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Deep Learning-Based Hemiptera:Heteroptera Detection
Using Data Augmentation
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"Department of Data Science, Kookmin University
2Ontwoin
3Department of Al, Big Data & Management, Kookmin University

2 o W3 Y % BIE vY Hok W 8% FAolth. £ A3t w28 Fds Fu 9}‘ =S
(Hemiptera)& BA[ste] 3oz <Igt HsiE Hadfslar, A& 7l~—; T4 AR et g daEES Adsta

A =3P = et olo YOLOv5s@t YOLOv8ndt 22 A §A|(Object Detection)?] tHEZ Q] HE-E €850 Fo]
ohgeial 22 ARl HAE Ao R gAsteA AYstAnt B3 S 119 £t ABolA Y L8RS Aa
Al717] 913t o2 dlol¥] F7H(Data Augmentation) 719 5 371, 314, 271 24, Fot7] 1aL tiulet 22
71HE& Yot 2] 45 vwstrh. FHH R, YOLOvBnS AHESE AA| SeA0] oigt dloldy 73 Al ‘Fst
71eh B 7S ARSRE W mAPS0 0.992= A5l 7P =4 Ut 53], o] ¥ {5 L8A7F A%d
AR SHA PFLREE mAPS0 0.995% 7 =A Wit olof 'Hie’A" dlolERt S5l et A
YOLOv5s RHoAE FARE A A of23t A9 A5 &3] Hold 5474 283t Ad3As 2o =1
A ‘:EiLX]OﬂH A Fal 7101 4 USZ IAT £ ASleH, olHE AT A T £k HEd At weld
A AZAEE L&k ol =0l E Ao |rgith

Abstract Pest prevention and management are critical topics in the field of agriculture. This study was
conducted to determine ways to minimize damage caused by pests, specifically focusing on detection of
the Hemiptera that harm crops, and to develop a deep learning algorithm for sustainable agricultural
production. In this context, object detection models such as YOLOv5s and YOLOv8n were utilized to
experiment with effective detection of Hemiptera, which are diverse and small in size. Additionally, to
reduce false detection in situations of class imbalance, data augmentation techniques were introduced,
including flipping, rotating, resizing, multiplying, and adjusting contrast, and the performance of the
models was compared. Using YOLOv8n, the application of multiply-and-contrast techniques in data
augmentation for all classes achieved the highest performance overall (mAP50 of 0.992). Notably, this
approach yielded the highest score for the Meok Norinjae class (Scotinophara lurida), which was prone
to frequent false detection (mAP50 of 0.995). Subsequently, similar results were obtained in the
experiment with YOLOv5s, added by augmenting only the Meok Norinjae data. These experimental
outcomes demonstrate that artificial intelligence models enhanced with data augmentation techniques
can contribute to performance improvements in detecting Hemiptera. Such findings are expected to
assist in the utilization of artificial intelligence for pest prevention and management in agriculture.
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Wl s7tA= AR Qg AAE &SAlo] e
& ZAoE BriET Qi ==L m2jE(Diptera),
g A E(Coleoptera), HE(Hymenoptera), HH|=
(Lepidoptera)ell olo] oAl WA R & 25 1H2=,
A4 ZAY, QR 7148 9 o dHeF T2 ohgst
T4 F4E 7L sE&E] FAsto] msiE EoH2l
MEHoR AR ZZ(Hemipteroid)S & 1409]
Aol 84k 37| Fo] FHA 3o, olF A F,
ARER, Pujde® =dAq77 SoiE 72 dorl=
e FEH 9t E9], Ao (Heteroptera)
< 32 ¥, 5&4F, I 5Y oSt F£9olA 71488t
of 24 WY, A= w7l FdE 9 A ASE Ao
3], '=7FsEY S A A" (NCPMS)' 9 '
5 SRR O WEd A= A, g, A
3T, 2t 1, =9, S, F S, B, B
EF4909, AL £, oFE, EF T FUlollA] A4 S
oF 609 7HA] B2l 445t siE A3t & E01
ofFH 12 25 A9 - ollA FH
=, o= 99 EHo] v TN 7L 1T
of 7+8< THEHA 9 Aso] YEEL 7FoR
A TEETHAL o213t kAo o3t FsiE Ao

ol

AL 599 A, 2o ¥ B BT JohA
"5olths]. BA) 71l o5 WA L EXE 9

3 tiFE Bl oEshal Ao, soF2 dFe] A
3, B 29, A £Al § IRt 2AE Lot of
2t EA) digt 2 & shte S BUEPE 5
8 sfiE& =710 skl s Hredt ARZ WA

3R gl o] AAFe 35S BUHYsY YR
w e o) ok AmAORA Bk A8 Ha

Slol= bl 583 I 3ItH6]. & AFollAE ozt
5 ZUEHP AAH] AFA5E &8l A A
gt}

A= A 53 AFERIE Y (o T Internet of Things)
o] WHog AntE FF HYEF(SPM: Smart Pest
Monitoring)o] §7&5te] BE&AQ oI5 AAE 1L A
oHol. sliF oFe] A olw|A] 7I5F "2d A €A
9 ER 7leZ 285t sis AAE gRsHAY /A
3 FE TESkE A7t o]FolA L QUHH6,8-17]. =
A9l AL eFofA= 20224 'AH AT Miridae)'
£ &83to] mj fARRE Foll tigt om|A] 7wk BR

(Classification) d7-7F o]Fo]%l ALZ SI= ATt
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(7] SHelA= ob 845 71€ 2] A7t HF
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<= AL st ol AlEAl sk, =gl gt
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o ol& anxog Fejotal th-got] ¢
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HopollA 52E9] 41 it ol 7]
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qg PEI AY IPEL Fig. 13+ 2ol A

2 =29 AL ot Z olofAlE 230A=
glolBAl 3 AR "oy AR BA] 2ES AR
gtk 3golM e Lho ds Hluet boly S 2 4
5 B7F 2IE AARIG A gog 4o & A
7o AEF} A, 191 e AT 4 4 A &&
7Fs7dell Hisl =fgte

1%*Model Training
Train Dataset - Model Selection
Training N
1
214 Model Training
- Model Tuning
- J
]
N
314 Model Training
Test Dataset - Data Augmentation
Prediction )
!
’ Best Model for
Hemiptera

Fig. 1. Overall flow of proposed method
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2. LBIX EX| FH|

2.1 HO|H Z=H|

2 AFoMEs =dA Hol" NEE 23 +35te
ARESIA. 3E HolEe SHod 2 EHEe
1859 AL oz 519 om, Table 13 Fig. 2
o} Zo] JAAEA 7] Ext@o] A Afe]=7F HuhkH
o7 A2 EZ 7ML Aot #9187 Fig. 33
2o 74 F& shuel FA Aosih. +3d
OlEl= TSRt S0l AAl AR TS Hsl =
& A99 w2E 4 E71, A=l Aoldl Hie,
HA7E ffol7ke Bheiet mef SollM TAEUAY, A
A 5 ddAoA 298 ouAE WA FAste] 5
ATt olof w2t ojujx|e} 7], 27, 17, Ak 5Ol
OIS e, ol HE9] ARl n dutsl 45
< =0e d =&°] 2 & . AA doly = F
8,40571%, °ol& Z7 3k, AT, 12| HAEC
8:1:19] Hl&& ARESIAT

Table 1. 18 classes in the dataset

No, g (Class) A4 Hl&
1| 752 AR(EA) 248 2.95
2| ZAIAAAPS) 618 7.35
3| FESE =AY 337 4.01
4| SRS 67 0.80
5| BEHGRAAEG) 642 7.64
6| wH=AAED) 840 9.99
7| AU =AALO) 617 7.35
8| AlE7HAISE =R (CP) 541 6.44
9| HPUELAA(HH) 558 6.44
10| <H4A=AA(DB) 848 10.09
11| oi71:=ARD 246 2.93
12| of7|FHegd A (AP) 55 0.65
13| oiz1:="AI(NP) 229 2.72
14| Ry Te224d=THAC) 441 5.25
15| FoHE)Ans = dA(RE) 874 10.40
16| SAwAA(NA) 190 2.26
17| 32wAAGR 360 428
18| EoEjl=AA(PE) 694 8.26

A 8,405 100

1.0-

height

0.2

0.4 0.8

width

0.6 1.0

Fig. 2. Image size of dataset
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Fig. 3. Examples of 18 Classes
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2.2 M| A 2F MRt
£ oA sEolA AR =R gAE et

989 B ghEol] 93t S Akt A4 g
A 2de 37 1944 HZ7](One-Stage Detector)2t
294 HZ&7](Two-Stage Detector)® FEEHT}H HE
19 A= SEHA, 284 L= HolA dso] =
= O U2 Aog dEfA e, £ dFol= ol F 7t
A7F BE 22 A02 4FH YOLO AL AQtett
[18,19]. YOLO+= 2015¢°] Aok Hx9] 194 A&
7](One-Stage Detector) REE AA oln|x|o T
ARFLE HEsto] BHE HE & HojETH18].
YOLO9] 7124 darg}&2 Fig. 49 2ol oW|A&
JYE(GridE W H, 2 2= A(Grid Cell)ollA
24419 A AAHBounding Box)2} Eei2of tist &
£ SA9 d=3IcH19]. YOLOZE 54317 274 1
@A HE719] B¢ HE &k dib] 4ol 284 A
710 Hlgf 2 Ao & dA FARE YOLOZ 371€
ol% & AEst 871 ¥ YOLO Edo] 371%]

o] IAoA ATt M=o AT &=t
g SHoA BT §535 5= Holil glo] Azt
o7 AAHE GAfofsts oA HAc Hdoltt.

=

=2

AL,

o=

Class probability map

Fig. 4. YOLO Model's basic algorithm [19]

3% EofellAl YOLOv3[11,13,17], YOLOv4[8],
YOLOv5(10,12,14-17] 5ol &85 AREI7l A9,
YRS o2 gt A+ A= 7] oY £ Al
A= w214 g4 YOLO 2Eo] &8 /M54 olst
12} gk o] nd F LR}t JARE EAS Hol
35 2ofoll4 7 HWol] €8H YOLOvSE 7[El s,
A 7]& 7P 241 2E9l YOLOvES Hlw REa
AEstal, E o] = 71X YOLO AY 2duke] nlus
A3l E o2 AFF 2dE &= SSD o MobileNet
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V2E W o g ARgslo] AY 270 § v w3t A3,
FZ 249S YOLOv8nE Akslch.

Al

=

3.
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3.1 ME ZEo| MEd

7 AAgt 2 A €] 2dS Agsty] Ygt A 3t
Ao Z YOLOv5[20], YOLOv8[21], SSDI22]19] A<
1242 Hwstgtk. YOLOvSSE YOLOv8S ol 74|
AlE WHE 7K Slo], AARE E8-& TEste] et
tje] 71 O WA £E7t WiEdl T o] Hjtt £
&9 YOLOv5S] s ¥Z3} YOLOV8S] n ¥#& A=s}
It 2d &2 BT IZ 7Y ZZ(Google
Colaboratory PRO)9] GPU v1002 AR&5to] epoch
100, batch 16, learning rate 0.019] Z2 53t %
707 st

D9l gries dutdo s A R4 7Rt Wol A
235M= Hrh X1 #Q) AYUE(Precision), A&-&(Recall),
mAP(mean Average Precision)& ARE5}o] FaFZ 0
2 Hwsilth. Fdhs AR g3 AR F AR
AA7L e vES Db, P& AAE U= 4A
ZFolA Zdo] HgalA &ARE HlE&S Uit mAP=
ol S oigt HFE HIUZ(AP:  Average
Precision)9] B¢t 0= AA| BA] FofollA F& AR
Sk= s B7F A|3oltt.

ok, olE F ojb shut Eria £& Hdolz} 3
7k5l7] ol#HS-ER A ARESIRIOH Al A H= of
A3k o] A= ATH23].

ion— TP TP (1)
Prewsion = "o p b ALl Detections
TP r
recall = TPLEN_ Al Cround Truth V)
1 n
mAP= N ZAPi G

i=1

Elo] sjs5 A3k 941 SSD MobileNet V2 mAP50
] 0.803°2& YOLO AlES F Zdkc} Jjzog 4
50l Wob 121302 FF ndojA APt thFo 2
YOLO AYE & 2dg H|¥FE d= Table 2, Table
39] ATE Basic® Zo] mAP507F 0.96~0.972 &3t
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Table 2. Overall training results of YOLOv8n

Condition Precision Recall mAP50 mAP95
A. Before Basic 0.959 0.903 0.968 0.868
Augmentation Hyper-parameter Tuning Casel 0.957 0.944 0.970 0.873
Flip 0.976 0.974 0.986 0.927
Rotation 10 0.977 0.983 0.990 0.907
Scale +1.2 0.953 0.949 0.977 0.802
B Al Multiply +1.3 0.980 0.982 0.991 0.936
Classes Contrast 0.5~1.5 random 0.983 0.981 0.992 0.939
Augmentation | wuleiply + Contrast 0.980 0.972 0.991 0.927
Multiply + Contrast + Rotation 0.964 0.966 0.987 0.881
Multiply + Contrast + Rotation + Flip 0.972 0.955 0.984 0.877
Multiply + Contrast + Rotation + Flip + Scale 0.946 0.936 0.976 0.778
C. contrast 0.5~1.5 random 0.955 0.946 0.980 0.887
M. multiply +1.3 0.951 0.961 0.983 0.902
iﬁgmemmon Multiply + Contrast 0.927 0.928 0.964 0.858
only for SL Multiply + Contrast + Rotation 0.955 0.955 0.979 0.893
Multiply + Contrast + Rotation + Flip 0.949 0.938 0.980 0.881
Multiply + Contrast + Rotation + Flip + Scale 0.966 0.936 0.978 0.872
Table 3. Overall training results of YOLOv5s
Condition Precision Recall mAP50 mAP95
A Before Basic 0.929 0.929 0.964 0.752
Augmentation Hyper-parameter Tuning Casel 0.949 0.947 0.969 0.828
Flip 0.959 0.978 0.979 0.873
Rotation 10 0.956 0.981 0.986 0.812
Scale +1.2 0.979 0.972 0.988 0.645
B Al Multiply +1.3 0.977 0.978 0.991 0.884
Classes Contrast 0.5~1.5 random 0.975 0.985 0.992 0.887
Augmentation | vuleiply + Contrast 0.974 0.974 0.990 0.858
Multiply + Contrast + Rotation 0.957 0.981 0.986 0.804
Multiply + Contrast + Rotation + Flip 0.976 0.961 0.985 0.791
Multiply + Contrast + Rotation + Flip + Scale 0.955 0.963 0.978 0.691
Contrast 0.5~1.5 random 0.942 0.953 0.978 0.842
Multiply +1.3 0.941 0.966 0.984 0.855
C. Multiply + Contrast 0.946 0.940 0.975 0.822
Augmentation
only for SL Multiply + Contrast + Rotation 0.948 0.947 0.978 0.843
Multiply + Contrast + Rotation + Flip 0.954 0.924 0.973 0.815
Multiply + Contrast + Rotation + Flip + Scale 0.947 0.940 0.976 0.808

tt. #FZHOo= YOLOv8no| YOLOv5sETh g
$7F F 4007 © oA, mAP50, mAP95, HHEE
oA Sk 5 Kol T nE= Austylct. mEkA
£ =FolAE YOLOv8n BES XF AY w2 A
St S BEde B9 I A Hudh

olo] YOLOv8n9| 452 &7 © ¥°l7] 93] 3ol

609

mHutEto| e S 25tk YOLOv8n®| sto]wet] g
= & IR, o AES Boll, I3l 7P 22 4
= Kol Bd9] slojunfEiulE 23k Hesiyich 1
Z3L Table 49 Case 13 Z©] IoU(Intersection of
union) YAIFE 0.7°914 0.8%, Hd A ¢
(max_det)& 300914 50022 Z7FA7]1L, k= HiA|
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Aol Z(nbs) & G404l 128% A5}l A5o] ot

(B) Example of SL class
prediction after Data

(A) Example of SL prediction
errors before Data

E1 6;}:/%% éﬂ-% %‘—% Z[: 9‘)]‘58"]:]- O]{ﬂ“ﬂ' }_7@% Fig' 5 Augmentation Augmentation
o o] 2k A v} HoAe d Feole s e e
& RA7] gl : '
Table 4. Training Results of YOLOv8n's Hyper-
parameters Tuning
Case Precision Recall mAP50 mAP95
5 0.957 0.944 0.970 0.873
2 0.954 0.915 0.963 0.868
3 0.954 0.908 0.963 0.871
4 0.954 0.912 0.961 0.869
5 0.946 0.937 0.963 0.872

*1:
*:
*3:
*4:
#5:

iou=0.8, max_det=500, nbs=128

1 + box=6.5, cls=0.6, dfl=2.5, scale=0.4
1 + box=6.5, mosaic=0.5

1 + hsv_s: 0.8, hsv_v: 0.5

hsv_s: 0.8, hsv_v: 0.5

E

- 21K 0.95

YOLOv8n

YOLOv8n
Hyper-
parameter
Casel

Fig. 5. Before and after Hyper-parameters Tuning

stolEetule] 7R vhyl Hd2 of| A=
A B2 HAE MEOA A& HAEE sI9T, 1 A3}
Fig. 69 A WA & omA&x Zo] "HiAA(SL:
Scotinophara Lurida)' & ©& =AZ 5 A5t
= AHEZEEAE. ol AR @A A7t
A 7FsdE UEiER 7j4e] Basie) ol 4
5 Aol Table 1914 E+= A3} Zo] Hlojg NEZ}
SR EFEE 2 7IRIE AoE AZEY,
dolg 34 WA &85t E4Y EAIE 433
golg $42 F&3 S949] HolH ¢S 9= U
o7 FE9 A5 P FAHY WA ERS & 5
ATH?24,25].

fai
of

)%
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Fig. 6. Comparison of prediction results before and
after augmentation

Fig. 7. Exsample Images of Data Augmentation
: Original, Flip, Rotation, Scale, Multiply, Contrast

s3]

3.2 O] &4 &

dlolE] 372 thakel ®o] EA5tH, & A+ollA
£ FJ371, IH00m), 271 27G(1.24)), F3H71(1.380
gA) 283 tu)(0.5~1.58 WH) T 57FA] 71EHL
S NE 9 2o 8519 thFig. 7 #X). o1y
g et 374 S 283 A3k= Table 29] BE
of upet qiet. ARtHoR F47HE AMSTo =M A
50| FEReH, 55] Folrlet diulE FEPES o
mAP50 713 0.991 ~ 0.992& 19| 4523 24519
o}, o]t 52 2714 ol 7S A AR 2%
AFoME SIS, Fol7]19 g A AR
9 mAP50°] 0.9912 7M¢ =2 462 B

oigh, AA dlolE AEd] tigt S s ol
7|ofst A, dlofE A4 9 Sigoll AQE= Al7lo] F
7¥ohz glas SHOAE Hlag2oltt. ol Jajsta],




gy 374 7les 83 939 71N k34 FH 9+

g 2ol disiArt 373 El
Yot o] A¥olM= o
A AT Fop)e diHlE SHCRE AYEHUL, At
O 2 Table 5914 &l & U= A 2ol 31719
A dlol8 $7 A9 4d5& 9o mAP50 0.9832 B4
ShaAM QEARE HdA ZF2oA= mAP50
0.995% 1l d5& 245kt Fig. 79 + WA &
o] Zste} o] dlolg 57 A, 2BA oIS H]
AESH AIOAE BE WL 2 HAHFOoZ B
SFRICt. o]& Table 2 € Table 39] 23} Bel: U5t
1 AR Y.L Table 2 @ Table 39 Cofl A5ttt
olsh Ze 27t ARG B 2lasg wsof sk 4
oA Hlole Extgel At 54 ST 2ot HlolH
£ F7Iohs Ak s Fol 7R de EAE & Atk

25 ol "ol
OB Ftsie 4

E
=
o
=

3.3 YHtsl MZo| K5 HE

Ao 2, 2 AolA @2 A3t YOLOv8nOllA
T SfFek=A ERls] s 27]o] A Wt
YOLOv5s ZEoe 5Ust 2402 A¥S AYsHH
t}. Table 394 ERI% 4= 31%0], YOLOv5s HEofA]
T F3719} tiulolA mAP50°] 0.990~0.9922 713
2 452 YeEy YOLOvSnTF 22 ATE 949l
ol B4 Rdo| H3t=A] o, Fo1719t thn] 7]Ro]
E 33 dojglo] tigt 835 AT 5= Atk s
& AASkL Qicth

Table 5. Training Results of Data Augmentation for
SL Classes Only

YOLOv8n YOLOvV5s
Condition
SL All SL ALL
Contrast 0.5~1.5 0.925 0.980 0.986 0.978
Multiply +1.3 0.995 | 0.983 | 0.995 | 0.984
Multiply + Contrast 0.984 | 0.964 | 0.995 | 0.974
phliply + Contrast + | 0,905 | 0.979 | 0995 | 0.978
otation
Multiply + Contrast +
Rotation + Flip 0.925 0.980 0.979 0.973
Multiply + Contrast +
Rotation + Flip + Scale 0.977 0.978 0.976 0.976
4, 4B
£ A7olAes YOLO Ad 989 ZdE &85t =
A Aol gt ookt AEE Ssilth. A A,

YOLOV8n 2@& Aldeta U5 so|sinetuleg

A &, HolH S37HS &8st A B
FROIAE, AAZE FA7E 7RsRE FPS 40 ool £
£ Aot 2E S itk &4 deol FENU
o ole 2 os kA gt antal %‘Xl =
= Aljkste] AAl F% AFNMY AFAsS &8
5 < 9 g3 oo s Al lﬁb&‘r =
AT ATA = B8 A HA =7E Aelr
AgdozM, g Zopll ATAs =49 7Fsd=
stReH 59 A e As Hod g
lEH%E}. E‘t‘?}, olet A+ TES S =UA
2 e O S W8 o
HW% ZAog Al ¥ 2 A9 F8
% dxE & Qo
FZ olold AFollde o tdt A Sl
et 25 4% A, F2Q A g4 29 g
g, vdt Ay 239149 w2 g8iE F= sis
of Tt Yuks}l s A BxE T Aot} o|gst
g B sty At kdA gA 2de A
st 54 A A B0 7]of & A o= 7HRith
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