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Abstract

Rice is a crucial food crop affecting food security and agriculture. This study presents a CNN-based
method to address challenges in rice pest classification, such as sample imbalance and feature
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complexity. The method uses ResNet and VGG architecture, data augmentation, and transfer learn-
ing to improve model generalization and accuracy. Preprocessing includes rotation, scaling, and
translation to adapt to varying field conditions. Class weight adjustment is used to handle imbalance,
enhancing performance on minority classes. Ensemble learning further optimizes model perfor-
mance. The optimized CNN achieved 98.23% accuracy on the test set, with 96.5% and 95.6% accu-
racy for “rice leaf roller” and “asiatic rice borer”, respectively. It also showed strong recognition for
the “grain spreader thrips” class with fewer samples. The model demonstrated 96.48% precision,
98.41% recall, and 97.26% F1 score, confirming its efficiency and robustness.
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TR TR, AR A SO RIS B5 8 FT R S 80H A g s IE4R, BT
#1222 X 4% (Convolutional Neural Network, CNN)7E EMG IR SUBES T W3 kg, JeI AR
PN TR I H e CNN £ i Krizhevsky S8 A [1[#&H, FFiEi I & 1) AlexNet B84/ ImageNet 5%
FERHAS T E R, th)E, CNNHARCT 2N T &R ENRAT S, W H AR, EHE o EIA
oy, AN I E RS T RS AR AL . You [2]5i4R H T —Fh RO 4 e P LU A A
TR E R B RS . ZRGAE VLA SRS S BRI, SRS VAL, TR
FHORF TR R, s BRI AL E R, Nanni 28 A[S]EtHEH 7 —Fht TRl & B35
TiE AR E W 2 (CNN) I 3l 73 888k k47 35 ORI 5 4328, J8 I A 3 P 7 32t S b il 7 %0
MIFRICREAS, T IR E SRR FOR G iR R B, IF X SR AR I 2R 22 A 5 DA B A 2,
TE/NRIE RS IR T 92.43% MR, 1F IP102 B4 HIAH] T 61.93% M HERI R . Khalifa 2 A[4]#¢
HT —ANETEBF MK RS, FT5 Rk ARG, @ e Fh e g, B8 T 93.84%[HER

TE/K ARG U R B U8, CNIN SR B 2 ST R L AR AL G ) N A 3% . lt, Li 28 A [519F
IR PR A T4 ) 4% A A BRSSP 487 14 7K Ao T 5 BB o0 S A s i HERf 22 . Kundur 58 A [6]7F K
1025 TR P 2 2T 1 E B0 AR R 48 PENYEK 7EFE WEVR G ARt S2 B 1 8 m v R, oo HE IR B 2 ) 7R U
SURA B R 7. A RN AR 40 CNN 2544, 1 ResNet. Inception Al EfficientNet, £ 5]
N B RE HFPR BT S5 [ 7] X S i AR A 5] N IR JZ 4 450 BRRIE B 2 RBERFIE SR A,
BERT TN ERZALRE ST 40, Zhang S N[SIHRH T —Fh Ik T RIBIE B S H A M
ST IEsh &SN, ARERE T BRI R e, 2R DT E R, R %R
VEIAEE RIS Bi SN [9]F2H T — Pk T X5 3L B AR M 45 (DBDCNN) RS, dlid 5] N5
HEESIHH(CBAM), KB 1 /KFEM o F M UIAE BE . At B FE N R SR04 G 1088 2% ST A5
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bl de LA R, BUS TR MYERERTT. [FIRE, Teng S8 A[111RA YOLOVT RERAE DAyt GG
R v T BRI VE B AN B AR M e it i

BT TUR Y, BEAE IR 2 SRR AR, AN 2L B S AR A AORE FEMR KIE S T SR1
AT R R VAR T I B, O AR R F R B R AR E ARG I 0L, B2 AL
R EIRMI[12]. BAh, BUA RO AE T S BR YSURIIN ) _E A0 /5 SR B, e AAE BRURCA PR AR p ™
ZNI[13]0 B, TR — ik AR BA H R RAFZ A RE I 0 3L 8 SR 5 oy 24 i 2 s

T ERE S, AT E R L — M T BRI 22 B KR d0F BRI Bk B irEdE:

1) LT ResNet 284544 . Hdladi iSRRI SE,  SRTHIIRE BEMIE MRk

2) BTOXHARE H B PR R TR A AN T 1 I, R S L i 1 e AN SR R S AL B

Wt

3) IS LA FI R AR (N ZRAE . IO UESE R IIAAR)7E 2 R I T BIREA A, IR HTRE AR
ALY AN 73 S BE AN 5
4) FIRIARBBR T, 456 2 MR LSS THRE U RO B AR TR RE, BTt AE 1 s
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Figure 1. The analytical process of rice pest classification models
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FE B (Rice Gall Midge)~ F&H--E Hi(Rice Leaf Caterpillar). F&H-45H Hi(Rice Leaf Roller). F& i (Rice Leaf-
hopper). F&#E 72 3 L (Rice Shell Pest). %221 (Rice Stemfly). F&/K % F (Rice Water Weevil). /M& & & (Small
Brown Plant Hopper). H# & HE(White Backed Plant Hopper) B & 3% fE#E (Yellow Rice Borer) &5 . ZEHHEN
R FRZ AR BH IR, SERRS AR A B FRS FH PR (R SEBR TR 3., i U AR A2 1) o
RGP 1 I S LA

FENEREE T, &I FE R  AfE LB Z A4 . 10, Asiatic Rice Borer F &8 &y 631 7K,
Brown Plant Hopper >4 500 5K, Grain Spreader Thrips 24 103 5k, Paddy Stem Maggot 4 156 5k. JGiE&EH,
Asiatic Rice Borer ] &4 %5 7y 106 7%, Brown Plant Hopper Jy 83 7k. Mlik#Er, Asiatic Rice Borer {J&]
1% %5~ 316 5K, Brown Plant Hopper v 251 5K . [%] 2 VEAH R T 82905 B 32 76 AN [F) 303l 4 v 1) R 3
IIATTE DL X 2 BRI 23 A AN BE B CRAS B E U ZRW B 25 )32 B 2800, 3 A R A 56 UE A
T B RE VP R AL T 78 0 IR A SRR

rice leaf caterpillar rice leaf roller

rice leathopper rice shell pest

Figure 2. Rice pest sample images
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Figure 3. Data increment visualization
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TEARME T, £/ T ImageDataGenerator T H X3R4 34T 0 — L AL EE . T fe UG Je i 52 299
x 29918 &K, FEILH N float32 HHi KA. HAMEZAE t 0 3 255 VS B4k % 0 2 1, PUE ML
Ak B B AR AE VG Bl o XA — A RS RORD T R A B R A, e T DR MR R 2 R
FUIZRAFR T 10 RR[14] 0 N CRECHE 1 AL I V8 B BRRE AR PT R 51 R i 22, BB AR 0T T 4
TN B . EUEER SR, R T 2 MR, Ry . P, 55088, 4%
DAS KA B R 45 . XS R B0 7 BRI 2 FEE, B 5R T BCR M ARE T, BRAR T LA
(R [15]0 A T 3E— DAL 2= S B T, KA T 30285 2] SRR RE SR M o b SR W AR 40 400 E 4 1) 3R 30
BNAS PR 2] 2, DMAEAS [F] (I 2R B O i £ 19 2% S 336 [16] . I IX 28 J7 v, A5 e B A i
WHEEE P AREAE, R TR RHERE S e . BRILZ A, AW ICIERA T B BRI R 2 2T R
W . RERUAE ALY ImageNet HdE 5 EHIZR, IHFRAEHMNESH . BEFRKRXEHILRNSHTHE
EREHERYARE b, # PO TR T RIEEEE E AR, R TR E A S
R .

4. =BG

AW T IS T — A FE T B A2 R 2% (CNIN) F UG R AR, 5 1 T4k Ag B B R A 3h
Wl BRI AR AR SR TAC B . B AR INRBAT R, B OR TR ) s 8 A
KEHAIE . 1% T TensorFlow A1 Keras HEZE3E AT R $25 2RI 25 T AE .

RSO E UNERE, FEEHMEREEKICH 32, 64 A1128, B K/NG—H3x3. &
NERZ RN RRMAG)Z, DL RRIE4E 2 I 58 tH MBI OG5 R SRR . A28 PR S Ak i g —
ANMLE 512 MEZ T AERZ RS, ZJERA ReLU UG R A LI s IR Lo AL B RE F7 . BRAN, N T
PRI A RS, 4253 E 7 —4 Dropout JZ, EFHFFN 0.5, fr 2K softmax #i% k%, fi
IR RE K 4 A RO 7 2K R 14 e T ARG ERIZE R T .

AW TR =P [R5 SR G AR 2 I 28 A2, B P VPl 12 S o B P R P LA o 5S4
1K T hRUERT CNN 228, BT B MS 53592 5201404 . 2B R @S BE LRI AR B, FF45
G EARE SR AKY R GEIRE, #E T 100 MG, PG5> % 1% 0.0001, FEiEid Adam £
AT . B 2 FERSEAY 1 AN b, DN T %% ) 2R FE S i (ReduceLRONPlateau), 1 5 B 7E 46 HiF
PJAT 1L N R B3R )2, G T @RI E S G, RN E S oIk, B 3 51
HAMRFRFERGER, ERAT “IREE%LS, SEMA g, SdEERESHZENSHE, F 0
JEBFUZFAT ISR X PSR AL A2 BE A% 76 LR B TN 2R 48 IR ERHE R R I R, XERr s e = 2
BT HEREANAIA 3], XA T NG RE, 3R T 7 B N AR B K32 (B

TE G TAL BRI B, KA T ImageDataGenerator T B iEAT EG A — L ACEE, ¥ AT RS 3 21 4
— 1299 x 299 fF E R, HBHE ZME A1 3) 0 B 1 JEEPY, XA BT AR50 i — BobE s s )|
Gro [RINS, ST T ELAENERE . TR A BYUIFIERLLE Y R B S i i, DAR SR AR TR X AN [R5 R A
iGN RE /7. BRI 1 14 MUKFERE R, KA 8:1:1 I/ RIZREE . RuE i, ik
BARAEA RN B A . i Adam FRALEEATREAN ISR, BIaA ) %8 h 0.0001, FH&54 Fi1
157 1 SR AN 27 > 2 B SRS SR B 1 HOL S R A B SSOH T . S TR PR v i R 2 DR R AR
PR BE ORI, AR e A 38 58 () A7 (URE) B M LS N 2 A8 5 . Rk, 51N T S 5d s b
MREAY(RE), X PPl ¥ R8s 2 HEvE, WS TR G MM . RE BIBYTE DM IR 0T, A
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BT URE 7Y, I 1 S v AR A S AT PR e AU FE

9T A VEAG A ) CNN BEARLZE KRS e 35 R IR e, SR T — RIS AVEAS fa s, AIE R
(Accuracy). FE#fiZ (Precision). 7 [11% (Recall) &z F1 43%0(F1-Score). 1ZF6 AR A (1) 43 20 FE it
T Z2EERVE . BRI, #Eh 2 E A A B R AR IR AR BT o5 R R AR L, ARV R AR LAl
FE7R s R 28 )y TR R AE TR0 Ay T 2 (P A AR A 1 ) PR A9, A A8 AT 2R O o A 2 ) S B R o 5
B ZE PP AR 0T S bR IR SRR AR RE g, o 7R B SR VG s FL 2 BV SRS R AN 4 [ 2R 1 A
FEEME, HUAZERA VPN B AL IR SR T b P AT YERE . X3 br ISR G, AOUE SR 1 PPk AT,
WHR TR RE IR N B . BRI R AW T

TP+TN

Accuracy = 1)
TP+TN+FP +FN

Hrdr, TP (True Positive) 3% 7~ H 524 1E H A IE6H FU 9 IE AL AL, TN (True Negative) 77~ B 524 7 H 4
IEBTRINA 7 IREA L, FP (False Positive) i # i TIII A IE I S FE A%, FN (False Negative) A4t i
TR 5 IERE AR AL
FE R e S e T RSB IE TR0 vt i, RS F T R o IS SR AR AT 55 o A 5 FH T
ERALE AN BRI AR, SEhONIERMI S, THE AR
TP
TP+FP
BEIZIPAS TR IERFEARNE RS, JCHAE R E PN S BUR AT S RS L v EE, A
o] ZR A7 B AE T SR N IESRIFEA T, BRLERR IR R i Le ], THE AT
TP

Recall=—— 3)
TP+FN

F1 BRI R ANE [BI 23R 2 AR AERUET R, $2 4 T SN, JCHAE P B AR O 22 i .
F1 o EOR A0 2 A A R R P8, 25658 TR et B s me /1, tHE AW T
Precision x Recall

F1-score = 2x = 4
Precision + Recall

Precision =

@)

OIS 5R0R . AEBSE LT T ARG, BORSEELE 2531 KIBMG, Mk T 14 R R
AT . FEVPREITRE, AR T IRV R R o IR T B R LA KR
B T4 S M VARG T 5 K U0RT% . B EHR FL A%

UL P RO PR 0E T 40000 . WA S o R 5 R LI 0 L3025
MR A ARBR I AL S M4, AU KR U 5 T T BRI 2 (L e, R
S ML T R S
5. &R
5.1. MRARKEAT BRI

[ 4 JR% T NS 14 FIBRF S SRR A A Ao ISR T LA A, 26 IR AR 17
SHNFLIIIL. GIA0, T R AR &5 RS, A5F) 13.3%, T4 R HOCBHE B ROREAK 5 HL 1R
99 2,00, REASHA RO 2 BRI SRR 31 R KB R A, BRI T A R
KRR, TIERA RS L RIUBCE . THER SRR AR A2t R L2 47,
JeHAE R KB BRI ALK
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AR IR A R, At R 7 SR A L P B 1 SR R AN/ IMEAS SR 2 R R SR AL LT
745 5% R R I 2 S RN, 38 L S SRAE AN SRR ST IR W 0 MO YIRS o ISR RE NS 3 R B 4y
o2 STNFEAR SR BRFAE, TSR THEE ARG SR RE,  JCHRI/INEA I 1R HE R 1E o

paddy stem maggot grain spreader thrips
rice gall midge

brown plant hopper

rice leaf caterpillar

asiatic rice borer

rice leaf roller

yellow rice borer

rice leafhopper

rice shell pest
white backed plant hopper

Rice Stemfly

" . small brown plant hopper
rice water weevil

Figure 4. Training set sample distribution
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HEA . IGRBUR IR IE R LR, 7T DRGSR MR A PR RE . MBI T DU H 7 = MR A )
SRAET ARG UEAE T AR M b, B VIZRFE G N, I ZRAERA R BB 5T, RUIBIRIEIZ D 2 24
PR IOASAE, P oRAE B3R . SR, B UEAER R AORBUA P AN o R 2 ISR IR A 1 I 2R 30
L FNEAE Je BRI, XA AT R T RAER TR AR SN GEA T LR, SERAE
AR R IR I R IAN— 20 AEONF, B8 1 AR 3 MIGIEHER R BON AR,  BAEIZR S W T 18,
RHIRX MR B A 2 ALRE ) o BT 2 FESLEE I ZRAE Vb OB ERR AR A TR 1 Ay 3, (H
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Figure 5. Training set sample distribution
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Figure 6. Training set sample distribution
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Figure 7. Training set sample distribution
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Figure 10. Training set sample distribution
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WIZRBURANIG AR R ) 2t — Do TR 02 STIRES . e BB I Rt R 2 R BLZ D T B i
%, SINGRERR R TR — B B8 1 MIGUERURE ISR N R, BT, EAEIN%E
A T, SORPTRAAERME G IR . B 2 (MIIESUR R I W RS, RELMABHRET
B, EXFARRE MR INZAERAEIUESE AR AT SE . B8 3 AOSGIESUR T BRATA8, (ERFEAE
WIZRE S T R gin, SR T g fE—E R . Zra bl b, = MERZEIZEE 1
WMRIEOYH o, (HENERIESE ERRIUAAERZE 25 A 1R 3 (IR IE RIS B R BN
TR, ORGP ARE DA EUREE LA KUK AHEC R, B 2 FER e Rt b R 5=, (HL
IOUEHERA R AR BB, R A HE A0 T (BRSSPI RELE SERRRL T Hh 51 A B
At PR DRI, FETIRUESR AR, AL 1 AR 3 7E/KAE duE AR 25 K w] SE T BE i

N T AT Al S R R A KRS HUE RURAE 55 R (K 70 SRR RE, ASHT SR A5 2531 sKIE& 1
MR BEIBEAT T RGPS . SR T 0 RER, M TIRIBFERE(LIE 11), 1ZHERE VRN T R A
AR B SRR A I 73R EE R o T /TR R AT LA 6 B B RS R B 7 R A R
FEXS A1 2k B AR M R os P R 2 SRR AR . IRIEFEFF I ZE AR R, BALAE “Rice Leaf Roller” 2851 E
RIIC AR, BT 259 MEAR, HRaBEERD.

5.3. REFMER

7t “Asiatic Rice Borer” 2K, BRI T 135 MEAR, HAMOFEAY RS ZEN “Brown
Plant Hopper” #1 “Rice Water Weevil” , X% I RILE X 431X BRI AR E— @ M HE. bk, HBEAUTE
“Rice Gall Midge” A1 “Paddy Stem Maggot” 287 LRI EA (A, 7273 1EM 28T 91 Al 18 M
. SRiM, BEAYLE “Small Brown Plant Hopper” 1 “White Backed Plant Hopper” 25 ()7 2 HERGPE ALK,
5 51 A 71 AMFERPR IO AR . L5 BN RF AR, SRR K 2 B R 1 o R
BN ERAR, ZAR AL X A S PR A FE PRI o AR R A RN o SR s B L S ANME

2 1 OBRITEIG IR EIOPERETRINSE B, A BIE RS, AR FL SRR . Jod, R it
TRBTETRIN IE MR, SERR RS LG, A S AR O e P 1Y S B P b . A [l R Al T S
PR IESSFE A PSR IE AR L], o TR SR RE 7T FL 20 B0 B %R0 4 [ 6 (1 T AP 24,
ZREVIY TR R RE o MER R PSR ALAE I A FEACH IR ) RO LU, S BRI R — RIS VAR bR

M LR LA, B “TWS” (5 EBER) 2048, HARZN MR R TR EKF, Y2249
PRSI R T 1.0, REBIAIEIX I F A S R0 7 K mf e 1 TWS Kk #2076, #
AR AE 2 I AR R 2 iR, RIS At 2R PRI RS AR R T A TWSo AR S0 (14 A [ 2 By a0t B
EF] 1.0, LU REEEAE R 2 HE00 b IESRARE /0 IESRAEAS . EPM KA E IR 0.94, RULE
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B, BRURBEUN R IEBREA, RN . WEHEP AT CLE 1, REHEEMIM FL 7 #iok
I 1.0, REIBRAER L) F Sl T RAFIT B . TWS 201 F1 288U, 8 0.86, X 5 HAEH
FEURA— B, U HIRERAE 2SI (R R B o [FIRERT, B TWS S5k, HAh S0 ) HERs %
WAL 1.0, R RZHSA PRIV . TWS SEHIRIAERR N 0.86, XML 1 i%K

7> MR, FRWIEILAE T EAFAE RO Bk 23 ]

Ensemble Model Confusion Matrix

Rice Stemfly - 24 10 14 4 6 4 0 25 6 0
asiatic rice borer- 2 H 26 8 0 3 0 96 3 4
brown plant hopper - 0 4 103 1 1 3 1 35 28 0
grain spreader thrips - 1 0 3 25 1 2 0 1 4 0
paddy stem maggot - 3 14 1 1 16 7 0 18 1 (]
rice gall midge - 11 5 4 12 1 91 0 14 7 0
rice leaf caterpillar - 0 25 10 3 0 9 8 70 8 2
o

rice leaf roller- 3 29 17 1 0 7 1 259 6 2
rice leafthopper- 0 5 8 1 1 5 1 15 71 1
rice shell pest- 0 14 9 6 0 4 0 68 2 3
rice water weevil - 1 14 16 2 1 15 1 43 1 1
small brown plant hopper- 0 2 51 1 0 3 0 27 23 0
white backed plant hopper- 1 7 71 4 0 6 (] 40 25 0
yellow rice borer - 0 33 12 4 0 3 1 34 12 (4]
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Figure 11. Confusion matrix analysis chart
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Figure 12. Accuracy and Loss function values
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