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Abstract

The current advancements in generative artificial intelligence (GenAl) models
have paved the way for new possibilities for generating high-resolution synthetic
images, thereby offering a promising alternative to traditional image acquisi-
tion for training computer vision models in agriculture. In the context of crop
disease diagnosis, GenAI models are being used to create synthetic images of
various diseases, potentially facilitating model creation and reducing the depen-
dency on resource-intensive in-field data collection. However, limited research
has been conducted on evaluating the effectiveness of integrating real with syn-
thetic images to improve disease classification performance. Therefore, this study
aims to investigate whether combining a limited number of real images with syn-
thetic images can enhance the prediction accuracy of an EfficientNetV2-L model
for classifying watermelon (Citrullus lanatus) diseases. The training dataset was
divided into five treatments: HO (only real images), H1 (only synthetic images),
H2 (1:1 real-to-synthetic), H3 (1:10 real-to-synthetic), and H4 (H3 + random
images to improve variability and model generalization). All treatments were
trained using a custom EfficientNetV2-L architecture with enhanced fine-tuning
and transfer learning techniques. Models trained on H2, H3, and H4 treat-
ments demonstrated high precision, recall, and F1-score metrics. Additionally,
the weighted F1-score increased from 0.65 (on HO) to 1.00 (on H3-H4) signifying
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that the addition of a small number of real images with a considerable volume
of synthetic images improved model performance and generalizability. Overall,
this validates the findings that synthetic images alone cannot adequately substi-
tute for real images; instead, both must be used in a hybrid manner to maximize
model performance for crop disease classification.

Keywords: Watermelon diseases, Classification, Convolutional neural network,
Generative Al, Synthetic data, Precision agriculture.
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ViR (Citrullus lanatus) A A& # S FH R EZEEY 2 —, Rl E e s
WA, EFEEKEMgEAR. RIEEERT (USDA) S5tk s rEds, o
B HLERNFE 2021 44727 10.2 AZR5R9 VU, Rt T A v R A0 A48 e S
## (Weber and Kramer 2022) . Q1 KEUSAG AR 7= 75 B2 R ORI 5 I, DU E
I/0 R A W B T R P S . B RAE, PP EAE VAR PR AR T B 14 R
it — IR AR E R, BAFATPBEE R LUK (Mossler 2005) o LA i A
B FEEAZATVE BB, B I AR . FRSRFIRIER % (Keinath and Miller
2022) o B REMHI R ASE —FP BRI S B S MR RO T, At
ARG AN AR R BARTTZ)  (Ampatzidis 2022; Durham 2016) .

D HLE , VO JRAZ 3 20 B R 5, Q1 BER (Colletotrichum obiculare )
T2 (Pseudoperonospora cubensis) . ZE#5 (Didymella bryoniae) . R
(Cercospora citrullina) FIEEKALINIERE (Alternaria cucumerina)  (Roberts et al.
2023) . MehHh, ZFEBPHEEBERE WX —E A4 K (Ravikumara et al. 2025)
o IXEOIG AR S M ED AN [FIFRAL, 252 i) RIS FR A 2 E m Hh— R V1] WAE
o Bilan, BB EE R, X FERE IS ECR A RIS LR N /K 58
fte HHI, FREEW UM A, AT REFEAEY JE WG R M 7 s . B T X SR R A
WEE, WIPORAEM ] DA W 4%, R BRI 2R, ankagt . ik,
T BN CRE RE A 22 o R SRR 2 (0 ) it ) 2% TR 7 R Rk e Xof G X
B, (EJCHGRFEZET R, AP ELE AR e AT B ERAH L. B, K
e (Liriomyza sativae), POJIHR)—Ff W AL, 35 B -0 45 0] BB SR B0 51
ETURTRYE -

BRI AR AN, ZE RS A (DL) BEBIZm K
AT 3 B G B HE SR, PAURABSGEIB B AR, XL EHAE R A5 R~
MR B AR R, MRS AR TR R O PSR, RIS RR EE T B AR (Li
et al. 2022; Oberti et al. 2016) o — AN EERTH RN RS0 TR B AP B4 Al
HTANTEEE (AD) B0 BB AR R T4, PASCEE S SR 248 il
FIFREE XTI A28 . T BB A ORI e 46, B Rl pir oy TAEEE R FE
MK AN TG (Gen AL) SRAIBKAEY kA P54 1) A R (Lu et al.
2022; Pallottino et al. 2025) o FlAN, JTFE S HR SCAS B S 7 2051 R A L E
Ry FERES (Wang et al. 2024) o REZEBFFEA GRS T8 A2 OG0 1 2%
(GAN) #Ef7TE5G 2 E G 0 DA A B ER . FE RS ER ) —5B 4, Ef 8 15
FIANFEFZER GAN 28850 Sk A A 8, AR FAE Y R PPAL g AT 352
(Lu et al., 2022), FEEHR GAN (DCGAN) FlffiHr—2 GAN (CycleGAN) ZA
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Eg A R P B 12 R R0 J5 1 (Douarre et al. 2019; Gomaa and Abd El-Latif 2021;
Zeng et al. 2020; Sun et al. 2020)

B TR AR N TR RE Y A T R B & R G AR 1, IR T K& I &
TR RN T R . MR ER R 0 R B SE 51, SR el T 8 g
THEHMR RS (Li et al. 2022; Yang et al. 2025) o X GBS 5 0] LS
1 1) P BT R G . AR AT AR A SR S S G SRS I R T A
THeik. B, AUpm R AR, {2 a0 S50 SR PASHIE . X
— R BRI TR E AR A R B RE . R, PERRE R R A
b XA (6 RN 22 3 AR R — T R R AU 5 . TERXAME LT, R
H AR AE 4 SR G B IR BB A TRERRAE T JGRRE % IE A B . 7E
WL, BETHEEEINERMA MY (CNN) 40205 60 2 28 FE R Y%=
T, LRI T G iR s LGl o IR . i, S5ETHAHER YOLO
BUAHLL, B CNN Zeygde 725k R0 R3] T 84.9 % MHERI%  (Shoaib
et al. 2025) . B—IHFFEEM, #H CNN BB A7 LW BoAs MAE Y15 H B w5
HEWIZE  (Venkateswara and Padmanabhan 2025) . 2% [& 3|7 KIS R /B K15
AE AT ONN (1943 2807 T ok 34 58 S i H ARl 5o R BT B i it e, H e
TS HH R) R S T G AR 45 6 R B2 TR A5 1 SRR IR TS B A M D o %
P m N EE A R ESEH REG S & R, R RS S Hb A T 43
K7 Wi, AR ERT:

L PP AU & R A I GRIR B 2 IR B A3k, A - s gk i
S35 BB R

2. W EBAUER IR e 1T S R O A A B LS PR TR 5

3. WIGEHINTE K (RHEN) NPT HER A 2 SR RERY S0 o

MRS, Section 2 3HE T M GenAl W 4 A B R I 153 EfficientNetV2-L
ZAE 5 AT U ZR AT A B AT AR vk . B S, Section 3 $# BAWFE R H
Pt T AE R 5 _E IR E ALY S I AH C 4 R . Section 4 $2E T TR HLIL ST
N T 4 2 T B 2 B TE . AN, Section 5 3R T HFST 4 J5 BRI DA K2 oK ST
5. )&, Section 6 XJWFIT LAESAT T E 4.

2 MRHD5 &
B 1R THTARI SO SOEIRIONEE . BESN, TERE SO S B T
H8 1.

(b) Synthetic data generation

(a) Data acquisition

(c) EfficientNetV2-L training & testing
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V] D« load the _ ' Load the model and
i |i |, EfficientNetv2-L model | | perform fine-tuning

. ¥ .
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Fig. 1: MEMGEHE A RIS, BRI T VU IB 70 JEFT R U R GE 75 -
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2.1 iy o BRI R Bt R 42

AT UINZRA I A2 () s B R SR b ie o =38 R RIS B
GRAR A TP AL B, o S5 T R AL PR K H ImageNet K £ 0 25 UK F5 R A
K (Deng et al. 2009) o HHIEARIMZEE N T LT BARIIRHAL, 20
AR ML (Robinson et al. 2021) o FEERZHH, fUH T PIRBN, HIHRA
B XTI, NIRRT IA T PTEM S KB . BRSO, /I
BALM MR BN, 2AE 2025 19 KA R e TR SORLASR Y . Bl REN
5H5 H ™ 6715 H " T, 3PN 2048 x 1536, Sy 1 RTINS,
PEFT T 2 RSB L ATASR I A SRR R o X L8 FURAERE Y B e R Rk
~g§ﬁ;%ﬁ%ﬁJE2EﬁTéﬁéﬁ%ﬁﬁ@@%EEiE@%ﬁTm%%
BB Z 18] X531

][ healthy ]I -ﬁ;ngal

virus

R SELI FIRE B 70 S5 BT (RS 2T € o

2.2 JI BN Z50 B s P R i i it
2.2.1 AR Ba it 2 B iR AT

ARPEN TR GE (GenAl) 2 —MATHERE (AL, HAJRET25) —IEa UL, W
FIfG . Esciili. M, GenAl JyykREMS N 2 KIEIF KB AR Th R U=, DA
RG22 2] B R AR L “HIBT R LY p9REAS. Bilan, e aeRld, GenAT W] DA
e MR A BR A0 B o5 AR FEAS v 2R 1 B 15 . B BRI I — 2 A [ 45 e > Bl
PHERRAE , SR JE A AN A SRR AR I A BUUAS o B REAE Sh 2E U B 4R
RO, TG A AT 5K A RS . XAERO ST HA B EECM -
PN FEAZFEERAL, Bl AR M0, F30E B 4 A R A BN (i
. (Han et al. 2025; Lu et al. 2022; Davies and Bouldin 2009) .

TEATFFE, R AL (SD 3.5M) @i 2k T/ dy B B A 2 S 45 | e
I Z PR A REBE L EG . 1eAh, i T Wifh 71k, Learn on Reconstruction and
Attention (LoRA) (Hu et al. 2022) 1 DreamBooth (Ruiz et al. 2023) , %} SD 3.5M
RERHEAT TR0, PAAR TEAR R S AR R E g . (A T —H =15k M
TR R B Bk i SRR B S EME, ld AH AR R DA AR M KA
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B MTHEEEMN, SRR T 32 IKAHMF 35 IKFEFMI LRI . [, A
T 34 GRAERE 7 30 SRAEME R MGk AR LA SRR . FEVIZR SD 3.5M ARALHT,
AR A PR . B, A SR B R 0 G T U SRR A i A
SRAFIR ) VH T 1 A RS . SREBGX ARG Z M TE SD 3.5M BB iR &%
PRI IR W] - S 20 A B AR A LB G . BRGNS UG, SR 0L T4 e R T
RARAGHRES (K 3c). B 38R Tl HESEGIAEAR, —Siiflhd, PA
KT AR EAEE G R RN ™G . A XM SD ZHSHRAE il A BUREAS 1 5
Z15 5., Z Rai et al. (2025) ,

a b Training Stable Diffusion on real 1d ples with fine-tuning

Hyperparameter fine-tuning with
LoRA and Dreambooth

=m=p  Stable Diffusion (SDXL) === Prompt engineering
+

| Text-to-image generatiorx prompts
v

¢ “a dense canopy of watermelon plants with clusters of leaves displaying anthracn

ose, intricate details, natural lighting, highly realistic”

Real-world image samples

unknown

Fig. 3: X Stable Diffusion (SD) A s AT UNIGRAS BRG], (AR 2 FLSE i FHAY
FEAR. IR (a) BERESEIEAAREA, (b) MAEFRER. (LoRA) Fil Dreambooth
-5 1%k SD 3.5M, PAK (c) MM TARE AL SO AR A A AR o

2.2.2 BB JMINLT- 6

GHAREG A TR () (UESLER (HO), (b) (UAMER (H1), (o) HKHA
B+ AL Eg (1) (H2), (d) HEEB + G2 K (1:10) (H3), PAK H3+
BEALR (H4)o TERZAMHLPRY, MA TR (5% B ImageNet 1EH ),
AR IEAE S PR (AR S . 2 al H3E) i ABLBLHERT 2] 7 A JE 2R
TEXFEOL T, BAULR I ORFNT, WA RPRIC N R . RSN . TP
IR, BRSPS i) B BRI Y o R AC BTG ISR Gl A [E
M T50 SRESLEBAE, RIGUE—2 o Mg (70 %) . Bk (15 %) . Widde
(15 %) fEXAKIr, 112 SRINKE GBI ok, FFAEPT A B BRI,
TR A PRGN HE— 22 2 S UGl gl (80 %0 20 %). i 1 Bon T T
WNGRRIIA AP AR AL B R AR B R . B A A il P i S A B e R, DA
SR ELRE, AN T DA AT BB B A S 0 T, IRSE e LS P
B SR ERERZ ALY . BEAh, FEFREIRA, PR R SRR . AH
AIFREE . AN — S, HH EfficientNetV2-L JEATRIAIZ. XA 7r412
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KT R AT SS, IS R A B2 W S, TEXAMEOL T, KSR
FETRIEAR T REH A B AIATRY o X AP LAY AR X 2 LR IR AR B RREAR, X
T R DAAE SE PR EREE o AT AR B . BB T R E— S R R RS
F#EfT,  HiPerGator , Z&SiHi4 T — 1 HA 180 GB VRAM. 64 GB RAM Fil
10 4~ CPU #%.L:#% Nvidia B200 Quadro GPU. 14k, fii f %4 Python (v3.11.11),
torchvision (v0.20.0) . torch (v2.5.1) #1 CUDA 12.4 #jJ Jupyter Notebook 3k,
AT BL U ZE AL

2.3 $2ilY EfficientNetV2-L 433330, 85450 48 IR p AT
e

EfficientNetV2-L /0282002 — AN m P BE BT 2 M 2% (CNN), 15X w8 Ui 2
BAL S AT Tk . 5HMETHEAL (SoTA) Mk, W7 RFE—IR” (YOLO),
EfficientNetV2-L AR ALE SCHP B - R G DY R #: (a) MRALERE, (b) #EH
R4 Ry RRAE T A R BRI R T &k, (c) BHRFhbeidsds, (d) I
7 (AEARE G AHE ) 45 e (5 B DASE P s bR (Y il Al gk s . R, ok H HEBRM Y
EfficientNetV2-L Fiilll A1 2 BT ImageNet BRI, ZEIRE GG Eks
B R R M 2 . I, 7 T R AT FH 5 O S R I A A
HIEATEAMOORE . VEN— A RIR YR, AR TiIERETFR, ARG PIE
se: (a) HBOMOZING—DH0a ek, M (b) il B 45 a2 oE )
&2 (BEHEZE). o, MH THETESECREMmIIGTRN, B egsfmEEE AR .

(a) Feature extraction: Backbone

7 h P i
\ { —> ®
% . / . T S

Input image is fed to multiple convolutional layers Depthwise separable convolutions ~ S=Squeeze, E=Excitation, and Sc=Scale blocks  Residual blocks

(b) Custom layers: Classifier head

Global average 5 Dense Dense 5 Dense 3 Final output |}
i| pooling (GAP) block 1 > block 2 block 3 layer

Converts 2D feature maps into 10 1024, Swish, 512, Swish, 256, Swish, Dropout (0.2), No. of
5 vector rej presentation dropout (0.5), BN dropout (0.5), BN  dropout (0.4), BN classes (3), Softmax ¢

Fig. 4: —/3K EfficientNet V2-L B 7R i3 ], H AP 40 35 25 MRFAE 52 BURFIZ
(a) FRALTRIBCE IR, MG PSR AR AL, Bldniisx . SCRMEEH, (b) A H
&z, TN It ki, 7 =R — &Lz, T RMERR
WIS, () 5 T >y DU A A B B 251 o

. fungal

TEE 4 aH, YENEMERREEE ] THE ImageNet |2k EfficientNetV2-L 3
TFo T E TR, B LR MRERERSS, U HRRZREZEBER.
B0, RZREE D GBI E T CNN 425, R B &R TR 2
FRAE ) (R 4 /N ARV REAI R . BEJS )2 MIESE (S) Al (E) B, HTHE
A R PR BEE R AR AR B AR K. Ak, FER TR Bisin TN E
sk, A=A Swish #0068 IH— LA dropout 1E NIk 4 14 3% % 4
2, PASSRE S REMEIB Ik A (B 4 a). H & U0 2888w Jore B R A R
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https://ai.ufl.edu/research/hipergator/
https://docs.pytorch.org/vision/stable/index.html
https://pypi.org/project/torch/
https://developer.nvidia.com/cuda-12-4-0-download-archive
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VRESHIE DU T B gy, DAR DR CUBHA NG J2 27 2] 5 B 2 O PO E (B 4 b)o
— B REARIREMER R, M AAE EfficientNet V2-L JUM R IR RS fOR . 1P
PRAVFAES s S AR AL 75 T S 2 B % S (a], [a] Fy 11 mT e S 2 U A sz A
RUE IR IEAS AL . Py SRR 480 X 480 pHRRIIER Eutfrilll gy, fil
PR ST 32, ARG ) B AR A 2% T 2R AR PR SE AP U8 AL AdamW
AR IEATUNGR , G 3 A5 LA 27 2] AR R — P e B R, PASKE B
BUXHBARFAL Y 12 AL i

2.4 PHGEORPERER AR bR

AT VAN HE R S T 2O BN R B, SRR T A R s bR, B R
W, HEPR, F1 8RR H . BARE. dRI%E, F1 8RN F1 5%k
JETR T REBAE - A SIS0 B RCR, TRVE R U S 7R T A 2R T A 43 2 e k]
BEE (5 1-4). BRI, T S AR AR & A SE b G i BRSO A
A FRRE ATk (R 1), R4S TR, -7 BEPLARIRIR A (t-SNE)
(Rousseeuw 1987) Mg — Ll 5## (UMAP) (Davies and Bouldin 2009) .
t-SNE j&—FhIEZe MR iR R, FAEHE Bl v Ak — 2 2 ) mh o 6 1 o 4 K RIS RR I 4
R VL. 5 t-SNE REBE, UMAP T[] B 3RiE T —4E23 6] vt i) R iB fl 2 5
ERaTAk, Mg MR . RS R TR IERE AR ), X T Xk
M R, QAR AR BRI AE AR B T a8t di s 7. XA RET AR 5&6 .

TP
e 1
Precision TP FP (1)
TP
Recall = 75—y 2)

2 x Precision x Recall
F1- = 3
seore Precision + Recall (3)

N
Weighted F1 = w; x F1, (4)
L bl) _ a(i)
S0) = (@@, b)) ©)
D8I~ 1> e (%%) ©

=1
3 JURER

3.1 PRARESRPERE RS b AR Tk

AAAE H2-H4 AEBRE A 0 P o R ORE E . 4 150 FL 150 (5% 2
) o RERAEA I I B AL LT P A B AR AL 100 % FOHER RPN, MEA L
AR BRI (- 5 D) EAEBERAEIET, ERFAHTEHER SR £
NEBEADR, SRR IARALZ ALRE AR (AR, S ESEA (H0) &
L, EREAPSGE (BRI 112 4), 8 64 MEREIR 92 MHEERB
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PR ER, R E TN mWET. BALZRE T 22 05— A T e R R o
SN BRI A HUAE (s (i RCE SRR 51 ) . A 111 Bl B S &
JREB AL H2 (B 5 c) fERTAIMPRIRET, 5 (UH N FLs A A AT I
R R PEf, BRI . FREMIE R I A R TRA S8 T, ISl
T 99 ANRIERT, (A 4 A 10 A7 5RO EE AR

Table 2: YIIGRIALAE PU RN EG S 1 B 0 2 A ERESE AR -

Classes Precision Recall Fl-score Weighted average F1-score

HO (only real images)

fungal 0.78 0.25 0.37
healthy 0.42 1.00 0.59 0.65
virus 0.75 0.21 0.33

H1 (only synthetic images)

fungal 0.42 0.98 0.59
healthy 0.79 0.43 0.56 0.74
virus 1.00 0.09 0.16

H2 (1real + 1synthetic)

fungal 0.94 0.89 0.91
healthy 0.84 0.98 0.91 0.92
virus 0.98 0.88 0.93

H3 (1real + 10synthetic)
fungal 0.99 1.00 1.00
healthy 1.00 1.00 1.00 1.00
virus 1.00 0.99 1.00

H4 (1real + 10synthetic + unknown)

fungal 0.97 0.99 0.98
healthy 1.00 0.99 1.00 0.99
virus 0.99 1.00 1.00
unknown 1.00 0.97 0.99

M RELEG S REAREGREGHEAR (H3), B IR -F- 58 o
K, 4G 114/114 (R, 113/113 fREEA L 112/113 Bfaeiil, A2os H AAp
THRESE BRI EE (B 5d). XKW, YR B & AR IR Gty
WIZERS, ERESMREFHIZ AR AR . f5, EMAE (H4) b, Bim—4R
RGN, PRAF T REARALMERE (B 5 e) o BEAUSZNHb DA HERH E D R B T #SMY 2K
A (RFIE) N 110/112), IF BXPHRISHID LR 72 6000 . Bk 5, 455091 71
Zki) EfficientNet V2-L ZUAFEAN[A A B U R (EYE . BEAL, B2/ DR LR B
W FR S TR AVERE, JUHCRAEZACRE O T, (AR T AR B S SR
I ERE

TEAUE I ELSE I B HO AR, BB EAN A S0 F) R B B2z AL RE Jr, JUH
TEFLR AR RS e BRI A 1] 3R B 5E 5609 1.00, (HHARKEHHZ (0.42)
FUWA SRR PEA R, AT RE 2 TR BE R i (R 2 ). ERA
TSR A BRART (73510 0.25 F1 0.21), RHIBIAGECAIER R AL LS5, B
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(d) H3 (1Real: 10Synthetic) (e) H4 (1Real: 10Synthetic) + unknown

Fig. 5: {RIFHFERR T LA N ACPE SRS S TN AR 25 i) BRI - (a) (SU{ ) 5K
FIR H1, (b) (NG MIERK H2, (o) HESGMIILEI 1:1 1 H2, (d) HES
BB 1:10 B9 H3, DA (e) 7E H3 AYRLAL B3I T— P REAL CRA) A8 Ha.

PRIIAL F1 2250k 0.65, S A E AUHRA FRASC R ) ELSK BRI EAT I kg, DA
BERENEAR R RALA FE 2 MELAIZ AL . ELRR R A [0l A LRAFAE 0.98 B 7K
-, ERERE TR A 0.42, RIERIHTERMR . X ] Al P8 G -5 B R AEIR
FHRMRFAE R I R B JRE S EANRARR 22, A0 0.09, F1 7340k 0.16, X[
REAE R A5 A AR BEADIR AR BE FE 70 OB ELSC R AL (3R 2 ). (AR
WA, ORSIRIES 0.79, HInIF 0.43, AHE HO AFE, SUAIAL F1 234 s 0.74,
R IR A R B I TR, (B TCR R LS R A LSRR 24 T 5
NHELFHZALRE ] -

N BB AR R 11 H B ZRR R RE R b 7 TR B e . T
K. EFEAETE =R ER R AL ER (0978 0.84 PLE), FLFME 0.91 &
0.93 Z 0] FLS25 A RGPl CEA M AR A%~ ) AR Wl BO4HIE (Bafghi
et al. 2025) . MU E LN ARAG, HAEELS GG F1 05w
BT 0.92, KX AL AIA RN (] 1:10 BS54 MRS B S 3k £ m 42,
P = 2RAONG B3 . 4 1A PRI T 1.00. DA F1 3532k 1.00, BEE7 T 1fERf
Yo fe, B H4 40P HARFRS H3 A 1:10 ESL 55 B, B —Daishe
RN RAREAY , A AL PN SRR T7 T R B 57 8, AT SE B 1 452851
JUT-SE LB HR A R FL R ET 0.97, HAGH5 I ARRMZER L 0.99.
JERITE HO-H2 /R A — BRI SRR S T 58 61 026 (R 2 ). AL F1 394y
k099, REUBERURNGER. T4 AT ANEEHE , 1T HILF-BCA B R MEmf sl

JRZE 2z E R TR T EfficientNetV2-L SRR B = 4E 2R UEATHY) t-SNE JHAE
A (B 6 a-e). MAERRT MAERERN Z4E805Y, mEIRE RN RIT O %
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Ao AREC TG A R R R AR BE, (LB ELSE AR BE (HO) JR7R T S SR i 3
K OUHREERG) (B 6a). XGRS EA R DBL 48—, #
I g 22 DA IR R 2 A B ER (R 3 ). (UG MBI T
RRE IS, FEAEOR (B 6b & R 3 ). ESSAREEE 11 6l
FokE T RIS, FeBRAN DBL 405 0.61 1 0.49 (B 6c & K 3). RFPHAR
TR BRI . ESCEIBIR T ZREIESMZOH, BT ESHADIRE
W, mA R GERA T S FoR, PE SRR TR AR A . (A 1:10 /Y
FS A (H3) ks TRAENRIMCE (B 6d& £ 3 ). 1A, GERM
K5 (H4) FARM LA Emg (5 ERA1 DBI 2207512 0.81 1 0.27), X5
VA B REEAFTE AR R R R OL R RE2A T 5 (B 6 ) o X0 T SEh B 72K
FEHEEE, PRIV, dndss. BRI, SRXEOME R R R ORI, 5
FEAEMER 7 SRR IR H A A o

------

e virus

(b) t-SNE (only synthetic images) (c) t-SNE (1real: 1synthetic)

. ]
ERTTER oo b .
Feetate L YRR 21N
# EEM
v
of ik PRt
Aol (9
R AN w3
AL 1Y
PO o fungal .
."':; i, o fungal o healthy Pr g
W T, ©healthy evirus i
IBE evirs »| o unknown W
(d) t-SNE (1real: 10synthetic) (e) t-SNE (1real: 10synthetic) + unknown

Fig. 6: "4 t-/p NSRS A (¢-SNE) FER 7RISR, HohBie R
%’é%u: (E%‘v ;ﬁ%v%ﬂ *%H)O

TEE 7, R T ilad EfficientNet V2-L ASRUYE B A AR BRAE (1T 2 > B R RHIE iR
A UMAP $. 5 t-SNE A, UMAP R 7Rl Ml & RRriEgity, Ao s 4
HuBR AR AN AT AR 4 2 B) A RO B A SRR AR 45 224 (U8 1 L SE I 1
i, BRI RIS, BAER AR Silhouette F1 DBI 7340 (553 ). [AIAE,
B A A TR (18 7 b). MESC S E MRSy 1:1 i, X
PR R, BT 0.65 F10.45 1) Silhouette F1 DBI 434§, ik fff-fif Bk
T t-SNE 9% 3, R RRAERr 2 o) S MFFALAE) ™ SIIAEE . e BEAC (R o HSK
BBE e — N RGZHEREG TR, i TRESR (K 7d&e, £3 ). BHIE
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Ui, t-SNE Hl UMAP Zp#r#fsmfb TixFER45E - IRGEURSE, JUHZTE H3 Al H4 |
BEATECBI, BERMEIYREAS S B B G0 1Y L S ml B ORI B A T SRR . JRAEAY
MBS BRI ARA RIS G R, BRI I AR METRI 7 S0 KB o

fungal ey
healthy s
o virus wit
.,:-,{
N
".'.' .
e KN
B +
X ?
Sty e
Fo s
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X
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(c) UMAP (1real: 1synthetic)

" fungal
53“{’% healthy iy
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w i{' i “:_.?i o fungal
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Fig. 7: "% WL GHE (UMAP) SR THZNAMIALE, Hafgst
o (EE < TR AT RAD ).

4 Phg
4.1 Ak BEG7h FE S ER IR 1A

WEH 24 B0 T 500 S A ORI GRS R A ) il R s B SR oK, B
PR AL DR A R R AT e e — AR U S AR, XA —E B UE AT DU G
ARG (AR5 N RGB B HIbL) IR ESCE G . HLEBAR T
FIg NI 2R, BIACRIE Y 38 5 SR 0E . R AT Fa ) KA oL . #
BRI SAFR AT F A2 OR4AY. BEXARZ S B B K ) - EAh, ESEH
B8 AT RERE 52 R A R AR I, ANk A HRE i R [ JRLRY,, i AR AT BERUAE
A LRI AT BE TGRSR 2K 2t . RUE 5 B BAE ISR T 5 A sy, I
TR R ZE A R, (SR BB AR ESCERE 2 N AGIZ AR AL T b
RN MR ALEENE . NI, SBAGIRE G KRR T orE, HEITA
RER QBN M L SE R B AU . AEXPRI LS, 25 G BB & A B iR &
T b R A SR T A R R PR RE
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Table 3: t-SNE fl UMAP #£ 1L AL BEA> 117 tPBESR 2 ®e 545 (Silhouette F1 Davis-
Bouldin &%) .

Treatments t-SNE UMAP

Silhouette scorel] DBI2 Silhouette scorel! DBI
HO 0.29 2.28 0.31 1.79
H1 0.16 1.99 0.21 2.04
H2 0.61 0.49 0.65 0.45
H3 0.82 0.26 0.85 0.21
H4 0.81 0.27 0.86 0.21

IHigher is better.

2Lower is better.

B8 fHIZRAr) EfficientNetV2-L BIRLRE R T MALEE HO-HA 73 & Il AR .
s 2.1 AN FTIHE Y, AU B SE PR R I R R (12 AL RE Ty . A ZUAE
AN [ Ak B P ) U S R A TSI T S 3 5 P A DL ANk . 2 O B SR R
(HO) I, BEAAEAFAE I AR G RE RIZ AL RE I A Bildn, HEdes— DI EE
R REAER I XA O S B AR (. T ad S T, BARCRRE T )
BRI TR R o 24 AL A IR (1. 8 ), AT AR RIS FT o
XA R T AALTE_ AR BL G B R DX R Bl R IR T TR M X LS
FEG (1), REERIERDR T RZHEG, HISETAmEsEmysIA
TR B EERN G, XA AL AR A o), AT T IR
A . H3 (FLSCHIA AL, 1:10) ERTA =N PRI T HERG T o B ETEAFAE
AP ERMN AR, SRR RIS RANAZER . X IR A Rl
AP SRR AT RE ST, T RERAEYI R IR R ESL PR BRI SR (Singh et al.
2024) o BEEAMRIMTIA, BAUEL AN CRAIZKE) FFHERRTII . ST
o RS AR GR b S 7 O AT, (HINACTN 3R T A (L LS T B 1A
XS E AR B, R A AL B | A B SE I B S A R R

4.2 FMECT PR AAR NI Bz

TEE IR B AL FRIR T T H AR, X2 R B TeR e 210 . XA 1R
B IBEEIRIZS R 22, HCIARDLA RIS . X2 R G R B”, HEE
BUAEIARE ESCBl T ARz AL . B AR 638 SRAE TSI T AR FL
FIfG (FLSS ARGy 1:10) , RIS T B) TS E SR AL, 1 [0 RA0
F1 0 Bin il B mal F1 7040 0.65 S5 E] 1.00 (5% 2 ). MHESCERRYAEERE
BM—DAFIKEY CRANAY) B RH DIBAIRAT T AR S5 DI, RINZEAI5E
BT AT, BT ASUEA AT, AT, B SR I AR
A A B TAEAEY 5] (R ILAIE) (55 (Buda et al. 2018) . it
b, XAE F1 -8R FL 80 BRI, 235120 1.00 #10.99 (K2 ).

4.3 JFFIRREAESS [H]

t-SNE B85 [m] T G AR RS B fiE , FSAE TR . AEXTiarse,
TS t-SNE E 2S5 WeEE (30) F1 “n_components” (2). H T3
BHEFEREEE, FIREE—NEESE, BN T @ A4 . HAH®E
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Model predictions across all the treatments

Pred: fungal Pred: healthy Pred: healthy Pred: healthy Pred: health: Pred: health:
True: fungal True: healthy True: healthy True: virus True: fungaly True: vxrusy
7 y » 1

i o

Pred: fungal Pred: virus Pred: fungal Pred: fungal Pred: fungal Pred: fungal
True: fungal True: virus True: fungal True: healthy True: healthy True: virus
7 —~ > e . S < s

o

Pred: virus Pred: fungal Pred: healthy Pred: fungal Pred: virus Pred: fungal
True: virus True: funSa. True: healthy _ True: fungal True: virus True: fungal

Pred: virus red: healthy Pred: virus Pred: fungal Pred: virus Pred: fungal
True: virus True: healthy True: virus True: fungal True: fungal
Ay 2 1 S s

Pred: fungal Pred: unknown

Pred: virus Pred: virus Pred: unknown >
True: virus True: virus True: fungal True: unknown Wue: unknown

Fig. 8: i HAEARZ R/ FMHR & 15 o “Pred” XA 7E A _F A B0 2528, 1ni
“True” FoRHIAREREIRLE . LA BEACRTN : 560 FOR1E, 206 FoR A IR .

e 5-50 Z )5 SR, BEAERT B BRI R N XA — R
ERH TR RAEAS, PR R BOE 30 AR AT M. 55—
I, “n_components” P [AE 2D it 3D A AR AL, PIHEBE R 2
T 2D REW WAL, 5 -SNE A[E, UMAP 5 TR EF RS 10 Rl A 4 B4t . 24
FEAMA AR 11 BB IF, +-SNE Al UMAP FLREF 1 (a8 sl 7
Yo BTN +-SNE Fl UMAP RERMNAPATHI S 4E LR AR IAOR, RE, HE
I 15 FL S TR R 2 A B L AR 20 2 > B SR AR AR AL, 32 S P U 2 i 28
WU E SR A B BT R

5 JRBLTERA KRB E)E

MR TCIRBEIE, ARSI T JLA T HERE IR L b W S 5 S R
fh IEA, SRS ABESE AN TAOK DL PRt St S
RS
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L NSRRI R SR AS BB s 1 A R B A T TR A I 2R A R L
FEARIAS, (B3R M R 8, Toe e A MRl 2 Sl gk
MR B, Halp st Rt T —NEER SR ER T4 (HO H
f 750 5K) PRI S PR GORT B S AP RE A WL AN I . AR BB S0 0
B TE IR IR A MR L P i 4R, s AR AR S B 1 £, Hendg 1:1,
1:2, 13, QA E R 1:10 BLHH]. X5, AR EEM 1:1 B3 1:10,
PASDRS B PP At AT O L SR MR B St B2 AL B T RO 25 A 50

2. G Z SNERI RIS : B IF A AR U — > SE 3 37 B i 1 4 b AT 7 . 3™
ZHE TR AT AMARIRAIE . AR HX . 22797 . A PRSCBAN R B A A 57
WeERIIREAS BNk H BA Z A ER A R A A .

3. BNEBREIABLSE @ AW RN B AR SR E A —2 B, e
B2, SEEREE (AHE) RAERDEHIIRR A F N8R, iR E ik
Gt SR, REFAMEGBE RIS AR . X ATRER N TR EN Y, (2
TEABETE R ARIAT AN . X AT BEF BN SRR b A SR A A P S R 2
) DL 5 e e, AT B0 H AR BT (0 284 T 2 AL RE ) T %

4. FREGRAE R Z MR AL X THFTE T, %k SD 3.5M BRIl e AL
HI BB PR AL, TR A RS . BN, FEIE 3 o, AU D SR
BRI SR SR N ) B UREAS o SR, AESEBR FHE] 250 R, O n] e RNt
M AT RE S L Z R B AEIR . AEXFMEOLT, SD 3.5M B AR MERT IR Z Fi
PGREIR YRR E 7 B AR BT SE PR Bl 1o X2 BT GenAl Y SUAF| R L4
OB IR AP —, AP EER B EE T Ry A1 .

6 &Lt

AW T TR PP, MR T AN TR (GenAl) & R MR FESS
A EEEG TR EPER (Citrullus lanatus) B3R H R AHITIX—5
Br, VPO T R R BN R HO ((NESERIG) . H1T (LA RUER) . H2
(L1 B AmERE). H3 (1:10 B 56 E%) 1 H4 (H3 + RAZEH]) . gkt
FEYIM A EfficientNetV2-L B84 DA K 2 i F T R 2 > Okt A il 25

R wE S EIME 5 A B ER 45 6 DT RE S 3 S B AL A B IR MR R R IZ AL RE T
XAEESL G 5 ARG E R 11 F 110 BN R . AUEEFRERER e Tt
ILYEGE T Y250 EfficientNet V2-L BIBITEYZ (b M ARRIE 2 51 W] 20 T T i 4 R R 30
HTREMAEENE, BN LamEgICERRELEG . A, REn]
DA A FRIF RO A0 (R A2 B AT BB B 2R i B 15, AR 45 Pl % SR R G AR U
HALEMGAEM R TEAS. SRR FRIB Y H IRAS S A% R A S W 7 TR A EE
B, L1 A RS EYIZRA CNN SRR g2 X e R A2 252, i T
35T % T A S5 s EH () P53 oK BE 8 4343 0

Nitin Rai: #fiesl, TR0, V848, ks, #S5¥H. Nathan S. Boyd:
YOUR, WHAAH, B, MEHFEMAEE. Gary E. Vallad: &JF, TH&EHE, #5
M4, Arnold W. Schumann: & b, ¥k, WE, EEHEEAMALE.

7
FEISE PR P A p A A DF i a2
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8

B AR T RE AR E (USDA) /N k 818 i 58 & AR ik &)
(SBIR/STTR) i H 45 # 2024-51402-42007 ¥z . iyt Emily Witt A1 Michael
Sweat 7 H 8] 255 P 25 TR Bl o
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