HOG)# P~ ] i 33 i
T2t e £ % (support vector machine, SVM) s ed @ » #7373 0.86 5%
W o Espinoza % 4 (2016)P] i * 5 B enppd $Fidad = FRficd] o L5 4E8 K
¥ %O RGB & & W] > 3 #E 5 < 30 10000 chifk BhAR 5 & F o R F 0 2B
ffod RGB ps 53] Lab % B (Bl s 2] - £ % RGB 4k & HSV 7 [ i& 7 8 % %
TP i AR 5 R (feedforward neural network):ig 7 4 5 0 H §%
BERE S NEREF L 09640092 Li & 4 (2017) 8@ * 54 52 2 B
@mﬁﬁ**ﬁiﬁ#wm@%mm#*%w’f AL T o K-BiTiE

2 (k nearest neighbors)erp & ¥ = & o SRR 0 3% 7 2 ¥ 11 1 750 58 50 fEky
WernBic 3 B r 2 ] 98% M o Lu & £ (2020)7 * GrabCut 82 ths 3] i% # B~
RN AL LN N I LR A %ﬁd B ERKRPIE LSS LT
(principal component analysis, PCA)& % & ) ~ B e T L F e £ 5 #1573
PIRIE P AL G R PR R s R “fz{'»s’&ﬁ— gy
3l > Yao ¥ A Q01 I & 5 B A SRR NS 2 0 e P ERE e
PR AR ALY ¢ TRIEE B RHS F b AT G H B A
BE-PoHRICRFERDAE ERLFEL = BREKOREGE > sl

&

FEy v iE 0850
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LT gt g o PRI UL R Y e S Y R
%M#ﬁ%o%a’@ﬁ%@aciéiﬁﬁﬁﬁﬁﬁﬁﬁﬁ’%*if Bei /s
KRR Bldc SR A NN AL B AP R R B Bk AR I o
ﬂ&’ﬁamé%w%’%£§ﬁ+wﬁﬁﬁaﬁﬁﬁg%@wﬁy%ﬁsﬁﬁ
chif Fg 4 fore 5 o

Q12 FREY B 3T R By

FREY A AT E R EY 2 EA L - YR A1 E o pEHT B
BWEEY S FRAEYHEANORER LT PT U BE iy FY Silcaid T
MAREIBRFPFAERPE R EFIFRAEV AN L ES RES AR - 2
MR AL o b RRE Y A 0k S B R R SR R T R B oa i
A S RRAEY - P PR BRI NP EARL ZArY o BlosE
o~ RfeR g 22 @ (LeCunetal., 2015) - j£.1998 & LeNet (LeCun et al., 1998)
AMPFNLR S FFHP - RSO EHA SRR DR E R TR N5
BP0 Glde o AlexNet & 2012 483 > # ~ B FR > % RelU 175

o

& d0#ic > @ % Dropout i (TiHE & 474 0 & ImageNet FAL & + P8 Rt eana %
(Krizhevsky et al., 2017) - VGGNet & * | cnd % > @ * 3 BEFHF L 0P
i B & { F iR (Simonyan and Zisserman, 2014) ° InceptionNet R &_zk **
Inception H¥.cNEFH GRE > vRR* F IR RDERPAS LT R
B HCA PR o & o gt 0 o 3230 % 454 $2 % Batch Normalization & {7 4¢ i {r
8 # & (Ioffe and Szegedy, 2015) - ResNet 4% 11 7% £ Sfic > * 2R R A &
R R A o R CRIF R AL R @R R £ 2R T £ (He et al,
NM%L@M@W:ﬂi&ﬁ%ﬁ#@%&’?%ﬁ%Q%@&%J§F§§§?
BAlenR 3 o H PRI R FRAVAPREIHT U A BFOUER S EKEIEE
(Howard et al., 2017) - EfficientNet ¥ 114345 % I et 8 FiRfod B & fp 60 &
PRDER ~ RS FEF 0 0 B L 4F 0T FEECE] o R ot B 2 A (Tan and
Le, 2019) -
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ERFETARR GG FREV HIE SRR LR > PER IR o b
4o > Tetila % 4 (2020)7 * 5 R FHE - M+ 8T AHCA 50 RS % 2
PARE BB e BE Y 2 FAEY iR L B4 biE
B 4] ¢ ResNet-50 e rg i 7| 0.93 o 5 ik (T4 3 J 988 chip g o
Thenmozhi % 4 (2019)#% &1 - B B »xcF R B 4 S L 80A) - 2B E5]
FRESH . PR ETRAEEPoR A I FE Y 0 R fip i oI R
FAE TR > VLR E R FREFEAP RN A B
PR By b PR s S B T I REE] o R R
AEEEIRC  RRE Y WAL R NP 2 R > Partel £ 4 (2019)7 * YOLOvI
(you only look once)¥? YOLOV3 #-3iE = — R * ¢ (PR ® T v 44 A i eh i
Lo Wang & £ (2020):F = = 24 48 ~ 25378 5k v B % B chdicdy & Pest24 > BIE7 F
e 2 pIHEA) 0 2 ¢ YOLOvV3 A RCNN - faster RCNN ~ Cascade R-CNN ¥ SSD
2. ¢ B B R IR

SRBEA ARG R EE  SAN ERBRLF TR ORI
TREHEFABOERFEAL RERG R R Ra o BRI F Y 0 ET
PIA)E e e SRR E 0 @ B R L R AT Rk B YRR e F
Ja= & (Pan and Yang, 2010) o &4 > Alves & % (2020)i¢ * ImageNet sfic 3] & €
PB A NP > T Pt Rdeen ResNet-34 #1073] » #-H S - B H# 5 7 Bt
B s be PR 0 SRR AR NG F A RS ISAN AP fFiE
H 0.98 11 Fi-score 48 #1 3+ AlexNet ~ RseNet-34 - ResNet-50 7 ¥ { 4 % o

ERE Y IR R P8 Y R R EE Y 0 R
z}c_m;f}‘/{%:F Ak g i® ’Fk;“] WA F mﬂgﬁ» gLk «#}§1§ WA m'&“‘ N 47-)"' ﬁ‘f‘-"
FEAFEHITE- HRF I PP ol & FFAEE Y BN 5 L

(RS RO IR FRFEEEDLEFER -
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2.2 B %

Bl e B - AP 0 2P R B HRF A R BRI il iAo b
dofr B EREP WA EE > A /ﬂ R AR R T R BRI
¥ (Mohapatra et al., 2014) c #Xm » AEF R T HRBE P > X p#Ea 2 % B
BREAETES SV RS gRA SRR AL PR T R

(734 10t MBS T A A R

221 FREY BT WG R

BRAH AR LFRRE Y HOFE R R SRR o

yﬁ%i%%éﬁ%%ﬁﬁ’iip SR R E AR B o 2

@t # ARFL S AZfE47 & (super-resolution) B o 2fE 4 & Bt € 4 i1
fE247 B B % 347 B e 18 e (paired-images)iE (TE ¥ @ Ao ITE K > 3F S
¥ H RPN 55 e 2 MR AR AT ehE % o

Dong % % (2015) #%& &1 SRCNN (super-resolution CNN):iz i 78 ** & 4 S5 e B
AT IR R B 0 AR P A T BB A R RS DR o i RS EL
fpbte EAnH I PP AL EFRGEZE ) ik B ET RS R
Mo AT FOEIIEFROH R ST LT § ook LR R o LT
SRCNN - Dong % * * (2016)# 1 FSRCNN (fast-SRCNN) - FSRCNN % ¢ 32
FHCRED ~ R s Pt S PSRBT F B f K > 4pR>T SRCNN > FSRCNN 7 3 & &4
B R R R AR (T R T % KB Pent ) o B R
ki PR RBELER 2t BEE F FEOECRRG 0 T TR

TR

Shi & % (2016)#& ! ESPCNN (efficient sub-pixel CNN) > 3% #-3] #& * & B ¥ 4%
%?—ﬁ?%%éfﬁlaﬁﬂfﬁ&@%’fﬁﬁP%ﬁuﬁ*éfﬁﬁﬁ%
mﬂi?‘l a1 o T'F—* Bl 5 B o B alicdy B 4o:Setl4 ~ BSD300 f- SuperTexture % > % %

57+ ESPCNN # i 438 5 i & v & P47 ¢h= 2 4o SRCNN & TNRD { #-
8
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Py P18 M enE B2 R (peak signal-to-noise ratio, PSNR) - Ledig & 4 (2017)%
&L %R S A &2 2 FHFUE R (generative adversarial network, GAN)#- 5 SRGAN
(super-resolution using a generative adversarial network) » I 3% 1} > R7edp £ S Hici@
AR g % i (BT EF Pt @ % T35F L 4 #k (mean-opinion-score,
MOS) {7 5 3E87 ] - PS5 A7 > @ % SRGAN 4 & BH 5 Fif > ¥ 1B (T 1L

LR R T
222 BB HI AT 2B EB G

R = ] Sy pew f7 0 RYIFRE Y HAERR SR G ek 2 gk
HROL B URIE S 2 (RS o 1B B A Y- AP AT 4
BREFG S G » AT RN BEFREYHKF PUBRFGETL
+ H

/3 3

3

=

o

PR AR & AR ORE T o AN A B

Zhou ¥ 4 (2019) & # &1 — A4 X HFR R SRR b BB G 5 A 0
AL 5 LRIRNet > o 2% ~ A0 U-net in4 & E 27 1+ PatchGAN 02w B
(discriminator) e = » & * B FH AT R A F B pBmERE B EF P
TN fE4T R B> T @& * Phone p#EApIF R P AL G B R4 R B0 %28 4
BRI - 8§ LA BHAGEE 1 (1) AL A BfEE K
1R R iy~ 4 X BAE TR 1S 0 MR B IR R R~ 2B B 28
ATHCARE - (2) ARHNFEAHFEDRL > A 50 18 DRy~ 2 E e
SATE RS E (AL S FE 1 (3) AR Bl d @ R ik

~=be
v =k

—=
<
T

o

&»ﬁ%ﬁi%iﬁ”iiﬁ%ﬁﬁﬁﬂﬁ%
W fEAT R R4 T 19% e df

AR BT R

o

Dai % * (2020)# ' - &gk & quadra-attention ~ residual 22 dense 12 = $iipe
Bat RMRAR M FEF hT BB oo AL 5 PSRGAN » 2 BIFf I PF R * A~ fE ¢ SRR HE
A8 A A A A Xiel fr Xei2 ehZ AFHE P RRE - RS FF R FH
s FE3 4 F PSNR b 44k = 2 40 : SRDensNet & LapSRN § & &1 1 e e
@%i&’mmmA?u&ﬁ$W$mﬁﬁ%@ﬁbﬁ@$%a¢@¥w%%’
B Rche s SERCAIAR Y 0 B R i A T R B K 4% o

9
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R TR H R R R 0] Y AR FIHEPRE § PR iR] 0 Magsood # <
(2021)i# * SRGAN #% = |- & 1% é:g}];s (wheat stripe rust)en gy 3 o & B R4
e sEHEAl o £ R * 53 SRGAN ] & 3+ B i SR B i mEa] o
AR TR Rdn R s SRR B 9 5 75% 0 A 548 SRGAN 7] b H
A HBEFEFT URE R 83% At R4 R RE R BRI E L T5% -
poeb s s mFE R Y H @ bR 2 > 4o EDSR fr WDSR i (7Rl 0 F %S %
%557 12 SRGAN e % ki o

BB AN BEREY R CRANR L T R Y BRI
GENETELPER S EUAEE SRR LEE ST LT B T
B it e 002 R (e e - e 2 AR AR - T R A

MR OT B o M A S F
2.3 £ 1 $¥ 7 (Handcrafted Features)

BOASESY S Y FRSEAIRFEARRAT TR L LEH
EFERFEFAHI S DV NAZ LS RE TR TS A 2T SRR
YRR AR TAHY BV LG8 b i A5 # 3
Boo R &R ARG F 8 0 AR F B R FT RT G PR

AT A R B FRE Y A S o T L B R A 4 1 R
B R B VRO & 0 R 4 e S A -

231 B & L1 PHEfFREY 2

Lin (2020)% A #& ) — f& i * £ 1 $Ffcfed FA47 50 B 4 Ak 3 W R0 o
S DRI AN TLARE S I H ke £ AR EEA S
b e XD o470 TR FIREAT ORI AT BN Rt~
Frm™ o @ % £ 1 e 2 R LA SRR e ORI R EHA
PRAOLERB > LA ZBLERY L1 PO FR AL, FE B B
BT o BB KOfRT o @ B8 L1 Bt i gp iR Y XA G
PRYZVECEVRAFLLFREEY AP > o Wy 2 £ S 1RPE

10
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Hed 5 - fhf vkeh o I EBCR G R R Mg BRI B oRE AH AR

Efehos o G & B BCAHLE - Khan (2020)% < 5 - 484 8T 5 PR
PO e RE BEE AL BB AN S RRAERS Y Sk
FoAed FAE R A FES BBICLANE > AT B OB AR ERE LR
LH SR A 5 E > 4o LSVM ~ CSVM ~ BTree - ESDA % o %% & >
VEITH R Rl 07 R B8 PR - Rajan (2020)% 4 - BT 2
LEF AU o (T E 1T AT HYCDCr A B2 i ok %S B B
e fe R B e KGR Y - B A EH VGG-19 #3187 A 0
BWRFRFHL R s L PR o B ISR T SVM RS A Ot R
R 0910 55K A 3] 0.98 eEREF 201 S AT fE L
WP PHBEREY S R E > VAR A ERES

232 1 #EET WIEEE Y 57

o L B R AR Y BRI R S B R R 0 Y - R
FEad M sen A 1 3% 3t end g » B CNN B3] @ 47 4t 12 o Zhou % 4 (2018)%
L1 PHEEELFA GR e R b AR FAM o (FF @Y CaffeNet ks ¥
& %5 ¢0 CNN # i » CaffeNet € - % scaFen AlexNet 3] > v ¢ 7= BEFHF R
S Rz B 2R o RS- B 1 R L ONN 0 3 et 1
B F | CNN B sk 3 0 155 248 ool » - Fok B H AP > FREH/LC
CNN #Hpcfed 1 e o k- gemecd > a2 & Cifarl0 #dp & 2+ cnfha
A R 46 CaffeNet o 32 3] 79.169¢ e rx o

Zhang (2021)% A & ) - AATHEZE > * Adpdg A sl > B2 e H R B
B ~ B 4e A @ # e (navie geometric features, NGFs) ~ & 38 3 £ 47848 6 43 (local
radar cross section features, LRCS){r i #hi% i (principal axis features, PAFs) % - &= £
1 AFHRE F4e » T CNN ¢ oo 3% ’?‘ ¢ 7%"“4’??3‘ #-+ 1 g i o~ 3] CNN #23)
R B IR A T O EE RAF ek o v B2 1‘#4\ 5] % : AlexNet ~ VGGNet ~ ResNet
22 DenseNet o 1145 @] 2-1 (a) » #—- 2@ L pce 473 » I| - 2 Convolution ~

Residual & Denseblocks * & % 79 %> Fli 2 F B AP AR 3 B &

11
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2 E AR s AR o B 2-1 (b)Y i E 2V g e rEa
Pz g o F15 £ 3 Ecfe AT ONN e et £ - ens 7 0 ff B s 0 0 ep
B A AT KT R £ o @ 0§13 AlexNet v VGGNet k3 » =% 2
forn B VS BrERA > SLEXARENEYRESET RGNS RS
Prpernd a4 o FP o w3 (B 2-1(c)) hp Rl Y A EEHRRE Y o Bt o
THERBL 1 Pt Pl @R (40 Fl2-1(d) @ @R Bk
fr CNN s % e 10 2 o 52 B i AR © 282 74 7 2o £ CNN $#&
Brdpdg B AT o e BRI @ A A R4 B o g ehE FUCER o 3AT 7 R
B A L F o R YU R A 1R ot~ FICNN R P T

PR R AR 5 R RS RA T L 675% ¢

KL. Jest
Location 1 i
Fal 1
i cation 2 .
|
i v -
Conv/Residual/Dense bl dis | ConvResidual/ Dense bladks
| u

(b)

e
Location 3 77 9K

ConviResidual Dense blacks

(c) (d)

Bl 2-1 £ 1 & ~» =% (@)% 1 Convolution ~ Residual ¥¥ Dense fic#i. ; (b) i+
B2 CONNengFpieen-an £k 5 (c) 8 3 pis2dsakg 5 (d) =% 4:
B % e 2> i % & (Zhang and Zhang, 2021) o

R P R R o BT 1 R Peng it » TUERE Y AP 47 ok
B AT e Efﬁ*ﬁéf(mét )\?_u;};tf;j_%‘g‘?} ﬁq#‘gé ?‘\Hb o F]pL s ﬁ_j\,{ﬂ;ﬁ ¢ AN
P B RT A R S LR gk TIRR B Y ALY a7 i

TREEES U R
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24P B Y 3w AR

241:3 4 £ & ¥ (Continuous Neural Network

Learning)

RIEEFEVRAY > BFRAFL ALY F RS iRy e d
AR R T B oA A R R o R el AT - B FEr
IREE e SRR FIAT AR BF o AR R0 e iy e
T ISUER S Y KA o 2 ¢ > Bacucum (2017)% A B A L L@ SRR E Y
(continuous neural network learning, CNNL) &7 3] 4¢ 35 e 582" S licdg e 28 1‘%
ig%{ﬁ*ﬂﬁﬁ@%%%%ma%aﬁﬁﬁo@WL@%*ﬁilﬁﬁﬁﬁ
KiE 2 A heficd] > THEEFFERBITET D LGS R EFEI R B kET
LR AP o FHA Y AP 0 K 150 B ARge Bl oA doicdy B R et
MNIST #-7] e rr 5 8 _47%3F = 3|5 % 85% > B+ 118 ¥ checiE o Gjestang & 4
(Gjestang et al., 2021)#% o - B %p v =7 > FLEF 2 (teacher-student){= 2§ * 3 §t7
OB A R R R e FZ BB SR (1) ¥ o Earodd
IR HCA] S (2) O REFHCAIERIR S A IR EOR p B R S
FHr; (3) * e xRt £ - B AR EDRE 2 0] BF

AHAR G REF L HEE S G ARty c EAF N S H BT R EEF R
GEBEEN DD TS B EPRER TR BT A RERS 32%8
4.7%: Fr-score » A7 2128 7 11 53 F & & jdhie e T {8 f1r Frogk
Foendicyy o K 5 p B onop Rl AR R B ORCT]

242 P EVY R H B

BorEREYE Y U EEY (batch learning) 2t 3gn & 3 > ;L@ iv > H ¢
fgt"'xﬁ'#‘ikxi_@ § PES ,{4—\?5_ K ﬁi:iff;zg:“’— k]L'J' ”'ﬁ'ﬁlﬂ"f’\]é '? %K

B BT RFE AT %aﬁ%mwﬁﬁﬁﬁ’xﬁ§“~mgﬁ&ﬁﬁ
£ATPIPA R F R F T ¢ S SR HRL o 7 CNNL hpe s dp i - 1%
AR HT AT AT R R A MR IR B LBl T - B E S
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A E Y (online learning) » & - 7}@ IERE Y HA ik B G F ey e
FEY S R it 3 EJT By 0 TF R - BRI L ATH 3R &
W84 T FrE E iR (Hoietal, 2021) c R FE Y7 s L= L 555 (B 2-2)
(1) 8+ ZKFY (online supervised learning) © &5 — # 5 ¥ % A P & Jci|
AL PR T MR GERESTRESAE S (2) 74
&+ B Y (online learning with limited feedback) @ fst + & ¥ 42 ¥ > HA|KIR B
PEENASFAAL T AR ¢ AR F B R A BRI TG (3)

:ltt

FE fﬁ"% ¥ (online unsupervised learning) : #-34] ¥ 3 {c A8 hF R A L G
SR E T AL AES LA B Y HRPIE T 2 #F (online clustering)

2 F A P R ¥ 4 (online anomaly detection) % = 5% o

Online Learning

Statistical Learning Theory Convex Optimization Theory Game Theory
Online Learning with Full Feedback Online Learning with Partial Feedback (Bandits)
Online Supervised Learning Stochastic Bandit Adversarial Bandit
First-order Online Learning Online Learning with Regularization Stochastic Multi-armed Bandit Adversarial Multi-armed Bandit
Second-order Online Learning V Online Learning with Kernels V Bayesian Bandit Combinatorial Bandit
Prediction with Expert Advice Online to Batch Conversion Stochastic Contextual Bandit Adbversarial Contextual Bandit
Applied Online Learning Online Active Learning Online Semi-supervised Learning

Cost-Sensitive Online Learning Online Collaborative Filtering Selective Sampling Online Manifold Regularization
Online Multi-task Learning Online Learning to Rank Active Learning with Expert Advice Transductive Online Learning
Online Multi-view Learning Distributed Online Learning
Online Transfer Learning Online Learning with Neural Networks | Online Clustering Online Density Estimation
Online Metric Learning Online Portfolio Selection Online Dimension Reduction Online Anomaly Detection

B 2-2 5 & ¥ % 4R (Hoi et al, 2021)

'\m

EREET Y REFER TR L S iy A TR R
LA B R BRI B AR & 0 B § T Y 08 ¥ ik - Wang (2019) %
R - AR AT fg‘éﬁ% R E 3wk 3L (face re-identification) » 3% % ¥ Fe
AT AT BRI T RBERBR AR FREFH SRR
PR TR AYEREFEZRETA D IDe 3% kA BRIk EFR
# > A w2 TERESA 6 % 4 {c § sn TERESA ¥ % #c% & v YouTube % 3% #chh & -
FRREERT > GEIR i Eie & & TERESA #cdp &+ P17 93.55% cniF i i
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FES o @ te YTF #cdp 8 ¢ 2 3] 90.41% itz o 44 > Guérin (2018)%
AAE*ﬁJﬂVR*”ﬁﬁmm%uk#Wéﬁ% SERERIE S
TIATHHEPE o v A1 B A SRR APPSR S AT B B B b
REF % 200 00 g B - i5 % (T B A N5 A E AN R gt Ui
TR A S o M TR PIRBATR A F L ST I G BT B LA Pl

WA Rk R A EEFRET S > B AR 4 LB

SR TRBEoES > BRI E A LAERTHF Y PP e Ao 0t B
B R BB RS 1 F Ao g R A K A aE A

AEHEBETENAT IR AT LB AARE o ARG S

SAEEREAA 0 AL AE G A ETH e o B B

2

rER B s

‘J

BEY SN ZRIEF AR ST RIS R 2T ookl FA0A
Flob o PRI EERE Y 2 N T R R B I AT I R a0k e

FHCA AT 0 A e A e R
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Framework for Greenhouse Insect Pest Classification System

[

Optimization and Development of an Online Self-Learning ]

Hardware

Online self-learning framework

|
1
1
Optimization for insect pest / . \ 1
classification model S (liata 1
collection I
/ Image \ I Camera module upgrade

enhancement 1
Sample ‘——\/\.. X :

cleaning u I 64 megapixels

1 camera module
1

Hand-crafted
N Model [— = |
features retraining E>=':>° I -
> 2 ) I
- [‘> &[> -kvf[> ° I
NG J !
Model update 1
1
1
|
B 3-15° 7 % 1 F
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323 A4 KT BT

AR &€ NS AHNT HAHFED f]g;‘,u;zaﬁ;{%qrw,;&w%@m 2
AR R Gk o AR B Y 2 S 1 R T B % o P (size

features) » 11 T B3 lmE P o

321 43 Hs FHT

AFr g it ResNet (He et al., 2016)% 5 & #7 #-3] 2 78 4 > ResNet ehi% 4 3% )
A st (B 3-1) o fI# P-H & (shortcut connections) e ;4 » -7 —
R codiy J i 4 PI S s Ap K (stacked layers)? o 35 B A L WOHLhE > BT R 5
LF2+EY ﬂ‘@" bt’ﬂig,lb.\ﬁ“m@g,_ R F IR R R SeE ] o KA F

PTenfR AR S SR PE AT A 4 G R 4 B 3E (vanishing gradient problem) o

ig- ) E 3 ResNet-18 ¥ 5 2 # #7378 4 » ResNet-18 &_ResNet & 7 ¢ 4p §t
FE R i) 0 B4 18 B3 r R o I PFIRT ResNet chpr o #d o i B i3] g
FEE st B vt 2 P18 T 7 o ResNet-18 enp i & 3285 » & ~ S % ~ A L4
i%ié%“%\fﬁﬁ%#ﬁmﬁoﬁ»%ﬁﬁ@@mafmmﬁ»,%ag
7 E AR E S TR R (stride) 3 2 3BT R 0 A B) Bt o BT R
ﬁmﬁ@%;ﬁwﬁgaﬁ,ﬁ@ﬁgméga@gﬁ%oﬁ@gﬁgga@ﬁ
& Rliv g RelLU jiid nfic > m B4R R L0 kg 2o B3 - &0 -
ﬁ@i%ié%ﬂﬁﬁﬁﬁﬁﬁﬁﬁﬁik+w Bl B ARk EGFAN

AL 54 P w PPDM ez 4 0 -3 A0 e 1 128x 128 ik (% 5 8 »~
SR D AT R ATHCR] S0l ~ SR G k Sehdp o T O E B a e

% PPDM & 5LP > @ | E (TR ehd B o
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(a) (b)

. — —~ . .
| ™~ 7 A i/
; ; ; 7 o [71 TN / \
K 3 K ! \ f \ f \
-« = 1S eeb fee| [ooh A5 [soh fe| |\l AS] [eah fea| feah |=
318 12 [ZNIZ] [Z\/ L] |al/[al [l @bl [w\ied] (=)= =) |2
X = | & = | | A G I e T e O R N I T L AT R L 1T L R g_
SREIERE N R =R M R e iR e R R R S
> >
g—» s[—b g—b g—» gl—» g—»g—» Z 2l 2 g 2 2l 2 lg = 2zl 2 an‘__)
SIIE (g 18 18l [8 [l 18 [= |2 |2 |8 |2 |e |g |2 [2 |8 |E
o |en (=] d < o = =] ] o e 2] <9 9 5
Sl 1919 19 (9 (3] I (2 (2 (S |2 < 2 3] | (@ |9 |2
L I e e O e Y e O e O O 1 I T O I
Lanl B g w el |en| |en| [ |en] [en]| [en w| [en] |en| |en
- “ L3

Bl 3-2 ResNet #i¢ * 2 ()&% £ ficbl 5 & (b)H-3] 1 B(He et al,, 2016)

3.2.2 B 1§ % A B

AER R SRGAN IF 5 2 5 03] - F5d SRGAN SR ffshig i it 4
- ¥ g A s AL o SRGAN & - fE A3 4 o gl & anAg fa47 A B i
oA o o AR R R L LT L & ad ST G (Ledig
etal., 2017) -

4o 3-3 #757 > SRGAN d & B i & 212 5 > 4 5 B (generator, G)fr| %] B
(D)o 2 & B * & £ M (residual blocks)$t M 245 B B B F H AR B> T g *
2R £ B (pixel-shuffler) ¥ i< 1245 & cb A M Hae 7+ 304 > 114 3 3 1245 2 &
oo ZINERID 5 BEFH LA F N H AR ORI AP G LR B RITA
Foijeo 9" SRGAN PF > 7 BHCA| P HETPIR o 4 = B2 B2 21 B 03 f2
WRF G A H W ZBR 3 E L2 SO GcE F B R AR oo W EHE
RoF 2> BRIFTRDBGAN S P HFIIBERF > vARE L L L R DR
AR o TREMER D S BEBEZHE2 LDPYEFT > b EFDS Fy 8w

R R B ERR GehE R 4 o
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Generator (G)

--------------- | Residual bttt r—re—g i—"—"—"'|
I I 3 !
- = = - - H : = B
5 ® [ blocks [} ] gl I} H R ]
R | HHEHE EREEREER 2igi 5 Loilgle] | e
& B & il & mENE A : & =
- ©|= | = all= I “ig H b B | RS —=
- O o . Q

g2 2IENEN2] 8] HEI2IENEN2 8 ziflg CIIREE BT E
— s 5|l® “’°9“’§L ,,,,,,,,,,, H,Qmagmg' CEgiz P =1=3 i 5]
Elle cfelsfefg|r 1= 4= E B EE Sicig i SIS e =)
2 aflsllslie] of ! Slefsllshe| cf ! 2isi 5§ al: 12|9a 2

o o o o) - .
g L5 I > 2 =2 gl! QigH £ B g
b, o z w2 Hl "2 all 2 | ! cimi 5 I = | =
5] al o wl ! '8 afl 3 il GEmi i ol g|®E : 5]
(&1 o ! "o Q ! [¢] H i o i |e

4
_______________ I L m——mo oo e e

HR or SR

5

Convolutional layer

Dense (1)
Sigmoid

Dense (1024)
Leaky RelLU

Bl 3-3 % A ¥ i & SRGAN 2 #-4] ¥ 57 & B

B SERCAI R A1 e gt & b SRGAN $#3 A TR BT R
B 42— %me;ﬂ ALE o B o I B SR I R T AR RI Re
WHA - AR ERY Y AT A HH £ 58 SRGAN S o s koL - £
I R TR A s SR R S B R AR MR B A S B

5 A SRR 0 AR e 3-4 1R

Insect

ResNet-18
class

SRGAN enhanced

B 3-4 2 i 56 A SR R R R AR
323 £ 1 Fkp s T AL

1295 1L PPDM k 5ei8 (Fenigsh - £ 4 G B A st Apr > 5]

FE OB R A R R SRR RRTAS LT

EIRS
.Lﬁ
(H}

~

3
F_L
;Tu‘
A
a\

AR B A IAPRADREIRT > FAI R ERT PEH LR - AT Ao Bk
4o @) 3-5 #7170 w5 (fly) ~ ¥ % (gnat)fre (midge)is = #2 ﬁ‘j‘a”‘%’ﬁ e g

¥
o
ETTRS

FOALBRA R AREERL TP WA AL g SRS F
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FRAE R AR R Bt ] - B e » B Y o SR

UEFFRF AT LRI PO ] TR KA (e %A FRROT A

(a) (b)

B 3-5 ARG Y Pl (72 FRAFOT AT A BB &S
o wRAPFRING)EFHUEFREDT AT E TP HEDLE

B 3-6 5 £ 15T ARG F Fechingz > § A A0 30 # ~ 90 RGB
P S AR S B ONAN AR PSR R 0 ¥E Bk 0 RGB

BT

-

T4 = — BETeA g E (Y) (Bradski and Kaehler, 2000) o i iF i&

B A B R

BT R APRY OTSURE 29 @daeimo mit > 24 - AANEG
HFEE > Blenp B EE 4% 0 (Otsu, 1979) > 30 5 5 P A H R R oo 4odk
HACEP L P R AWM 2B G APELE > OTSU = 2w 3§ 2k BB
oz o Emiv o Tt > APT BT P § o T B LR L 2

J%Bﬁyﬁg»?pgﬁfv o B fs o AR N 323 ;”;g\gfgc,%ﬁ’llgtf_’;ﬁ%,”fg
SRARQ RS0 0 WA AR R B0 TEE R P e
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- e o«

Original RGB into gray OTSU
image scale binarization

Bl 3-6 % ~ FicE 1 KB AR

Y =0299+R+0.587*G+0.114 B (3.1)

) tio = (number of black pixels) 12
stzeratio = (3200 * 2400) 32

PR REEA Y T AR BR e £ ¢ AR AP AR 4o i ResNet-
18 #Aleh 2k S M4 — R en 2 ddk c BN 5k P AR
RF B R SI2 M s B REI LA - BB RRBRE Y s o Bl
BERL RS ER - B TG EENN2AREE

Bt dhd 1 RO SEHCA] e ARAC ) 3T ATm 0 AR A S EERGT A
P ¢ o PARP o R B B SER D 128X 128 ok 0 1 R AL
gy xR e B A S F - B 32 e B B4

— . — ResNet-18

Resize into 128 x 128

S
.:> & /’;/ /: | 7
: Size l'eatures 314+41D

| Extract size feature

Bl 3-7 & 1 s sE | AR R
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324 B RS S 1 BHaA EET

R R A BB R iR 2Rk s AL F RS IR EEL A
REZFEE L o FRIARACR 3-8 4t o F AR Y RSB EAIHT AR
BFR L BV UEA PGS IR oS o - el T H ARtk o BT
koo RSB R I 5 eI R "3»%] P E D R FEHCA Y 0 B C o B R
foo df o ZhRDG &3 F A I B w g ifod 1 Fngpeh T

- B A BRI P AR -

SRGAN enhanced

___) % — & — ResNet-18 \::
2 ‘ " Resize into 128 x 128
& |:> & I::> % i>51ze tgtures /

| Extract size feature

Bl 3-8 2 I 5 g £+ 1 F s SR AR
33 FF MR

AFT5 % Python 3.8 T FAANER » F AP LB R KRB @Y
torch 1.9. 0 + cul0.2 ¥# torchvision 0.10.1 + cul0.2 T % ;E & & ¥ B A 4228 &2 21 R >
& * opencv-python 4.5.3.56 i& {7 B tfeim jed® 22 £ 1 B~ > ] * Sklearn
0.24.2 i& 7§53 Frw & 3= T * Matplotlib 3.5.2 & seaborn 0.12.2 & & {7 Ffd
ALE T o AR E 2o > AP * Ubuntu 18.04 1% % %L > # e Nvidia Titan
RTX 24GB GPU :i£ 7 SRGAN #-A3] "3 o e pF > 24 2 # Windows 10 1% %
S peif Nvidia RTX 2070 8GB GPU » # *t:E = e CNN #-7] o
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3.3.1 A2 dp 522 =

S AR SR 7 e A 09 R 2 48 R 4003] - SRGAN A B
Ny S T PR Y = R R R
A 31 BEAREE SH T UG T RAFLT PO B 2 e

Boo DR A M KL T - PR f AR YRR

# 3-1 ResNet-18 2" 4R % #kc

Hyperparameters value
Input size 128
Batch size 16
Learning rate 0.001
Epochs 200
Loss function categorical crossentropy
Optimizer Adam

3.3.2 A BEH-A vt ¥ T

BRI (S 0 @ PREEHEAEFRREL I EHE Fiscore v iz d -

i S s itk B EMFR (precision){rz ® 5 (recall) » #* ** 3= 7 #07

A BEEFEY g 4 o Fr-score 43 5 2 3438 3-5 5 TP (true positive) it % E 5 {4 »
VAGER A E > 2 £ F 4 L B ek A#cE o FP (false positive) % %[5 4 »

FoTHAIGER S E > REF P A L E ik A#cE 0 FN (false negative) ™t & Z1E 14 »
FAIFERI A L E o R EF L E ek A8kE o Fi-score /43 0 3] 10 A%3RiT 1
oAl A s AR c R E S R A o ® I adpih 0 T o g i
H - dpihn L3 67 Fagnlihd R o & 3 a7 u A Al 0 2B et 3.6

£

#-% fpu|eh Fi-score 3+ & 18 £ % 3 s ficg N 3] macro average Fi-score ©

23

doi:10.6342/NTU202303657



TP

ision = ——— 3.3

Precision TP+ FP 3.3)
TP

= — 34

Recall TP FN 3.4

precision - recall
F, — score = 2- — 3.5)
precision + recall

N_,F, — score,
N

(3.6)

Macro F; — score =

‘,% 2+ 8 Fi-score ¢t » 4 @ * McNemar s34 T3 Vs 20 P ordk 4 ens 2
R b RCA BUF 58 F oroia 382 (Raschka, 2018; Wang et al., 2022) © 3% 7 2
%?EV%LL’ ]B;A’ WL—#BP\‘:"Fij\Irm?PIPJJ_% E‘f—f[?‘2 X 2‘5’;'7:2{ %\»ﬁ}—.(%\»

3-2) B e T e L

® A:SBAY ﬁ%‘]‘a’l&ﬁﬁ'i?ﬁ,ﬁ‘dmﬁﬂ\ﬁ{
® B:¥- BASEIMIER - @ F - BA S BEEFER SR MK
® C: %- BAERERIER > L% BAM BT mIER T~k
® DA A K E SRR Ok & i

# 3-2 McNemar u3* 7 85 £

B3 - o Al - 43k

R Ly A B

T (e 2 C D

$ 1 B A SR 0 T OURE A S A BRI W - R (A
D)fri 5% - kerfeyt B C)o ¥ RER Ho2 = (a G2 Bitt MFL
£

B) B W A+B=A+C#B+D=C+D: 4 #LB=Co 7l » {1 Ho &
24

doi:10.6342/NTU202303657



2EHBEER B+ CREHEILAREBICA BHF - 233 Bic Ca B ok
BEFEETFYH > TR D SR Lo BN S McNemar g e &
i {7 McNemar ¥ T ¥ » 355 B3 FHRI S T8 » 8 S0 40T

(B +Cl-1)?
x2 = G710 (3.7)

% i McNemar # T° fe i)z Bameit £ 8 > TRl $ 8 F 2

3.33% fw 2 B ‘:‘nlﬁﬂ Ee A8

T SRGAN H3IpF - & % &2 Rdeih > Ap e s Sode > B P o 1 RRF

+ (upsample factor)ix X € 5 = & (Ledig et al., 2017) » &% 7 € 5‘2’-%?] RS e
Bt R FlA Al FREY SEHREAIR P OEGEEEI R Y
<247 & (low resolution, LR)¥ .4 = ¥ /& 1% f2+7 & (high resolution, HR)2? i -
iz B[R HR AP R ¥ = 03E @2 (bicubic interpolation)#- 128 x 128 &7
T ARG HAE L 32X 32 iR R B el 3-9 S o

128 x 128
HR
LR
32x32
B39 Bds 128 x 128 hh 2 B ifigd M= B2 TH I S 32x32 B 2 o 22
T B ARHE B 0 7 0 SRGAN #7733 B *

3% SRGAN &~ #g#- A+ » Z & L% 3 SRGAN #-A|a2' » 4577 & *
..‘:‘;_éﬂf;;}p it B (structural similarity, SSIM) ~ % = & % Tﬁ)}g i & (multi-scale structural
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similarity, MS-SIM){r ¥ f#cp iv & (feature similarity, FSIM) 3 3 ¥ » ¥t 4 9% e
F e PRk A T i DR ECR] TR B ch R iR i el g iRt KR A R
PEE SV A1 B 493" 3 SRGAN #-3] (Wang et al., 2004; Zhang et al., 2012) - i%
BT U A BCR SR A S e R s I ehdp R R )
ety fosf ok o PRI IRT NEREE PR E 0 NREA A7 R IR A ik
ET AR c BEBER LR o F N2 5UE A #cE i SRGAN #A| h

CENTEE

BHAP VR 2 e 38 4w 0 v AN A R Gunifh E - ToE - %
P B E AP Eho B9 xfry A uA7a BB iR B ey d 7 A
R GnT 30 02024 7 A KRG BB o AT A BRI KB R

CiCon ¥ HcH 1 adE B B AR R T

(Zﬂx:uy + Cl)(zaxy + CZ)
W+ /132, + C1)(0% + 05+C))

SSIM(x,y) = (3.8)

ot 3.9 4T 0 R R AR R D AR R DAH L o 4 r b
SR BY M5 5 ¢ Rehic® o SSIM(x;,y,) 5 E A REAT B R
™ év’ﬂ,f‘%’}#ifp R o

M
1
MSSSIM (x,y) = MZ SSIM(x;,y,) (3.9)

j=1
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9310 s EFHAp et s HeY xfey R BREGY T FE QR E
Foijee g mf o S (0™ A R xR h NG HAR R 0 A PCr(0) R & 7 2k
X ffAp - RAEE 0 3RS BRGATT R x N IR AR R B AP - &R
BB LA REF g 2 E X ndp - R E SR o kT LEE S

B ez B AR 1R

Yxen SL(x) " PC,(x)
er.() PCm(x)

FSIM(x,y) = (3.10)

FR AR R R IR A S R R B E R AR s B
SRGAN 3z it {8 B2 12 ¥ ¢ Tenengrad ~ #c - Tenengrad ¥ - &% *" 3 5 B bR
g7k > R B ? i %5 B frlw & 42 & (Pech-Pacheco et al., 2000) 5 $945 3
3.11 > &% Sobel F#H + (G)hIEF i &= BHF ok T{ods HR » Ris KA
T2 fede 802 (8 B4 o Tenengrad 4 #ic i i R 428 ffe SRGAN 3 i 15 #
e Tenengrad » #c > 7 fAF i@ G B frimaf2 & £.F § i

T = z:\/Gx(x,y)2 + Gy (x,y)? (3.11)

34 pAFYER

BB EFY 22 AW TR PR o 27 S SRy
Sl o KA 0 PPDM i B 4 #H e B ATegRA KR A it 4 o 2 A A
Sfchpin g g o> AP/ - BB OLRFVIEE > U 0 p B ATk
Ff o I BRI E ATV R L AT 0 SEF R nda B 7 8RR S ] s
MY EEIhn A 3 o o 4] 3-10 Hrm o HIEEAR A S BWA D (1) R
FHRA Rk (2) AR (3) BEAIE Y (4) BAI AT
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| Online Data collection | Sample cleaning Model retraining Model updating

Incorporating
Input insect trap . . newly collected
paper images BM classification [-->L1 data with base New model
-> dataset
Insect object .
cropped by the Feature extraction Retrain the base 5 e
and PCA encoding model
YOLO model merged dataset
Tnput th Extract the
nput the GMM outlier Test the fine-tuned features from new
collected insect .
obiect detection model formed dataset
) with new model
Yes v Retrain the GMM
es
Drop the Is outlier? Fl,, & PCA model
image s outlier? SFlpp. using the e.xtracled
training features
T
i
i No
Base model
No
Keep the
- Retain the images base model and
as class of LI discard the newly
Base dataset collected data
L

Newly collected
data

L

Bl 3-10% +F p 2 8% 428
341 p &2 ARk

PPDM & 5B~ § 5 % 4B 3-11 (a) > & * HHF % 4B s g chfie » B8 2
FREFHRBERLPIE > TAe# F Raspberry pi camera v2 * Kk ¥% ¥ f4r@ £ ¢ o
Ay M3 %’ﬁfd WiFi %0 G IR S PIREAH - F 2 S D 2 BTl
RS SN 3 B AURY N CENEL RS =Y RN S E SN b
@enb il - WP AL P B FADRACHNTRE - P15 LD b - 50
g 5 ks T A R @Y A 40 YOLOV3 tiny # @ i ##0%] (Rustia
et al., 2020) » %3200 x 2400 ok cdb A S E P BT B g & 0 P AR 0T

AF GG BT - B R HEJT -

\
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(®)

) 4'gl| Lightintensity
Raspberry Pi i i sensor
Camera v2 ! =

Stainless
stedl ami = ] Temperature and
kn humidity sensor

Bl 3-11 A9 2% 5w #r5 B 2 (a)’PDM & RB~if £ % 5 &2 (b) 2 YOLO 4~ i if
RIFCA RS %

3423 A A FRRE

Am oA E P T RS ESE Y v AIE Y o fE S AAICA] (base model,
BM)eha 5 B (7 p do o g 0 MRS FRAI L IR Y o Ra R A i
g AR o FOERRY o AR A TR € IR - 8 3 TR
KAl ent f o ol FUREECA R F a0 AR W & (outlier) > & F I Ry F
PANIRGOE A SRBATFVESEY I ET ARANDLFERPE A
PRS- ERAGFEOFEE -

BRI R RARCA YR BT AR FOR A ik ts - R

B AU S S R G S PR AF Ak (training features) o 4% @ * PCA ¥zt
FHCGEFRE > TV b LA DR T S E TR KA R R
TR AP d®ig B oo &7 ko &% F 270 & #04] (gaussian mixture model »
GMM) ¥t = B £7 ] e U4 i (7 20 C (Reynolds, 2009) o & 41 * 21 Uil {8
GMM #H g u3- B F A+ > d W F A3 R R Sl E v a2y 51T
FoAIFTRTELIR  FI ¥ R RuE A e 18 5 B B $ ¥ (log-probabilities)

(Domingues et al., 2018) °

&&’ﬁ%Wﬁ&%ﬂﬁim s At P EGHEERE - 2BE A

ok T LTRESRT 5O A AL N R RN . B BE AR A
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e A € AGEAANA AL RUSRF PSR PCA SR BT k> ¥
PR A BT GMM 1B Sl S o Aok B F E R TR LR B B IRF
A F 2R A APRAT R AR E  SETR O AMFET A

T E R ENFTHRE > FREERERE T E o RN GFIRARACR 3-12 9757 o

BM classification GMM outlier detection ‘

J— -<GH)§
P: probability

Yes
2

TH: threshold Discard the image

Retained the image as
class of L1

Bl 3-12 f% A 3L iR

£

He 3o BRrEFeFLidi A AFmEmRY »PCA i aag ™

)
S

# f2 8 > 4 (cumulative explained variance ratio){f= $% /& % #ic (silhouette score)

(Rousseeuw, 1987)k i-%_ o R+ 2@ % B A8 F 3 2420 5§ 9 2 B R 4ok 73

R R G L AT T AR SRR - Y RIIES BFE T AR
PCA ' e ¥ chlicdy = S fe RAT 0] eft o & GMM & ¥ feirl? > g
BELIEr s o AR TREL T AM G RERPOREEE RIS > @
FBct R B R § ERECS PR AR FET o FE 0 AP EEEFEARRET o
Bk Befo BAES 2 BBl 5 B3I § P E o R ff ok F LAY P AR
Mtk A FT 2 T 5T .

3.4.3 H53E vTRABF LAT

B AT B N ARG B AR TR L B S BT
< FAL R o BF o R * e PR (fine-tuning) ¥ A AR E (TR L TR - B
B ¥ 2 ¥ o k% ResNet-18 #cA)can = & S8cy R REL - K o e ehp ehdl
WA FEHN SRR DN EE AP RV ATHR AN B ET R
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FHEDBEEY A AR FRIEYIR AT FEFRR ] 2 B3k
(Khalifa et al., 2020) > #3| £ 3" RSBk B 2R R Aok - B 25
epochs 7" 2 30 F] & 3] 85 - ThAH S T RBE R F & e
RHECA- B FRRE DT o B RECA 2 A S 0 M 2R 1A
e dpE R HH TR > T3 8 8 Fi-score £ % Fi-new » R & # Fi-new & %
@43 ¢ Fi-base i (710 # 0 § Firnew = » Fi-base p¥ » % 77 £ 3" B e B
AP > X REFT - PRI L AT 3 4ok Fronew ] 3 2 %3 Fr-base 0 %
TR R AR o P § R AT TR R 0 e R AT

B L AT R A B R R B R R 0 B B AR
AR R i ARAe R 3-13 07 0 AAHCA] € AT L £ AT RS hiEE]
FiEgATAT TR ARG TS A AT R SR G DR L5 T
o e BE 0 & % AT1S PHCA AT X T AL B i 7 B Ak B o GMM v PCA 2
A ¢RI RPFACEF LIV B ¢ UAEFRBOB IR E o
*t > Fi-base ehig ~ g%ﬁi?#ﬁ Fi-new > = 53 37T A o A A7 P » M A
AEYFPOERRTL - B SRRFEBEYVERFBORFE- o @
FA FATE S R AFE R Ao AT

Adding New formed dataset

Retrained
/ model
Replace Exlmng '
GMM &
Features PCA model

»
extraction
Adding new Extract training Retrain model
Replace BM with new features Replace F -base

B 3-13 45-3] { A7 A2 )

35RERFBATARGTHE

‘Aw

B

Retrain

35132 AfEeh

AFETEIAATLNAR S DT HTLIESP R 4B 3-140 2850
= 4x (crane fly) ~ ¥ (fly) ~ ¥ #& (gnat) ~ ¥ (midge) ~ #x (mosquito) ~ ¥ ¢} (moth fly)
A5 (thrips)2 5 fi (whitefly) > ~ 3 fr i ens J 43305 & > ¥ i Fxfa
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!

FUE AR 3 fesen B G R A P g 5 6
FR e s xfr a2 A RI0es B3 5 8 0 v ERP AR o
Bl B[S I him e s 6 0 Vg S el e F B @%@
;%—duﬁ#«&ﬁ\’*iﬁhgﬁ ffgd b o sl A £ LB
RS ELIE S AR P

i R B

a

7‘"\
(3‘
1—_5

i

|
s

14
F_?,‘\‘.

Crane fly Gnat Midge

Mosquito Moth fly Thrips White fly

B 3-14 LA A A3 i
352 AR GTHE

BEA BB > I A X T AR AR 0 R B B
RGBT 2k o R EINFN ANFE S FIARRIRA 0 A RS

‘*‘F‘E"Jmﬁ"}'4“)\ ’]%’H‘"“T \ﬁﬁa&\ﬁm?‘}'

iﬁiﬁ%ﬁ?ﬁﬁzkﬁ?ﬁ%:(USMMN*%%ﬂﬁ*;Q)Q

MWD FHE o 29 SRGAN S #f & LAF KT HH ek hFHY o i

WEPT BATS 4509 > 4] 5 128X 128 T AT 0V RE o B E BT

hO150 SRR L RIE S o F i 2 FOL R e o R & R SRGAN 03
SRR e DR BT R A T AL e R 323 0
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% 3-3 SRGAN % i3 55 H3] v SR 2 il T A4 B st

Class Training Testing
Fly 450 150
Gnat 450 150
Midge 450 150
Moth fly 450 150
Thrips 450 150
Whitefly 450 150

o EFTHREYIRT [LHHD > FI AR OTRE ;Zfﬁs‘ﬂﬁ"ﬂ:i 128 x

128 &4 o] o i h 0L L AR > Fpt 0 AT B - e 5 Rdnt o F
WS 2 AP BN 2L AS BT w9 17 & PPDM s i
EEYfch o 50 BHERER LA RERLYDTH - L F R FOER A
FUFAL > PUAIARY B A E Y R il e PURT AR STHCAIR T 2018 R AL
H ¥ 80%F ALY 29I 0 Tk 20% 0T AL H AR o £ 2019 & hF R P g E
B g 150 5B IT A RIRE o RS 0 R % 2020 £ ~ 2021 4 2022 #E hE pLiE (7
R P AFY PPk o LN EE SR 324 7 0 B P X g ggpeniit
BB BT 2022 & FHEE -

% 3-4 3 B A WEHCA R BB foRlE TN B Bt

Class Training sample Validation Testing sample
number sample number number
*Crane fly 50 12 15
Fly 214 54 150
Gnat 1472 368 150
Midge 515 129 150
*Mosquito 106 26 32
Moth fly 565 141 150
Thrips 1107 278 150
Whitefly 1454 363 150
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3.6 I’PDM 4p 1% -3 =
3.6.1 p#s -

SERG L ap e T & o APt iR 4 e Raspberry Pi camera v2 ~
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69

doi:10.6342/NTU202303657



1.000

0975

0.950

0,925

0.900

Fl-score

0875
0.850
0.825

0,800

(b)

1.000
0.975
0.950
g 0925
b
0900
0.875
0.850

0.825

0.500

1.000
0975
0.950
0925

0.900

Fl-score

0.875
0.850
0.825
0.800
(d)
1.000
0975
0.950
0925

0.900

Fl-score

0.875

0.850

0.825

0.800

B 4-38: pa

1000
0975
r//’—' 0.950

0925

0.900

Fl-score

0.875
0.850

0825

Average

Midge

0.800

®

2023/02 202303 202304 2023/05

Date

BM 202301

BM 2023/01  2023/02  2023/03  2023/04  2023/05

Date

1.000
0.975

0.950

Cranefly .

Fl-score

0.850

0.825

Mosquito

0.800

BM  2023/01 202302 2023/03 202304  2023/05

BM 2023/01  2023/02  2023/03

Date

2023/04  2023/05

(2)

1.000
0975

0.950

ore

Date
0925
0,900

.

Fly

0875

0850

0.825

?—/.‘/\

Moth fly

0800

(h)

202302 202303 202304 202305

Date

BM 202301

202302 202303 2023/04  2023/05

Date

BM  2023/01

1.000
0975
0.950

g 0.925

7
0900
(L

0.875

0.850

0825

Gnat

.______.___./O\v/’a

Thrips

0.800

2023/02  2023/03 202304  2023/05

Date

BM 202301

B9 x5 2 & 5 PPDM

2023/02 202303 2023/04  2023/03

Date

BM  2023/01

A RVIRE S () AT S

-~

(b)~ 3 5 (c)is ; (D)F s 5 () (x5 (F I 5 Z(h)a] B

70

doi:10.6342/NTU202303657



Average Fl-score: 0.956

Cranefly Q
F1:0.84 k. 4 0.0 0.0 0.13

Fly 0.8

F1:0.94"

Gnat

F1:0.95° 0.6

Midge
[1:0.96

True labels

. -0.4
Mosquito _
F1:0.87

Mothfly ! ! 1 ! ! 0.99

F1:0.97 -0.2

Thrips
F1:099" 0.0 0.0 i 0.0067 0.0 0.0

-0.0

Craﬁeﬂy Fiy Gnat Mildgc Mo siluitn Motlh[ly Thrips
Predicted labels

B 4-39 Model B {s84 F p 2 § ¥ chdB XA PREE %

2 % Model B i (78 f $k Apled > 64 4F 2023 £ 1 7 1 2023 £ 5
E B AR T BATHORIGFEE o d W R LN RIFERE R ALy 0 FY
BB RE Y AT T35 Fi-score M % ¥~ FuB ~ UM frp] B g iR g % o
1995 B 4-40 #7om cplE S % 0 BAHRCA AP > K@ P A FY LA A B

(a) (b) (¢)
1.00 1.00 100
095 ° ° 095 0.95 0.96
e 0.94 — 5 .
o 0925 050 093 53 ool 092
i ° ) 0.89 '
2085 2 085 2 085
3 ° 3 S
080 T 080 T 080
- - —
™ [ [
075 075 ° 075
0.70 0.70 0.70
o
0.65 0.65 0.65
Average Fly Gnat
0.60 - 0.60 0.60
Base model Online learning Base model Online learning Base model Ouline learning
Model Model Model
(d) (&)
Loo Lo0
0.98 D
0.95 0.95
0.93 0.93
0.90 0.90
0.89
o 085 o 085
g =]
Q 9
7 080 T 030
= [
0.75 075
070 070
0.65 0.65 .
Moth fly Thrips
0.60 0.60
Base model Online learning Base model Online learning
Model Model

B 4-40 Model B z_ & it & ~ P2 2 %
71

doi:10.6342/NTU202303657



248 LR PRt AR AR EF T > AT S
PEAw i 00522 0051 28 %48 > o AR IP{ra) b s BN > LiEp
AV G AARRN AL RS AR c GESEP LY Al &
LApwl i P ARG R g o R F i AT G R T R Wik AR R
Lo T BRAEPRITIVRAZINPRENLE > PRTE L S Ak
P BRI g F o

# 4-8 Model B # fi tk ~ plif 2 e t & T it 8 %

Model Average Fly Gnat Moth fly Thrips

Base model-

0.052 0.051 0.032 0.119 0.274
Online learning

45 P rd nid%

AR LI T T EN P RS e

@] 4-41 5 Rsapberry pi camera v2 £ Arducam 64MP srdp &% % > B 4-41
by T & > 7 G R E WA B o f AR 441 ()Y o 3 E sy
Al E € b - Ao Sl AP Bl R A o & (s et o 2 i
AR D BT R f e & B s hfTes o B o A sdp - B4 EL
HAHFFIPERE - N REEBHTHE A f ERRGHIRGE 0 d BB R
Bl R RBCRR fE o 35— BEF 11 4B 4-41 (b)¢ LR T > REFFEHLE BLAXIE B B
LRI RARP A > R OIRBRHCR Ak i o

B RAFIRORNA > PR - e £ AL Bgp e TR £ T
l4cm » 4eB] 4-42 757 o & % a £ & 2B (5 > #riE PP DPI 9 5 1275 0 4p it
10cm 1 T FEdga 1641 F #c 1 » R dp ot R4sAp 60 662 (AR E T 95 & chig
oo iAo BIRFFR R R Do BF o PR R E D arendl B R e RlAR L .

72

doi:10.6342/NTU202303657



GAMP 4p 8 crod it % > AT AR g L ATIE 0 AR BT 4 HRT L i Henim
moEBE e B 6 B Bk i

Bl 4-424p 81 (FREHT LW ¢ (R4 RS ML 2E 1 (FEESEY 10 ecm 5 (b))% %

gt X2 (S0 IFRRSRAE £ ] 14cm

B 4-43 5 * Arducam 64MP A% 7 b 1 (TREA ™ TP e B2 R &
EE? Ben@ipv i g4 - Liwmd > LApfRz ™ > AR F Y Fipariandhf
FRARS AT A RBGRA Bk - SRR A AP S TERRLLS
EIpgaroRiie TRAF TR ALY FORE T IR - Lo aff £
e R v AR R R AR o

73

doi:10.6342/NTU202303657



Bl 4-44 5% BN S > Bl 444 ()8 (o)) i § I & @ ol o5

FARE 5B R A ARt 2T G 4-44 (D)3 (d) - ATPAR B 5 L B n

1‘ |l

fm & o BEN P B LR

Bl4-43 @ * Al 4pis 7 I 1 IFREMPF Tip 2L R0 W oy § 1 FIERR G

(2)10cm ; 22 (b) l4cm » & £ 1 fEREART 4o = H iF § £ g )

(a) (b)

(©) (d)

B 4-44 & * R 424p 1% (a) (c) 5 ¥7 Arducam 64MP 4p % (b) (d) &b & ¥ 4 wm & 1+ o
2 BEAT LA A AT R B e & gk

74

doi:10.6342/NTU202303657



4.52 A~ EHARIBESE

fe B PR Y o AP 4 w2 * Raspberry pi camera v2 v Arducam 64MP
IR I HEAR oAb AL KB o @ % ATAR ST B hF R R ¢ B 496400 x 4800
FEIA T RRPRTFF A B3I R TR - S AR RO ik
FAHTEINA V- 26 LR TN AEE RGP F R o Bde ) R
PR T AT S (8 s i foa] 8 ) PIRA SR - R E Y
£ 7 9582114514 99 & B2 if > & * 6:2:2 a0t GIR-H H| 0 5990~ BRFEA
RIEE o A & 0 A PE T & Model AdAp b enBCAI F 1 > e B R &7
HF % Model C1 fr Model C2 » & %] % & & * RdeAp S {oATip 3 B 73
i) o

Bl 4-45 2 @ " 2 AR rdp L T A AT LW o Aoh - F E AR D] @
FrAPBW A RMEFL ST AP HemE PR e b APERIE T AR
Tenengrad B fd o & #ic o [EB] 4-46 # ¥ L ELET] 0 @& F ATAR B R b B RE
ARG REF RS -

Fly Gnat Midge Moth fly Thrips

(a)

Fly Gnat Midge Moth fly

(b)

Bl 4-457 e Aptsda 2 T A0 6 (@) R4a4p 18 5 (b)Arducam 64MP

doi:10.6342/NTU202303657



Tenengrad score
(=)}

4_
2_
Raspberry p"L camera v2 Arducam 64MP
Method
B 4-46 7 I Ap i rrdp e T AR AR B % o Mo L ATAR B8 1 AL B F
P ot o R

B 4-47 Bgom € * RAsAp 8 R orrd  oens R Model C1 RlERE S » T &
#p %] ehT 5 Fr-score ) & 0.901 » 52~ §4p 22 4] 5 e Fi-score ¢ 4¢i 0.95 > &7
Model C1 3t 5 2% A o= fAsf % > @ i 2 § 45> 6 > Model C1 ® 17 3]7 0.84

27 0.77 ¢ Fi-score ° 7}”%#’&5?'1“,% GOREAIAR e o DR E iR L Hd i A

Average Fl-score: 0.901 o
Fly
F1:0.84 0.0
0.8
Gnat
F1.0.77
o
z -0.6
= Midge
u FL0.95
E 0.4
Mothlly
F1:1.0
-0.2
Thrips
F1:0.95° 0.0 0.0 0.0
-0.0

F jy (_‘rrlml M.i(llge Mul]:lﬂy Thrips
Predicted labels

Bl 4-47 Model C1 Bl3% % %
Bl 4-48 % ¢ * ATHR R thorr A SEHCE) Model C2 B35 % » 4= Model

Cl > ¥~ ¥ 4022 45 e Fi-score 454z 0.95 & Fi-score » ¥ ¥ Al ¥ ilin

76

doi:10.6342/NTU202303657



Fi-score 4 B 3% < 5% 14% > T 35 Fi-score :£ 31| 0.945 > 22 {¢ * Jp 423 (fAp - £ 48
#H 2 4.4%: Fi-score °

Average Fl-score: 0.945

1.0
Fly
F1:0.89 0.0
0.8
Gnat
F1:0.91°
ul
o -0.6
= Midge
u FL:0.95
= i
= 0.4
Mothlly
Fl:1.0
-0.2
Thrips
F1:0.98 0.0 0.0
" . . \ -0.0
Fly Gnat Midge Mothly Thrips
Predicted labels

Bl 4-48 Model C2 ip]3% 2 &

PRt g BB 0 S AR T OER LR S Sl B e
PSR A e H R F ] S e R el Y 0 A A
o dONATARS T L Sl B
GFHIRET LEF AT AEAERR] cAprt 2T 0 R RAMAP A EOR T i F
AER A LA 240 - B E R R g BRAFREADG T o T

SE R FYRT R A {4 IR T B e 5 3B R
S BEAENL o B BN E AP PPDM i Senlh i o T S £ 5 F Atk

frE 5 R R A R R -

CFER VLR L ens AT -

77

doi:10.6342/NTU202303657



1 5%

REEL A i T AR 0 SR O % e e ¢ o Bl 2 RS
/’J\J- ﬁ*_‘m]m ST AL © H?]}]é?,i\.,]ﬂ#&lh ?E‘fﬁﬂfﬂiéi§?¢ﬁfﬁ’ 31%&4 1

ir TR FR R 3 arth o AP RHBERFSREE S P REI T

SRGAN # 1§3% 3 #-3):

I 57 P2 REARE IR B ARH AR S %2 3 19
PR AHEATHNT Rl &L P RS LNtk A s 4

F]350EPEFT Ui B iE gk
2. WS RACA e ke o B Rdein 128 x 128 #HE #8 ~ SRGAN 7] it

B g o i ﬁi; 128 x 128 s¢ 7 3| A= i * 32X321&vk}$§]7‘8£f«i']§

5

it

15 i 5

1. &% 3s s end H R aE 2 A 837 3] Fi-score %) 0.925 5 Ap 31 * fdo
B A M 4 2.7% 0 B ¢ i el aw S g A X 9% 5 i A K 3%

2. BT B~ EFAE ~ CNNHA P a2 = 4 #5319 3] Fr-score % 0.921 > 4p ¥/
WA A 2.3% 0 B P as e oL A 6%

3. BERYM Y & Fhers oA 7 3] Fi-score ) 0.942 > Ap ¥ @ * 4
BRI 4e 4.4% > B ¢ sl i A X 18% 5 e 2 ) 7%

4. @& * McNemar sz % 0 B s~ il AT FR S > ¢ 4 #Hik
AR AN ) PR E R 5 PO B S L o Bs SR s g

N

78

doi:10.6342/NTU202303657



ENER L

E>

B

1. SR pAEY AR RS e fEE % H3) 0 Model Al ~ Model A2 -
Model A3 22 Model A4 » & &) d 2 ##73]520.898 ~ 0.925 ~ 0.921 £2 0.942 & =
] 0.956 ~ 0.966 ~ 0.958 &2 0.968 -

2. B Rk ARIRRE R PP P A B AT RO o v A
Bl 5 B Fama e 0 ¥ & Model Al &2 Model A2 ic i o) 22 £ #2" UE &
ELR %o

3. RAFBRAFERFEEAEI RS > G R LR AR

i GMM fk & & E h[es T o sl 3Rk A B D AR A F - IO o

T o YRS SR RS e m?ﬁ% c AR F9 T ke F LR A
TR DI EREAIRAD B F o
4, BB AR A HATERF AP R FEAGFERFEZ > AR pAFY

AT 0 TR PREENEEF R A e B HMLE > 3V N ERE %
TR SRERAGEFL TR AT OEL

5. MMM A AFY IR EE s~ PPDM kY > KiET B A ARREE
& g H-A] e Fi-score 7£_0.929 % = 3 0.956

1R S

1. @& * Arducam 64MP Ap#8:i& {72 % > s J9dp &I { 5 T Acndm & > o 3R
RS o ATAR A R 1 DPT 9 2 & > 3+ 5 Tenengrad 94 #i
for R FRA o

20 R RARRITE R GRS A RS RS AR Y R
AR F A A SR 0 0.901 Fi-score 0 i€ * RTAP 8 AT SRR F & A 3
0.945 » Z P ATAP Y6 4130 2 S HCR ot Af ArfT e oo

FraH 23 ZHMcHaMs B2 6 gt o Al a 0 # % 3y
5 T e S 1 B e £ 4 0 2 BATARCAI B 0 AR R4 eniEa] B R £

B8 2.7% ~ 2.3%% 44%ch Fr-score e e PF s - 2 ad bR BY gy
B A FE AT A T GMM A FEFEERBHRAST H Lo

79

doi:10.6342/NTU202303657



ST B ORAARARIREGS B AR A Py o c ARG G0 AR
37 PPDM 2 B~ % N cofpidiiie > FRL S hT AV W E > SERE 0 1
RIS o AR A HECA FrRi AR o ) BARE AT
PPDM i 523 f yaoiy 4% 2 b’“riéi:':;’ﬁ?f;’% o

AP RCTAFRMRSEER Y ATV FHEe S A vy BE

R 2 e BER S e  Bpt IR AT

1. B fk &322 2 4 47 Precision 2 Missing rate £2 & ¥ & % b B > 23R
FEREAH B QR LR Bk &L ERE At ARy
fine-tuning & % 2. ¥ cHB# i 4 o

2. P @ Training cycle ®FH 21— B2 5 H x> 23R 7 FF VR BT fjcd
R 4o d B2 2B AR L ESHE BRAFOFEFERAL IR
5% R m s o

3. 4L RF 4 > Missing rate 4514 > 5t @ p B 1V B Y agoi BT L ek % o

ER2 8V L EFH/B p BT B 4k A e Precision I '8 4 Missing rate £

4. pw SRGAN FH E AT &Hf > Ve > A k7 ¥ * Arducam 64MP
1P # e Raspberry pi camera v2 » ™ { B f347 R R 3 R 0 BB 1

BoA) ey o

80

doi:10.6342/NTU202303657



4

Aiello, G., Giovino, I., Vallone, M., Catania, P., & Argento, A. (2018). A decision support
system based on multisensor data fusion for sustainable greenhouse management.
Journal of Cleaner Production, 172, 4057-4065.

Alves, A. N., Souza, W. S., & Borges, D. L. (2020). Cotton pests classification in field-
based images using deep residual networks. Computers and Electronics in
Agriculture, 174, 105488.

Azfar, S., Ahsan, K., Mehmood, N., Nadeem, A., Alkhodre, A. B., Alghmdi, T., &
Alsaawy, Y. (2018). Monitoring, detection and control techniques of agriculture
pests and diseases using wireless sensor network: a review. International Journal
of Advanced Computer Science and Applications, 9(12), 424-433.

Baucum, M., Belotto, D., Jeannet, S., Savage, E., Mupparaju, P., & Morato, C. W. (2017).
Semi-supervised deep continuous learning. Proceedings of the 2017 International
Conference on Deep Learning Technologies.

Boyat, A. K., & Joshi, B. K. (2015). A review paper : Noise models in digital image
processing. Signal & Image Processing : An International Journal, 6(2), 63-75.

Bradski, G., & Kaehler, A. (2000). OpenCV. Dr. Dobb’s journal of software tools, 3(2).

Cho, J., Choi, J., Qiao, M., Ji, C., Kim, H., Uhm, K., & Chon, T. (2007). Automatic
identification of whiteflies, aphids and thrips in greenhouse based on image
analysis. International Journal of Mathematics and Computers in Simulation,
346(246), 244.

Dai, Q., Cheng, X., Qiao, Y., & Zhang, Y. (2020). Agricultural pest super-resolution and
identification with attention enhanced residual and dense fusion generative and
adversarial network. /[EEE Access, 8, 81943-81959.

Domingues, R., Filippone, M., Michiardi, P., & Zouaoui, J. (2018). A comparative
evaluation of outlier detection algorithms: Experiments and analyses. Pattern
recognition, 74, 406-421.

Dong, C., Loy, C. C., He, K., & Tang, X. (2015). Image super-resolution using deep
convolutional networks. IEEE Transactions on Pattern Analysis and Machine

Intelligence Access, 38(2), 295-307.

81

doi:10.6342/NTU202303657



Dong, C., Loy, C. C., & Tang, X. (2016). Accelerating the super-resolution convolutional
neural network. European conference on computer vision.

Ehler, L. E. (2006). Integrated pest management (IPM): Definition, historical
development and implementation, and the other IPM. Pest Management Science,
62(9), 787-789.

Espinoza, K., Valera, D. L., Torres, J. A., Lopez, A., & Molina-Aiz, F. D. (2016).
Combination of image processing and artificial neural networks as a novel
approach for the identification of Bemisia tabaci and Frankliniella occidentalis on
sticky traps in greenhouse agriculture. Computers and Electronics in Agriculture,
127,495-505.

Gjestang, H. L., Hicks, S. A., Thambawita, V., Halvorsen, P., & Riegler, M. A. (2021).
A self-learning teacher-student framework for gastrointestinal image
classification. 2021 IEEE 34th International Symposium on Computer-Based
Medical Systems (CBMS).

Guérin, J., Thiery, S., Nyiri, E., & Gibaru, O. (2018). Unsupervised robotic sorting:
Towards autonomous decision making robots. arXiv preprint arXiv:1804.04572.

He, K., Zhang, X., Ren, S., & Sun, J. (2016). Deep residual learning for image recognition.
Proceedings of the IEEE conference on computer vision and pattern recognition.

Hoi, S. C., Sahoo, D., Lu, J., & Zhao, P. (2021). Online learning: A comprehensive survey.
Neurocomputing, 459, 249-289.

Howard, A. G., Zhu, M., Chen, B., Kalenichenko, D., Wang, W., Weyand, T., Andreetto,
M., & Adam, H. (2017). Mobilenets: Efficient convolutional neural networks for
mobile vision applications. arXiv preprint arXiv:1704.04861.

Huddar, S. R., Gowri, S., Keerthana, K., Vasanthi, S., & Rupanagudi, S. R. (2012). Novel
algorithm for segmentation and automatic identification of pests on plants using
image processing. 2012 Third International Conference on Computing,
Communication and Networking Technologies (ICCCNT'12).

loffe, S., & Szegedy, C. (2015). Batch normalization: Accelerating deep network training
by reducing internal covariate shift. International conference on machine learning.

Khalifa, N. E. M., Loey, M., & Taha, M. H. N. (2020). Insect pests recognition based on
deep transfer learning models. Journal of Theoretical and Applied Information

Technology, 98(1), 60-68.

82

doi:10.6342/NTU202303657



Khan, M. A., Sharif, M., Akram, T., Raza, M., Saba, T., & Rehman, A. (2020). Hand-
crafted and deep convolutional neural network features fusion and selection
strategy: an application to intelligent human action recognition. Applied Soft
Computing, 87, 105986.

Kogan, M. (1998). Integrated pest management: historical perspectives and contemporary
developments. Annual Review of Entomology, 43, 243-270.

Krizhevsky, A., Sutskever, 1., & Hinton, G. E. (2017). Imagenet classification with deep
convolutional neural networks. Communications of the Acm, 60(6), 84-90.
LeCun, Y., Bengio, Y., & Hinton, G. (2015). Deep learning. Nature, 521(7553), 436-444.
LeCun, Y., Bottou, L., Bengio, Y., & Haffner, P. (1998). Gradient-based learning applied

to document recognition. Proceedings of the IEEE, 86(11), 2278-2324.

Ledig, C., Theis, L., Huszar, F., Caballero, J., Cunningham, A., Acosta, A., Aitken, A.,
Tejani, A., Totz, J., & Wang, Z. (2017). Photo-realistic single image super-
resolution using a generative adversarial network. Proceedings of the IEEE
conference on computer vision and pattern recognition.

Li, F., & Xiong, Y. (2017). Automatic identification of butterfly species based on HoMSC
and GLCMolB. The Visual Computer, 34(11), 1525-1533.

Lin, W. Y., Hasenstab, K., Cunha, G. M., & Schwartzman, A. (2020). Comparison of
handcrafted features and convolutional neural networks for liver MR image
adequacy assessment. Scientific Reports, 10(1), 11, Article 20336.

Liu, T., Chen, W., Wu, W., Sun, C., Guo, W., & Zhu, X. (2016). Detection of aphids in
wheat fields using a computer vision technique. Biosystems Engineering, 141, 82-
93.

Lu, S., & Ye, S.-j. (2020). Using an image segmentation and support vector machine
method for identifying two locust species and instars. Journal of Integrative
Agriculture, 19(5), 1301-1313.

Magsood, M. H., Mumtaz, R., Haq, I. U., Shafi, U., Zaidi, S. M. H., & Hafeez, M. (2021).
Super resolution generative adversarial network (Srgans) for wheat stripe rust
classification. Sensors, 21(23), 7903.

Mohapatra, B. R., Mishra, A., & Rout, S. K. (2014). A comprehensive review on image
restoration techniques. International Journal of research in advent technology,

2(3), 101-105.

83

doi:10.6342/NTU202303657



Oerke, E. C. (2005). Crop losses to pests. The Journal of Agricultural Science, 144(1),
31-43.

Oliveira, C., Auad, A., Mendes, S., & Frizzas, M. (2014). Crop losses and the economic
impact of insect pests on Brazilian agriculture. Crop Protection, 56, 50-54.

Otsu, N. (1979). A threshold selection method from gray-level histograms. /EEE
transactions on systems, man, and cybernetics, 9(1), 62-66.

Pan, S. J., & Yang, Q. A. (2010). A Survey on Transfer Learning. leee Transactions on
Knowledge and Data Engineering, 22(10), 1345-1359.

Partel, V., Nunes, L., Stansly, P., & Ampatzidis, Y. (2019). Automated vision-based
system for monitoring Asian citrus psyllid in orchards utilizing artificial
intelligence. Computers and Electronics in Agriculture, 162, 328-336.

Pech-Pacheco, J. L., Cristobal, G., Chamorro-Martinez, J., & Fernandez-Valdivia, J.
(2000). Diatom autofocusing in brightfield microscopy: a comparative study.
Proceedings 15th International Conference on Pattern Recognition. ICPR-2000.

Picango, M. C., Bacci, L., Crespo, A. L. B., Miranda, M. M. M., & Martins, J. C. (2007).
Effect of integrated pest management practices on tomato production and
conservation of natural enemies. Agricultural and Forest Entomology, 9(4), 327-
335.

Rajan, R. G., & Leo, M. J. (2020). American sign language alphabets recognition using
hand crafted and deep learning features. 2020 International Conference on
Inventive Computation Technologies (ICICT).

Raschka, S. (2018). Model evaluation, model selection, and algorithm selection in
machine learning. arXiv preprint arXiv:1811.12808.

Reynolds, D. A. (2009). Gaussian mixture models. Encyclopedia of biometrics, 741(659-
663).

Rousseeuw, P. J. (1987). Silhouettes: a graphical aid to the interpretation and validation
of cluster analysis. Journal of computational and applied mathematics, 20, 53-65.

Rustia, D. J. A., Lin, C. E., Chung, J.-Y., Zhuang, Y.-J., Hsu, J.-C., & Lin, T.-T. (2020).
Application of an image and environmental sensor network for automated
greenhouse insect pest monitoring. Journal of Asia-Pacific Entomology, 23(1),
17-28.

Shi, W., Caballero, J., Huszar, F., Totz, J., Aitken, A. P., Bishop, R., Rueckert, D., &

Wang, Z. (2016). Real-time single image and video super-resolution using an

84

doi:10.6342/NTU202303657



efficient sub-pixel convolutional neural network. Proceedings of the IEEE
conference on computer vision and pattern recognition.

Simonyan, K., & Zisserman, A. (2014). Very deep convolutional networks for large-scale
image recognition. arXiv preprint arXiv:1409.1556.

Tan, M., & Le, Q. (2019). Efficientnet: Rethinking model scaling for convolutional neural
networks. International conference on machine learning.

Tetila, E. C., Machado, B. B., Astolfi, G., Belete, N. A. d. S., Amorim, W. P., Roel, A.
R., & Pistori, H. (2020). Detection and classification of soybean pests using deep
learning with UAV images. Computers and Electronics in Agriculture, 179.

Thenmozhi, K., & Srinivasulu Reddy, U. (2019). Crop pest classification based on deep
convolutional neural network and transfer learning. Computers and Electronics in
Agriculture, 164.

Thomas, M. B. (1999). Ecological approaches and the development of "truly integrated"
pest management. Proceedings of the National Academy of Sciences of the United
States of America, 96(11), 5944-5951.

Tianyu, Z., Zhenjiang, M., & Jianhu, Z. (2018). Combining cnn with hand-crafted
features for image classification. 2018 14th ieee international conference on signal
processing (icsp).

Voulodimos, A., Doulamis, N., Doulamis, A., & Protopapadakis, E. (2018). Deep
Learning for Computer Vision: A Brief Review. Comput Intell Neurosci, 2018,
7068349.

Wang, Q.-J., Zhang, S.-Y., Dong, S.-F., Zhang, G.-C., Yang, J., Li, R., & Wang, H.-Q.
(2020). Pest24: A large-scale very small object data set of agricultural pests for
multi-target detection. Computers and Electronics in Agriculture, 175.

Wang, X., Wang, C., Yao, J., Fan, H., Wang, Q., Ren, Y., & Gao, Q. (2022). Comparisons
of deep learning and machine learning while using text mining methods to identify
suicide attempts of patients with mood disorders. Journal of affective disorders,
317,107-113.

Wang, Y., Shen, J., Petridis, S., & Pantic, M. (2019). A real-time and unsupervised face
re-identification system for human-robot interaction. Pattern recognition letters,

128, 559-568.

85

doi:10.6342/NTU202303657



Wang, Z., Bovik, A. C., Sheikh, H. R., & Simoncelli, E. P. (2004). Image quality
assessment: from error visibility to structural similarity. /EEE Transactions on
Image Processing, 13(4), 600-612.

Wen, C., & Guyer, D. (2012). Image-based orchard insect automated identification and
classification method. Computers and Electronics in Agriculture, 89, 110-115.

Xie, C., Wang, R., Zhang, J., Chen, P., Dong, W, Li, R., Chen, T., & Chen, H. (2018).
Multi-level learning features for automatic classification of field crop pests.
Computers and Electronics in Agriculture, 152, 233-241.

Yao, Q., Xian, D.-X., Liu, Q.-J., Yang, B.-J., Diao, G.-Q., & Tang, J. (2014). Automated
Counting of Rice Planthoppers in Paddy Fields Based on Image Processing.
Journal of Integrative Agriculture, 13(8), 1736-1745.

Zhang, L., Zhang, L., Mou, X., & Zhang, D. (2012). A comprehensive evaluation of full
reference image quality assessment algorithms. 2012 19th IEEE International
Conference on Image Processing. Vienna, Austria.

Zhang, T., & Zhang, X. (2021). Injection of traditional hand-crafted features into modern
CNN-based models for SAR ship classification: What, why, where, and how.
Remote Sensing, 13(11), 2091.

Zhou, H., Miao, H., Li, J., Jian, F., & Jayas, D. S. (2019). A low-resolution image
restoration classifier network to identify stored-grain insects from images of

sticky boards. Computers and Electronics in Agriculture, 162, 593-601.

86

doi:10.6342/NTU202303657



	誌謝
	摘要
	Abstract
	圖目錄
	表目錄
	第一章 緒論
	1.1 前言
	1.2 研究目的

	第二章 文獻探討
	2.1 基於影像的昆蟲辨識方法
	2.1.1 影像處理應用於昆蟲辨識
	2.1.3 機器學習應用於昆蟲辨識
	2.1.2 深度學習應用於昆蟲辨識

	2.2 影像增強技術
	2.2.1深度學習應用於影像增強
	2.2.2 影像增強模型應用於農業影像辨識

	2.3 手工特徵 (Handcrafted Features)
	2.3.1結合手工特徵和深度學習之方法
	2.3.2手工特徵應用於深度學習模型

	2.4線上學習方法回顧
	2.4.1連續神經網路學習 (Continuous Neural Network Learning)
	2.4.2 線上學習與其應用


	第三章 研究方法
	3.1 研究架構
	3.2 害蟲分類模型之優化
	3.2.1 原始害蟲分類模型
	3.2.2 影像增強分類模型
	3.2.3手工特徵融合於害蟲分類模型
	3.2.4影像增強結合手工特徵分類模型

	3.3模型訓練與評估
	3.3.1起始模型建立
	3.3.2分類模型效能檢定
	3.3.3影像增強模型訓練與評估

	3.4線上自主學習框架
	3.4.1自動害蟲影像收集
	3.4.2害蟲樣本清理流程
	3.4.3模型再訓練與模型更新

	3.5實驗場域與害蟲影像資料集
	3.5.1害蟲標的
	3.5.2害蟲影像資料集

	3.6 I2PDM相機模組升級
	3.6.1相機模組
	3.6.2原始相機與高解析度相機分類模型測試


	第四章 結果與討論
	4.1影像增強模型訓練結果
	4.1.1初步實驗結果
	4.1.2影像增強方法
	4.1.3樣本數對於影像增強模型評估結果

	4.2深度學習模型訓練結果
	4.2.1原始模型訓練結果
	4.2.2影像增強分類模型訓練結果
	4.2.3手工特徵分類模型訓練結果
	4.2.4影像增強結合手工特徵分類模型訓練結果

	4.3線上自主學習
	4.3.1樣本清理參數選擇
	4.3.2線上自主學習迭代訓練結果
	4.3.3動態樣本測試結果
	4.3.4樣本清理演算法探討

	4.4線上自主學習部署於I2PDM系統
	4.4.1基礎模型訓練結果
	4.4.2程式架構
	4.4.3實際部署運作結果

	4.5相機模組升級結果
	4.5.1實際拍攝結果與延長支架設計
	4.5.2分類模型測試結果


	第五章 結論與建議
	5.1 結論
	5.2建議

	參考文獻



