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Application and prospects of multispectral technology in fruit tree
disease detection
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Abstract: Multispectral technology, as a core technology at the intersection of computer vision and agri-
cultural remote sensing, is driving innovation in orchard pest and disease detection methods and the
implementation of precision management. In recent years, the integration of this technology with deep
learning models has led to significant progress in the accurate identification of tree diseases and pests,
demonstrating distinct advantages in cost-effectiveness, applicability, and real-time monitoring. This
paper systematically reviews the applications of multispectral technology in the detection of various tree
diseases. For example, multispectral remote sensing in the 520-920 nm wavelength range has been used
to detect fire blight in pear trees, achieving a detection accuracy of 95.0%; unmanned aerial vehicle
(UAV)-based multispectral imagery in the 475, 560, 668, 717, and 840 nm bands has achieved a maxi-
mum detection accuracy of 95.2% for ink disease in chestnut trees; furthermore, multispectral imaging
technology integrating multi-color fluorescence and reflectance bands has achieved a detection accuracy
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of 92.1% for citrus huanglongbing. When combined with models such as Support Vector Machines
(SVM), Random Forest, and the improved Mask R-CNN V3, multispectral technology has further
enhanced detection accuracy and efficiency across multiple disease types. The SVM model achieved a
detection accuracy of 96.60% in wild blueberry disease classification; the Random Forest model
achieved an accuracy of 86.46% in detecting yellow leaf disease in betel nut trees; and the improved
Mask R-CNN V3 model achieved a detection accuracy of 93.37% for citrus huanglongbing. In addition,
by capturing spectral information across multiple bands, multispectral technology can effectively reflect
physiological states such as leaf pigment content, providing a scientific basis for early disease diagno-
sis. In the future, this technology may further enhance model generalization through integration with
machine learning algorithms and, in combination with miniaturized sensors and embedded computing
platforms, enable the development of lightweight real-time detection devices for early warning and pre-
cise control of orchard diseases, thereby providing important technical support for smart agriculture.
Key words: multispectral technology; orchard disease detection; data processing; deep learning
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Table 1 Comparison of various techniques for fruit tree disease detection
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scenario
PRI E RN EY) RS T AAIR , T A5 (AT 5 T LA R A5 SRBCAARIUE s 805 /MR )20 Pandita,
Manual  J#F Fikr P FRBESE 25 R AR L 2 I L 3% 0 5 B 2R HEA 2023

observation Field survey  Visual inspection of crops K2

B RE R 5 25 5 5 ¢ Preliminary

based on human experi-  Low cost, simple equip- /LB 14 screening in
ence ment; allows simultane- Lack of standardized cri- small-scale
ous assessment of clim-  teria; low efficiency, farmland
atic and environmental  time-consuming, labori-
factors ous; vulnerable to tem-
perature and humidity;
high risk of missing the
best prevention period
EEoR A M RE R EARIONDR BT X W] TR SRR TR EIBORE 4R E AT S SCg E EHIAE  Venbrux
Chemical il For I R A AR R e B30 B AR S M REIN, T S FAEHESERE  etal, 2023
technology Chemical YRR HE Destructive sampling S I T
assay Detection of pathogen- High specificity; provide required, complex and Accurate identifi-
specific metabolites or pathogen-related infor-  time-consuming, inca- cation of specific
toxins through targeted mation at an early stage pable of real-time moni- pathogens in labo-
biochemical reactions of infection toring ratories or fixed
field sites
HL 5 TR RSP AR ST, W I 3ok RN T B A (2 8% 5 SRR T4, SRIEISOHIEY)  Badgujar
Electronic 43 M7 155 5 B ¥y B8 9 5 T 72 S G 90 W1 ) SR S REAR I 2R, 350 Ao T L IT0E  etal., 2026
nose R R ALY 0 s Rl UG B Early warning of
Simulation of olfaction Non-contact monitoring; Sensors are sensitive to  crop diseases in
using sensor arrays to capable of early disease temperature and humid-  orchards or green-
analyze specific volatile identification; rapid ity; algorithms require houses
organic compounds detection speed large training datasets;
released by plants under high equipment mainte-
pest and disease stress nance costs
TP s b B R T A A T R AR TR I (R TR RN s RN H ITIE E AR,
Spore T A5G WA A T TR AT B IR s HERA IR RS R R IR A 2025
trapping ARAT S g LA, MEONAE BE R RAE SRS EL LT, Early warning and Wang
method Capture of airborne patho- St FUBEZAMEI  JoikSem 4 A IZ5 4L monitoring of etal., 2025
gen spores followed by ~ Enables pre-sympto- Applicable only to spore- fungal diseases
identification using matic detection and early borne diseases; cannot
microscopy or molecular  prevention; direct patho- confirm whether infec-
techniques gen capture with high tion has occurred,;
identification accuracy; requires subsequent pro-
allows dynamic monit-  fessional analysis is
oring based on spore required, and lacks real-
concentration time output
JerEAR AT FIRIVEYIFE ] WG BE AR A R, B A S tRAS A i J5 4 5 052 RIMARR Y i 35 # 4%
NN Visible light (R SDE/ITEYIES AR IR BV RSB TR Mk 2021
Optical B4k Mature technology; low Detection lags behind Survey of visible Dong
sensing Analysis of crop morpho- equipment cost; intuitive symptom appearance; symptoms over  etal., 2021
technology logical changes based on  and easy-to-interpret image quality easily large-scale farm-

reflected visible-light sig-
nals

images

degraded under harsh land
environment
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scenario
ES it [F) I REA 3 A~ Gl 3~ SLUNSWI PSS s SRR R I AR ISR s B b 3] ABHEY . Gao etal.,
Multispectral 10 4~ ) 4% 52 % B 1Y S 3% i vl SE A4 BAS LU Wy 52 2% 5 AR 2005 3 AN URK SUDRS o TR 2024
imaging R 0 ARRE B S5 VU Dependent on illumina-  Early and precise
Simultaneous acquisition  Good early diagnosis tion conditions; complex prediction of dis-
of spectral information capability; enables stress data processing; low sen- eases in large-
from multiple (typically  detection based on physi- sitivity to root diseases  scale crops
3-10) specific wavelength ological changes before
bands visible symptoms; non-
contact with wide spatial
coverage
FEOGIEUER PN WG RN 2055 HUIS K RE 5, TTAE B B S, RO Ak BT SIaR s AT T Zhang K
Hyperspectral {9 %+ 25 850 A 3% 22 Il 1 RS 40 A= AR AR AR I %, bl i RURIGE 3 A3 2 4G etal., 2024
imaging B 615 B B B o G 5 BB M2 B AR SR XA T ARk Disease detection
i RAA o 2 R for laboratory-
Acquisition of tens to hun- Strong early diagnostic ~ High equipment cost; based research
dreds of continuous spec- ability; enables disease  complex data processing;
tral bands from visible to identification based on  high requirements for
near-infrared regions, subtle biochemical chan- expertise and computing
forming spectral “finger- ges in leaves; high capa- power; strong sensitivity
prints” bility for discriminating  to environmental interfer-
similar disease types ence
LIS s RUE I B S AL 7T R 4 O AR DRI & Y S ISR T s AR 2R Zhou
Thermal FePA1, G ISR ZRE T 5 B AN S2OU IR ARSI 5 A R AR S (AR g Sy 9 Sl A etal., 2021
infrared R e 2 IR AR A 7K 43 i 2005 3 A2 e b s 25 (] S BRI Disease detection
imaging Pest and disease stress UK Temperature measure-  with temperature
induces stomatal closure, Rapid scanning of large ments are easily affected differences
leading to increased areas; independent of by environmental factors;
canopy temperature, illumination conditions; lacks disease specificity;
which is detected via sensitive to water-stress- low spatial resolution
thermal imaging related disease infection
PO AP0 S WS BRI R 1 T RS, BRI T TR E TR Thuku
Raman TR R IO (5 MR BRAK , T ¢ Seat B 5t AT IS s EAEIEOIAT etal., 2025
spectroscopy  FREAUTRMEEMAENST TR AR BR S BE S WHRE AT TP EDR & Accurate
Identification of chemical A~ FAb#{ Weak signal intensity; molecular-level
components through Provides rich molecular  susceptible to fluores- disease analysis in
analysis of spectral structural information;  cence interference; laboratory settings
“fingerprints” generated  low detection limits expensive equipment and
by inelastic scattering enabling trace pesticide high maintenance costs;
between laser light and residue detection; mini-  high operator expertise
molecules mal sample preparation  required
KMFZECHE FIRIABR LW 35 XA L THUEG 558 Bl By 58 BORAS MR E 1Y Zhou
Terahertz  MUMRMIURENFIALZhREL Mok, v] BEATARAR A WU XK 73 4G etal., 2025
spectroscopy Detection of low- P NI s Y T-RE I 8%, B 2 FMRIRIE T4t Detection of

frequency molecular
vibrational and rota-
tional energy levels
using terahertz waves

ik, Ttz 4

High sensitivity to
organic molecules;
strong penetration for
non-invasive internal
detection; low photon
energy ensuring non-
destructive safety

Extremely expensive
equipment; immature
technology; highly sen-
sitive to water mol-
ecules and environmen-
tal humidity

internal plant dis-
eases
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Principle of multispectral detection
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Detection process

ZHEBA

Multispectral technology

BEBRG

Imaging system

L E SRV S

Imaging system: data cube
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Spatial information+
spectral information

FERB RS

Non-imaging system

Average spectrum

B RAAE
Overall spectral characteristics
of the field of view

RGHMR

System composition

Optical acquisition

il B

Spectral separation

SRR

Photoelectric detection

(ERg 32

Signal processing

Bl SR im e E
Fig. 1 Schematic diagram of the multispectral detection principle and processing workflow
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FEAED I CTERGI | ST R A it B AR R R
VB AN R 25 0] 43 B 38 R A 18 B DA R A
AR A7 BB 25 5 (Lu et al., 2020) .

PREZIGEFE N TEREFEaE TRV G
B RAE BE WAL | EMG P SRl G RIEFRER
5¥dE5Hr (Lietal.,2015) . HA i R KIS T
FE 38 22 6T AL SRS 0 X UL T, 491140 Xu et al.
(2021)#4E Google Earth Engine(GEE)¥- 55 , %3
(i) 43 9#4 30 m B[] FE 15 5 9 16 d 1) Landsat 5 TM
Landsat 7 ETM+/1 Landsat 8 OLI 1 &2 it 3% &% (41 .
VL LT A R PR LT A BOEE | 18 Ui s 2 e
o 22 R TS A AR AL AT R Y B A JRy S T 3 AT RFAIE

TR ZGET & R BN MY A E A 75 200 ™ 4%
Y FRAL I, A A5 4R S E bR R SBE AL IE . 46
SRR B R A TR T SR ) SR B B 40 Ry e X s S
SEREH . KA IE SRS FHR LA A (1 77 1k
TH R R AR R 52 o JUARTAS TE 2 Tk
H TR S A DA S O AR 5 A A PR A g A ]
o R TR RL Y R A LR A R, BRI )
H bR X 3l 75 2 2 UBE s P A . PR, S
PHES G R OCHEE TR . il TR BT A AR
B — 0 & 1 £ 15 B (Trujillo-Jiménez et al.,
2022) , il i — BB AL B v MR R 25 Bk
B s B , A0SR e F A b, W LUK 2o
-5 T AR IR A BB 72 S A e 1) U — A A B

SSRGS AL AL UG 74328, AT
S AR [RIVED AR, — A fif PR B 2 S B R k1 7
VEDs E R

TR 28 G 0T LAXT H AR X E 174 HE TR
B, 3R R AL T 24 R E R LR
FE TR 2 > B AR %0 B R 0T LUK o 50 35 28
(Scutelnic et al.,2026) . 1A -5 19 26150 8
HHLA B B A R R 18 A RV L A SR
95 3 W (Jeppesen et al., 2019) .
122 RAME KEFE

Te ANALZ TG G A A Ml W 228 7 1l kg o 22
T H.(Vera-Esmeraldas et al., 2025) , 45 51| & AEVE Y1
FERGI ARG AL N R D 1T . A EE T TR 26
B, TANLZ s & HA 5 i R P AR Y
BEAR , AT L B 4 BsF ] PR 5 B e R X sk A e Ak
BHERAE  FE RIS A/ N B S S RN R ) SR
W

TAMEZ T 5 0 TAEFRE A TR 26T
£ TAERARIER,, —H PGB R4 T B A
GPrE S RA FHER IS BRI L R, B
JEAER AR M S BORER AT B T EA
B ZS VR AR Tl 1) /NS B | oA B G 4
ARSI . TE ML TSR AR 1 5 i fe 2 i 5
TR B8 H R

TIMEHGE - G AR E R 75 i T H
o 23 23 5 5 R W 4 P 3, REA )
SRR, N SRR ARG v IR T AT B, 4R
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M, 1V 6 7E R B B A I RE A FR, AR
R I 0 A U A o R T A AR B TGS R E
SEORAIE B REAL, oAb, HAR Rz 4 4404
24, EL ARG T 2t SR %) e e e v KR T 4 2 v i
b B AR S A R R B, St S AR A —
B4 AR 54545 5 24V (Zhang et al., 2023) . 7E7#E
PRI BRI o, T ML 8 FE 0 Ak AT
ARUESHIRAR )N A S EZ A [ T MO WO R A
TR RUBEII , JLPE  AE TRE T 55
JelE  (HTE LGS 7 BB R AR BB
FE A )R, 5 M IR AN AR FFAIE 2 82 (scale-invariant
feature transform, SIFT) %55 e b4 7 RS A IE , 38 Jin
TR B IRl BRI TR 5 2 KA TR O

& Controller

.;-

¢

Sensor

T

SERRES 501 24 (Linero-Ramos et al., 2024)
1.23 & % kP&

T T '3 I H H (Chungcharoen et al., 2022) ,
AR 1 7 X5 B4, M 2060 £ 20 b
T [#] 5 — BEIAR Z2 ' 15 4% (Saccuti et al., 2025) i
#5150 2638 15 4 (Wikantika et al., 2023) ik
Z5o Hba A X2 OIS i AR AR
Bess H shiB B S SR A WA 8 T AL KM
R A T W, &% FH 4 T [ A A 0l )
58, FRE ()75 s AR A i 5 Rl 2
TR R A R R , RS B R S T X AN
[ e B AN B A I sl R SR T A, 35
FIG I H A S 2 REARE (K 2)

#19

A BT 2L )% (Bagheri, 2020) ; B: TG AN L (Xiao et al., 2022) ; C: M 221 % (Saccuti et al., 2025) ; D /)N
FHr 2 otiktL R (Wikantika et al., 2023) . A: Satellite-based multispectral remote sensing (Bagheri, 2020); B: UAV-mounted multi-
spectral sensing (Xiao et al., 2022); C: ground-based multispectral sensing (Saccuti et al., 2025); D: portable handheld multispectral

sensing (Wikantika et al., 2023).

B2 ZFERMERIERTIZE
Fig. 2 Various types of multispectral detection equipment

HO T Z2 GBI & FEER NS LI ThR
MEALALEE . FENEE FHAROEIEAT, JoR AR HES % M
F8 0 0 , T e T F AR S AR E S AR A AR A L
{E 3R A% 5 R B R, R=LJL,, Horb Lok H b 4 4
{6, L eSS R
1.3 SiEH IR E

TR T AR S T A AR 1 S S A
W, HAZ DA TR TR R o S IO AL

N R R BE e SR . ARG B T A P B
S5 HWEAE, FERRHLUT 428 )5 AT B
B (W #k Savitzky-Golay V-1 ) 772 194
SONTE T e A R AL 7 ] B PR B O3 ) LS00
JRAFAE (Tahir et al., 2017) . Savitzky-Golay JiE 17 &
Hrp )y ek il B s i 1T i 2 WG
SR SZEE, QNTE A A ¥ e i I |, Savitzky-Golay &
P R s v N R 2 IS REA A
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ST A e R B AIL IR 75, I R R B R B GBI
ARFFAE, Ao 5 S SRl (22 45, 2019) o

TS RAE S AE SR TS ORI RO
A AF Y PR R T, bR eI — A8 =ik R —
oA 2 () B A% 1E 7925 (Long et al., 2021) , 5 7E 1
B ik £ 5 4k 27 i3 Jo R 2 5. Xu et al. (2020) 7E
IR G B0 WA -IT L AN EIE e B &
L, AR — A8 e i A S, A3 4
TIASEARY () e 25U 0.69 #7151 088, 3k FEHHIE ‘.
P DT Ak 3L i Wb B T AR P TS B, 1%
JE B [RIRE AT SR A 3 G ) 5 T
ittt =% .

F 1543437 (principal component analysis, PCA)
J7 BT = e R AR E B U S B 4E (Martinez
Gilaet al.,2022) , i i iR 28 S e g (R4 | IE2SHY
F 5. Jiaetal.(2022)iEH] T PCA A GIEFRRE
FYRT A~ o BT DTk 24 T+ 2 87.6%, 7E 0%
KEB Ik A7 5L 0 [m] s B AP 4 2

TEREASBIAIR A R 1), Z5CHI 1 58 07 32 0] w3 ot 77
JngErs SEREURGOGRR N T R8s
WAz ke S (Fan et al., 2025) . (9l 4n, ZE /G20 A
S TR T SR FH B AILIE e TR MoK B 45 5 1
PR ARG TR NS R LA
PG, BTt T RBIMERR A (U301 0555, 2021) . axX 8k
PR EL ARG RIS | IR SR
1.4 FHERAKIEE

FERFIE SR L SRk rh A 2807 vk T T
T OGBS fE B BT E | DT AR SE PR H R B 1 2 1)
BAE 4 SRR AR

VRS 2582 (successive projections algorithm,
SPA) R HI I T 16 PR £E R W |, B 48 1L U 4552 1]
7 2 KR A G 1% 07 1 AT AT R0 I B [l 1)
£ 21 (Cao et al., 2024) . SPA i 1) f /M AR
it A 2 e BRI I B, B W3 BRI B e 4
FE ARFBALATTRCR . BN, H MRS (2024) 1EAT
o 93 I £L A6 A 5T, 1 SPA DA 501~
900 nm {5 Fil P A9 401 A Ji 4 't 3% A i v O 2
17 AR, 28t a0 22 R Y 4.2% 5 SR T Ak
T+ SPA R AIE I < 1 Fifi BIL AR A ) J90) 455 A8 o A 5 Dy
77.61% AR T FH 4G5 04 JR 3 IAS i 5 /) — et
AU HERR % (94.03% ) o X R WITE SR 2% 35 0
%5, SPA L REA AU AE , (B L0 L f5 p AL T kG
JERT R TR

T e M 7 A5 N JE AR 1 (competitive adap-

tive reweighted sampling, CARS) 45 & 52 47~ & Kkt
BRSO 38 5 [ A TR S X
RHERAAE I 1Y B AS T A% (Sun et al., 2020) . 7%
X AL A B A I, R F] CARS M4 I8 B ik
Hd (4 400~1 000 nm S5 G 3 Bl ) v i 1 H 54
v T o 1 R B g 7 % D AE DG ) OGS R AR e, 28
b AR 0 3 F A DK 4 1 A o3 2 HERA 4 AT 3k 85%
Ph_b, B AL E 7 ()3 20 (Sankaran et al., 2010) .
CARS A% Co P 5 7 T ik 25 A ARSI A4 2 g ] s K
W& T 5 2253 2 B P I ASE A A v e 5 2508 5 32
B AE TR 2R SRR B R 5
W, SEOTRE R AE R, HIfikss Rl 6852 KA
BEAILME RS2 IR, 5 220817 LG FRfe e M (Sankaran
etal.,2010;Sun etal.,2026). &2 ,CARSREA #1E
WO CTERHEE BT FE , T A PR S HE AR 0 3
Tet R AR T T 5

Jo {5 B AE 5 7 B ¥ (uninformative variable
elimination, UVE) /& 2t Tl £ /)» — 7 (partial least
squares, PLS) [l 5 £ Z (¥ A5 1k 43 8y O i, al 1L
Pl — 28 S E A o ORI 1 %) 5 5% B (B (Kang et
al.,2022) . 7EFIFH i G G IAT 2 e i F
e, B UVE FREERRIE R 250 M 256 i/ 22
424, P4k i 1% 35 83.6% (Garcia-Ruiz et al., 2013) .
ZITIE T RN BRIUA S M I, 1 2 R AR
Y B IR T B S SRR (H R % Tk
TEAD PR S I 5l A2 B LR MG R B P BB A7 AE
15 BHR U 4 i Y J= BR 4 (Wang et al., 2012; Liu
MJ et al.,2025) .

8L 441 (genetic algorithm, GA) % 4= ¥4k
BRI W U 20 5 bt o G AR REAAC , 38 2o 1B
PE 2 SUNAE 5 S5 i AR AR S B 2 R e A A R
(Abdelrahim & Jin, 2025) ., 7F % )9 F K o, Al-
Saddik et al. (2017) 1 F GA M 1 901 />3 K v i &
B 8 A AT FI A T I RRIE B A, OF A B 4t
TR L B 0 e B A I T R REE
o, B T3k B R AR A R R O HE BT 41
KA. GATERHE K LU B AR
)4 Jry SR RE T (R HAAAE B S bR, AN 4220
ik PR R 23 () RT3 A 3 s, HLPERE ) 52 248K
T B MR 1T A J) B 0 A (L et al., 2011 ; Zhang
YK etal.,2024).
1.5 SRR ET

PG E T AT v, AR 1 A R B N 25 5 4K
PEEER AR S5 0 TG oK o X TR RGOS 5 , 1%
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S| 2 by B s W N i L BN

% 4% 7] & AL (support vector machine, SVM) ]
FHAZ sRAAL 3 5 A AR L2305 (Fu et al., 2023) , i
T 52 22 G553, SVM A B 4 B0 it 25 31
JeRFEN AR D I GAEAT et LR ar 7
fhie . WNFEAR AR5 T RS 22 U0, SVM AR
AU R T 3w PR 2 RE LRSS G A fS o
o HG R 909% (Su et al., 2025) . S Al fE4E i
25 M £ (back propagation neural network, BPNN ) £
HUNE R AR LR A, AT 38 2 A B TS Ry 1 4 X 245 AL
1B, DTS2 A2 2 03 ) A8 1) G ff oK A (Liu et al.,
2017) . BPNN A&7 7 4b 3 55 25l ik [ 851 A i 47l 442
FPBAE P AR LM R JF LI R A YRR 2 T AN
4325, H BPNN AR AY 54 Il 2532 7 ml BEAE T ELFS ZE K
A SR RE R e LA TR, PLS VA2 Ry
AR 1 e Ak kg b i AR R ST TR AR e LR
A 5A R A TRE D BE , DA = 45540 Y F3 000 o4 1
P (Younas et al., 2021) . b 1z /1N — 3¢ ) 51| 53 #7
(PLS-discriminant analysis, PLS-DA) J& %t PLS #:
PRI Z 532071 16 A A PR RIS s 55l
PLS-DA RETE (i AR £ Hh B2 R B X 43 AN [R) 2 1] 1)
R IFEZ 0 2T 55 h RIS (Tunny et al.,
2023) . £ It 2k E [0 ) (multiple linear regression,
MLR) i 7] FI| H Z2 AR AR A 7 5 1 4 B, (H R
F A% i 2 AR BBk ST, DR R L T A AR I
JeIBR (Li et al.,2018) . MLR X F-#idfs 9i ick B fry R
e, B TPARMOC R LR A B, DRI AE—
BEAT 2R G S A b AT BB A HAASR A A AL

FETRBE 27 2] UK, I E RGO 3 sf [ 51 KcHis 1
Ab BRI 2 R R . — 4k S B R 28 W 45 (one-
dimensional convolutional neural network, 1D-CNN)
i TR BOGIE 200 Ja B RRAE 12 I 28 45 A 7 IR
FRHERCEE A R RASZ I OGIEE B U AE
B IR AR IR, DA T A B S 300 R RS 1 43 25 R Tt
(Ma et al., 2024) ; 1 +< %5 1 1212 ¥ 2% (long short-
term memory, LSTM) FEAF T4 AL il 4 $i2 s 2 44 At
KR, BE A Shi L5 B Ec e st i, i $2
i B X B A5 AR Ak B 3 Y fE 77 (Zhang J et al.,
2025) , 75 - HE o3 Wi 5/ A K T b B
SR R 5 I R] 5 A X 24 DU s ok PR SR A AR5 2 ik AR
AR A , BRI EY i S S 8 i v By
Do, AT AR A R B [R5 B ) ARl 50, B A
BPIVED A T (Lea et al., 2017) .

i BUR B 3 A 7 A T AR AT 55 S A A T4 T

XPHERERE . TR FATS5 v, 46 R 28 I 45 (two-
dimensional CNN , 2D-CNN )il iz fili {5 45 1 A1 S 30
FEHE] , 2D-CNIN LAY R AR T A6 T 96 Tk 5 |
1A% 96.94% FIUERR % (Singh et al.,2021) . 2D-CNN
LA B R NS A S 8 S B =L AR
T T PG 4 5 RS R K G 72 TR i Uk
o A Y UL BN T A Tk DA 1k LA

T B ARG I 5 T, bR X AR R 28 ) %
(faster region-based CNN, Faster R-CNN) & H [X_ 1,
PEULSEIURE i 2 67, BEAT A8 XT A2 2 SR el PRI T 1Y
K4k % (Dersch et al., 2023) . 737 5 F g 6
W, Bk J5 %) Faster R-CNIN R 50 Xo 55 28 1) - 2 46
DRGSR R 63.1% , 2 T HoAth H ARk I J5 7 (Gong &
Zhang, 2023) , [X 1t Faster R-CNN AN Y BE X 55 B 52
IR Z2 0 kS BE e A7, i RE RIS ) 2 Fhoig 5, 15
JE L TR FIORG M 24 1) 75 5K . YOLO(You Only
Look Once) F 4L i+F BB B ARAA A B Arsil iy
Jr A A B A FE XS RN 2 6 I 31— Ui 2 g 1)
P %, S 25 B R TR A B IR (Liu W et
al.,2025) , Ji HoJ2 YOLOVS K B )z T HARKS:
I, YOLO FR L AYFE A PG i AG B 1T, e )i
B e B SRS R R e 6 A N P S . AR AR B
e A5 S A A 1], Y OLOV8 #5% AU 7E 33X P
o S R RSN v 43 S A T 0.788 10,941 11 F, 434K,
7t I AE SRR s A D v 4 e A R R R
(Frederick et al., 2025) .

TETE A ET 45, U-Net F| FHSm S 2 — e i 2%
25 F4 5 Bk R 4 2 0% B8 4117 (Malagon et al., 2026) .
TEIR Bl T o HIME S5, U-Net BEAG i 7351
SR R BE DX I IR 5 S A BT A
RS A iy 23 |5 . a0, U-Net BEAU7E 2
FAEY I 79 o B 0 2T 55 B T 95.26%
(9°F- 5945 2 iR % (Abinaya et al., 2023) , 1% ()
E RE I BE 1 AT AR Py 8 BRI | R AR PR 3 T
o RF B ARO 2 TR (Veres et al., 2024 ) .
1.6 ZHIEEBIFMIEIR

B BEPTAR R K A7 38 SRR AR {45 A
AEME ]I SE A o P RE I O AR R 22 (root
mean square error, RMSE ) FlIAH X} 43 #1i% 2% (relative
prediction deviation, RPD) #1725 & P4 (5K 18 45
2022;Ju et al., 2023) . 3 A I 3 5 A 58 K
W A 1R & F o8 A T 246 bR deriik (Bleasdale &
Whyatt,2025) . 81 A fig etk o b 222k VDA Al
Tnfg Rk (RALIESE | 2024) T 45 I B DTk ol
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LR BE AL Wb (Wagner & Byrd , 2004) 4=
AR BB A

2 ZHIERRREWNR AT RIRE

2.1 ZHRIEFHAREHBHFERNFH R A

Dai et al.(2025) i FH 2 S35 AR H ARG I 1 i
W B e 1) R A PR SR R o3 SR (g B B e B
Jiks | B RN BRES 5 2K, X 22 Fh Ak B R 2R AT X
ke, 7 350~2 500 nm i 1< 5l Y S BORFIE S, H
FoA A 1 O 3 AR 4 #% (adaptive spectral trans-
former, ASTransformer ) 1D-CNN 5 %I GE A Rk $E 42
M 5 FR IR DR IE 8 B, 3 SR 28k 3]
97.7%. Larbi etal.(2013)JF & T —EHE ML CIEK:
DUEE A 0 R R 4t , 2 R el e 2 it 5
AR R G I B 1) B S e 2 S S H AR U
M X B 96 A UL BELUBIT 88 R 15 45 , 1A A Xt
JIT A MG S S5 RESEA T v R AGI , XF T ARG St
BRI 1 45 305k 96.1% . L et al. (2015) fifi ]
WorldView-2 T3 5 52 A4 A i HE AR 5 e s | [A] AR
FH T PRSGIE PR TR 430, Heh i F Mahalano-
bis B 85 77 ¥ 45 & o OGRS 2 09 o R R
81% , {& T-fdi i Mahalanobis FF 25 77 V5454 Hb TG
JE LI RUERA R . %58 UE B AR A G
3 T I HR R I3, PR T — b 5 AR RAR 35
K 7748, Huang et al.(2025) 45 & i #82: X fZ0t
T PG Ak B8R ) e SR G DN R A% 5 R, 38 e % B 4%
Toft ol 2 ) 245 455 70 e B, A B X A R i 8 T 4%
(mask region-based CNN, Mask R-CNN ) #= A7 AH 4
R 0 R I 3 B A A, L mAP@0.5 fH ik
91.14%, 3f-# — 21615 3] T Mask R-CNN V3 14
A AR mAP@O.5 {E A 93.37%, J1 i E I /D 1A%
R 2 50 FTHA & . Frederick et al. (2025) X
GG B e AR 5t 7 5 A A AR P S e o e
AR, e i G AR B AR AR AR - iy 5 8K
P, SRS (5 FHAS 6] 5325 a0 22 43 W F0IR J5 3 A J e
SCPRRIE T Bt AT e 8, PR U2 YOLOV8 5
TIPEATI 4325, T SE B0 7 AHAG 5 Je i A 9
NG BEB = 2505 3% 19U . He etal. (2022) & T
— PG Z OO RUR 5 206 R UG I TR
#5138 - MobileNet V3 5 7Y i 47 AH A7 2 I g 1) ER
A, fi ZGIE B IZR R 0 o il 2 (s e 26
T S S S AT 36 92.1% BRI HE R %6, I (9 1
RIEE12.1%.

Zr BTk, 455 20 R HOR 5 IR EE 27 S B

AU R AR A I T DGR AR T B 5B 2
T AR AT 22 0 8 AT AT i 4 v M A 25
3 o ARG I DI 23, R A I 0 SR A T I B A
B G AN BRI AT K o 11 22 ISR E
3 2 G T %) IO FH AR AN P Ly B T A AR o
TS T3 b FH 7 Al 4 A SR 38 A sl

2.2 ZRIERAREESERRARERN F AR A

e AN T AEAERCRAIR 57 Sl K
RN A2 2 A m) i, Bt R EE AL i R R, 2065 Al
BHEARZHAE TG FRI T2, 2060
QB A AN [R5 B S 23 ke A ) A 2
KRB R AN 320 R R A iR
i L A7FAE A B 22 57 X {15 22060 R B R BEAT AL
X il AT ) 5 AR )

Li et al.(2024) 4t} 1 —Fh T Z HEHR L&
PSR FE X 2Rk WET 8RN
AMMFNet () ZHR%E 7 R, JF7E AR P Rl 1
RGB EIG A Z5Gi5% E& (T aT Dot 5 i 21 ok B &l
18 AR TAUE FH RGB sk 2015 FHR B AY | 1245
RUREA HER 22N Fy o3 80003 il B 5 1 8.93 F 43 i Al
10.90 14 43 /5 . Xiao et al. (2022) fif J1] DJI Matrice
200 % Z i 3 A HL#% %k MicaSense RedEdge-M £
JEIE AL, >R d5c /N TC 4 e KA E A% (minimum
redundancy maximum relevance, mRMR) 55 72 fifi 1%
HB AR B 8 R A T 2 SO R BOR = M AR S 2L
Ve J T AR A, (0 1 iForest B2k 22 (5 S i {HL s ) 7t
PR FEALARAAN SR ) FE ALY, L B A
BEAY ) AT 5 5w , 1481 94.0%, Chandel et al.
(2021)>% J] AgBot Jt AHL#4 % MicaSense RedEdge3
1 IS R AR 2O AU, PHE 2O ESE RS
RGB $41% , % F o Wi B K-means 351 (5 928) Fil A
e Bl fA DT IC (spectral angle matching, SAM ) %2
b2 e R I SAM 1 43 2 28 B g, B
SAM $E K398 —JCHERS | 38 2F 4 {E 72 AR s [a) 44
PET, T R S 00 SR el A SR AR 7 g DX B ) 3 A A
Jsy. Bleasdale & Whyatt(2025) % H CNN % & £t
TSR AR, g T R TS SR A i 1 206 e
i) 3 41) [ R 7 2.9 07 5K T ) S SR A dE b e 4
f¥# MobileNet V2 Fil EfficientNet V2L A8 | 56-41F &
B 2 6 15 U B R I AR A T RGB. Veres et al.
(2024) %l T RGB T 2L AME AR 4L A, il i 2
JAI RGB- I 2141 2 38 JE AR BIL . 52 B 8l 25 5 £/ (real-
time kinematic, RTK)-GPS & fui 1 Bt % Fa 7 % i 3k
1R BB EDIE , R H U-Net B RS HEA 7B el JCRE i Ik
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BRI 5 W4, e R IAEAR R AR Z v 40 4h
I OO AR 7 462 T 8 %554 . Bagheri (2020) R ]
ADC-Micro 2t 1% AH AL 1l T8 AL 28 5 18 17 R
FE R SRR AL 28885 G R 75328l K
P38 SUIAIE A AR A S 80, fie 2455 28 BAORS B 5K
95.0% , Kappa Z%°40.92.,

2 BT, W IE R T 206k H AR e R
o AL ) SE R, TSR AR T AR
B ARG T AR AR T T2 TR B, RSk g5 A
MobileNet £ 51 45 4% 1 b CNN AR Y | [ A1 226 3 4
oAb P ) 3 H BT PR AR, ST A i 2 vt
R AR, Tl A SR P B S A 752K
23 BZHRIERAREFRSLRMRERNFRILA

B 5 2 7 A Bk T SR P I A B 3 e =
(1Y) H S, 2 B A DR i Be AL R
AR BGA R A MR B 2 W WA R
I TR AR UK IR 5 | 1K S AR AR R A B B
SIRC A A REAR OGS AVE T R S B FK AR
AL E R T NNIE EE B 2L
S e 2 9 A ) TR R

Saccuti et al. (2025) 2k H — I 4244 2k Micasense
RedEdge-P £ Jt: i #H AL 45 I 4 4 1 Flavescence
dorée (FD) Fil Esca(ED) i 7 , £83:f 172 U4 3R R 4
B 7N F A S AP R EIR . Portela et al.(2025)
FHTE AMLH4 %8 MicaSense RedEdge-MX £ Gk AHHL,
S5GNTR) R S Xt 2 el %) R A e A T A I Al
AT TR E R A AS AR B B R AR, R
T IRANLZ TG R ARG WA (% 8 T
Bendel et al.(2020) >k JH i )G i AHALAS G HL g A 1Y
X} ] 25 PR e AR g RV T 48 28 v Tl R A T R
SHEURS 1WA RE PR AR W S8 #AW ) B 3= S P A e
BRI T AL, (i FH 22 )2 B SR AR R S T X 3
PP E BOAI . Kerkech et al.(2020)4& 1 T —Fh
FET LA EUR FCHEFN R B 27 ) 43 i M TE AL 2
T G e 95 T A B AR, fifT ] SegNet R = )
ZRAE o) T 2 IX SR A 7 (BB BT A= B 5 0 A1
] FEAEAR GO (A9 3 R 3 R 3% 0 F A BGs
92.81%,

B2 BE 2 GG IR BRI as 2 T B 7
FE 3 1A A s o G I 1, S T A S
I e 57 S5 B FERT HCRARAY Rl Horb, B L
AR AL G (B v AR AL B R ), 7E 2O Ay
TR RIS, $ = 1 T Al Ay o ff 5 A 5
11 P o e S o gL VS RN A oy - 5 N7

PET — o A5 RS T W i, AN RE R AT
B I BETE RGBT IR, DA Il A B v A
25 [l i A 72 30 25 A A B8 0T R 252 M (Portela et al.,
2024)
2.4 SHIEFHAREE M RIHRERN A IR A

B o A B T 1% 0 M T R A R B ) L B —
ST O e LA SHE o 24 B 5 2% 4 728 A A [ A, Zhang
XD et al.(2025) 15 Y 3 Hb T 06 F 35 (light detec-
tion and ranging, LIDAR) 5 Jc A ML Z i B gl &
(4 W B AR, 12 0F 5% 1) ] LIDAR360 5114 %) 22 5 1%
EUGHEA T LA IE , T XA KRR A A
Gy, LR ML T 3 4028, HE ik
TS FRRIE (0 il B R 0 A T W I RN 2 i R, i
LAY 1) LA U B K 3K 86.46% . Arcidiaco et al.
(2025) >k F WingtraOne [ 1 3 4 1 & B o A LS
REICTEADLRAE 8 MBS B, i FH S RF 1AL
AN ZE DL ISR A [T U 3 FPAIL AN 2= 2] SRR
YA, Hodh g A —fb 22 AR AR O 21304
— Ak 25 A AR B S I AL RN 2R DLy
T2 45 i) IR T de e 1 90 2 R R (95.2% ) . Su
et al.(2025) 455 T LGS NG S H shfFEE R
SRR AT A AR D AL 22 R K S
AR Al o0 B LI A3 8 —EARRAE , [R] R Re F Bt AL
R SHF 1) S HURA = 3RS 3R DL 3T 3R HLAR 7 )
B TR TRV 20 A h e R AR R | H
HR R AREAE E SR ] s LA AR o e IR A, PR
B2 TH T 2.60 1 73 s, T 2 HERG R0k 91.39%.
Anku et al.(2025) % FH 2605 m oG B 45 &
BLAS 27 2] BL AT W A8 35 R A 432 A R A
VI EURHLAS 27 > 43 AR (R 1) AL  FEALARAR
K AR AA) X T A T 4020, 5 A W S ) o
BLAT ZEARAE X ol e 55 SR AL A7) D e B SRe A  , A:
%3k 96.6%. Linero-Ramos et al.(2024) F|JH Tt A
MU OISR 5 IR B S BOR N B A5 R R e
PEATPRAR A 432E, % e T EfficientNet V2B3,VGG19
5 MobileNet V2 =il 5| Ak fe2: 2] S-S
Ak sgems , A FAS [ o A R R B0 s SE EA T I 5,
e % B MobileNet V2 B 5 B AR , HAE 1R
b 25k 86.5%, 9k FH ARG B R 5 A B Z 53 h
75.0% 5 72.0% , i % & T 1% 58 RGB K& 1)
PERE.

25 TR EEARFVEYE 2 0SSR B AR
o FH e 3 2o A 2 JR s (A0 LIDAR S = 5 26
T D) B BHT R AR 3 (A AR T ) RE
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FARTHEOR F AR RE ) . R R I,
Pl ) IR 7 I B B, K AN
AR BAE I 45 B~ > MR ) Ok A
RO DA GEA N LT W I v 7 A ) SRy BRAE 1)
S E KR T[] s 00 o JEL A B i 114 o 1 LR

(F2), IXECHAR MR AR & 7 A A )
L A TV RE 1, 30 b AR i St FE AL T
SRR, BARAE S T FE B IR 1R Be AL AN AL Ak (De
Silva & Brown,2023)

F<2 BFRRFER AT
Table 2 Detection models for various fruit tree diseases

A T E EATCRIR SCHiR
Variety Disease Model and algorithm Reference
% v AN S ASTransformer Dai et al., 2025

Citrus Huanglongbing (HLB), yellow vein disease

#p i HLB L L 5 s A D i Larbi et al., 2013
Euclidean distance and matching degree

T HLB Mahalanobis %5 Mahalanobis distance Li et al., 2015
#HIEHHLB Mask R-CNN V3 Huang et al., 2025
IR B9 HLB, canker YOLOVS8 Frederick et al., 2025
HE R HLB MobileNet V3 He etal., 2022

YR AL HERS RN B B BERAKBER  AMMFNet Li et al., 2024

Alternaria disease, mosaic disease, brown
pear spot, gray spot

KPR Fire blight
FI3 Powdery mildew

BEHL AR K542 Random forest (RF) algorithm
K-means FIGHE A PEEL L

Xiao et al., 2022
Chandel et al., 2021

K-means and spectral angle matching algorithm

SESLE R Apple scab
AL )RR Pear fire blight
AL KCJEES Pear fire blight

U-Net

MobileNet V2, EfficientNet V2L

SCRpI AU A

Bleasdale & Whyatt, 2025
\eres et al., 2024
Bagheri, 2020

Support vector machine (SVM) algorithm

H A 4475 75 Grape downy mildew

?thf; %9 #5169 Grape yellow disease
ruit trees

FEMR BT L% Betel nut yellow leaf disease  RF

H 25 2955 Chestnut mosaic disease

%
i

TR 24 > 11 Deep learning model
£ 2L Multilayer perceptron (MLP)

SVM Fll = kR DL 158k

Portela et al., 2025
Bendel et al., 2020
Zhang XD et al., 2025
Arcidiaco et al., 2025

SVM and Gaussian Naive Bayes algorithm

AR ] #2205 Banana Fusarium wilt  SVM
WA 205 Blueberry wilt SVM
4 B844I B Banana black sigatoka

MobileNet V2

Su et al., 2025
Anku et al., 2025
Linero-Ramos et al., 2024

3 SHIERPHRERNH AR & R

ARILRGART T 201 UGB ATE R A6
MBI AT FE IR R ke S . AR A R 7 %07
], 15 48 T B R 2L s =07 1) B N B < 7R AL AR =
TET, P 8] 52 A PR B0 B A LT ek 5 70 H 34 th B
1o LR s TR 2 10T, 0 T FEAS AN I BRI AR 155
T AE IR GRACR s FE AR 1, B— ek ik
MELL AT R AR 5 S A WL, A N, 206384
ARAPAE SR 35 A b R LR g .l AR
A UG ATLL AN B G E E T S B 4 B0

KU S5 B . BE TR s R T 1Y)
R AR XS 5 DL ARAR o5 35 () DR A 2 = T
GETVR AR R TR AR S
K, IR A v A 34Ty e - B e,
it SRS BAE L Bl A (Zhang F et al., 2025) K5
T B HUE  mOEE AT WL 2RSS G
P2 AR IE AR 2R DU TGRS B 5 ok, JF A i
AL R 4, 45 B TE AN £ SR el K TR
PR IR 5 e S, T T8 B B - R - AT R G
(Wagner & Byrd, 2004 ) , K I 45 5 508 v Jite 24 45
VEME AT B, JE B P PR 5 R AR e T 6 . X
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BET5 i) 1Y) A R AT A BI R 5 R AR 1 B
(AR S5 8

4 RESRE

41 B

Z TG AR B ANE AT 5 4 Ml 18 34
AL, BB SRR F R D RO TR
—o AR, BB REE A I HR NG & 260G
WA RS Uy TS T R R
AN [FE B G R BORAE , 2 IS S A hE
SRV AR ) 2 AR AT BB e I . It A
SRR BEALARARAITR EE 2 > S, 203 Al
G B AR A F AN 7 T (VR M ARCRAT T 5 42
T, A1) 0 S 5 1) 2 HLAS Y 7 4 2 3 U1 op ik ]
96.6% I R %< (Anku et al., 2025) . %45 AR iE 1t %
BELZAETENE BERME B, AT LAFE G 3 RE 2 AR B
WA A BRAR A, R Rt TS B Bl A B R
AR PR, A, 26 MRl w5 T
Fe A BLIE T AR [0 W, 6 28 = 5 S Al o
B3R RIS, AR 24 it P B DT 0D PR B 15 4

USEE SR ara-git TPl oalll L sHS W SRTE
HI R OE  (EATS SR AR AR — S8 Jm FRYE . n 2ot
£ B AL PR 2, BRARAE L e TR R 2
eI R AT S Ik 95% L A4y 8K B (HAE R
F AR EREE T, FEG AL B AR Bl A s B 5
25T BEREARASIAER R . SI A1, 2GR 4 4% XoF
245 [R5 B R B e 436 1 IR ot s e JEC 17 FHARCRS o
SEeis g A0 e, 26 s R i B b T g
AR R LE PR NV . BARTE AN 1
23 [A] AT HE R A (HSZ AT BB, Jovk e o
B RRE . Flan, 2365 ANT-5 /e )
G IR A 2 R, A A X /N G 3 B R A
W e RS M (T2 45, 2006) .
42 RE

KA, 2015 BUG B AN AR g 5 A T b4y
e B OB ) A 0, DGR A SRS T Al 1 3
W BEELEE/ NAL A SRR R T LA KA
P RA A AR, A SER R 2GR S 2
EALE T[] PR v S BB S, AR K i = 3 1)
LN 22 i A FRRE ) o X AN AT A T
FELE WS, i R AE S el rh bR s U)o 5 O SIS S 1
B, 1S B SR R S s SR B VA T it 3k e
HE— 1

BEAN, S B HLgR A > TR BE 22 S Bk Aok £

T AR 2R G0k SN BEAL , BE A Sh Ak BN 73 MR
B B BRI , HFAR A [RI PRI MR s b 14k
oS . SO RT3 AL RE S Al
TR (A 22 GRS AR B AE BLAS R 3 DX AN [F]
o SRR 10 RSN 5 5K, 2 i T TRU A v P A
ROR . REE S W HE A8 AT DLk — P HESR 2 61 il
1R RGN B 2 5 WU AE ), JUHRAE R AR
BB TR B . B 2SR RS HOR
AN 2 J , AR 220 AR A T 5 R Eis FAAL
HMRAR A Fo A BRI AR A &, iR 5 e RUess
MRS &, SR AT R AR A A B
R 5
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