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Abstract: With the rapid advancement of high-throughput sequencing, remote sensing, and machine learning technologies,
wheat (Triticum aestivum L.) research is gradually transitioning from traditional phenotypic evaluation to data-driven
precision analysis. As a core technology for processing massive high-dimensional data and uncovering underlying complex
patterns, machine learning has effectively addressed key research challenges such as wheat’s large and intricate genome
(=16 Gb) and the nonlinear relationships between genotype and phenotype. It has been deeply applied in multiple fields of
wheat research and demonstrated revolutionary value. This study systematically summarizes the research progress of machine
learning in four core areas of wheat research over the past decade (2015-2025): monitoring of growth status and physiological
traits, identification of biotic and abiotic stresses, prediction of yield and quality, and mining of disease-resistance and stress-
tolerance genes. Through multi-source data fusion (including UAV remote sensing, hyperspectral imaging, 3D point clouds,
multi-omics data, etc.) and algorithmic innovation (from traditional machine learning to deep learning model optimization),
machine learning has achieved non-destructive and high-precision monitoring of wheat physiological parameters, early and
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accurate diagnosis of stresses, quantitative prediction of yield and quality, as well as efficient screening of candidate breeding

genes. However, current research still faces prominent challenges: strong data heterogeneity and lack of unified standards,
insufficient cross-environment generalization ability and poor interpretability of models, as well as high computational power

requirements and high costs for field deployment. Future wheat-related research based on machine learning should focus on

breaking through three key directions: advancing the collaborative learning of "space-air-ground” integrated multi-modal

data, constructing a mechanism-data dual-driven modeling framework, and developing lightweight models and edge
computing deployment solutions. Ultimately, by integrating technological achievements, an integrated intelligent breeding

and management system "from gene to field” will be built, providing a core driving force for global food security and

sustainable agricultural development.

Advances in the Application of Machine Learning Methods in Wheat Phenotypic and Genotypic Research
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Figure 1 Key steps of machine learning in monitoring wheat growth status and physiological characteristics
Model EOPAFS#AITA] (Evaluation) {4k (Optimization) . #ilill ( Prediction ) Al F ( Application )

PE IS4 (A0 JC AML (unmanned aerial vehicle, UAV)
e G R | SR A I SR | A IR M D
P ) ARG AL B 5 (2) Rl TR AAFAE ST 2 - UL
UREE TR PR IBUE 5 /N A D GBI | BCHRAIE |
ERRFIESE , JT DX BER AR v — 2D 0 1 Y d5c B A
LR X S BE YA OARRAE 5 (3)BERLI SR« B T ik
53 10 2 A e /IN 22 AR AR e 2, e IBGE P FY
BLas 2= 2] BRI A ALY S5 5 (4) PEAR L < e B
B A [ mAPSOSF PPN PR AR X B AU BE i AT
EALVPAG TR TIPAG 45 RS A A T R AUt , 98
JE RN GRa RSB ] T 92 bR e, /N2 48 P 1
FEHERIIR A ST o
1.1 HERREHEN

TE/NAZ 2 % & i IS0, HLE 22 T HOR
T A S B PR Te 40 0 ) A% 0 TR, il it 22 P54
Par G BE BT T AR, R BRI AR
a3, 20224F , Wang % O i FIUAVAREE 3 HE 8
A SR /Nl TR R AR 2
B B Y 2k S 1 FHBEDL AR AR (random forest,
RF) B A 14 MR 55 B R FHOR AL &5~
RO T o2 28 5 o, 45 2R W S8 SR IE A U ]
IH (ridge regression with cross-validation, RidgeCV )%
BT TEH E R R I A A (r=0.63 ) , A1 AL
(support vector machine , SVM ) FZE T2 ke Tk

T (1=0.63) . 20244F, Singh%5! 7 F| i LemnaTec-
Scanalyzer3DF- 5 K 4E/NERGBEIE , 1154397 RGB
FAEFE AL, I HTPmod TFE - 5 19 16FIL #5825 >
SEVL PN 2R 5 f, 25 L 0 s R 1 R A 268 ) 4%
(bidirectional recurrent neural network , BRNN ) =71 ik
FIR=0.71 09 R B, R AR AR W B AL T n] 4707
%o 20244F, E I P iR T RE ST IE (particle
swarm optimization, PSO )i Ak 32 45 ] & o] I A Al
(support vector regression, SVR) , fliPSO-SVRAZHY ]
IRAERIR0.791, W E 4R T T /INEE 4 R & B A
KERE S YT/ INAE S R W5 2 3 DA B — %k
ar B ZUE AR RGN R [RS B) 2 Z bl AR > T
FEIRE -2 (deep learning, DL ) A A i #adf . H
WA RGB (red green blue) /7 589 1 F K {H
o LRI EZ A XERS
1.2 REELHER

R f R A /N A A RO AE ) ) G B R TR
S AEHEN TR I AR B S 5l AR 2%,
DR 2RI E o NN W =0 & v i R AR N 7 =)
Wt T H HES MG N T 10 [ 34k sk B
SIRTREAS . 20214F R L TR 1 X
B B 22 [ 4% (mask region-based convolutional
neural network , Mask R-CNN )Y} 60 /N2 47
S 53R, B MR AL PP U iy , A AL 4 ik
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B 5 N I i R L, R?1K0.983, 31X 3R T
TR BE 2 2] e A W bk e S B L ) A BEE L 3. 2024
A, BelloZF V45K T 3DE m IR I HAR 40T T
BRI RSSO SRR AR, 45
HGH AT SR AE | 2H R pR K (AP ointNetZ244) ) AT
JERE USSR YR €T sy ok v N = S 3 & o
PrR it 7 s S . 7EMERN -, DagarZ U F &
T 3FRGB-DAHML (Intel RealSense D455) 52 Hifk
TLFR R 2 R AR AE R R B s s AR
JH N T A2 2% (artificial neural network , ANN) 3£
PURR S B BN GE % IR TERORR /N A A L BRIk
R, ANNBEHY 95 i (RMSE=13.70) 2. & i T1%
GEJ7 v (CINZE T ) o X SEfff o S T B 35
JE& (EAT TIG 5  B AL B A s A2 AR RE IAS 2
PR, AR T I & A ML IR G 2B
PISE T H )38 A .
1.3 hEKRGEEMEN

FENZZ IR Ay s WA s b AL = I HoRE
JCAy S BORS M TG S (A% 0 TR 38 2k Z2 5 8 e
fillG 5B AN W R T T K 4 a2 W A
P 5 7K 43R G W 0 OGB4 bR A 4 i 2 K o =
(canopy water content, CWC) FEHIE7K 737 & (plant
water content,PWC) .7 /2 K JEE (canopy
equivalent water thickness, CEWT) M Fy & 7K & (leaf
water content, LWC)%, 20244F , Zununjan%5 12 /5] A
S S (fractional order derivative, FOD) fiiAb ¥
G R, I 45 5 KT 4B (K-nearest neighbors,
KNN) .SVMA5ER LA #E LW C TR | fe (45575
(FWBI-3BI-0.8/1 )R?>=0.86 ,RMSE=2.11%, [RI4E,
Yadav& BOETRZERE KL LS, R
SVREE AP AL TR 7K 43 W36 $8 %54 (crop water
stress index, CWSI) , 75 tH SVRIERE AU, FERFE f A
A TYIR?=0.997 , X WU 58 /R T MLAE Tl
CWSLJy I (¥ FL KR FH i 5 . 20234F , Zhuang %'
G T %L/ NI A8 e (coupling continuous wavelet,
CWT) 5MLEHE T4 /NA2 7K 43R0 500 5 38 1:F REF
SVMTICWCHIPWC , JIFAER 4 311350.9210.93,
F R AE T 2RS0T (ATWF2318, 4% CWCTTHkBE
36% ) GRS I Al R . XSRS IES) T/NAE
TR 53 W I DA B —F s 1] 22 S0 5 32 20
14 £YEHE

FE/NZ R WA g b, b A YRR N A

FE I, 30 B A AL o o, 4 e A,
WASTEYIE KRG AR A R
SR AR DR T RS G UAVIE B AR T
SR s AR S N AR R A R T 20224,
Schreiber: "I TRGBIEZ FTANN  CNNASAY , %
NFZ R EEEAT IR S5, 43 3 52 B0 T R?=0.906 11
0.907 14 v A BE B0 IE , F2 W32 12 vl F PR il o
o b A R I S AR AL T . [RI4F , SharmaZ 6 )
FHUAV 2563 AT A4 O VIs (vegetation indices , FH
P48 80 B A M /N 3R 1k (partial least
squares,PLS) .SVM .RF  ANNH 1, 159 8 7F 36 [ 1A
Bt JH Beresfordth s5 A4 A5 i Be A= My Al
PLS .RF .SVMEAIR AL, R*40.70~0.71, iIANN
REAIRS 2% (R*0.63) . 20234F, ZhuZ: ' #&4 1 R[A]
AT B R UAVARHUR G (SO el 2 3R T A AR A
Hodli , EHIRF (SVR (IR & W 4 (deep
convolutional neural network, DCNN)AEHI | SZEL T /)N
HEY RS, R 2 R A Wi
TE T RO (DCNNBAL R (71140.84) . 2024
4 Ko 89k — 2B 5] Ay 2K K T (variance
inflation factor, VIF ) FfE £ 5 16 il o HIBRITAY
PR DL AR A AR TR 12 L0 A 1oz
TN A s B T 5 1 e 206 R AL FEAS 2]
T I3MEBTEEL (VIs) , 285 e th 6 Vs
A, K FHAR vk B2 7+ (eXtreme gradient boosting,
XGBoost) \RFFE6FMEARL , fifi i 1%L f5 6 UL VIs il
Z5A5 B B RRS B AR T B0 LT3 4134
R el ERIbE Rt

AR, Z IR BHE G SPLIE R LS &t — 2D
R TF T A A BORS E L 20224F, LisE 20 gy T 4
AR &N HE Al SR R CBA-Wheat (crop
biomass algorithm for wheat) ; iz ALY f5(5 B (FL
Z AT WERS, MR R EY R KB B
TR Z)ERIER -, S ST R IR B S A2
[B) R RS S0, il T AR Wy i SR U AR B 23
AT R A 4 A 1 00 3 T T A DG BRI A 5 H
TR A T3 8 JR N FH AR K T S 00 5 4k
S BRI T HAE 6. 20234F , AR 42 g R
CBA-Wheatf) I i [n] 8, 5k 35 4% B35 (genetic
algorithm, GA ) X RIS BT AL , #5215
BRI ED A KA AL IS BB AL SE I 1 X6
KNG A T AR R A RS BE A 4R, R%3K0.92,
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20254, Chens 22 45 Hy AT H A SOR BURAE S 1
ZS(Zadoks scale, —F I FHi B EY A K B Ber ¥
R ) , WAL CBA-Wheat 5 5 5 2l it J A5 70
KA Y B i 1oy UR , FLR360.82,
1.5 @RS SN

TE/NAZ R Wl VR i D U, Lo 2] Tk
5T AN L3 (unmanned aerial vehicle
multispectral remote sensing technology, UAV-MS
RS) . o AN G % JE% (unmanned aerial vehicle
hyperspectral remote sensing technology, UAV-HS
RS) WS & E NI FE S ol 5 OGS R RS
SUHRE R, AR S/ N R T AR B AR

RS e SR B EOR S . RLEAS T
FARBFTE R o

2 INEEYIIME S IEE Y RME ST

2.1 AYEnE NS IR 5]

AR, R R /INAE A i AR i A
RENEEE R HZ VR BSAR m s B | E) R
R UGS S BdE , IF 45 A MLADLAE 2R Bk,
FEI HUF TR ™ BEPEAL | & AR T A5y T
THE R XSRS Ay W AT LI P N A
TR T A IIMHOR S FRATESS TS IHARSCHY
Wk, W32,

®1 HNRFIEWNENR B HEE

Table 1 Machine learning monitors wheat nitrogen, phosphorus and potassium content

W5z £ W E  BEER Mgk Tk HARIPERE SR
INZZ RS W ) N 26 EIR T 5FPU-Net Attention R2U-Net, /fEffi [23]
299.96%
fiNERFIMN A S N G R PLSR.SVM.RF .MLR MLR, R*£0.89 [24]
AN O AL N [P EA ANN ANN,R%*1%0.86 [25]
ZNEM RS RANTE N ES Gl SVR .RF .RR .KNN Voting ,Stacking ~ Stacking, R*50.82 [26]
NN R R AT N UAV-MS .54 3% ANN ALR MLR ANN,R%*3A0.745 [27]
5
TOMBERT /N P i P SAEAE R X IBARRE B ANN ANN, R*%0.87 [28]
Jita A
W NEEESRIER N UAV-HS HBEDGIRERE LR LR,R*%0.75 [29]
WA NEMFRASE N UAV-HS | ZFHHIE RR .PLSR.SV .RF RR,R%A0.87 [30]
INZZ RS T K SR PLS.RF PLS,R%k0.74 [31]

T “BUARIPERE” B SRR IR T4 S R SCERTE FLR e SE 05 B T 4 MR RS R, T TR IR H AR AR B g 2 31 Ay S 3 1
I, ST B AR5 4 22 5, AN HBEAT B4R 7 LU %% ; PLSR(partial least squares regression, /> —3f€ [1]J5) ; MLR (multiple
linear regression, 202 [7]J9); RR(ridge regression, I [ 5 ; Voting (£ 5%) ; Stacking(MEE)

F2  HEEFESIENZEYEMNE M SIR A R R R A

Table 2 Application of machine learning in wheat biological stress monitoring and identification

W) B bs JHipits 25 7Y MLg§2 2 Ik G/ SRR
JINAZ UF B S R T INZE U RVM.SVM LR JCAE AR AL IR S b A I [32]
Nz e A BRI NSz i CNN,ZFNet ,VGG16 FH ) 5 Pl 4 [33]
INZE SR T T VA WSR K-means .SC .SVM .RF KNN iK% [34]
INAE R BRGIRS2E EZli 4FhResNet P 10255 dR 45 F i EE [35]
/INZE S R SR WSR/WLR/PM SVM .KNN.GNB MLP .SSL L& E K1 [36]
INZE AR IR R R ) STB RF VT it (e R A e [37]
T /INAZ R g R A FHB logistic-KNN RGN 3Ci [38]
WEI NIRRT FHB K-NN,RF.SVM 12 G A/ 38 A e T i R [39]
WEDU/INZZ Ry ™ R PM PLSR.SVR .RFR G S SR [40]

1 :WSR(wheat stripe rust,/NE£559%); WLR(wheat leaf rust,/NEM-559%); STB(Septoria tritici blotch,/NAZ H445) ; FHB
(Fusarium head blight , /N IRF59%) ;s PM(powdery mildew , /N FA#39%) s RVM(relevance vector machine , #5¢[f] #4/1) ; LR(logis-
tic regression, ¥ # [F15) ; ZFNet(Zeiler& Fergus network , 75 8- 4% 7 M 2%) ; VGG16(visual geometry group 16, #5 JLIA[2H16)2
M4%); K-means(K-means clustering algorithm , KIJ{E 23%); SC(spectral clustering , i #3%); ResNet(residual network , %2 M4%);
GBN(gaussian naive bayes, i Hr AN DL H-37) ; MLP(multi-layer perceptron, £ 2@ 5141); SSL(self-supervised learning, [ Wi 2#
>]);PLSR(partial least squares regression, fiiif/)>» —3f€[1H); RFR (random forest regression, FA/LARAR HIIH)
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AEAE W0 W SRR AR 5 el
B M E R S a R, BRI T
FOGHE 2oL ML T B RGENETT L X SR
e BLATE ML AL Ga i e TR S B0
SR TSIk, BRI B2 e 5 2
HERE S BRI E Hh B e L3

Forb, Rl a AR 3l (R 5 ) R
RFBU AR R B 2 H B A —E 1
SRIRAE B W U RI B2 e/ B AR R I v il
A 2 1 2 AR TN AR AR K 23 2%, DA T e+
SR 5 K b3 v 1 0 0 3 2o P R A
SRR 2R PR A A 3 WAL, 30— 2 DAL 14 B
TRETT LK A AR . 3
THRIIAISRAI TR o AR B R R L)
IAAZE T R SR AR, 45 5 AL SR S HE S e T
T AZ AL RE ST o

T HEER BRI R M /N A A R B S B AR A W b
MBNER . Rl B R LR 2 > J5 ik LR
VI FL O e A AR/ 22 A £ e 4R A TR T 5

20204, Qi%F O Ky T TLR-UAV-H T " I 7 52 3
A TR 3 0 7 5 AR SR LU S ) A% B b 22 I 4%
(back propagation neural network, BPNN) .SVM
RFBLE S, & B T UAVIAAZ B9 RFASE R 4 e dh
o3 SRS JE B 3 1145 2R Sentinel-2A T A §2 14
S5 JEAT ORI R, W AR e T R A ok
T I3 RGBT TR U AV UL S Bl A B A )
20224F , Fu§ UV IIE & T /NE RIS IR R S
(wheat seed vigour assessment system, WSVAS) , il
o A = H AR (VGG 16+Faster R-CNN,
ResNet50+Faster R-CNN ,YOLOv4) , #fi & fifi
YOLOv4 AR £ e T /N Fh 1 & 2R e hy
AR (MAP=97.59% ) ; X 55 45 R £ W],
WSVAS T LAl £k 0 5 | E R AR B8 S, R0
ZEREMRAE T R AAETE IR, [F4E, Kecoglu
2 2R PR i 45 A AL 2 2] RSB (4
FE R AR W  SVMAE) X /INAZ - R Ak e
JEFATRE B AN E 5 Horp A B ks i et
IR e B B £ (R?1£50.923~0.933 ) A5 A A LA
SIFEER AR IR BT S R A/ INZ ) & 1281k

R3 HESRFIENERERESKS BRI

Table 3 Research on machine learning in wheat under temperature stress and water stress

Jipie Ay W AR KA SEL MLgs2 2] T HAR B puie =4

mlRTR SRR Tr.BA .cytINV vacINV . AC SVM.LR.BM LA A DL R [42]

T5 FGIHE R CWT CWC.PWC,CEWT MLR .RF.SVM I -HIL B SRR A [14]

TH 4 R BOLAUR PSIZER SUHAHE it RE.KNN MR RIVOCRRAL I, BRI [43)]

fiF (91.164%)

TREHE AR s S ESF YRI5 500 RF .KNN.SVM Ay A, SR A A R [44]

TR+ EEE AR Te NDVI,ChIF \WC CNN RF ZRIEEIR-ZH G, 5 [45]
BT e by 5 Ty

Y SEE) FWNIE SRR SPAD.SDR ,EVI,NDVI DT.RF.SVM LR UAVZ i, SDRIRSH I mik (46
T AT 36

KA i TN i SMC.FMC .PMC .AGB L AR AY ZHSAERilA 5 WE-stackingZ2 /), [47]
FRERE (R?=0.884)

KA i LTANR Tc.Ta.VPD Rn.U.SD SVR ,ANN ,RFR \MLR  SVREHE ¥ 45E (R=0.997) [13]

VSl LT HNRGBAR Tc .RWC,SMC .RH LOFILAR 22 > ik WREE 2 ) Z RS EMG 07, i [48]
o TR B A8 A 28 (HET R
98.4%)

K5 WE PN it gs SWSI.NDVI . ZF4%fiF  SEL.RF.SVM.XGB. ZHERl& S5HSENF, T [49]

MLR WK B EAR T (R #56.25%

~14.63%)

1 : Tr(transpiration , 2& 5/ ) .BA(biomass accumulation , 2E #J 3 F1 2) | cytINV(4HILEEFE (L) . vacINV (R 054 AL ) . AC(antioxi-
dant capacity , HLE fbfE J7) PSIIZCK (photosystem 11 efficiency , Y R B YEAL R %K) . ESF (electrical signal features, B {555
i) et )2 1R B (Te) NDVI(normalized difference vegetation index , IH— LA #{F5%0) .WC(water contents, 7K 4355 1) . SPAD(H-4¢ ZE AH
X 548%0) .SDR(SPAD decline rate, SPAD T f#>K) .EVI(enhanced vegetation index , #4535 RUAE # 16 %%) . SMC(soil moisture content,
+ 3K 5r& 1) FMC(fuel moisture content, A} 7K 73 1)  Ta(2S S IEE) . VPD(vapor pressure deficit, Z&75 % 5 Hit) . Rn(i§+ K BHAR
1 U(X) .SD(soil moisture depletion, + 37K 53#E4#)) RWC(relative water content, #H% 7K 537 1) \RH(relative humidity , FIXTi
JE) .gs(RALF ) .SWSI(soil water stress index , 137K 738 16%%) .SEL(stacking ensemble learning, #EZ 2% >)
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(INLF4ER R AR T E%) . XS RV,
ZV-GHIERA S ST R 45 A LA E 2 A
R ARG R A VR Y P aa R R Ty T O B
K /NEGLAR R 5 B R R AR T R AT
FAR ¢

GRS UL RGN TR R P S AL UV 3
AR ERERENEEIEAEYIRaEE . SRR
T B AR 25 A ML AR AR 0 IR 1 AR O/ INZZ 19
TEAE L 3 AT R AR f 1] 2 A 0 4 1 )
SJE AR, BN, 20174F , WangZ 535 3t FH fa) it a6
KB, INFEAEH B T 2 R e T LG
B S5 I 56 i 4 R W B in i e , AR 44
U B 45 SR AR 25 Ath 7] 1) 210 30 05— Al R 4 4K
(NDVI705) S 7 /INAZ 5 4 Jad 3 i R B
20234F, Zhai % PV LR T ] ULAR LT AN R G
BAGAEA Y T 4 T e B4 B b i, R R AL
i SRR T R IS R RS e 1 O e O T A
P, SXEERIFST AR FHML A7 ) SEE/INAE B 4 T
LB R TG I AR A T B SLRE . AR
# T RF .BPNN ., Freundlich-type/ £ )7 F A | T3]
TINEREER T (BCE-Cd, Bl/NEFFRSR & = S
TR R HE, TR N R B
TRERE ST ) , 45 R R W RPAE RTINS 5 e A, 49wk
i AR R /NG AR I R R R
[FI4E , Zhong e 0T /NAE I - e e B 2 17
ot st o7 B A o B 7R 2 A o A L, SR S
WAL A AL A PLSRAE 7B A 75 2 ) Ak A A8
Hoph® 2800 503%0.87H10.91, B F M TAESG ik,
LR B, HLAS 22 2T AN TE T 5 4 8 i i
P HERR P, A3 L ERAE T BT IR 7R T 3R
BER T, /N e A PR T ook S

3 INEFESmBEHR

3.1 FERESTHN

TE/NZ P T B v, A SR WOk 2 A
AR AE MR B 22 A A% O 361 o LB
FEONEE T 38 i 28 AL A5 o > B ) Le s S Aok
FRTFPKE B . 20214F , BalifilSinglal >t Bl i
55 /N 7 D, F R ICAZ M 4% (long
short-term memory, LSTM ) 3 fif P13 #h 25 ) £
(recurrent neural network , RNN ) A%l [&] 4 fit) 6 i
TH 2 ) 8, T RNIN-LSTM/INZZ 7= i i A% 7Y

FT1970—20124F (434F ) 9G4 5 7 s Blis , s
RUPERE B & U5 T ANN .RFFAIMLR , H35 7 525 fie
/N(147.12 kg/ha) , A/ INAZ 7= ARG o TR0 44t T
BB ARTT % . 20224F , B0 75 8 DL PG AE sk
FRE/INAZ ARG G300 7 i, 45 5 SR W+ 59
e W 80 PE , % T BPNN R BR 2% 2 L (extreme
learning machine, ELM) 1% 1] 3% PR %X (radial basis
function, RBF ) #4451 3¢ B R BFASL Y TS B
Tt s SR 5 A FHPSOFR VA X = A B A7 Pk, Herp
PSO-RBFHEHUAR A A5 R f Ry fb 25, TUa0 o3 2 5 %2
1.354%. VUNRAR 0 Vot X 38 o i IX 1) /N & R
HPUE o™ 43 2 a3 s s fee ™ i 85
15 FH 8 Fh ML 2% 2% 2T B X /N7 7 o e i A 7 T
(BRI . Je 5K M 7] ) (decision tree regression,
DTR) .24 015 (linear regression, LR) \KiT4E 7]
IH (K-nearest neighbor regression, KNR) .RFR |
AdaBoost[F]Jd (adaboost regression, ABR) i 2
F+ 15 (gradient boosting regression, GBR) |
Bagging[lH (bagging regression, BR) % Ui Bl H LA
[7J9 (extreme random tree regression, ETR)), &l
TR AR ATl =48 B e 0 AR R A A ], (B BT
A BRIR K F0.9, B AR F 5 5 4 H [ 7]
IR 8 F- #8557 (autoregressive integrated
moving average , ARIMA ) Titill /N2 S fige = ik, i
T 38 S I A R A e Y TN 2 SR, S T
Xof U VAR DX 3l /N A2 R i RS TE I . 20234F,
20U FIBP  Elman . SVRAS R O B 45 /N3 7
&, R HPSOMGAR LA = R 2 5 45 3R 7R
PSO-Elmants BRIMAPEL40.35% , IZ R Bk T 47
BB A0 5803 7R /N Je T A /DM JRURS: 7 T AR AT
XS IRIE T 8RB AT 5 7 i i SR AR A
PETH RN B 5 T A 50

Bl H AR I A S, /INZZ 7 i TN A B A ¥
e Z oo BdE RS 5N, DL — D4R TR
BPEPE. 20224F, MisraZ ¢V i H Yield-SpikeSegNet
Ty, R WA -3 IR N g R /N A A B A5 ANN
FISVRA 7 5 5 1% 7 A =38 i AR R R A /N
A2 RO SUEIRAS T B ORHESE . 20234F, Fei
SELO2 3 S Rl UAV Z A BRI 45 & — Fh R N
Stacking I A A > s, 5L 1 X /INZ P i i ek
FETI0 5 AH Lb T 50— A B , 215 A A il
AE 0.2 46 T F00I0 AR 1 5 ) o, R A ) AL R R
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(R?=0.692) i F-H.—MLAEHL , 20244 , 5 i 4563
WA T /N RO U AV B OGRS R P 5o , SR )5
i FHORM AL 2527 2 #7 (RR .PLS .MLR .RF .GBR ,
XGB . = #rid 2 [71)9 (Gaussian process regression,
GPR) .SVR .KNN) #1771l , 25 5 3R I GBRTE
B — R P SRR 5 B, TR I Stacking £E AR
23] J7 ¥ B KNN RR .SVR . GBR 4™ B — 151 R
T8 A R A VI — A T e 2 Uk A A AR
FTHc R 5 R R IR T 1.39% 5 1% WF 58 e
AR BB B IR S — Rk 1 SR R . TR4E,
YangZ: i FHUAV Z AL BB (RGB L 263 |
SOHL INETAN) G5B =R O T (TS Y R Wy
W BN RHE ARG ) A T AR TN , 25 52 2 I ]
PO YA A I T (R 3B N RVRRAE fInAS s A 45 SR B
BARSEIE ) PERE & T B vk AR A 5 1% 58
T ZWBIRRA AL T I E ek . XS R
W, 22 VR R A 5 4 A 2 ) SR B T 7 e TN
YRR A7 1), (H 5 X 3k32 1k 6 1 A B An AR AT
JEAR TR ZLAEME I AE

25 LAy Hral UL, AE /NG pE i g v AE AL
e SR (QIRBF ) 38 4544 T 20 N 2 28, 7
INFUBCACRSE - R E , By 7 Dt i a g
RBFIIIZPSOMAL G IR ZE W PR 25 1.354%, /R T
HAE P A AT Ty o SR, SRR P A
FeARLME S R HIAFAE SR BR M s AL IR 22
B (ATLSTM ) H K b JH s R A5 14) s A 5030 . 191
11, BalifISinglal>7 F FILSTMAC I 1 B 434E Y,
SR IS T SR AYRMSE (147.12 kg/ha) , i i T
HAE RIS 2% e 20 v 1 T I 34, 1E H o e
TR SRR B, BRI AT fig B i 25 . IT4Fok,
£ 1 2F > 5 (U Stacking ) A 2 AR AU e 1)
ERII . FeidEl 2 etk a5 S gt se s 20, @
I HEA A FEE ST IR IO H, B AR (1 TR A 2
(R*) ] He B — e e A B — A 3R A 35k v IR T 3
— VLR R R (R M AR R A 4 B A SR A
BN, L, ik BT AT 55 B AR BE R
TIAIA i Bt B 7oK
3.2 BEEMIFHEHR

INFZ i TR PRI 5T 2 T 25 3R LA R (A
B GREA EITCR) RSB TN SN
2% UTARK, mOGIE AL T LTSRS | AR IR il
B EHARBAG RN, S5 AV F T 7, BTt

TN BRI RS B RCR S ATk RE T . 2021
A KO R G R L o I TN 22 SRR
ZAEPR I (JRITTR & 283 L SR 4R ) 1R I
e -A Xt 4% (LSTM generative adversarial
network , LSTM-GAN ) B AR 70 F5000 /N A2 5 I, v
WAL G LSTMAR T 19.745% ; S B 248 Rk
G AT AT — 2 T Broad-AdaBoosti A,
I AR AR 2T R T T TN RS T [ s A ) o
B or BB (DP-TWSVM) S 3 1 it FUIR A A fiE
WU, HER R 18 51195.83% , I ZHRAREE A I 2L 5E
LRl 20244F , ZhangZ5: 100 )\ B Y 1E IR GB % gk s
AR IUR 4R U5 %R (original reflectance, OR) /)
WHRE (wavelet feature, WF) | i (A48 8% (color
index, CI) % 4F1iF , i Pearson-C ARS-VIFEFfiF 2 £
ik 5 4R Bl g 77 2 5395 (BPNN . PLSR \ELM ,
RFR)Z5G, % /N2 AR %) B 1 T 5 e R 18 55 5
AT AR ; S5 R R BT 2SR Al Y RFAR
RS T ey B SIS B2, H/NBCRAAE 1 DTRR B fie
Ko 4R, Shi%k 7R HIVIS-NIR &6 i g 45 A
53FMLAAY (PLSR | die/ N X W 4 5 2 #5531 [l
9 (least absolute shrinkage and selection operator,
LASSO) .iZ A4 P[] (stepwise linear regression,
SLR) ) , X /INAZRPRLI 8 3% 3R AT I = o0, &
BT — B b B B S DTS AU (dA) IISLR
A (SLR-dA ) AT LA AT 5 F 220707 77 2% 5 W] i
WFFEAE T B pix2pix A O BT M 2%, S8 T /A2
FFRLE 5 2 25 A 4340 B AT AL . 202548, 2R 5%
SELOSITE R T R T 21 AN 5 HE B A i ST B/
A Py £ B R CA S N T vk SRS L TS
FhAL#S 24 >J#i% (LR \PR .RFR .PLSR .SVR) fl1}{ &
BRI (435K FISWGHILS Gt AT /041 ) J5 & 3, 2 T
LSGI B BRI RE RS A RO G OIE 2R 5 B il
U =Y g o AR B B 2 o e RS A N L e o4
P55 ) PR TCA0 | R A B 1 — b ik
UKERZS 5 T

4 INEFURITEE ERZHE

TEAERE R R R DT R R R ek
ARG IR . AR HLde e I BIE S AR
SRS 2 P 1 DR SR RE AR . i
ARG AR (UG 2 R L) Fse Rk,
HIF5E REAS DTSR P 1 Hh /N2 T P S o
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FE LT SRR F H I RE . 20184F , Gonzalez-
Camacho%! 72115 3 [ 41 4% (genomic selection,
GS) HELL T B X /N 22 S P 1 5 DR Tl FF Je ot 5
£ % % T RRBLUP \Bayes LASSO% 2 $ kA
5 Mg > J7 ¥k (WIRFR \SVR ) ; 45 8 /R RFRTE
2RI RIS, BEA UM IR KA QTL
(quantitative trait locus , B PEIRFLH 8 ) Flepistasis
(Ve , ANRIQTLEI AR I AR EAEHT ) Z T8l ) AH
HAER], MR T MLTEREZ A8 TP i T . 202148,
Sandhu5 PRt/ N S TRPEAR (TR R Rk
BEAEE ), W TIRE BRI (CNN \MLP) 51%
B8 7 VR 22 PR R vh i B AR R IR B A )
FEXFRLER 3 SRR AL Ttk IR 2, el
iF [ B RHIE R HRAL R e 1 O R RN B -
1, o R B A e R A HE e S RF . 20224F,
Tbrahim%E 74 32 4 /N 22 50 A8 M 30 4 56 23 T4
0,84 1 25 RIA KM (differentially expressed
genes, DEGs) /T FIMLE R |, 3& T 6 Fh /N E Ay
Jilh 38 A DG 6 PR 3 3R BHi B (GE O s 15 ) , %62 th
24 152422 R 3Rk L 5 [l >R Al g e pL a2 ~J
FRA (extra-tree regressor ,LIME ) #4749 ipin S
R R L R B . 20244, Zhu % XA T (Setaria
italica ) 150 W S5 PRAZ 48 R THA 9T, el i AL A% 27
) o Wl sk A BURAS B 46 MM e 3L N, B 32 o
A3ATT I DA FR I 127 B SR e oy SR P A A
qPCRIGUEHL R+ S HA T AE . 20254F , He%
it Plasss > SIS B iR ml NS T B
M 57 5 P, AT TR B T 1724 /N 22 RN A -seqFEAS , 3
P A1 R R E B R 452 Hi 16 7541 DEGs;;
FHIE AT A R L2 8 [ 26 43 BT (weighted gene co-
expression network analysis, WGCNA )5 5+
LN IO O AR B (UM Eturquoise iR ) ; 525 78 %)
LL ZFPHLas = T B S |, ke BIRFFR I a7 fE (MER %
0.889) ; bl Ji5 1 FH i iff (I RF-Boruta S 75 i 1€ H 514
TR AL, BT AR AR T 20,942, AUCIA0.978;
e S 3 I DR A T R X SR P 2 5 ORI AR
WA AR UESE T A TR p i DiRe . EI2.845
THUR P S A PR O AR « (1) Bl Wi R S kb
H: ANCBI/CNCB4 3k BURNA-seq ¥#l , 28 i i 1
fili U8 S X TR R R SRR i 5 (2) 2 R RIA 5T
B #r . 82 € DEGs I JT )€ GO/KEGGH 4 (3)
WGCNAZHT : 56T DEGs 4 F Jik PR 1 38 3 9 2% - i

PEAZ LA 5 (4) GWASHMIT : 45 G JE R AL S R AR
P TF R B AT LA IR A BE L 1A 5 (5) Ml )
B SCEUBR AL B RRAE BEFR SAR AU 5174 ; (6)
i 35 L PR B < 3 1o 22 A P 00 4 2 S G T B g E
FEP AT R

5 HFitSRE

KILRG DG, T LS T BRI N s iy
DY RAZ O (A A W e U3 7t B P
UL B A2 ) AT R . BFSR R BLAR 2
> BB T H & J R 8l /N i 58 i AR o i A%
O JT 8 8 22 IR A Al (AN G 1 R — 4 A
o Z AR ) SREAE (MWMLEIDL) , SC 1
POANY Face i 2 vl AR UL NI STERER UV N ey
TREFIIIN | S PRI AR SR AR SCIRR AT o

SR, M AT AHOCHHIFFEAT T I 22 B 00 - (1) %58
JETH, AN R A 5 (8 k21 27 | EH ) S 45 ) 50ais 1Y) S
Bt F A G RCRIG, Bz Z— i 5 G
FLURB/NZWISY , He RIYFEH AL (=16 Gb) FIE A4
(- R AR R 7O 5 SRS (U
TGRS e sk B ) M S REE R E R,
(2) BRI, I Bk 2 OB R BB T 1A
B 2 ALRETIAS I , ME LU W /N AN [R] 7= X (U8
el 5T R 2 X)) BB AR U7 [
AU “PRFE " FEVE BT B I, T 45 SR xf L
IRAFHLIE TS (3) M2 1A, TR )
SREEy, HE) S R AR & &, BRI T e /N RO
LR = g T

ARAFETHLARF S W/ N R T REE =R
CANAEES E

(1) M SR 2B g P ) 2 > 16280820 g
TR R RIRA L SR (INSTF-MoE ) ¥ 5 4 il
SIHERR (4nStacking[m1)) 2 Ayt i3 B 1E
LTSN NS, AN I R B D S B &
WA TR, Pl o2 S S A A A, IR R B
Transformer (— PR EE 27 TR (9 H 32 2 1L 5
25 2] BhAS A R -2 - H T — R A B
BRI, 7] {5 % STE-MoERE TR () 53 Joi & 5t i 1,
R G 22 AR R A 22 PR 25 43 ) Ak B e SR T A |
PRI i R T ) 2 s 20 TPt ) PR 1 > o
) ZRoT 2 25 (HTHE G A LR T 45 S i
T TR RO R a2 2 SRR B 45 R I, B
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Data Collection and Preprocessing

NCBI/CNCB

Quality assessment of
sequencing data using FastQC

Removal of low-quality reads
using Trimmomatic

TGGAATACAA

- RNA-seq crrccrrgac

Genome alignment using
STAR/Hisat2

Calculation of gene expression
levels using featureCounts

Differential expression and functional analysis

Identification of DEGs (DESeq2/limma)

GO/KEGG enrichment

Weighted Gene Co-expression
Network Analysis (WGCNA)

Expression Matrix Input

Network Construction and
Module Identification

Hub Gene Identification

Visualization

Genome-Wide Association Study (GWAS)

Genotype data & - Quality
phenotype data Control (QC)
¥
Multiple test Association
correction analysis
$
Result Can;l::ate
visualization gene
screening

Machine learning modeling

Data partitioning Feature selection

Model selection

Performance evaluation

Candidate gene validation

Internal test set
validation

External independent
dataset validation

RT-qPCR experimental
validation

B 2 hEHREEERRERRE
AR R T WEE BRI 22 5 R0k Bt SRR R 20 A | AR TR A IR T BT B BIL 25 27 ~0 AR R A e DR S0 IE 1) S B R

Figure 2 Extraction process of wheat disease and stress resistance genes

This figure illustrates the complete technical pipeline from data preprocessing , differential expression analysis, co-expression network

construction, genome-wide association study to machine learning modeling and candidate gene validation.

SO ZWEHR R A 73 ) DAk 22 IS AR
AYTRLO2) A toh /N R PR g R B P - 2 A
PEOC R B R 04 A, T 5] A 2B RIS 5 AR A
(multimodal large language model, MLLM )45 K , i i
g i Ak Bl (retrieval-augmented generation, RAG)
AN A58 Ak 2= > (reinforcement learning from
human feedback , RLHF )ALl % 55 1 KB gkt 821
4, 7E Rl 5 i G118 e sk B I, SR

Transformer-LSTMIR 5 4L F4 4 AR WK C & | [F]
B 1 e RN 25 Ml AR AL BN [R) RS s 1) A
fiE, e 23 5k 3 145 0 4 S VR AE STRE Y 3
AIAL, T . 25 5 T 22 825 B Y Rl S S
2[80,83]

(2) Ay LB B UK B B R 7 9k 184
TEZ A RE T J7 1T, BAT 3012 e FE MR 8 PR R 1Y
P Rd , S EORE R A 5 A A IX (AN e A2 X
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KL T ZZ O N T IR R 0 2% TR . o R
R AR IR RIS 2 RN R
S, B — PR BB LA R R A R o
i, AT ATE RS 2 > 5 45 1 5 AR il 1
YIRS 22 5] Y5 DXl (B v Vg 42 1) A B Rl ARRAIE
FEEEXT H AR X (AT R i 22 X)) Bl 647 D
O, USRS 22 S0 4. fli, Chen 22
P& 0 Y 3 T A A IE 1 My b A e 0 A5 Y
CBA-Wheat, i3 5 A 2 15 (Jbat/Ng LD R FK i
AL L JEHIRBIX ( 39.60°N-40.30°N, 116.47°
N-116.97°E ) \ IARTEM Sk ) w5 DG A w15 2 5 b
WAL S50 (relative day of year,RDOY )45
2558 B M B RIR =082, S AE 10y | 5 A A5 X B6 IE
R*>0.82, fL FPLSR(R*=0.78) FIRF (R*=0.73 ) , &}
T A IE N AR T R 28 Sl R Iz Ak R
25 TIh, Jus I HESRREA I I s AT 55 2 g PR
BCBT BREE , $2 TR B R 00 A ke DX S A RS At . 197]
b, ARG K 6% 2] (model-agnostic meta-
learning, MAML)HEZR (A% O ML 2 TE Z FEAR T 52
155 (WA TR AR 25 X O R ARy 1)/ N2 8t ) E 3tk y
JCN Sk, AR A S A LASRAS PR 2 > " 5e 7 5 o H]
TR BB FR T, T D A AR AR , B A]
PR IC , AH HOARGE BN ZRAR0M | 207 L ekt /DR
AHA R THZ A S e farE

e R AR T TR, PRAF " R XE LK T 45 2R
SARAEHLI (VR R B A B - B )
BEAHEOCHK X BRI AR TR R 7 2 AR 1 HiL
SRR AT A BE RN HIAE o 40, 7 /N 7 i 0
ohr, A0 SRAS IR T g Ry ] A ik PR BT R PR
FRIS, TG IR e R A e i
N iR R IX — ) L, 5 R ) R AT AR R N T RE
(explainable artificial intelligence, XAI) J5i%, Ul
SHAP (shapley additive explanations)F LIME(local
interpretable model-agnostic explanations)%% T.H.,
X SETT VL RE MR AT AR Y DL SR 2 4 - SHAPId i 2R 18
WE S Al B AR X T 45 2R 0 SRR B, DR 4R ik 4
J A B HE 4 Ry PR A A RE A i B LIME D]
A SRy R AR 3 ) 2 i A AR A A R
FIUI B PR SREAT Sy, 4 78 5 W BT R SR A O B A
KIS i, e Yo ST JF & (Y EXGEPHE SR
SHAPHE H T T BI 52 e A 7t (1) S FE L PR R A BR
B AFAE (TN 22K i bR W B A 3R HL) , AT

WAL A H AR . Ryo 55 5 i LIME 43 Hr bk
(ANl Bl -3 AR5 20 o oK™ B s ), & I
JRi U T 2% e B (FR - 1R 7R & FIUAE W) 25 1 1)
A1, B FH oK 43 RIKIRIE 2R 3R A0 i A
R GRR) R R FEAEH . # AT
fi BN TR REHOR , BEAUAAL AR S FH T AS 2, 36
R H1 A 2 5 SO %) firp Bk (R R R U 7 v TR
AR IE N ), DAl B e B K Bl Y
I E RS

(3) PR AL 002 AR, I i pr) ]
A AR R 5 3 h 2 07 R LI A b AR B
PRI TR S 0 A . BART 3 R iR E R R
TR RS 545, Bl inQiu iy yoLo-
SDLAEAI G| A ShuffleNetV2 4244 5 1] 43 B 45 A1
(depthwise separable convolution, DWConv) , S5 &
FE21.76 M, 115 51%5.1 GFLOPs(giga floating-
point operations per second , 1ALV s H B,
SR RBA A TR A% .OF805 ) , 752 4= H[A]
PREE P LR R RS B (mAPS03%96.5%) o QuZs 13k
FYOLOVI Ini i (1 Star-Y OLOF A , 5% Fl StarNet
B 5% 8 {5 & 9145 L (mobile inverted
bottleneck convolution, MBConv )%kt , %L
HiV2.2 M, FERR AT AS 32327 FPS(frames per
second, Wi/F5 ) B SRR . 2 G H 5y 28 L3 ik
S AR Z 3 AR, Bl AnDey 254 Py 4
KHI5G femtolet(—FhHf (5 5 mfEht TR #E
FR) /N BRI ) VR S i 2 s, 7 i A Kb PR A% R i B
i, 455 Bi-LSTMBR 2 AT 7 i TN , 4238 1R 24
25%, O AR H B2 = Wb T MY S AT
B, X R R AR R AR 5 i Sk U R], N A
I PSR 55 RETEAR AR A U R GE (A %5
JK Jetson Nano) iz 7, i T & \L.GPUE- &
ep A 20 30 A 30K P R 2%, TR B 2 ) TR/ N AR 7
(PN RGN K v o

FEICHEA |, A GBS AT 11 AR P BE IR 2R 5
EEYIRN RS 5 B 25 RS (4T WheatGP ) 9 /8
6, B = K5 T H AR U RAL 4l SR R REAE SR, 5
BB A AL 2 Al AR e IR Y ek
W5 1ok “ SR B 22 il G AR A LR PR AR 2 )
A=A TR, A DS PR B B 1)/ N R B AL
FEEERR NS ERIRE L2 5 R T8k
PEALRZIR B T
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