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Prediction and prospects of pest occurrencein agricultural
landscapes based on artificial intelligence

YANG Lu-Jia~ MEN Xing-Yuan™~

(Shandong Key Laboratory for Green Prevention and Control of Agricultural Pests, Institute of Plant Protection,
Shandong Academy of Agricultural Science, Jinan 250100, China)

Abstract The occurrence, spread and damage of pests within agricultural landscapes lead to reduced crop yields, lower
quality of agricultural products, and impacts on the stability and sustainability of agroecosystems. As a key component of
agricultural management, pest population monitoring and occurrence prediction contributes to early warning and rational
prevention and control decisions and plays an important role in ensuring food security and promoting ecological agriculture.
Traditional pest prediction methods mainly use population surveys, environmental monitoring, landscape remote sensing, and
statistical modeling based on historical datasets, while they still face significant limitations in responding to the change of
global climate and agricultural landscapes, improving prediction accuracy, and achieving dynamic monitoring. With the
advancements of artificial intelligence (Al) technology, pest prediction systems based on machine learning and deep learning
in agricultural landscapes have become a hot research topic. This study provides a systematic overviews of the evolutionary
trajectory of pest prediction technologies and the theoretical foundations and applications of intelligent early warning
mechanisms in agricultural landscapes, focusing on the potential application of Al-driven pest prediction in agricultural
landscapes based on Al, the practical application of deep learning models for intelligent pest recognition, and the potential of

multimodal data fusion technologies in pest-natural enemy interactions monitoring. This study also analyzes in detail the
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current technical bottlenecks and challenges that Al models may face in pest prediction, and foresees that by strengthening

interdisciplinary cooperation and technical integration, the in-deep application of Al for pest prediction in agricultural

landscapes will further optimize agro-ecological management strategies, and improve the precision and timeliness of pest

prevention and control.

Key words agricultural landscape; pest prediction; artificial intelligence; space-time modeling; deep learning
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PPAL DA Ko Az 25 IR BE A 25 43k

(3) Mt M2 HER] ( Bayesian network,
BN) & —FpE FHERE MMLAF ) ik, it
FEET S (A ) Z IR AR HRIBC R, BEIE XS
304 R G0 TP AN G PR T S . BN
HREMER SR, B T2 Hm g
RXFFEAL S5 o Wit s fOl B, 2B ARt
v T A A 0 B A R O RN R R AR
R, BT E R A PR R L R 2
JEEE S5 BN BERUAHZS &, T 3 XU
T 55 0 R SRR R G, AR PR ERLA 1
YEYILRI M o Ban, 4 2 50 W 31 42 S 4 9 A
AR T 45 8 KRG S 4 S5 i), BN BRI AT 2555 T o
HUEEHE . KL w8 RIEYIEE R, shasireh

H bR R 2 LR, H R LR BTG T PG
5t A 1L, DT S B R R T S T
Wi, R, ArE R E kA ESH T, IF
JI A e 2 [ %) DR SR A%, A B T 0 O B s i
Mo BEAh, BN RERUTE B U S Fm A4 A
BUE TR E SR, Pawson % (2017) FIf BN
BTN AR R AU ©A TG o), Sl TR
AR | A B SR 4 A5 R LT Sl R
TEAS B AT Sh AR  Z AR B AL BE S S AE
PR E XU VAT 4 (L F B4Rl , 34 mT 4l Byl i A
R T NS R o 30y v A 2 B g
JREBR T 5 A B33 FH 1 RN S BR A

(4) KEHiCZM% (Long short-term
memory, LSTM ) J&—FPREpk i 0E 2R i 2 % 2%

(RNN), 7EAbFRET ]330 Bl 7 T R I -
LSTM yisit B 7EM %4 RNN 7K B E] 751
HHTET I 140668 82 4 2 RS R A e T A8, 300 ol HL A
TS CRIALT . BRI TR T ), LSTM
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AE A R0 B A0 12 st iR i 18] 3 8 o i) 56
SHA R, DTS2 30X 1] o 8 A 3R A g 4 )
BTN . LSTM 7ECG A I s e 3 880 1Y)
Bf P T o B R, AN RE RS A A R K
W, BXFrZo0mmpLg . Blan, K
(2019) FIFH LSTM AHS S0 AR AE 5 HUE ) &
A, SRR NSRRI AL, R
iR T TR ARG B AT SEME . L, LSTM f93E A
T AR TP —AT 55, A RENS R Ab B
EZ 2N €I EATSE S A ] e
HERLF T

(5) HBFMZ ML (Convolutional neural
networks, CNN) J&—Fh Al R 1RG50 7
B, FEAR SO IR R o B iR A 22 G0, Tz
T e AR UE 2R A58 . CNN SRR 2%
B FEAR 22—, DA AL B SE B 1
F L AP RE T 44 . CNIN- REf% 17 432 400 B 545 14
BRI B A d A L, Jo RO
Z= 1 UL T4 B F s is i A IR IR B, 5
158 EUGR J7 VAR L HA B S s, FLIEAR S
AR AR . BRUZ | G2 . LE f 4
2, B2 ARSI, B Rs oy ek
Fr B AR AU AR 5. CNIN i I B FRUZE W A
AR TRMESR I, fefe A 3 > KU A i 23 []
FRAE, MIMRRARECR 4R, $EmitiaoR., X
TR (AR A B AR el MG TR B R LA £
6 I A R A B B SR N R RN . B
HIL T CNN 1 Al RGETEARVEY) N RUFE ARG
CHUE & . 4N, Zhong Al Zhao (2020 )
TR T —FhIE TR 2 2 SR E AT AL R
gt, HAGIIKS B 24 s Mohanty 55 (2016 )
fii 1 CNN K Fess 35, SEgm 4t SR i s iR
ik 98.5%, IAh, ki (2019) 4213 T —
Fh LT 28 (] & F R AL Akt YOLOV3 IR 4
FEURI 22 ) 2% () VA 3 ORI R0 RS v A o
T e E AR E 2R S 300 RS B R)
HARNEY) F A B T — P R T 5 R
45 (2020 ) £F X AR AL FE L FOR B WE AL, S5G
PLASILSE 5 CNN 2R, JFE T —FikiiE . SERT
158 RO i o O R AN R WA ) A

RS, A B REAL A Al R8s k4R it T 5
T XEEHITEERM], CNN BUIRE ¥ T HoR
A TH UL AP B OGN Al e A3 1 2 1
HEFITTE o

23 Al BHTER-XBMNEERS

ERMAERRG D, F 25 S A DI
L5 FRBAREN R, T Ok 3 BT 5 A s
WA IE B . &8 LSTM . Transformer
S (RPN B 22 P 4, T SR FH SO0 R AR ik

(ansh A . ZReETeE) 5E R REE
B AR S 2 AR G et gt
SR FOULAR AR i 7 -4 5 A P A
Z%i. Rouabah % (2022) tERM ARG T ARG
BTRMERA . MRS RE = FEBORRS, 16
T SRR | AR SRR (EA
gL RS ) BCE IR RN E T Al
FEARAEIE R F - KRR AE M2 | b SR
BT H 0 P 7 P 34 o o AR A BB A% 12 i 112
AR R, TR 2 R R AL R
T E B T B, A A v B 4 R AR R A
Pi . HE—LH, EPLML (Graphica neural
network, GNN ) 5454y )y B8 #Y ( Structural
equation model, SEM ) ik A Al FBIHESL, Al
ZYFp R A S BAE R R FoR MRS, IS
[l S AR T I SCE I FR Y A S5 B AR, Bk
B A5 b A BRI | B AR AR T SOl Y
e & A A ORD A R 0 ) die e T L, AR R
FEERA . BRI SE (TR Y | SRyl B A B
FEHRMER AR SRR

3 REFISERBGERIHKIL
SRR S RERBAAFEA
31 RE$SEEEBEGER

VBN ML B E 25357, DL HAG IR R IIRHIE
I RETT, RERS I Sl I Kt h 4R HUR 2R A AR
LEMERUHE, AR T ARG ER I TT i o A
TR R A A AT . HE 32 R R A R B
PG FRAEERIR S 2 ISR, 7E ORI B A
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M PG N2 1 ( Delfani et al. 2024 ), 18 i3
Bl NRZJZUONAS5 K, DL nf S IR 4y
TEE IR S 0E B 2250k, BERE T
TR PR A5 B i BE 7 AN RLUIRS B ( Kamilaris and
Prenafeta-Boldl, 2018; Selvargj etal., 2019; Fg
TF, 2022 ),

e AL FEARRZ R Z AT, A H SO0 5
(IR ST F2 BARH T4 e i R UG AL B R, 15 Bl
AHMLAE T H [ shak B R G SO £, DL
B ety A F RS 5L Aartsmaet al.,
2019; Alexandridisetal., 2021), #Rifi, XL&7)7
DA E B RORART LA SR IR B A B Y
PRk o Bl 2 o ERas B AR 3 e S IR 27 2
TR R, 5 Ol A H T2 s e APLR 4
1) 3 JER AR HH B ET LAS SR RRAIE , 25 53 U0
A EPRRIE A, SEERAS [F] 1 Ho 25 9l 280 A
SR L B OISR A AR DX A
(Wang et al., 2022; Khannaet al., 2024; Pandey
and Mishra, 2024 ). [FI, %8R 4R AY0
AR ARG IR AT AR BRI A | REA% A 24
B JRrE DI R A AR A ] e B (] R}
S, 2024), SR DX E AR PR OO SRR

E— 4, DL A5 AtLiEsh Tid R E R
] 235 R & R . ARk, FgE 24l
A7 [ AR 4 55 DXk R o o0 ik, FEAR A1 25
W B 1 00 2 2 1 S i 5o R 3 24 A A TR
i f-IX (Camps-Vallsetal., 2025), Mififze s
R 23 (A1 AR Ab 9 T BE T FESORS B Ak, i
iR E s Ak~ A8 ( Deep Q-network, DON ),
AR B A AR S R G, XHEYIE R . E
VEi e B 55 AR AR e [) 45 5000487 B 1R 1) T 73
AN HEA TR o 6 A A A 8 o 5 v XU Fsf
W, ARG TSI s HRE SRR, R
BB o Rt . A B/ NSO TS AR, AT
SRR AR A 5 5 AR A AR SR i P R AL, $2 T
A AR RGN REE S HEE M

32 REFIEAEFRAINSHENHHAR
B 7

UTAER, DL HAR SRS AR A & el

SR T SRR AW . it CNN, YOLO 4%
H A I 5 i 0k 2 08 18 IR R (4G TS AHLA
. DERG . 2S5 srER ) #1738
AT, ATk R SRR AR b . A S
P . BEHL B . VRIS SRR AR X A P ) D
A, Bidn, T YOLOVS BYSAK B H bk
R AR, FH TR+ AR EY rh R A R R
FHPFRER . BT YOLOVS 1y 5 4
A5 (nano. small . medium. large #l extra-large)
FIPERETEFR . RIS PRE. THA A A B 1
& YOLOVSI 7EMNHER R M A, A5
T 99.5% ( Chakrabarty et al., 2024)., It4h,
Faster-RCNN , ResNet50, Mask-RCNN |, ResNet50
1 Darknet53 % F ik gl TR R BE 4 &
AR, FEPEREXT H oE ot — 204k ) T S A
fk (Lietal., 2022), Claudia%: (2023) R4tk
LRI T FHTR B ) Sl Y, s
FLE IR N RIR B 2 > () S AR W R 4, DA
e A A5 A B R4 o 2T 1% R A N L H )
ik, B Al D7 TH R SR AR s AR L
SR AN H S AR 127 T8 25 o

SR DL A Rl e AR AR AR Ml S50 08 8 iz
FHEUS T 10 25 e, (BAAE e T A e i Bk
6, AdE: (1) A H S0 Ui A e sk
AR RS AAE RN (8] % JE s B A5 2 B4R
P o X BRI TEAR N . R L2, W
TN T AR MERE o RS ER R [A) R AN —
B S I A AR XA SO A i A M A 2
ZRSEER A TG R FERRER . (2) BEALY
A fifp R 2 WA AT i 1) S B[R] R, DL B AEU f)  P
R REE AR AR A OR ) v A2 21 RR
il o 8 = 375 HH A N 2R SR R A B X LA A5 HT
FIAEAT , S5t LA 25 2A AU e 3 1o 2 B4 P S D
HEE R . (3) B A EGEIAREARAT
iy In) R EE R R TR Bz AR e, TR HE D
DR A R b, AR AT B DL PR AR
FERPERE.  (4) DL BEAYR I SRR 2 75 2
PERE VTR BEUR, 1X AT BRI B AR R B AR .
BUAh, RS S Bl R A ] B R A R g —
L IE



310 Pl aaaE: ST TR BERY AR TSR b 3 HUR A 3 5 e B2 - 577 -

4 ET A BEREZHEHEME,
HEREMNUAIREK TS

LnAe] 1) FH 2 U5 K S EORS o TR 2 3 1R
KEF2EP= AR 82 — 38 34 R 2 05 E
JERERERE | R BAE AR EGEAR, i B
Ve RlE RO, W] LK 2 U8 A B A T
B REE A, AR W TN R4S B R AR S ik
(B 2). filhn, i 3& E SRR IF &1 ARIES
PRI 2% 5 22 P 3 R A DL IS M AR IR | A48 T
LA R GRS WALL IX Bk 55 % 35 X AR
SR, R T M RRERIT &, ARG
VRN L3 Ny 2 (] | R[] s A RS S A 1 7
1k (Villaetal., 2009), Turkoglu % (2022) 2
T — R A 2R LSTM RO 2519 CNN )
Rl RS, A T AR i S SR A IR
AR )5l LSTM 4% 4 33 B [7] 75 51 %%

fi, JEFIFHBIZRR CNN $EEUEHSARE, foa
RN BB S AR AT O, E— 4R
TE T RIS BN R SRR AETE o LA 2 LAR S B
AIER IH AR SR T s (1) W2 Bdfa i & HoR 2
SRS TN ) O B2 T B o 38 3k 5 AN T b i) R
JEA S A RE R 8E, Al RG] LA A E
R S A R B TR BRI G B A A
CHREE | JREEFDEIR ) 7Em 25 4B F i,
Xl 5 BOAR AN S SR Rl B A I AR T
AT AR SO, 38 AT T RR A T | AR,
Mo T PG LU A 25 R G sh A AL AR IPI E
i 2 AR R G, IS B Rl O B AR T
T TN TR ARG R RIS I , DA A A AR P A
BET SRR MRS . (2) MR A KB S5 R
PN B ARZE & Y- R RO, A2
G DI 00 B4 T T, AR R LU S 2
AR, RIS TR RSB . i

HHE AL B RAE S AT
Data processing and characterization
BEwigks . FeMESST RAIESRER
Data preprocessing Characterization Feature extraction

HERESHT, K. BUURE

Modeling intelligent diagnostic, classification,
and predictive models

________________________________

FETUREES S AR AL ) ) FETE X ERR R E R
ATy S H 1) s gt B L)
Deep learning based crop type I_\Ieural netwo_rlg -based pest ax}d ((izi];::s::; %Z;gg gngee;sag?ic
recognition (crop type disease recognition (classification sepmentation (quantitative

classification judgment)

of pest and disease types)

model of pest and disease)

2 EFARANSEHREEFNNFERESRIRAN SN LXEERER
Fig. 2 Workflow of multi-source data-driven intelligent identification and classification
modeling for pest and disease analysis based on Al technology
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REfE A R E D A K 5 R RUE AR Z B38|
KFZ, MNITEE T H 3 B 48 0 B A5k At 1
R B R SRS T EE ) U1, (3) Al 3K
S E BRGSO RS, it Al EEARTF
J B FE BRI 2R G BE S PEAG AN [ S5 UL JR) 4 ik
Xif 5 K EFEESh A AR, U 5
H SRR RE 7 1 S8 H (R SO 2 L X R SRR
T O RUJE (1% e Je R ) 5 R U2 T g R
EUSFNFA , GEaE NIk Jm 2] sl an 1 2 R
JE b A 7R A S L2544 1) 52 A B L 5 o
WEEZ BRI H IR o DL IR 1 & S Al
N FH, AR S 2RI AR B R P B8 158 A A
AT H, AMUA B ek | S0A6 R, krede
FHASIHEETIRE, A 3 A b AR 45 PRAR
LML T R AARE R R SRR

g BTk, Al B LR R i A B AN
HBRE ST, SBR[ SR AILgRF > DA SO TR
JEE 2 2 SR A T, A SO b L W DR R
FIFRAL T 28 B AR DL 58, RS eI B 3 i
KA RIVAGE B, R4k E BB g it RA
FIBCER 2% . B2 o R v . PRI BRI
PRAPHEIE , 2R AR PR T oA 1 AR ks

5 BREERE

T e BRTAG AL A AR 252 T R AR ) JEE PR
RO FE ST, FIE AL R R AR AL
FRE BT IE T kB AP MR B o O R 2K
B AEMAE Y 254 R LR B 2RI, e A v
S R K R B A RSB A AU AR
o U B OXERL, AL ORI PR & 5
AL Fp B s ) | T 5 B 4 g4I 1 R S
. Bhefbryfopgts, By sesl B RAE |
yUsE PTG i D oe R S E R f L S S W
[ SO 00 o -

(1) 7T F-BE b, AR F R 2 0
FRE A o ALl T3 A2 JR L B 1 5l A L
Y, PR 2 i s ROBE R RO AR R o il
BT RN L AR A AR E, R SEBIXHE
P IR Lol UE R ZARPRER G 00T
HE— 2D SR R (AN 2B AR R AE BT ] )

il | KRN TAEERE, UERE
ol AR SRR 25 g 7 72 i A S ) IO B UM 4 R
PR RS L I 28 TRNASE Y, DA TSI A AR 2 1
SHE B {E

(2) eI IS, NS IR 2 ) 5 2R
TR | T R . Dy s B I SR B PR
FlE, SEBRAR SR LR 045 AE A TR0 5 A f91]
I, 38 i Z AR AR AT SRS AT ik AR R
W, SRR XA M SR S A AT RE 1, R ofE
RN B Bt AEYIRP S M S AT, st
WAL SRS R PR IR S . S IeRI, AR
BYRIR G | A Las /2 S AR, AT 3 58 T 28 et
S22 SR ) A8 LA R S AT I A
M i 15 22 T A5 AL 58 iz AL g

(3) FE TS SAT7 T, AR TA2
Yo 5 AR B S BHRLS, AT L SNP
FEnTARCTBE G IR 0%, BECCHE
R R IE AR S W IRAL , 458 ez Y HE
B MR HUHE o 2R A7 By T Sr B R i
A AR, LB DX F IR W
5 AR ZA PR ML B SO S B R

(4) 7EE P 5N R E, A s |
PO BR | BAE R AT RE U 5 A R S
15, HESD AL FERTEAOM AR S RGP TR N
AR AR (A e . BHIFABE | Alk B
RHEH ) R AEIAE Y5 FENEMN
RS TR | SRR 23 B -5 A 2 i )
RE, Al BUE B2 . SOULIRE R B IR
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