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ABSTRACT

ABSTRACT

Downy mildew is one of the most significant diseases affecting grape yield and quality.
In severe cases, it can drastically weaken plant vigor, degrade fruit quality, and threaten the
sustainable development of the grape industry. Current disease control strategies rely heavily
on chemical treatments, which are not only expensive but also pose environmental risks.
Breeding resistant cultivars and implementing real-time disease monitoring are critical for
achieving green and efficient disease management. However, both approaches depend on
accurate identification of disease types and quantification of disease severity. Existing
methods are largely based on manual inspection, which is inefficient and highly subjective,
making them unsuitable for high-throughput phenotyping. Traditional image processing
techniques generally suffer from poor generalizability and weak robustness. In recent years,
convolutional neural networks (CNNs) and their derivatives—such as YOLO, UNet—have
made substantial progress in image recognition and segmentation. Meanwhile, lightweight
visual foundation segmentation models like Mobile SAM, as well as visual-language models
(e.g., Qwen-2.5-VL-3B), offer promising new approaches for intelligent agricultural
phenotyping. However, their application to plant disease recognition still faces challenges such
as limited annotated phenotypic data, poor model interpretability, and insufficient adaptability
to field conditions.

This study focuses on the intelligent identification and quantitative evaluation of grape
downy mildew, analyzing the applicability and optimization of deep learning techniques in
both laboratory and field settings. Specifically, the contributions of this research can be
summarized in three aspects:

(1) High-throughput detection for resistance screening: To address the high cost and
inefficiency of traditional resistance evaluation methods, we developed a low-cost, high-
throughput detection system based on smartphone-acquired images of leaf discs inoculated
with downy mildew. The system integrates YOLO v8n for leaf disc localization, Mobile SAM
for background removal, and UNet for precise segmentation of the sporulation regions. YOLO
v8n achieved a mAP@50 exceeding 99% in laboratory images, outperforming Faster RCNN.
UNet achieved a mloU@50 above 96%, significantly surpassing other CNN segmentation
models. Compared with the end-to-end Mask RCNN model, this modular pipeline delivered
superior detection and segmentation accuracy. The predicted disease severity showed strong

agreement with manual annotations (R? = 0.99), significantly reducing labor and subjective
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bias. This system offers an effective tool for resistance evaluation and pesticide efficacy testing
in grape breeding programs.

(2) Enhancing model interpretability through visual-language alignment: To improve
interpretability and user trust in disease recognition models, we collected a total of 2,213 grape
disease images from both in-field photography and public datasets. Using a visual-language
model (VLM), we generated disease feature descriptions that were then refined and validated
by domain experts to build a high-quality image-text paired dataset. Based on this dataset, we
fine-tuned Qwen-2.5-VL-3B using LoRA, resulting in a customized model named FT-Qwen-
VL. The model achieved substantial improvements over existing VLMs—including BLIP2,
DeepSeek-VL2, Describe Anything, and Kimi-VL-A3B—on multiple benchmarks: BLEU-4
(67.82%), ROUGE-1 (71.54%), ROUGE-2 (48.18%), and ROUGE-L (61.49%). In attribute
extraction tasks, FT-Qwen-VL achieved accuracies of 80.04% (color), 80.49% (shape), 29.27%
(position), and 86.92% (area). These results validate the customizability and effectiveness of
fine-tuned VLMs for domain-specific knowledge extraction in agriculture, providing key
support for interpretable disease recognition in field settings.

(3) Robust segmentation under complex field conditions: To address the challenge of
accurate segmentation in field environments with complex backgrounds, we collected 687
high-resolution grape leaf images in the field, including 338 diseased and 349 healthy samples,
and constructed a dataset for evaluating disease severity. A prompt-based segmentation
framework was developed by integrating CNN models with Mobile SAM. Among all tested
models, UNet++ showed the best performance, achieving mloU@50 scores of 97.49%
(validation set) and 96.93% (test set), with F1 scores of 98.72% and 98.42%, respectively. The
incorporation of Mobile SAM further enhanced segmentation accuracy, with bounding box
prompts demonstrating the most significant improvement. Based on the optimized
segmentation results, we constructed a field-based severity assessment model, which achieved
R? values of 0.93 and 0.94 on the validation and test sets, respectively, demonstrating strong
model fit and generalization. These findings confirm that prompt-guided vision foundation
models can significantly improve lesion segmentation and quantification performance under
field conditions, supporting robust in-field deployment.

In conclusion, this study leveraged smartphone-captured images to construct
comprehensive laboratory and field datasets for grape downy mildew, and evaluated deep
learning models for resistance screening, lesion description, and field segmentation. The
results provide critical technical support for resistant cultivar development and precision

fungicide application, promoting the development of intelligent and sustainable disease
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management in viticulture.

KEY WORDS: Grape downy mildew; Disease phenotyping; Deep learning; Field scouting
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1.1 fixnE=. BHMENX

BB AR —Fh 2 AR AR, 2 N T ERE A T T, R ARRRHEEMNS
FrAEY 2 —, B20204F, A BRFPE I FLIA L1740 15 A WL, 7584148000 /5 1 (OIV 2022) .
VTAESKE, Fh 1 6 26 Feb b TR AR SR 1 K, 2 20204F CLIAT0H A WLL E, 7782 81400%
1450770, Sy B 2 MR AR B K IR L 5K (25 /N4, 2021 XIART 2548, 2024) . i % 7R
B & — P H B A R BRI R A, 18344 A 3 B AR X R IS
i 1 T R B SRR ER A (N, SR vE R IR e T 5| PR R A [k
AT » IR 5 S 22 A TR, SR 4 P A M % e 4 TP Mgk T B KSR (Fontaine et al. 2020)
TR B O 12605 5 B SR FE I A2 18994F , hJE , %0 75 FR I 3 A A P OB WRAT
TEHRAEZWENR X, W TP &G R T R R SR g, 91 KRR
TR, B R20%-80% K= B A (GKER%E 2020) .

EARRSFRNE ST, Rl 2 miR m iR S S FE & 03 ag, FE—0 e 7 4
Fa BRI LR R, G B OR AR I TRIBR AT R ARG N, Inbupts KRS, B
TE T 0h % P A R A EUYr (Van Leeuwen et al. 2024) o AR A A S0 7] R 53
S HG N 2% B A B R OB, AMORE— B HR S AR T A, AR T I R IR TS
YR i e 4 X% (Francescaetal. 2006) . 3% & B A PUAE R Bk i 4 ok, IR
A 2% T 75 it FH A% 5 B () 26 A B i, 0 TR TP~ i G RS S R, SREUE Al
(R AT FRR R R e H AT B2 5% 3L (Chen et al. 2020; Magon et al. 2023) .

FESCIG = A, SR I BRI R DAk A ) 4 3 P PR B e T I SRR
FIEIBT% (Qiu et al. 2022; Qu et al. 2021) . IMEH AL R, W75 S22 KA
(RS IR ) 5 = L RE FEVTAS , LB 4R RT3 B SR, ALHE R B 2R B e 5 (i
R PEEIEIT 257D (Gutiérez et al. 2021; Kunova et al. 2021) . #— 1=, #fE
7E H ) SEBAR B R A S R IBEHRERISIESEN, JH85 &M T o4, o7 %48
FHEZ LRGSR, AT B K PR BE R e 78] 4 17~ = 5 b B (Bove et al. 2020; Rossi et al.
2008) o ZE BRI, ToIRARPUPEGIE . AV, G2 H IR SRR 1 S Ak, ¥
WG T XoF 7 B0 2R T O MR R ) B L T B AR B VA . R, FESEBRR A R, e
R HERA LR EON TR AUE B, 752 w0 0 B R PR (Song et al. 2021)

FE 45 10761 2 76 B R DURE I I ot N TR AL % oe, W RE B, R B, A4
R NEVR Z MR, e DA R KRS B MRE i F K o IR, mnd &R AL AT
RGNRFERME) B SRR IR ML T AT B X8 R g0 4 il 2 Pt 48
SREUW F AL IC A5 B, I SEIAERRAE, 50T 25 & 2L R A 2R dE Ui & # (Song

1
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etal. 2021; Yang etal. 2020) . HHr, FEGALIR AL R R BV oA A% 03T . SR,
R EI R AR P S e R, RS B bs e A5 BG o BIEE, G R IE
A > #5E, HERETF LS E, 21871555 (Hern&dezetal. 2022) o 7EF
FH R 5 2 ST B A A P58 48 25 76 B0 IO AR DR e vp 5k SR FH R A B FA B = 2 R
EUEAE R BRI . RE SRR R R L35 ATTE S, (ARS8 7 RENTT
SR BEVRTHAE BB R AR AFR I A S N (Qiu et al. 2022; Zendler et al. 2021)

FEHEIEE T, SO0 R B A AR PR TEUN B BORHkR, FE il T AR
Al ERE R T U SIRBEE SIS R R, BRI EE G (Barbedo
2018a) o fEG F N 32 B S50 1) AR 7 80 KT BT, 7k 3 00 EL R
PEZIR, % FECRE ISR ML . 1550 1 EUE AL B SR R R £ E AR 31X
ity HAEE R 560 T IRHE SR BOSCR AN, PR 1 AR SEBR H [R] PRI A ) B 2%
Pl (Waghmare et al. 2016; Wang et al. 2012) . JT4EKR, FIFHFHIEB B0 & TR 2%
JHEARAT I FH BRSO T, Rl R BRI A I 2% (CNNS) £ 15 5% 1 B (1)
a4 FEUE TR UERIZE (Ramcharan et al. 2019; Too 2019) . 4RI, £ X & 24
TSI FH ] B8 ), CNINS93 55 1R 0 7R f % 12 3% R % (Ferentinos 2018; Tian et al. 2024) .
HHEERR, AR, Lol T ZIEEREE R BEAE CRIEIE. TR, 808
) BT FELE, SR, T CNNSIFE IR BB A S5 BE 1A B A5 B A5, 5h
Z X BED IR AE (P VA IR, T BUH P IV e A S AR 45 5 (Sun etal. 2023; Zhang
etal. 2024) . R —LURE SRS & R 3 AR AT B SO AR AR DA 5 5 R AIE )
WS IERERE T, AH T 3 SO B S SO A S AL e A R, PRI 7 1R
SRR f FH R) AT M A& F - (Liang et al. 2024; Sun et al. 2023)

fEH Wi 2 R F I, B 17 e IR R F RS, b 7 I AR B TR
WA . R IT1EZ R BE 5 XA KA G AR, DL 23995 B [X 455 5 4
M X3 (Jothiaruna et al. 2019; Ma et al. 2018) . IT4ER, /L CNNSTE /> E 1% fE_FHL
15 7 RERT, BHARANRZ RN E A SR, iy 35S 5= P AU AR
T4, dEmyghn 7 EREE VAN A E . (Rossi et al. 2022; Zhang et al. 2024)
b, YFEWICRA TR B i, BSe BUE R B XSG AT RS R o E, FAER
DI N AT R BE R S o ZORERAE— B R BRI T T, A R T
TR EIMEREAM R ALVEAE (Liuetal. 2024; Wang etal. 2021) o feilr, FI5EFERIAEAL,
F57 /& Segment Anything Model (SAM) , HT H &R 51 5 K oi K I REA 5
ZACRE ST, R R ST B B A B ) B T E AR R T2 (Kirillov et al.
2023a) . CAEDHIFTIGEHRZR SAM FEARN T F R 5] BN 17, JCHGRAEE R
BRTHWERETS P REIE R HRE (Carraro et al. 2023; Nguyen et al. 2023;



Williams et al. 2024) . #R1, BT HEREERR, IFERET RS, ML EEE
T RIS BRI R A, BRI T AL bR s R i 2 R

DRI, 4RG99 R A 7 EE W IG LR AT EkER: (D fgHz tbhe
AR, HwE R AR R E S IR &, BF I KRN SR A 32 b
B, DARRARG v 5 B2 UV FE 5 B At , 32 R GrE SRR B A HR R . (2) 25 T-CNINs
(147 FH B) 995 55 VR 7 V2 A A i Z IR BERRAE () TR RR PRI, 80 P vk e A B AT
MEE R, B — P VPG R 5 A0 T Rl 1 A S Re g A A s, DAY
SR TR S5 R T R RIS . (3D HIRR E S EIZ B E R S Em, 5T
CNNS 73 %1 X 4 X0} 121 S A B2 7 THI B8 7152 B, R SAMERAL [ fE R T B2 IR T H &
THEITES, HIRERE WA, 7 25— 0 0Pl AR S RRCAS 1R £E HH (8] S Br 2 BY42 W b 1)
TR et SRR, Rk, ot Bk i, T R A R R R S R A
WFFT, KT HETH B b i 07 398 2502 R0 A v FH TR0 B S AT L 3L, AT A
PRI L AR E TR AW R =

1.2 EASMRER

121 BEREREREIESHIEREA
1.2.1.1 Hi %) 76 B 1= Jead 72 A e 3

%) 78 R e A ) 2 B B (Plasmopara viticola) 51#2HY, B B4R s an T I
1-1 T 7~ o 12995 JE A1 DA DR 70— PR T X 0 260 T I 6] 26 TR AR 9 25 TP B 4% o R 2RI I
B I e ) v O ) G 0183 Ly W i 1T e R N 1 /= RO K = Gan =
A BN F . WshflFRE Rl sh 2t B fLIbE, 85 RIF S, MG %%
AL LR, TR A M AN s, 3R T A R BB 224, SRR G o TR AR AE
e SR R, SR E R R IR AR 2 N B Al AR 97 4. 20 10 &8 20 RIFEH
W, BEE R RNAKEE, £ B IR A GARESREE, BRI w2 K
Foffl 7M. £ W EiR S, MTEANRIEs T, sl kIZE, SEX
TN AR N 2 IR KIRAT (Burruano 2000) .
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Kl 1-1 BAEE A A (Plasmopara viticola) 51255 200 1 EIE A~ B K . A A kigm 2
AT, WO kR o B AR .
Figure 1-1 The diagram illustrating the life cycle of downy mildew caused by Plasmopara viticola. Red

arrows indicate the sexual cycle, while blue arrows indicate the asexual cycle.

A i A S A R R S A R . AR RO AR AR
ridnlZimh, B/RE AT AEMME A AT, RO 1. IR 7 E 2 T A
Ko AT R, PRSI T S AR G To bk SR N I A 1 S R G
T, SLIPCEAEEA RS (Bove et al. 2020) o XMW A KAV ERARIREZ N 9°C
-10°C, T 34°C-35°CI4MmEA (Francesca et al. 2006) . 7E FHG B 1) %A
T, HIFIELE 15 SRR SAET .

HE R R R B B R BRI, Hrh, RS RN F K
MR N 7o AEHE KA KA, — B mE K ST i Rgok
PF, RFME A REL ) 2 IR G AT, BEM BRI Z#i1T (Rossi et al. 200
8) o HEEEHEMEM . A TRNMZ, FNEIXHR. 165, &g R
EREH (EA 2020) o ARG BN = SRR IR ZE B . AR 2B R
e B LA B 4546 (Burruano 2000)

TR A A AR S B 12 R ST AT S, RASYIIASTE



EE

P IE T H B GANTE W BRI R, IR 5 2 I R AN R S48
KBt FERHEFMT, FHKEEISKNRENEEER, X0 R A

. MEEMERRE, W LS RIRsE i, SRR RSER ., S5
R fAl, RSB A SRR . EAERKFVRM, WP M/, 2K IR 1
SRS, (R ALK e BEERIERIACRE, Oy BBl R R,

AP A2 R A GRREY R, REASEH TZHARR. Fit. X RIEHh
AR B N AR A, SEURFERRGE S5, TR, 7R E IRIEME T,
HEIR I S T SE N E SRR B, FFWTRIE S, FiE MR R ER NI IR E
V. BHJE, TR LAEANI R B e, FOUR SR I M R AL, (B AR L Y

i BEE Gt DR R, REGEH LI el S BE N, ReFIERE, i
WARE KPR, RATELERE . HWRHRREEAL OO T, B AR i
BAREARRAALR, RERIIFY RNRERE RO, EHERKLE K BOE 2R %,
HRDUOVHIREAE, FF T AN TAE B (L B85, 2018); ZRSGHENF ],

MRS, HyrEg s, @A f R ARG,

P 1-2 FHTALRAR (0 460 260 0 200 o BRI DL KRR 200 e T R SE S Ot () AT (b)) R 544
MR BRI BB (o) M (D SR T REER SO0 E SRR A . AATEER% .

Figure 1-2 Field-collected data of grape downy mildew symptoms on leaves and infected fruits. (a) and
(b) show yellowish oil spots on grape leaves at the early stage of infection. (c) and (d) illustrate the

browning of the skin, tissue softening, and even abscission of grape berries caused by downy mildew.
FEFR A, H AR G AN FIRE L, AT R SO PPl H R 2 ™ B A
JEo B R CARMDRBERS, 0N 0 G RPEIAR & 5 AR ELAIE 5% DA IR
N G FIRBEE LR 6%2 25% 2 1], WUA0N 3 96 mBLHIBIE 26% 2% 50%[h
N5 G ZIEAWTEE S1%E 75%, "0~ 7 9 s 75% R B AR E N 9 2%
(K= 2024) o AEARWEFEH, BATCEE 7 ARG L H &)/ B3R R, i
1-3 F7R .
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Kl 13 BE RSN A FAR B GBI . W EZET, 2 A0 0 i B I AZ Y
R, R HAR L MIZHIG K.

Figure 1-3 Images of yellowish oil spots at different developmental stages of downy mildew.
1.2.1.2 FREImPLIEE FhS AR 38 B AL

AT, EORRE W TR SR T AR SR R RS, R TR
) CHIIPOR 2 ARREREESE) HAWRE QRITIE) R (a0 R R . FRERERE
) (FIHESE, 2023; HERKHEAE, 2018). PRAPER B T AR TR AERTIEA],
TR WL AR R S SR B o 1y AR 3% T 7 DU 3 S 0 R A 1R
ARG« SR, AR B R B, Aok = R 8 3, 5 S S me ik
BTG G LR SR AR BT 2 1 o) R ) 7= A, IR SR PR 3R U AR AR R AR
LNRAERR o BEAL, AR ZG 1L BEBAS 2RI & S i ARk AR 77 A, 38 AT g il h 58
59, A RIEERI BN (Richard et al. 2022)

% AR ER I 2R OB I BOR E R FER F Pk MR R EERTA . ALERTR LA
NEFEREFE (Integrated Pest Management, IPM) Z5(T&F16%%, 2018; ZE{HHESE,
2023). HUIE ST B FE T AN E] AR ZE S VR, BE T T R R AR
AR B 47 1 Tt D 000 B AR A R i B, e E XE D GaR R AR bk
NS A S S IS B G A, DAV SR A 1 . A2 VR 5T, U 58 I A R T
ZEOIAREAT], L EAE SR m R

FEPUPE LA B AR, A HUR A UE I RS B MR BT E g



EE

((THEEEE, 2019). BIRNZITIEFOREA, (BRI, BRMK. KSR SEA
o TR, B AT HAR, RS RYEZ I EZFRERNKRE, &2
S F BB B A E RO (RS 2022; Yang et al. 2020) . Hi, ¥=
PRIRIE BEE AT (QTL) FAZERH KR/ (GWAS) HIRWINH, NP st Fhks
BT NSRS . GWAS FIFH Ax 3 R A6 Bl ARIg,  PROE I %S P A oG 1)
BEPA; T QTL & o T e ik 25k R A A 1 5 PR O ER A0 AT, A o o 28 PPt ) 2 1A
X3 flan, R & HUREE M RS B, SIS I B R A2 45 5E AN (] A
MR U E BT B, I N TR R R, A AR VT AL SR, RN TR
MRFEF TR AUKYE (Qu et al. 2021) . IXEEH MERKLE AR T % 4
PURE B0 ot PR 1) 85 B AR

T I AN 1) () B B SRS A0 AL, O AT AR T a2 —, il
Ao A S RS RY R TN 67 2 R B A AR R RS, 0 TR AR T B AR R H L (Ve
lasquez-Camacho et al. 2022; Volpi et al. 2021) . F-HARZ IR @ 1T 481t 7 okk
BEATN, 0 3-10rules, MATLEARNZEE 7R IR # . & FHEDMABRZH, KR
FUFN T 8 %7 78 B 0 R AE VR R, B HE SR 1 Vinemild #27Y. SE[H 1) DMCAST #%
M, PLRERFI PLASMO BERI(TKEZE, 2020). 1M [E P A 5T Ee 0 5eie, B ar3 2
EFARA 7RG BHAR (GIS), B Z5-G ML > W SCHE m B N0 4 7 75
PRREAT TN (ZE55 05, 2019; TEPIA%E, 2024; 2230255, 2017; %75, 2020). i
R, Rossi SR TG ERIERGGE R HAAL, L TR Qe R R AN
B, Q3G RS T . TEsh R ATEL TEshil e SRR 4455 (Bo
ve et al. 2020; Rossi et al. 2008) . %A LERRIMAR 25 10 [X 75 21 AH X BT 8,
A Rossi #5847 FH [ A6 7 b Xt 58 % F sy 1) T 4 20 Rk A, ol 1 428 il R K
TR ) R AR e A B MR, BTGk A IR e P IR TR 22 B 4R R IR
4% (Gobbin et al. 2005; Hui et al. 2022) .

T S5 5 97 45 B AR (1) S Tt 38 A4 T B R AR S R AR R HE R S5 2 T .
SR, AEART TG IR 2 SEae S eab 2 H R R o, 08 35 00 e 0 5 P Al 9 32 AR N T
FERe %7 RAFE FE ST, T B ARAE 2 I 0 . T I ) AN o M 1T B 3K
Xt MU E AT PR AN HER,  ETT 2 B MRS, (RIS 2 A R R AR L
(R HNWr o e Ah, S5 = A0 EH [R) 2 20 E5 4 S e b I Sl i J5 3 22 DR ZH 04 A A
BRI K& JE (Hein et al. 2021; Song et al. 2021) . #ACREMIEELZ Lk % .
WAE G, VSN SR E R S . i, SRR IR LA F el kE
i, SRS BENLAR AR B SRR [ LR T T, XS F R RHE OB BT E.
GAZ RN, BIRAERE R T RS I BUE I SR BUVRRE, (HIX SO T N T4
3, HAEAFPEA A T Re R ORI 22 % (Hamuda et al. 2016; Ngugi et a

7
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. 2021) o T4k, BEAEIREL Y SJHEORMPE R, Fial CNNs, i BG RS
SR HERRTE B & T (Barbedo 2018b; Chen et al. 2020) . N _EiEF2E ) A
WSR2 N, i E 3 a5 e e R R SR R I 1 A i o

B o IR A SNk RS RERS AL 2 MBS A T IRFFR S I & Az ALRE ), A
BB R Gt D7 1EAE R 5 HERAYE 7 1 ) R 1

122 SEEEERERVELEEMRER

RN T BB G R B B, SO ESK, I HFEER R AED
AP R G (Bebber et al. 2013; Savary et al. 2019) . N T HMIEHEE, Rk
AP R R A R R, RAM A R m AT AN, I PRI
J54% (Carisse 2010; Spencer-Phillips et al. 2002) . VXA A KR, B & Pk
RSN — B LR B E ST 7 ) (Boso and Kassemeyer 2015; Gessler et al. 201
D o TRAHAEREAINGRIL, ERPURmATHITR, # T £ ge = M E %4 T
X1 AR R AT RGN, R R AT 52 B AR B S R I R A O B R AR AE
(Kunova et al. 2021) . XU HRR LIPS TG EM AR B2 CHE, )
n QTL £k GWAS (Amo and Soriano 2022; Qiu et al. 2022) . 4 I, ™HERE
FER HEARN AT, X5 s SRR, T2 N e WL 2=
5, BRI EFERATEELT (Nutter et al. 2006) .

N T RO IR PR, FET R mEERS (HTP) R itR LI |
HAEP P AR PEVPAL AU I /), ERe PR HERR . OB R SR A O Y
FRE (Araus and Kefauver 2018; Yang et al. 2020) . X% HTP R4 & 262K
T EFIA R GIE AT L BURFE, tnE s g (Sari¢ et al. 2022) LA
(Pineda et al. 2020) . M4tE %t (P&ez-Bueno et al. 2019) %5, HA1, RGB K
BRI R DUBHR AR AR A T ) V2 B o« AE RSN SRR T, WA
T O H 2 R T ™ = VP B, IR G UG A RS T CNINs TR
FE# )R (Ngugi et al. 2021; Singh et al. 2020) . %% 5L EE R EA M. B
Sy EVEE, W T R RIS o 5, BEAE £ BRSSO RE R I G X AT e
FIPG (Herndadez et al. 2022; Ma et al. 2018) . #Aifi, iX&477 1k H TS HHUK,
TEZ MG Rz A2, ARt € R HAE HTP R4t . 5T CNNs K3 iR
T, B2 R T @ P BRGNS, SEREAHEE . T
DT, — SRR o R BT v 1L A CNNs b 1 BT g 5
B IREE #t— D 2R BEE B (Class Activation Map, CAM), M Tl 28 /B L 1
F1 (Bierman et al. 2019; Qiu et al. 2022; Zendler et al. 2021) . It4h, AR HE
FER I b 25 - RS 2 S5 14 ) CNINs, Ry S HG 0 A8 DX I 47 o 381 i )38 o 1 (L



EE

u W et al. 2024) . J&T CNNs VAR BIRIAZ A ERE LB & TR 7
%o

SR, CNNs 7E B AN TIPAG S2 b B FH rh T3 T 2 TG Bk AR . B8, BT Rl
RGP m, X SR B A AE B R B AT I SRR . XA
ICRZERIN T BB B, WIRS) 7 HTP RERNPIESEE K% ik,
—L63E B T H AR B S92 B BRL, 4 Faster RCNN (Ren et al. 2016) 1 Mask
RCNN (He et al. 2018) , JREFIEIEIN 5882 B bRk llFn 73 8 a8, - &k = %
AR FHFR BB B RG0S HYEVHL, A2 S MR IR TS 8 E K&
S, 02 B EE RG] S BRI REA RIS . e, BRI ER A, AT
W 2252 B TP, FEl R AESREe =, AR RE T P RE R IO E B A4 4%
b, SRS A0OHEEEREAEEL AT REE 0 HTP REEHIRE .

EARTIMHT S, —SRBHAIBA, W YOLO RIICEM VI KEEI VS, 7k
/D[RR TR A EE RN S G ARG AE S (Jocher et al. 2023) . X8 YOLO BRI W4
el N T RBEN, s EA AR AR A E N, SEIL T sk PERE (Casado-
Garci et al. 2020; Fu et al. 2021; Jiang et al. 2022) . X} T EUESS, Znfidas-fEny
e, 4 UNet (Ronneberger et al. 2015) , @& M Fseflr®, S¥kb, #F
RS HCANGA 73 BN 7 AT 1 3R K EE R, Rl /e st M2 G o0 T (Li et
al. 2022) . A, MHE AR, U0 Segmentation Anything Model (SAM)  (Kiril
lov et al. 2023a) , fEVFZ TiFRAUES TR 7 HEBITERE (Williams et al. 2024;
Zhang et al. 2024) . XEEHHHE ERAAR Y AT DU f A e o —SRe 8 B AR AR RS
WRIFCER . B IR AT AR S A8 T & 19 CNNs LU Fi4k 7 ER1G R BURHIE (Mejias
et al. 2024; Morales et al. 2024; Yang et al. 2024) , H{iEM 2 —FfG % H 5 T FH
EANIAE SRR S R RR R D BE I 7 7% o 3 8 () R Ay S AL s 0 R oA 1) B e T R
B2t TR TR, R, BT HEXRPEGHFGEE, SAM 1E 5 2R 1#
At ERIIBEA P v TR, BELARAS, 41 Mobile SAM (Zhan
g et al. 2023), @ HEEIM ALK B ML AM, [ASHEE D, HEHE
FERER . REEEM RN R B . SR, H AT FLE =% SAM B B AR R IE H
PEVPAl, 7 1E 2 [R]85 2 2R I ) ) o B R Al

Zi b, HTP KR MIAEE R M 22, W] DM E @ A E v pi e s i s & 1Y
E TR RRNRM T LS HUK, BT CNNs BB 2R EHURIZE, &
A FETTYIZN SAM A sa s Az A4t 7 TR, TR MrREf i
BRI REA T U B R R I 5, TR DOl HE A
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1.2.3 AERE IR S2EREHR

i RFER RS REYRIERAK, SRR A= 2 E TR, A5l
REFIRFMIEEHL (Strange and Scott 2005) . BEAEIAHAL (FAO) fliit,
IRy UFH FEEPRE - B RET 40% L, RN G T A A
50%LA F (FAO 2021) o FARIMHERGIZ W 0T A2 Re % S I 1 R BURE DR die it LA g 2D
AR ) DG, MO T4 7 0 T R AR R B HIAIR (Vishnoi et al. 2021)
T REZBHALSTE, HTSDTV R CRENN, 185 2 08 15RO ORHE i DL OR G
TEVIRIB L. X T U B3 R, BMEX TR ZEXKM S, A LR R E B
LAERI A, ANEas B FEMRE IR, SBORFEAERMEA (Ma et al. 201
8) o [Nk, HINHERRE R R AR S M RO RS B A AT B, Rl 2
FER R T AU S GO0, I EHR A BEEOR EAT o U 1931 B Bl O AT g .

X HUFRFAE B $E BN 3 28 52 SE TR B B SR Al iM% 0P R . AL SRR
SRR IEE T T BN TIRTHRHE RIS, AR 2 4y 2888, St
FIE IR 525 (Ngugi et al. 2021) o XEEFIHIAFMEIRI S OIS AT, L%
SR RFESOR L S BE 7> #)4 (Kataoka et al. 2003; Ojala et al. 2002; Otsu 197
9 o I REARE N T M 2% (Artificial Neural Network, ANND. FEALAR
#& (Random Forest, RF) LI SCHEFEHL (Support Vector Machine, SVM) %%, Hiff
FUH I AT X LSRR AE SR RV E A o R AL, SR ELEO F R HERAYE (Ahm
ed et al. 2021; Shruthi et al. 2019; Waghmare et al. 2016) . XE8AL SR HLEH
WL, AE ISR AT T E&EEE, fESLhrh LA A (Kamilaris 2018) .

AR, CNNs 78GRSR A T B R filhn, 7R 1000 KEMER 1
mageNet 77 AE5H, CNN ¥ Top-5 73 K IRFBFFILE 3.6%, TIKT AKMRAR
#o X RBHES) 1 EETIREE % 2] B T B R o B R 1 BRI 5E 7 19
O KEMFAIIE T CNN 7E%% RE R HMES €44 . Ramcharan et al., (2019)
LB T JLALES S 21 5%, W RF, SVM, I CNNs, £5513% 0] CNNs 72K 5 77
2B BT . Ghosal et al.,, (2018) 251l i fd FH A R BER IR 28 ik, LhE T
CNN 5B AE K 5B RE PR R 1) H i D3 1R TR X335 8 R 512 W IX ez ) 7 — 2
P, SGRERWEEERSG, HF—PUE 7 CNNs BRI n] -G BT . okl 2
[ CNN 2445 B F 195 R 12 T %5 . Too (2019) i 7 £ 4~ CNN #75(VGG-1
6 Net, ResNet-50/101/152, Inception-V4, F1 DenseNet), 7t PlantVillage 454 il
WBAERE, A RELETA A HER S 97% . Brahimi et al., (2018)
[AFF2E T PlantVillage 20#a4E, L T /NP4 CNN 224 (AlexNet, VGG-13, Dens
eNet, Inception-V3 1 ResNet-34) 7E =FIIZRsmE (M SkIINZR. ANOREEEE .
WAELE) FHIERIM, Hr Inception-V3 S T i m IVETAZE (99.76%),

10
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REVLZET PlantVillage ##aE FIREFEAER 2L FIMESS IS 1 97%
S e, (HAESEPRH RIS T, XL R R YRR 20 KR TR, RIALE T
5 NI AAELE B B2 AL EE /1A 2 M@ (Mohanty et al. 2016; Tian et al. 2
024) . FEHEIIAEL N KR AHER R 2 B Z MR R, WEGCREMA R el
AN R EAFER R RERZE R, DUAORPERER A 2 (Barbedo 20182) . A
WM, SRS EHR VISR CNN &R, HAEH A EHR B R T 743
0% 1717 FH 18] AR I SR R R A S 6 2 2508 B iR LU B8 o af, ot B4 iz
{kHEJs (Ferentinos 2018) . A1, HH Al EHEEHE KSR AC S FRitad FEAR HAEZR A ).
Y5 EEa], R, WA /NREAREAR AR AR TA) R AE R 26 o — AN SR
(Barbedo 2018b) . ZHTMIBEFEH, 3G 9k 51T 5 2] 2 G2 /AN [v) R ) 3= 22
FB, BPiEE EUGEIE: . Weie . (A8, hnnk. FEALE BTSN G REAR, AT
P RINGENE (Abayomi-Alli et al. 2021; Tsai and Lee 2020) . HiT4Ek, tf
70 230 F AR IO i 2% (Generative Adversarial Nets, GAN) 34T KIG A ik, A
P FEFINGFEA (Chen and Wu 2022) . SR, %5 EEMAALERLE XK, FHE
BRI B Ao BRI AT R 73, T RE R B 08 S5 IR AR I ZR AR AN A 2 [A) vy FE A
Bk, AT 51 A B RS r) A . AR IR P 5 vk ] RESE AR AL AE DI ASE E v, (HAE
LSz P AR AL 1 B AT REASTH S B (Barbedo 2018b; Ferentinos 2018) . It4k, T
PG 3G o A S Bt HARP AR 2 (AR AE 5 G R R — 3, UHAAE Y RAZR IS L
N, XD R 7R RLAE B 2 (A PR A R AR

gx b, HEYERF R E N E R HEA PRI R =R R, JCH 2 EHRE
SRR SZ RIS OL T o TR S EAR N n et | B kAT, R AR R A
WEHEARSE (40 TmageNet) FHINZRRIRRIRE, FHoh GHAR N MEEHRNE, nI{E/ME
A B EHARE A ARG THRARE R, AT AR TR AE R PR EE T 1 Sk A 572 Ak RE
7o

1.2.4 HEREFHEERARER

I [R)975 S R A — N A B LA BRI I R, B2 80 ST I R AR Ea
BRI RSN (Barbedo 2018b) o R LA WF R E SR 46 1F TS 1 5w AR il v
R, (HIX LSRR AR B[R] PR S A 1 S s N FH 2R 24N E AR (Ferentinos 2018) o BF 8L
(1142, T CNNs I IR 7 R85 OOE EE AR 325, i Z 5 R A IR
fi#® (Chen et al. 2020; Too 2019) . ILA K RuI AL TT¥E, WZREGE (CAMD f#k
PSS, BRTAR IR S AL, (BIEBANR LRI, T H0., IR 8OR%Y)
HURFE AT A T2 T o B S = 6 e SRR R e, B« B4 I8, o BR A
Ta SR B Y S R B S N B R 2 — (Sunetal. 2023) .

11
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T AR BIR R, SRR 22 A A AU SR AE R T AR R A R
1, X W W N SRS RS, JCHRIR F R IE R DU R IR 5 S (Liuetal. 2025) ©
SR, AEY9 3 B ST HC O E AR R, HURBUSOAS 1R B o 24T 22 R AT AR B
Wi 5 R AR O R SOAS, (HIX SR IR AT B = S5 M AR,  SCHR FHRFIE R
AT gy, BRI EIRI. Bk, V28RO INE AR AT I ZRAI VP4l (Arshad et
al.; Zhong et al. 2020) .

TEZBSER R B, VA OT R 2 HBORE T B S ORI A5 SO0 5%, il o 5
SR R4 AIE R B R $R T2 2RA5 - (Cao et al. 2023; Zhou et al. 2021) &% J7ikn]
FE— B AR ESCILR ST HA, (HH TR 2 e RAE R, = A B AR
R SRR, BRI SRR AR TR R ZE o« o — Lm0 ) S5 AR s R B
FEAE R F IR AT, BT AR LRI WZ i, DU R AR E (Wang et al.
2023) . #RW, {HAILSTM. RNN 5k Transformer 254 s B o 75 B K& L AL
ERE AT BRI 2R, EEARA R ZA T, XEINEAA LI H TR A e 1A 2
(Zhou et al. 2021) .

20234ELLSK, KRiESHAY (Large Language Models, LLMs), L#1ChatGPT (Open
Al12023) . BERT (Devlinetal. 2019) %, 7t HARE 5 PSS | RE& R, EI
H R K IS 5 BEAE S AR A RE 77, JCHZChatGPT, BH kB I N TR RE/EE 5 A0
W)z I E N S . X WG R T RIS AR S, IR R
T4 H B SCARAE AR AL T ML . MG TE S AR (Vision-Language Models, VLMs)
(1) R FEAL e R PR A B2 4 T AT e IE IO A AR LLM S 05 35 BUE A
BAESS, WAHBERTHChatGPT S5 SR AESS &, FEIL tH R4 1 Inl 2 e 71 5 B
PRARZCE (Liangetal. 2024; Zhao etal. 2024) . Jb4h, —eE b it ML EIE &1
A, 4iAgriCLIP, CDIPChatGLM3, {NA/EFFEAR D FKHFHEF 7RG, B84 L4
R PR, AT 2 35 MG 5 T AR A S M S T g RE 1 (Awais et al. 2025; Yan et al.
2025; Zhang K etal. 2024) . Xt — M T B S S, 5RAUGELS S, EHE
HIVEAE RIS ) BEEBORKRE, ORI 2 o ik A 58 1 5 A AL 4 il ST YR N
i, fF5Qwen-2.5-VL (Baietal.2025) UL fzDeepSeek-VL2 (Wuetal. 2024) %5, H
H1Qwen-2.5-VLAE HP B SE T R I B AT @R, b STHEYDR F R mIME S5 S fit 1 5E
RNERAEEE S E R

ZEERTIR, WME—AE& RPN HEEDEF RN RS, FEBEMEREELIA
KL GONR F R AR, YA B H a5 M B2 Wit ik o SR, DA 732 22 4Rt
PG 1) i 3 [X A Ao B T AR LR A R, M DAAE SEBR 3 5t PR S W iRk . Lo i
B AR R R AR SR AR A TR R R, RS R S R AR, 3

12
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5 2E B R FR U RE FT . VPG RLBETE S AR T RIS R iz AL e 0 5 S |
& W I T AR

1.2.5 HislmE " EREITHEMRER

AN s, O THERRE R AR, T EHE S A SEOH T EAL. B
SYEIFIINE, int e, REFEEKRE. RILEESS, IR KRG BRIk
&R AL PE BRI I (EHKEE 2024; Casado-Garc® et al. 2020; Liu et al. 2
024; Qiu et al. 2022) . FEZHTMIBFFLH, &40 R MG AL B R EAE H RS L R @ R
DA, I RBEAE IR I HOR D, JE TR R0 48 N 45 (1 HH () 35 2 45 5 S Bk
NIRAT Qiang and Li 2020) . {HIXFRISE S SI 70, A4 R ERE REEHE R
W&k, [FE TR RN FORBThRE, SO SR 1w R H A 4dE, &
THREEME RN, RESIEIEEEIAABIPHESR ., —SH A B H CNNs
Sy BN SR H AR BT REEL, SR AN TCTE i S, Wil i A R BESE (Zh
ang et al. 2024) . —LEFFFNE FFI S EIR, JaanEi ., EoBIEEE, kst
P [ FE R AT (Liu et al. 2024; Wang et al. 2021)

FEVHEAIAL A, [FIFEH I 7 KEREAY, 4 Segment Anything Model (SA
M)  (Kirillov et al. 2023a) , FH4) Z MM FHLE P ETESH, RIHE T58KH
EREARZEETT. SAM M FEEAE =4, T Vision Transformer [ gwtd
&, DL R R gD 2% DL AR I AE i D48 . SAM S H 1t 1000 /7 5K bRy 1)
BIGRIIZE, Wi EA HEREFEARTERE ), et IR Iz AR LURTE A 24
o IR, SAM SCHRERIANARIEER, W H bR R s FL FEHESS, MM (2 20
MZFERIX R 8, XA E LA RN T iEs PRI s Kzt gg . 20
24 LK, SAM WAz B TR AFERSREUT . thanZe 5504, Nguyen et a
l. (2023) f# /] PhenoBench %{#%, 4i#& SAM. DINO Fl YOLO-v8 #57, {E{EY)-JRHE

BHEEFHURZAA SAM. YOLOVS J NeRF J5ik, SEEL T miks 3D B & AR ESEEL,
55N T EAR L B — S X S T 58 R Rt AR AR (1) S92 R t BRI S R 0 (L
Y et al. 2023; Yang et al. 2024) .

SRIM, BT SAM HIEESRmDf FH (1S 508% % 1) Transformer 2544, 1ERSBIR %
ARSI, [F T AR EAES T, BAIFRAREIRZ M AR, =
FHAEZ RSy DA R BB EH, eam s B E], DU R B br o 8155
(Chen et al. 2023, 2023; Ji et al. 2023) . T fRPLIX 2L i) i, —Leig i o) (i
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Wi TF R R TR (R 8 % #4358, Lk Mobile SAM (Zhang et al. 2023b) 1 E
dge SAM (Zhou et al. 2024) 5. IXLLRIACRHA] T &G mLaR 0T, L
— WG TNGBAL, YR PR AT 2 ER ISR, DB SHE. 5
— SRR T A BT EUR A DL B RS A B AR AR SR AR R R AT R4
Lo il ok AEAR Y R d N Adapter )2, TEZZE TR, FINES M Z NS
H, LUEB S0 R —FER R (Chen et al. 2023) o #ATM0, AJ 7R 40
& SAM WIEEAATS, HAMES ERR@IW, — M. —DNLFHE. —A AN
A)HIE LT IR B — NG RS, XA SAM RS R IEAT 5 5L, 2%
oI fe— N B OGP IR . DR, SR —FhE 28 B s R SRS AT SR AR
e AN /D) (Sun et al. 2024) .

#R% 5] (Prompt Learning) /& —FieHi (O FIYI ARG R, S0 I AE T Zriod
LR AT S PN E R, SRIESAAYAE ], AR T b R AT 5 0 B F S5
By NI g rge, WA EA AT IR D REAR . BEREASMEE R T RFR
IR (Schulhoff et al. 2024) . HITHIWF AR URSE S SAM FAHARA AL, kit —
BAERSER, DLl NS IR, MmN AR ). il Uygun et al, (2024)
WAl 7 — M 800 Thid A Z M EUR FIEURE, 1/ SAM BEALE G AR IL
2 FHE B S BN FERDFRZS, SR )5 H YOLOVS-Seg #AY#AT IS, 453 B8R, YOLO
v81-Seg I ZE mAPO.5 febr FHERE®RE, A2 T 92.4%H mAP. TEH &1 EPiELEE
I, Lin et al. (2024) @it SAM-CLIP Al PM-SAM-CLIP XA ¥dE & 3E47 40 H1,
AR AR E AT PM ORI, AR A T R ARG P E AR . Zhang et al. (2
024) #2iH¥) YOLOv8n-DDA-SAM AL it 75 H ArAsr il 3 IniE X o#1 7352 SAM,
A BRI T R A AR AERS, I I B AR O AU EORE IR TR AL AL
T LA T R E 5Tt .

gi b, ETREHSEIIE KA LI S S E Mg, HAa BER
B, AT DLRRAREAE AR A, R AR TR AR S o AT 3 i He A5 7Y
FERN I 5 RIS H IR, R E R FCRE . BAROE SRS I RPN E R
L W23 65 R AL R

1.3 MREZFERICR

ASHIEFE A &) R B0 R AN TR R, F B DA =N H30R B 1]t Ji -t
F:

(1) e = F, RGNHEERERPUESEE T, HERBN TIE, S5
TCRARME M TN R A B B gk, (HRMAZ kR 22 . IRk
TR RIS, RPN R PR S AE r, ADERBUS A R, HIEAET
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EE

BT PRIL, TS F T DU R e AR AR el B R SR ISR I 7R K

(2) CNN Gl iz N HRFE F 7 830, HIRAE 7R e R . 2R
1M, CNN fEAEARHE CAM CRIEGEED ] f@RetEntr. BARTER 7R AR
fr, HSRZXIPRE R IR VERE, SR Bk e EERas R . ik, A
TV T W AARE R SR ARHE 1) AR 2 1 20 2% S0 T IR A AR S B T (R OB SR P . IR
EALGEE S AR DTG TR HRAE IR, SRR R B M R, AR b AR
%, HERIIGRpiA T, #1407 AR AL . PRIk, A 78R Y TE) R AR AN
(] 26 5 K B, B O E i A e e P T A 2R R AR, RV O
ERFE AR HE TR

(3) R 1 T Tl =ou T & B 2 0 B DME I AR R EA L
e, IR ST, AR, FeF CNN 70 E0 W 2 45 N A T e 5 20 2R,
HHETRERLDH, ERRAER SRt ERMha M 2% AR MEE IMER K 05l
b, Gn e SEILEE G FH TR) 1S SRR, DASCHERR 2R S 20 0 Fr AR BE, o L IEOR
[, R B 2D VA L b At A A S SRS £ FH (8] R B B 0 IR B, HER R AL
TR A R

14 HEABMXARE L

141 ARAR

(1) WP e 200 P R 5 R R 4 o Y

A FH S5 2 R A 2 B P 7 0 T 1 MR SR 4, 80T AnyLabeling 3 fF45
4 Mobile SAM SEELM-BE 2 B 3R DL K FE 800 72 70 XU AT 30 7 SORE i brid:
it %4 T YOLOv8n. Mobile SAM A1l UNet, J & %A% A ik 5 1) EH S4B R,
FEREEIHEHE: (a) FT YOLOV8 Fl Faster R-CNN 45 55 4 1) o S A ) A5
B (o) PEAEfE Mobile SAM #HTH RBBRIAE RN (o) XL 8 P iigmiLds
-FRAD AR ERE R (U1 UNet. DeepLabV3+45) 78 ML A1 7 1 X K > #IH L. (D)
ARV R — 20 52 #1526 7> BIFE Y Mask R-CNN #EATXFEE,  DLEGAIEHAE S
FRTI A IR . B A bR A A 12 A% B TR AL T A5 Al DX S T AR o i 2 AR A
B, fEREESURYER EE bR, SCUURR B EH R A SR

(2) HBAE Qwen-VL 117 %) i H R F A AE il IR

8 FH S50 = 0 2 T B i, SRR . SBEE . MR . ERRESE, i
MUSEAE 5 BB AT AR, ARG — it LR R, AT 2 e o B 10 3 1 DA RO
IS 95 AR AE R SCA B . AR5 E1d LoRA 0 Qwen-2.5-VL-3B &7, DLiPfliH
TEIF BRI IA A AN R AE X o HERf MR I . EEORR BT EFE: () WIRT
it LoRA 208 B % Qwen-2.5-VL-3B AL AE RS2 (b) XFEL T30 )5
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PR 5 A AL s S B SR I, FLFE BLIP2. DeepSeek-VL2. Describe anything
model. Kimi-VL-A3B: (¢) BT ANER FHRAEAER R, SRR IEE. HIY
R TRBEALE . RPN € B4 %108 T A AR R IR AR s A o 1 5 B, PR AR
DL, 2750 DAHES) H (1995 5 R 0 1 T g R e A i vl (5

(3) PR 51 F 1 Mobile SAM 7] %) 55 73 % 77 1% S ™ AR FE RN

A5t FH FH [B] SR 45 1107981 %60 7 0000 T P AMg R e, Jl il Tl A A s dsiE, i
PE 7 AT NG RaE A 2E 4 . R AL SR CNN 75 F1 W 2845 21 - 7 4005 D)
FHESHENR, SRS A2 AN [F] 1) R m A AR R, i — 456 Mobile SAM i 73 1|44
tho FERI B (@) LI 6 N2 BTG 2 FI N 268 06T R B4 # R B0,
PRI IR (b)) HA T B AR 3 MR AN FAHESR R I A R 4
XF o BNEE RMIEEI (o) 20 APl 1 S AR R AL B0 R AR AN ™ B AR B PRl R B,
WEBHHZALRE T PRAS TR /R VR 42 B ol ZE Al 5 Y Mobile SAM 71 HH [H)95 55 43 %1 (1) B4
7.

1.4.2 FRERE

AHIE R S8 28 7 B i RO L E VA S R A B, Mg T B2 %
FERFAR . B, ETRmEHEEMER, 44 YOLO v8n. Mobile SAM Al
UNet, R T —MERA BRI B 318 SporaScan, T SEELHBLATI . 5 5 F%
BRANF I XS], FRm AR L e BumtE,  [FIR S Mask R-CNN &5 757
HEAT HEREXS FUBRAIE . Fouk, FIH 2 2851 %) 3 R X L KR E IR SOA, 8 1 IS
B BE s, 3R LoRA HAX Qwen-2.5-VL-3B #3618 S HAIEATHOM, LARTH
HAEIR F R IR A B P HERR PRI X 42 B8 70, IF5 20 FImAEAE & B8 T HLR .
B, W HEAI SR, RERRWR S M EIER, 46 CNN 5|45 Mobile
SAM, TREAFFR IR GUPRSUFHERRR) X 5B SR 52,
g FH [R) 0 5 2 ) 5 7 B FE VA ALY, PEAS 2 At e 5 T 7). AR RIR R 2R il &
frill s o ES 2R, B R SC I A0 T SR = B H A ) A s R Re VAL S R
o BABARBZEME 1-4 B,
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MR T

1.5 #IERIFE

151 XBREHEMEEMESRBREE
2.1.1.1 % MR R RRRE E o i e A

R ] A A R N FH T D T ARSI o T BT 24 ) ) i e DA B S A
W [ NS FT (GaAnez-Zeledon and Kaiser 2016; Stambuk et al. 2021) . 7E%
JE B BRI, ik ] DO I AU B AR BRI [R5 R X e 2 PR B
R e RO o kA1 N [ T S O BN R AL )l 72 )0 < e 4 A = B LD =S
B FE R I RE, A M U MR PR L R R s . AR SN A, B
P RERGEAEEE ST

A AR R B IR ) R ERAR AR (D) MBS R A
A, EEIEFAKHERE . T ERERMN . WREREE, ol DUEEAR M. ARE
KEr BRI A o SRJE . A5 B 7 R FE IR RE R B I T =20 R, TR Ga 1@ Il
ok 1% 7% R B TR L TR RIS . (2) M ARER. G ER A A AT R
HEE, — M 75% CEEEL 1% IR ARV, THEE G AW KBER T3, A
—HAKR/NFTILES, JBHON Imm-2mm, CEHERREAIH AT RN, (3) R
Fofrs A5 FH 1) % 78 B0 - B IBO SR T B, R L B R T AR A 2
(4) FpFRfisgs: BB 5 rm S B B R R AT (—ROMBER . |’
FEIEBHRIAED), ERFRMIN, MEIEdmt i LRBE R RSN, SRR K
N TIRFNE A, E B AR B TR T BN . (6) MRFEIAG4h
B VAR 25 AN [R5 SR B AN [F AL PR 64 T B pva AR . BT, e 5 A
W, ARG, DSt HPumblil, SFEERERIE . R DL RACH
PN T (Qiu et al. 2022; Yang et al. 2020) . i AFEA LT (G
WAS). iR E A 70t (QTL) LA CRISPR-Cas9 H:[M 445, FHREMHKHT
TR B A A, FRIEE S GRbe) AHDCIERR IR, DAUE—PH T Mk R,
MR 25 THREHEE o
2.1.1.2 % AR B v B R AR

FEATI 5 HR A8 FH B R SR VR T ) i AR5, A6 B LR VAN 8 A PP 7R B
WP (Qu et al. 2021) . FEFEFRERKIEE, BT 7RI
AR . LRI A BRI E B R 1-1 PR
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P T3 35 7™ B B VR A
Figure 1-1 Schematic representation of the leaf disc assay and image acquisition, illustrating the
sequential steps of leaf preparation, disc placement, inoculation with Plasmopara viticola sporangia,
incubation under controlled conditions, infection development, and image acquisition for disease severity

assessment.
A R BT P BRI FE XA AR A AR A RS e (R34 B 22.47°

N, 108.21° E, K 142.3 K). AWHFEH AL E A OFEEZ . HERSS.
HANSHE R, £ T, RN EM e e HZB KM, DLERRIAR,
SRIE T RK AR BT . eI BRI A B, FTEEIT IR VIECE RN 1.
5 EKEH A, ARAESLI T, AREFRILCE 16 & 25 AN, FFERA ORI R
o MM EYHEEHIEFERE (Plasmopara viticola) T FEETFM GREN 1x10°
F3/mL) BITCHRKERN, 8RR A AR A TR . R A R
TFROMLEEP DL, MAIHRAEGERMT. EflE, RFRIgE TEYAEK
Farr, 7622° CF, KA 16 /N GIE/S /N BIE 0 FA BAEAT B 9% . B IN R AL
R, BAE S IF4G AR B0 I o] WREAR o AR AR A I 285 AR R I AT TR
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i A BE TR SR S R A IR, DUE e is ol JRIRER 1 432 5kIE&, AR
R 692AME, WEZNEKES. T EECRIEN AL S5k [ HRE A
A, HEADPRAAR. SRR E& PR E 12 s,
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°  om
. e
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K12 Hade PR a SRR R SRR AR R L, B R R T FAR R AL
Figure 1-2 Different resolutions of grapevine leaf discs in the dataset. “Width” represents the horizontal

pixel number, and “Height” represents the vertical pixel number

1.5.2 HEEERRMRMESHEIT R RBARYUE
2.1.2.1 Hif R A R A

AHIE B EHE R A E VR B DXCER e BRI A B R A A ] (A
BN 23.829N, 108.110E), Wi 1-3 fin. %40 %) el (R E AR K298 300 &, KM
B RARIEROR, EERE S ACONETER 2 5, SRS R A B 2 . 7EAR
X, B A R R R B 4 AR S A BA), BUR T SRS RS
%At . 2023 45, HTRAECATE, B OWIEIFE R 8RR S H 8 5,
R RAE R T A ECNIGER X . B AR SR R WAL, et B
B, Er R, HMA6ER, BEERERRRE, EOmBEEE 2, 4mmx
[AAR N 0, TERE, & FBEANM A RIRZEMRER . 1£ 2023 45, BERS%
PRk, BEEET T 2R FEERRAT .
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Figure 1-3 The experimental grape yard is located in Xiatituan, Anyang Town, Du'an Yao Autonomous
County, Guangxi Zhuang Autonomous Region. This grape yard primarily cultivates wild verities (Vifis

quinquangularis Rehd) , covering an area of approximately 350 mu.

1-4 7 %7 6 el (1 S b 8 Ry
Figure 1-4 Field photograph of the grape experimental yard.
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2,122 . FRERULAFER

HERKWG, 1RGSR ROm AN, TAMER T AR F LT B
TR A IR A0S, TR S ERE K 128, R 12 UKZK Note 11 45, 41
BREMER 1-3 DUEE 14 foR. EHAROEES, ERE/DXOAFRME, EHF
R B A R I A VBN R R TR & T AR, EATEA AT
RO ERIIE R, W2 Yo sk Fa s A e A o R — AN BRI B B A R
Ao A8 I, AT A ZI M, RO AR A S ER T, IF
ATULEEPRBEAL B, DAL bR B R O o

TR IAE BRI R R R, BATRIL—Fh-5 56 B9 W 5 AR AL - i
R CEBRAZE) . REALEIIREN BRI MRER G 22 0] (2555 0 BEAE
WA EEEGED, fEHOA R F R, kMR R, IS, DREXR
Gi%%, WIRILEMIIRANZAER . Fit, WAVEH TS, FRNRETBE1Z
FEAR TR A

BAUE KA TR R 2 i e £t i — P Bl b gk a7 4 2%
H, 5307 HE e EERE S EE. Hd, BREIAEER M 2483 5Kk, @R
1408 5K . SREEHALL, BT HAMERSFEER (%) 1743 5k, RER
FHEARER, S22 0T IR S BT Fr, B ORES 53 B S FH 3 H 8]
Mo

AR e eSS, AT BTG I AT 7 R R0k, B2 1 687 ik
R HE S, Hh S 338 5k MR B AR I B B A1 349 SkAg BRI R 1)
M, #aOR 7O EER P ATV SREE BB BRI i FR E R R B AR 1-5
o AEMAWME 1-7 fros. ik HEREN A BRI @R, ZAFERA
A, onIRIH T 4. 5 59, HEPEERBRAES. 2FN2 W8 A RER FIEAS .

B 1-5 FHIRLRAR (046 &) Ry ARG R Fm i e o e Cad) A0 (o) AR v, (o) A
(d) NFEE G o
Figure 1-5 Field-collected images of healthy and downy mildew-infected grape leaves. Images (a) and (b)

show healthy leaves, while (c) and (d) depict leaves infected with downy mildew.
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153 AERELEEFEERERFHIE

BAVEH T IFIERG E X P54 Plant Village (Mohanty et al. 2016) . Plant Village %%
PR — AT H T F R A R EUE B 45, HH = AR B WM S K
Plant Village 1 H [#BA G117 (https://www.kaggle.com/datasets/emmarex/plantdisease). 1%
AR 2 T E RN, I H Rt IS5 1) 4r KR 28 (Brahimi etal. 2018; Too
2019) . AP EFEEIT 54,000 5K FHEUR, Wi 14 FEYIRAL, 38 Bl R,
Tk IR ILE SLI0 SRR i, B BT [RIR, IXSe 8 #0 H Eh
5y HEZe (256 X256), PRI FT 1S BT IR oA X A8/

TATHOX L EHa b, JRE T RA 3 P DL A R Ed s A A
Wi HEBE LK BRI (LU RGeFki ). 7EJRUS Plant Village SUiE g, #4185
o fE 1180 5k v, JRBRE A 1383 sk v, DR N 1076 K, R 7y 423 5K
N T ARIEECE P, BATTELD Python FHIA MK EEHHE HEEHLIE T T 400 Z3KIR A,
CLIC T i 2 /0 ()RR B8 o X DU Fh e 878 S5 B8 ] 1-7 . IR e 5
FH [A) SRR 0 7R B - v B0 AN 24 55 8 s, — R 4 R A T MG o A e R i 4
HTHEN=.

1.6 HIETMAEIIE

16.1 MEEMBESRBAE
AV 7 HIE T H AnyLabeling Chttps://anylabeling.nrl.ai/), X% %] 4% f H

X L FRTRE R 7 R DA T A o 22 AT DA R SR A o ZE Al 2R, 40 Mobile S
AM, CFRPEEBIbRE. R, ATE ST s — MEIRHELR, %R
i EVO T, B SR R Y 2 AL FR 2y H BT A 2 Mobile SAM, Az RSO0 M. ) £ 4
JERC R . AR A A X e TR B AN, AT T 288 fOE 44T T3
Wi FERREIERES, IR R AR B R BRAE TR OO ARE R, BRI HE, HE
R AR . WIRARAZEENACE, WFIhbrd. SRR baa:, o475 EAKEE
Fahbrids, RO BLE R X AT 13 SRS R 7 B IR ) JFG A DX 0 g ) 2

Mo 5L
N %/‘?’\0

P JE TR I T BUEARSS: B RN 0, MAEN 1, FEER X 2.
I 0 R B 7 A DX IR T B by R B2 38 Python AN AR i) Chittps:/github.com/
wkentaro/labelme) o AT LRARE BT & 1) — B0 HD AN N2z, FATHRE] T \BHE
WA B 25 7T TR, BBIEMATZ RS # . HTEREThES
B LL R AR, (45 RIS 2 2 I 2R S50 O3t e DLAERA IR0, BRI A T
AR T BEATEMT A, KRR B 1-6 IR T AR E B AR S e T
PR EREA
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0 9 s 3 2 (c) FRME A K
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1 ff B [X 35
2: PR IX 5k
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| 0: He =5
I
I
I
I
I
I

K 1-6 M EANR RN T AR SR A RO A . () RIS 1l BB G
%o (b) f#H AnyLabeling Chttps://anylabeling.nrl.ai/) BFE47 -5 A1 75 B /0 TR FIbpvE . SREFCER
7 i Mobile SAM A= BRI FEFE B, 10 2L Cu R0 BRI & T b i 7R B 1 7 FERE B . () ZERHY)

BB, FF AR M T BUEARSE -

Figure 1-6 Overview of the annotation and mask generation process for leaf discs and downy mildew
sporulation. (a) The original image depicts healthy or infected leaf discs. (b) Annotation for each leaf disc
and sporulation using AnyLabeling (https://anylabeling.nrl.ai/). Green contours for leaf discs were
generated by Mobile SAM, while red contours were manually annotated. (c) Generated segmentation

masks with numerical labels assigned to different classes.

1.6.2 BEEREFHEE XL HERE
2.2.2.1 FdEA Rk

ARG T A4 4 MORRYRE IR B4, SRR AN E A B
4T SRR RN ) IR . BRAh, FRATIE R SRAE TR AT A AN R 2
SEWAFERGIE FHdE. ik, BNEIEEHPFR M. (D HRERSHRSE
25 FE EUGEAE, RAEM SO ET PR iR X R R AR R G ALkR: 23.829
N, 108.110B), FAMEHERETFHL, WLk 12 AR 12 4, TEFE R KA LA 52
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AT, B AR S AR . (2) FHAb 3 Rl E EG R A RE BE R
T Plant Village 2~ &4 (T 1.5, NORIEHIEEN-FE T, B> BRI 2k
S0, FATTX Plant Village £ 52 ASCEE 4 HH (R 5 64T T BEAILIIE, DLORIEREN9
TR I BOE SAE R  SEHCRAER SRR BE A Y, [T RN S
WL TAE. DRk, FRATERG1S 2] | EHR P47, 65 % %0 8 250 15 N I 35 8 2508
&, HEAARRFERBCL LB HRSETE L 1-1.

F1-1 BRI ERT, AR B0 S B IR AR

Table 1-1 Grape disease types, English names, pathogens, and the corresponding number of data.

KA FE TR B RAHE BIEVE
SEET Downy mildew Plasmopara viticola 345 HH [A] R 4R
7yE Chemical damage - 368 HH [H) R4
B 5 Leaf blight Cercospora viticola 384 Plant Village
BRRZ T Black measles Elsinoe ampelina 372 Plant Village
Ly Black rot Guignardia bidwellii 368 Plant Village
1 R Healthy 376 Plant Village

PAME T AL FaHE 0008 55 JE R 0 e A e, R T8> Je 80 h i g A7
(R BRATTRE SR AR 1A v 9 22 1K) F TR T M 2 55 MR R 1B AT 1 ER P . TR SR 8207
b RN R ) R, FRATTHE HH [B) SR AR I B BER AT 224%224 1940 #E5%8, 5 PL
ant Village ZHREMRF o#R 8. B4, HT Plant Village Z4i 4 o A5 SoAH
XJ T, FRATTH [RIRE T HE 1) (R8s S AT 11 SR BRab 2. SRRy, FRAEH T Any
Labeling Chttps:/github.com/vietanhdev/anylabeling), JfEEIAL W FEREEAS, Mobile S
AM RIS, Gt FaNFEmExt A i i i T TRE AR, RS T Open
CV4.2 f4 (Bradski 2000) #EAT LA 11T bR, MITERE 1 F SO BER X
. AR AHE SH R EEE, vTRIH R RS R s T, gLl R
NTF5E, ATAFER L DO 35 i R R BERFE M5 B e . 2, JASH T 4 F
ANEVE AR TR 1 P FRA DL g e i RS (LTS F R D, &
oy 2213 5KIE . ABJERIR A an &l 1-7 B
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Figure 1-7 Illustration of six different types of grape leaf disease images, with backgrounds removed to

enhance the accuracy of lesion description by model.

2.2.2.2 Kl 5 AL B 25 SOARTERE A

N T RN TARER A, FATRA T RKE SRR (LLMD XA R 876 &
T WA BT TR RS, BEJE A R AT EE DB, T B SCUE HIR BERFE
CRBEBE . JRBAR. JRBEALE . BRI, DA OR A iR SOR R e, R
FEQIE 1-8 Fron. MH LLM AT B A AP AR, CHGEME BB EEES AT
WEMCR (Liu Q et al. 2024) . A7t , BATRHBRALZR H Kimi £ moonsho
t-8k-visual-preview, i # [ Python #1 API C(https://kimi.moonshot.cn/) K497 2 18
AR BRI o 11, FR S AR IR [ pme S B, AT R ECE B A o R Y
B

T LLM M5, BARS M seRAEs B, Fik, 73RS IRATT 201
WERBE. TR, AL E AR IAFERDE, FRATVE 1€ 13ariE, H T3]
AR E IR IR . DARR R B, Bt BISEaR TR D U FR X K R R ) R
FRERIE S, ARG BB TRk, LB DRI, LAZS b BRI
Friaitt o ” o T R, FRATE R SRS B0y “ o e i) 41 &
A RRBURPE.” @i LLM BB bRE, AT B 1 5K 29 35 A A 140
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iR fEE .

Wb e A, X EEIRAE B IRy CSV S, TR T W12 B9 35 SCATE R
A, SR, T LLM AR AT BEAF 7R BRAR O 22 IR 1%, AR B FER A5 BOF AN 2
ek, Ik, WATHL 7 —HL b N I IX e filiid(E BT AT IE, DUt
AEFRPEAITAT S, IR AT, Tl NSRBI I SEBr N 2, b5 2 P
PR SR BEIAR S J EAT B LA I BT AR S 2 1 AT R o A B . e N DA IR
Ja, BAVRE T D@ SRR R B SO LU B 58, A SRIRB FERTN
FRBE T 1050 F -

H I MI This image displays a grape leaf with distinct
phytotoxic symptoms. The lesions are bricht

vellow in color, irregular in shape, and
predominantly located on the ¢t side of the
&N leaf. The lesions are in area and scattered

l in distribution.

/+*+ﬁ:bk ﬂ
s AT e '
0 AN
o fEm .
AR N

1-8 Kimi AR T 000 h OB AR . B s 17 MK S B 2 MR
KIMI 8RS BEAT B G T, SREURMIEARZE (CAnigite., JBAR. ALEAIAD, A TEH‘TEﬁ, #EB
B G REAT R L J5 A7t BB o (1 A A

Figure 1-8 The workflow of the large language model in grape disease caption. The diagram illustrates the

o i i i s i s e

process of acquiring grape leaf images from the data source, analyzing the images through Kimi model to
extract the tags of lesions (such as color, shape, location, and area), generating captions, and storing them

in the database after expert correction.

1.6.3 HE#EBRRMEBESHI iR

X1 H TR R ARG 25 i B, FRATTIRIFE R AnyLabeling Chttps:/github.com
/vietanhdev/anylabeling), 17 T ERF2) LI H AR . AnyLabeling H £ F H
TR ZRAL 5 E il B A B SR ARy I D RE, o] DU B SR Ty TAR R 5 H 1
o A THE BRI ORAR T AR B 1, FRATTAE A 7 aEEL T Mobile SAM AR Y
VERFERIBEAY, DA B EAT R B B S B BOARTE A . SR, S8 TR A sy
RE AP A B IR AR SR E . BATUE I N T R CRAIE bR PR AT £ B v
ﬁoﬁﬁﬁ%ﬁﬁﬁﬁigﬁﬁﬁﬁ%%:ﬁﬁEﬁﬁoEl@@ﬁ%ﬁﬁﬁﬁ@%
FUEIEAR .
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AnyLabeling Json to Mask

B 1-9 BEpRvERAR. R EHR S H AnyLabeling 3E7 2 F 20 HIFRIE, A2 BRICIART: SO FH B A
AR SO Hoh () G, (b) NARERIREF, (o) REMRMHE, 0 FRY
S 1 RoRM T, 2 ORI B
Figure 1-9 Image annotation workflow. The original images were semi-automatically annotated using
AnyLabeling, and the generated annotation files were converted into mask label files via Python script. (a)
Original image, (b) Annotated image, and (c) Generated mask, where 0 represents the background, 1

represents the leaf, and 2 represents the lesion.

1.7 I H BV BRER 2

171 BEMHEESRBIESEX 7

7] % M RSB B A, FRATT I s T LA SR A WS A i ke v ) g
DRI s, I HAbRT S, 1530 1 8 R L A X i 4E SObRE B«
H, MR BE R S—40 TPG R, TR SO WA 4t — %% 8 npy &K, 7 {8 f5 240
H python ] Numpy t4 (Harrisetal. 2020) 280, DATHE™HEBEE . &%, RA1452 7T
432 SREFFRIMLA I B8, N5 FR b S BOR AN ), AT A AR v g i S R, 3
o P AL B A A A BRI R, B S5 24) 6000 FK AR o Hodr, BT A4
FERRA IR, — ek B LU OROR,  FRATT R R A

FEM BT IAE S5, FRATR AR B R E 5, 12/ 6:2:2 B ELBIREHLII 20 D9 1 Il 25
Hev BAEAERIMNAAE (FT 1,100, ok, UIZRAEh s 3582 3K v, IIZRAERINA4E
FE 5 U BB — 3 AT S e 8 M B B R 2, R 2B ] e Js s eIl AE |
BEAT TRAERER, DA IR TS iz AL 1 RE

FEM AN L X A FAE S5, FRATTE 56 T3 R AR 1 i 28 R RS BRI 4R
RJEHF T AR LS, BEOHTEIR 6:2:2 B ELBIRENLI 2 AR5 . SR INASE (&
WOL10). HHRAIAES —B, AV SRS R B AN SR, AR S E S
EMPAEE EdE T PR, DRI B A vz A R

- 75 ZE VAL T S5 25 Bt i 4 S G A DX ) 23 BRI RE I, JRATTRE A B ASE R
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MR IEOR AR AR, A RIARIE AR, BBk T REE, e 0 H. AR HERRID N
6:2:2 HIIZREE . BAEERANIEE. Bk, FEr R HmBErEUES T, JAVEH 7P
EHARNGHR, PRI EREFE, MREESROEA RS (FE9 110,

1.7.2 BEmEEXEXHIEEX T

AT IE L FH AL R AR A Y T (R e o5 Bt B, BB 1 — B AN R 6 9 35 1 R
Fr8uE A . AL HORFEAN L BRI )5, BAVEN T LLM #EAT RIS PR TR )
BT — LA B e T OO e AR . Bl I 1-10 Fros.

H3F R
This image displays a grape leaf with necrotic
spots that are dark brown in color, irregular in
shape, primarily located in the central and
narginal areas of the leaf, and cover a small

area, concentrated in a few specific regions of
the leaf.

VATNY

This image illustrates leaf spots on grape
leaves. The spots appear as small, red or
orange, irregularly shaped, primarily on the
leaf surface. The spots have a moderate size
and are somewhat dispersed.

2HEE
This image displast a grape leaf with lesions
that are bright yellow in color, mostly circular
or irrecular in shape, and distributed across
iwious locations on the leaf. The lesions are
small in area, primarily found on the leaf
surface.

R
This image displays leaf spots on grape leaves.
The spots are characterized by a mottled
appearance of light yellow and brown, with
irregular shapes, primarily located in the
middle and lower parts of the leaves. The
spots are small in area and appear as multiple
scattered spots.

B 1-10 %9 25 P& SCHO K 48

Figure 1-10 Image-Text examples of grape diseases
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HI T ROR B AT FH BIBAIE SR, BT EE SR 0 8 TN Aiitse, IS T
OB ETE S, KSR T PP AL S AR A iR A R I . IX B AR
3 A (R A5 B A [ B AR R R Kt Wom B R BRI BRI E .
PRETHIAR o IR A7 it A2 SRR (099 35 40 38 BB 5N BEFRV R F R 6 ] CSV SC A7 A

1.7.3 HEEEBRMBESHH R HEEX 2

T I S o e ) [ P B R AT H ) s i B, RATTREE R T B AR AR
B B, AR AR AR B, ROTRAWE T —EmiE. RAREREN
H A HE AL . FATEN T N TARES SRR 8, 2 R Km i BUR AR T o0 B
MR, JEFEREAEAEN npy #55K, DA @R B, RURBETAL & 85kt b AR
1 L A3 o

W% CNN 2> EIBAY), 41 UNet (Ronnebergeretal. 2015) , FoAl 14 3838 4 () s
SEFIR 6:2:2 MILLBIREHLEI 2 AU ZRAE . SAFSEMMNREE (FF7 1.22). Bk,
ALY 412 TkEME, WRUFEFNMNRAE 2 AL B 137 5K A0 138 TRIEE . S CRAR AL
NH—80, I 558 B Mobile SAM 2B, AN B A BIG S HAE AT 1
Gi—KHE, R 1024X 1024 )P bRl 5 10 R B TR s s b BURFAE,,
[ By 3k G 7 B T A RAR AR N R B 5 R S (B A R R, 75 00 AT A 5 SRR AE P A o R
SR IE R X 3

1.8 IR EEXRAMGEMER
1.8.1 REFIEARBIRERIILIT

LA 2818 A& T B 2R R P BAR 4, Tz AT EIUR . A
2 DU R 2 N B B AR B 5 A3 T AT 5% o BB PR 5 A 4o 28 I % 235 ) E 2 A S B R B
MR, @EFEBGR Mtk BUERE. B— AR SR E SRR, A EumSm
BORT 17 NS ARLRPERRAE, H— 402 1T DAZR AR 0 P W R B R ) R, 1T 4 i 42 2 0
FF4r2%4F% (O’Shea and Nash 2015) .
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2.4.1.1 AL
GBREERTERGRE RO R, Hir&E KK 1-11 Frox.
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B 1-11 BRI R
Figure 1-11 Schematic diagram of convolution operation
GRUEAE R A R, KR GOE S & “ SEEmE, Bk (]
DIARAE sl FIGRRE BB R D . 18I E HTE sh AT 2R 7 5,
KA aEK, [J3)— MR RBELIR. Ay, BT EREAREE
BRI, BRERAERAL L 1 X B R A E BT —MInBCRAE 5, 1M
ANFEHCE PR AR ERR RSB RUE R, HA:

y(t)zzr:x(t+r)-a(r) (1-1)

Hrba(r) RoREME « IIBE, x(t+7) RAREUNZIME « N, REH
FURANGE R
FESEBR ) —4EBRUSH A, 0 LN MECRIEE RIS A

Y(i,j)=D.D X (i+m, j+n)K(m,n)+b (1-2)

AR ARXUH, EERBR LRSS, ERRSERE EEBRER (gl
KO sl SRS E, it ERZ B ECS BB A AL B R R EA
Fe, R IEPTAFRBUINEER, AERXAKRMER EIn—MwZE . NZITiant, ERIZH
EARTFEBER, MARERHURIE, 2R8I SRR AL RN BRSO 5%, IRAE R
R, BRI SR, (G AT 2% ) TR ASOR R B

FEFAT BRI, WA EGGZ MR, BIR2ZBE “48/07. AT EREER
P pRAR N, AT DA R DY R AN P (B ) %, DURRRRAE IR . [, %
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AT DABRAIRRRAE RS, AT b v 35 . SEB |, BN RGB B2 =4 n &,
BRI EE N A =R, Fb@Ed B2 MR, SR M
RRAIE B, 3 22 HH ) E 0 O  B AR R B« A2 mT BA 3 30 9 B AR A PR PR 4 P
PERVRHMER R ZAE S, Wt RS 83E . el ik x kERZ, kit
O BB R MG B, A A, G FE R R AE AL AN E Ak, RIORER T EMEURHE
FE, WMAREFGTHEE.
2.4.1.2 WE AL

BRISH G — MESERME T HIRE, ARG gt xR, Bk, EidsA
AELRPEMI R A, RGN AR PR ARG ) o X 2 R E R IS B A S0 R AR
PIE T ANAEAF B PR E AR R AR A, AT DL PRARAS B B R IEE R, ok
LR DIRE . R, H HEBOE KON Sigmoid, Tanh. ReLU LA Leaky
ReLU, HAAMT:

. . 1
Sigmoid (x) = e (1-3)
Tanh(x) = ei —e:z (1-4)
e*+e
Relu(x)=max (0, x) (1-5)
X, if x>0
flx)= {O.le, if x<0 (1-6)

b, XOMARHER . KU EGE R En A 112 Pros.
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ReLU Sigmoid
10.0 1.00 A
754 0.75 1
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0.0 4; . 1 0.004: | .
Tanh Leaky ReLU
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0.5 1 754
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0.3 1 2.5
—-1.01; . : 0.0 1 : . .
-10 0 10 =14 0 10

B 1-12 AR s s i I, s eR S S e e W g BAT AR 2T g

Figure 1-12 Different activation functions, which enable neural networks to model nonlinear ability.

2.4.1.3 KK
PR R T A 2 A T 25 2R 5 S 2 [ 220 . IS TN 2520 ),

AR R O U IS S WA RS “ 22007, SRJE I S A AR R SR T M 2% 24
fERAR /N, BRI ER . A2 RAESS T, Softmax bR EUNC & 52 ORI 5% o8 20 B H
TEbRUE &, A& S tH PR, 58 TH AR E, PRSIl m R E R A AR 25,
SEX R

e’
.= 1-7
Y, T (1-7)
j
A, 2R e — R E | ME, BN BAEAINRA. Soft
max FEEMEIA— R 0 2 1 WIXTE, ARG —HPMERE. Fik, RATFEMAHAZTX
J05 R 0K 2B B 2B 7] 5 RN AR B dm b AT I VT 5, BRI AR BIPRAE . 58 XA
BRELA e R
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L= _Z y;logy, (1-8)

i=1

o § FORIER R 280855, y, WO A Y, Horb C R EAIEM &R 51
2.4.1.4 k2%

FEGARP AP 2% NGRS T, 38 K S R A% SRR Rt R4 2K R Hon) &% ] 2
SIZHBEEE, B SRS F PR AR A B Canbh BE R B R AY 1 S50 AT IR AR
S, M5 S ALZ SIS E &L A (LeCun et al. 2015) . A5 A 55 56 5 ] £
NN, RETIHEAT S ¢ POEACIZRE, AUE S Hw, 5 7 20N

W, =W —a* VW, (1-9)

X, a B 2E, —REVIEIBOZE N 0.001. PLibsds ] DURHE S R AE 172
B 3] 2

TESCERH, MM Z I A S EANNGE LR CRIZ), MarEiis
AP — AP E R AL E R . MEEREARR G, SEREETT RAR
€, AR ISR . IESIOR ARG, E RN SRR, P AR BEAS
FF% (Stochastic Gradient Descent, SGD). IHIL5| A JjEEEEE BN E (momentu
m), ZAJ7 RS b, R AT ERT &R, ROt S, B . A
momentum ]2k 5 A k-

VW '= VW, , +(1-177) VW, (1-10)

W,

t+1

LA, nREIERE, —MN 0.9, TR 90%IHE Rk B TIEARRTFUR 177 se#h
B, BT 10%KE TA#K . HALMIas WIFE s Eenl Badtar 17— Do, A&
AETER .
2.4.1.5 RIAfERE R

S AL R SRR R R FE AR W 28 i F TS S B FE I BR e T %, R R ZRa it
TR EAT R AT . BRI TR RGEN (Chain rule), H4REARIHE R T
SRR iR N 25 B R R RS VAR, AT 2 38 B AR T B H B s 4 P B s SR () R Ak
A (Rumelhart et al. 1986) . IUARIREEZ:IHESE (i PyTorch) [ H il DiRe H#
BT IR AR B (Paszke et al. 2017) o LIRS EERITEARN:

=W, —aVW ' (1-11)

50 =(w' 5o () (1-12)

A, SVIRBURMRET, RPOZZ ARG O RARBIR IO TR, AR
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RARR RO T Z 2 EeE i d 2V pose . WY RORE I+ LE IR AERE, Hd
BREIG | LR ITI R . B P SR E%ﬁﬂ%nl}: (")
NSRBI S R Gui AN BURRESE . 2RI N UZ
Al . ©KRNZBICRII, NIRZETE IS HIZ o 2= IR
2.4.1.6 Transformer %4

Transformer Z5 475 HIRE T B PRI Z, HAZORE 8 B 3= IPLH]
AR P RE 2. mtS 28 (Encoder) FIfRIGES (Decoder). H:rf, ZmigadfrTh
RE R SR AR MM N 7 D1 S 3 N T AE S ) B TV AR 8 D T2 P A s A R B2 [
Htrd 741 (Vaswani et al. 2017) . Transformer Z5H WK 1-13 Fion. B YR1E
AR 2R 2 Sk BE R ML AT N g R AR SR . H
H, BER SNSRI & T8 R B S HARAL B IRCE, AT LA
'R E N ER, AWML T4, HitE AR T

QK"
Attention(Q,K,V):softmax[\/d_J (1-13)
K
Q=XW?°
K= XWX (1-14)
V= XW"

A, X BEIAFYIERR GEE & embedding BT — ZH%IH ), W, WX
AwY AT ERRE, K, Q, V 7rilst Query. Key il Value,d, =& Key 14
B, H T4

l-——N-——1
we > N
N, 0
| S N
Dy I8 > 0K’
i 7 EDK softmax »
| K B ft (dK) >
X
w'
%

1-13 Transformer &5 7 (1) BV & 718, BLFE =B K (key), Q(query), V(value).
Figure 1-13 Self-attention module in the Transformer, consisting of three components: K (Key), Q

(Query), and V (Value).

35



PHABARMRH R A 22 iR 3

Vision Transformer (ViT) 5244 Transformer W T BG5S AR, JHahpgld
TXFEUG AT B FE . B, VIT i GAARE, Rm A EHR 31 D9 [ K/ B
BB, WA BT gAY DU BURFAE [F) &, PN A B g 6 DL OR e B 2 Ta] AR X 7
KR XEHRANAME NI, 8L Transformer Ziday, FIH 2k B 3= S HLHFI AT 15t
LR P28 HEAT R R SE L, & B 02k (i MLP =) 5EdT:55 (Dosovitskiy
et al. 2021)

% SKIER IR
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( HHE & BHERY ]
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Vs
Ve

soﬁmax(QdIIi ) Head

TLQTIKTLV
07K T
0~ K T

B CO—@
114 Transformer 46011 1% SR ARG B 1. ZMAZ IGERS, A DAL
CRCEA THTNE DAL SIPY T E S

Figure 1-14 Multi-head attention and encoder structure in the Transformer. The left side shows the multi-

head attention mechanism, while the right side illustrates the encoder structure, which includes positional

encoding, multi-head attention, and a feed-forward neural network.

1.8.2 YOLO v8 &5 B#rt& MRS

H A& LA A% O % 2 —, EEH MM REE M E iR, £
G0 5 I8 R T T8 TR ISR U PRI AR 2 ) Tk . 1K S RAE SR B T B 45
ERFIE THUARRIE DA R IR S, IR SERE R N BEALARAR, B SR RS
ErR, DUHEUE R B AR AT e A2 432K (Govardhan and M B 2019) . IRE:3]
26D T B ARl it e, EERAFE T CNN B . RN SR,
FERRE T B B B brAd R
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Figure 1-15 Diagram of the YOLO v8 architecture, where different colored sections represent different

convolution modules.

B B AR R BUR B AT BARREIN, PR, R R AT REAEAE RS LA
JE o BT PR B AL RS YOLO (Jocher et al. 2023) . SSD (Liuetal. 2016)
RetinaNet (Linetal. 2018) 5. ix HLA-ZAPH 8% FH B 5L Bt H ARl 2% YOLO Al
SSD.

YOLO BEAYLE 2015 1 IXHEH, A4 FUMANERI 7 KBS B — A2, R4
B0 BN & RN PIRE , FEREAS WA BRI B AR 200 . A FHERNEE R, AN
IERMSHHE R, )5, YOLO RAIBA AW, BHETCAE] V11 A,
YOLO v2 5] N T TisE X HIHEHE, HAGI 9000 Rk, B ERR T 2 Ihfetk
AERATE . YOLO v3 45 & E S 718 (FPND 5\ JRE FIN AN 58 I 1) X 48 28 )
(DarkNet-53) , #t—P4Em 1/ BRIk . YOLO v4 fi A Cross-Stage Partial
(CSP) AN Mosaic 58 . YOLO V5 H1 Ultralytics JF7, AL PR A [F) AR
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AL, EIR A& Bk — 200 T 2 FIYEAI I BE. YOLO v6 fiH T RepVGG 4
R, R THSRER T R e, AR E YRR ClnsER R IE D AL T
YOLOV5. YOLO v7 SE3l 1 BARE I H Ao 8IFI S 73 F B4 —HESE . YOLO v8
M — A T H 256877, Ao FEE/R T YOLO V8, HEMWE 1-15 A
TNo

U B AR Y 38 U B RRAE R A, RS — P B, ol ok X3l A 8 I 8% ok A i 7
(B HE, 7E58 B, ik XISk Bkt AT B4R 73 8 F0E 7, W1 RCNN, Fast RCN
N F Faster RCNN. H.H, RCNN FIH LM R F VL (Selective Search) 7E % H
FEHL 2000 N 7E A4 AT REMIRIEHE, SR %0 H 2] CNN For 2888 HH AT T . Faster RCN
N TEA%E X AR il B CNN 3EATRRESREL,  HA8 HBOGEBIX ik (ROI pooling)
BEAT [ 58 KANPIRHE LT, SR, A AT S R R AT s X i (R Il 25 . Faster
RCNN JUJ%ET- Fast RCNN #E—2 k. BT AHFRNE, FE/-4H Faster RCNN (R
en et al. 2016) , HLEMWE 1-16 Fix.
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Figure 1-16 Illustrative diagram of the Faster R-CNN, which includes two branches: the Region Proposal
Network (RPN) and the classification network.

Faster RCNN EE A0 4 57 BT M4, XIS, BOGERX i LA 5>
KL, B TP THREEGRRIEE, AJEHAZ] RPN F1. RPN XHFIE BT
AER, FEONTER— 3x3 MBI E O LS 5 (Anchors) A2 % 9 ANAN[A] EL A5 1)
IR IX (proposals), #RJGHR#E ROI pooling FEATHFERLES, Bk X FIHFAE [ 2 /)N
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i, B AEEREIT HR S, FFEIORRL FAERIA BRI AR g X 8
AR KRAEHIH] (Non-maximum suppression, NMS) iz tH &AL B FHIIAE o

1.8.3 UNet AKX UNet++E{& 5> EIHEHY

458 B G O BRI AR BB 7 B, EARVRE DL B84, X Se A S AR
AEMIIB L R AT LSS 3R I, (HR iz Pt % (Ahmed et al. 2021; Jothiaruna et a
. 2019) . ITAER, IREEZIHAR XL BRI TH BRI R 8 X H F 2
4 M 2% FCN (Long et al. 2015) . DeepLab (Chen et al. 2017) %7%1. UNet
(Ronneberger et al. 2015) #5155, SE# 7 #1645 Mask RCNN  (He et al. 2018)
%, EEE|FEEAFE Panoptic FPN %5, RIEATFTTNZ, FEANGHIE Lo EIFISL
B 53 #1545, {945 UNet RIHA, DeepLab R4, Fl1 Mask RCNN,

FCN A AF IR BE 5 2 AT 15 S IR I LB A, 2 J5 1 53 B 2R R R FH 1) O
23R S 454 . FCN P25 Je il VGG &5 485 EUG AT 4t $RER 2 UK ks
EE . REIMRZ, EMNERRE—Z, FCNBEERZEBTN ERFEZE UM
R BAREAE), NIEEAEMG LT sofimax 185, X EGEAT AR, 192035 5
B FIR, B REAER FRFELG], R A BRERIER S DA RHE BIR S, FC
N 1] LL1S 2 5S4 1) 53 1 45

UNet 447K T FCN )t as-fEfdds aitt), Ayl NBRIT 8 874, (HAEH
2y 4 55 B T AR SR (Ronneberger et al. 2015) . 5 FCN AHH:, UNet
[FIFERH T B FRAE, FEZRIIX 0 UNet [ 9m RS 38 A E RS 38 & 0 PR 4544
IREE—30 PLA UNet SRH 1 ¥ 925 FRFAE B 5 A0 B, () S S8R AIE P PF A, TTAS 22
FIN. UNet MIZEHIANE 1-17 Fis. 1 UNet++&—Fi B A S EBME R 2 2 iRk E
SERI RS (Zhou et al. 2018) .

1-17 SLAY) UNet BIAURE K, HE N RIEZEM ERFEZ, DUARBRRESR:
Bk EREE 22

BT R%
mETE 4 E O ERbet e

Figure 1-17 Schematic diagram of a typical U-Net model, including down-sampling and up-sampling

layers, as well as skip connections
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1.8.4 Mobile SAM 2R 9 EIFE A

SAM FIH B, HERMGEAT S FREAZALRE JIRRIGR, R L i B A AR AR
AR (Kirillov et al. 2023b) . HT SAM {fH IS B ER KM B D 2%
(VIT-H), fEJGZMafFid, HIBL T ARZ 1 SAM Bk, IXEARARAL R Mobile SAM
(Zhang et al. 2023b) ,EdgeSAM (Zhou et al. 2024) %, MJ7E/R AT GEI /D HE FE 1 %
RTIR TN, BRTHREMSEE. BRSNS, X EEEADH SAM LUK Mobi
le SAM &5 FIFIRNH -

SAM ISR & =35 WG gIDE, IRongmiges, MEMELLS, wmE
1-18 7. SAM {# F{ 3T Vision Transformer (ViT) FIRHEE N B it gs, F)H
VIT S K14 R e 3R AE 71, (AR MR 240 E T SUE R, KA EG
(1024x1024) R AN B AERFAE S (0], AR RIRRFEE . $ERgmi a5z - 1Rt
MEZHRIRER, Wk, BFHE. CRS, Hi SinGREu s iy s, il
N YRR, FREE IERZALE gD A FHES RN AR B Y, RSN EA
FOAE A TR AN RS AE J2, SCAR 7R W SCA R N SR AR B SCARR 7N o ERD fRAL 35 38 I S
AR BB AR, & NEERM Transformer bk, HA L LFERE N
Hl, N EUG AR S 3RS IE A T 2 G B R G AR D, BENE m Ul A £
BAEE.

SAM YIZREHE K B Meta Al F KRS 73 BIHE 52 SA-1B, 23R LS
FEIE 1A S R BT . R T 2 R SRR, AR AR T
BRIZ AT RE . SAM 7R KRS 73 B HE A Bk AT TN SR, AT 25 >0 38 FH 23 #RF
fiE. RE SAM fEEUE SR €, HERfEE LR/ RM, FEAFENNE
PRANI AT AL ERA R, DA B R i E o e, T B B IR R, A R
7] i R v b S BRI B (Ji et al. 2023) o IX R LERRE AR ER FIES T, &
Tk — A SAM B4R, BCE ORI S, DURIBUMTE I ES

SAM MK EZE T HE SRR G HwmIDE, FUEXT SAM A8 k£ ZE T
W HT B B O T S A e, I AR R R BT R SR VARSI H,
Mobile SAM ] T AIHRZRMHA, ELRUERTERATIR T, BEASHRD T 60 5.
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K] 1-18 Segment Anything Model (SAM) [ EA A 2k J&]
LA Mobile SAM i B e VIT-H 4 et ¥ Tiny VIT #3252 B R 7 SR
Figure 1-18 Diagram of the main model structure of the Segment Anything Model (SAM), along with the

lightweight Mobile SAM, which is obtained by replacing the ViT-H encoder with TinyViT to create an

efficient prompt-based segmentation model.

Mobile SAM & — X sh i s AL K AR AL L] 70 IR AL,k SAM Bt
B, BESSBLRERL. SR FITERE . Mobile SAM [ZRMUTELREY SAM .0 Ihig
RIS, HA TR S A SR, AR 1-18 fiw.

Mobile SAM fiif] T2 EAL G HmiSE: (VIT-Tiny) & ViT-H, /05 &M
S, SRR BT RS, EIZE R G0 a5 DaEAT RIARZRNE, A R ZE SR
SRORUEZE VAT 2 R IE I 5 J5h SAM BRI . $2hoK, (RIS A 45 1, 1
HIZRRAS 2R RHE R, S aiongmids, XML ST oM. BIEERERY], @
AR SR, KB T LIRS SAM SRR E L

Mobile SAM 2 EALBCTHE T BRI RGPS, AT AR 2 B T3
B G E, G AL RIHFEN 5t Bl BB B SEPRvE B2t 1R i n]
REME
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1.8.5 Qwen-2.5-VL-3B M55 = 1&E 5

PV 5 R — SR 0% [F) ) A B R RN SOARE B S N TR Re R, H
LMW 119 Fivr. BEATRERETENME (CV) FMERESLE (NLP) HA
UM BERA, ERSCHEME. BSCER. BBIRE. BUGIRE RS TS R E
. WUBETE 5 A8 1 B T U i 2 IG5 AL s, T It R 1 gt A SC AR )
Gmitfh s, RIEF|HIXFRAME W hin BLIP2, Eid—/ Q-former £5H4EHAL
o i i 2 AR TE S AN Vicuna, VEYMZERSEBLEI SCE#E (Lietal. 2023) . Qwen-
2.5-VL-3B BT = HEH ) Qwen-2.5 RIIP R Z RS TE S (VLMD, HHA%
R B SR AR S X RE 7T, BELHIRCA 3B (3012350, BT REHR LSRR
(Bai etal. 2025) . HiBEZAESRIET Qwen-2.5 LLM R4, Hp IS 24215
SN, JRHXH SR RIFERL . A% Qwen-2.5-VL-3B &R N H R H S 4 &
FEXTEN, PLBGE R S

e A AR A
Cross-Modal Similarity

|

' |
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[ e 2R GPT |
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: e [] |
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Figure 1-19 The basic architecture of visual-language models
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PH—=7% SporeScan: =i 3% FE B0 R AL E 1 R AL AR Y

SporeScan: SBEEMERERFELENFIIER

FESEER R, N TR % e &6 B R T AR A, AU TR 2R,
AFAE— B MM TR, BEE VRN AR R 2 S 0, IRZWUHAEH T
PG Ab P B 3 A5 R P 48 X 4 SR 5 ROR TTUAT 45 SR, 36 A T 9k T W X 040 SR A R A
. ZALPESS R (Herndndez et al. 2022) . B, fEA=Tidr, RAMEH T F
WURATR AN [5] 73 F 2 10 6 60 B R A R s, PR T —ME I %S, B YOLO
v8n (M ERL) , Mobile SAM (5 ZFR) Al UNet (HHELRURBEED | RSEILS
R, AR, SRR RSN A2 (B 1-1D.

(a) JRUGHE (b) SporaScan (c) Mask R-CNN (d) =5

- p ; .
Y (Y
h 4N, 4

SporaScan TRl {1171 FHE . i X 5

Mask R-CNNFl 532 #AE O axs

1-1 FEREFR IR E A AP BT AR . (a) JRIA MR R on & 4 B 71 B0 X

mu%zii (b) FEAHEEA P ERE AL AE R, R 1RGN i R D, b e BB R

ASARRE TS B T AR . ARG R R BOR 2 IR Tl A, M MR B R A
P2% (CNNs) [T T ELEL b T BN B TR Al

Figure 1-1 Assessment of disease severity in leaf discs placed within a Petri dish. (a) Original image

depicting sporulation or healthy regions on each leaf disc. (b) Severity assessment results for each
individual leaf disc, illustrating the areas of infection and healthy regions, with yellow value representing
the corresponding calculated severity. Traditional computer vision techniques are constrained by limited
generalisability, while previous studies employing convolutional neural networks (CNNs) have

predominantly focused on the evaluation of a single leaf disc.
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1.9 ik

1.9.1 SporeScan &I FF %

N e RAE AT A A A B RR AR B UL, AR T B3 B Spo
raScan. SEREM LAEMAEWE 1-2 ffrzn. SporaScan H &AM EEHFRWT: (1) M YO
LO v8 &% Faster R-CNN HHi #8518 & F R MB A dE AT B E Ar, (20 PPl {8 A
Mobile SAM #EATE FAEFRXS 7 HIPERERIFEMN, LLR (3) JEFEIE 21K g it &5 - 2%
B, FH T BN FE F R TR . BB BUR HAR AN G AE LU /N AT

Faster RCNN |

I
I
I
I
YOLO v8n N
h FAE
| FH YOLOSs AT
| R > YOLO v8m .ﬁ#l
|
|
\

YOLO v8l e
YOLO v8x
———————— (c) M ELA1 1 X Jo 3 ] |
FPN PAN

ResNet 34 —» |I

| _ _>J <«—— UNet Unet++
LinkNet

|
M |
|
|
P WY e |
||| - > || MANet :
|
|
|
|
]

[
|
|
|
|
|
| 15 | — s 11 DeepLab V3+
|
|
|
\

ege® ' o
€599

gl R4k
P 1-2 7 %) TSR 0 ™ LR S P B S R AR AR . ()] TR BE THLIEME 7 A - A A A
M. (b)fi [} Mobile SAM HEATH SR kR, IR ML FHEAE AR . ()] 170 FI - AN 500
TR
Figure 1-2 The complete workflow for automated severity assessment of grapevine downy mildew on leaf
discs. (a) Models employed for leaf discs localization in smartphone images, (b) Background removal
using Mobile SAM, with bounding boxes provided as input prompts, (c) Models utilized for segmenting

leaf discs and downy mildew sporulation.

1.9.2 R FEFMALE
S I FH A8 0 35 9 SR B 2% 17-13700KF CPU. 128GB WAELA K4 CUDA
12.2 KA1 24GB 2170 NVIDIA GeForce GTX 4090 GPU. YOLO Z A1l %%
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AR A T Ultralytics $&ALRIIAS, ] Faster R-CNN &3 T TorchVision SZF
ffJ. Mask R-CNN [FJSZBIARAL KR T https:/github.com/WZMIAOMIAO/deep-learning-f

or-image-processing

1.10 fREFF & P RYFSEE SRt

1.10.1 LE% YOLO v8 RFER 5 H fib Birte NS B E IR 2RI

N R S A A RUR GRS T 2, #8477 YOLO v8 %7315 Faster R-
CNN FXf EE PPl o IX PN AE RN MR A 5 i 2 R, IF HCuE B AR
EHREE (Di et al. 2023; Tu et al. 2020) . YOLO v8 R FIAFEN—Fh B Bepsi A,

B 1R O B HERR I [ AN AERfPE . 52 X EK, Faster R-CNN & —Fh R B AL, 755
SRR T B R E S R E, HEAERNSHEMEEMHEIEE (Ren et
al. 2016) .

N T IRV X LAY, 432 5K BENL 7 A IIZREE (260 5K). RiELE (86
gk AERAE (86 5K, 2 6:2:2 FIELFIEAT /7L, YOLO v8 %A Faster R-CNN
43 %A CSPNet A1 ResNetS0 fEARHESE IR & T M4, (et THRAIMIHF K. FraH
S EAERRL 2 B R — 8. BRI, WIMRE KR H T COCO HmEmmillZe (Li
n et al. 2015) . RALZEH THEVLELE TR (SGD), #IMH% I35 0.001, HEE
189 0.0005. UIZRd FERFSE 150 AN, FHAE 10 AN A P 0 ok e s it 5 1R 1
HEARELR/NA 160 X TIUFE FRIURAE AR RIRE, AT 7 IR DUESE— VP4

N PR AR, SRAT 0.5 BIME T PR ESE (mAP@SO) 1EH
L febr. mAP@SO IHE SR : (1) WI/EANRHILE 0.5 I HE ToU) B
0 FAE RS -E M 2 (Precision-Recall curve). (2 i+HEENERIIENREE (A
P), EPTESRMERSE-ARIMEL NmAR. (3) WA MM AP Hit7° 7, PSS m
AP@50. HITAFRAERE T N5 (MDD, Kk mAP@S0 Z54) T M-/ AP.
mAP@50 HIiH 5124 X row:

mAP@SO:%iAF’i (1-15)

X, NRRFENEE, AP EFEINBNFIIRE . mAP@S0 MHUEE N

0% 100%, F{E ki R W ALLE B ARRI (PR RE R AT« thab, S fd A AP i %L
(FPS) SRUPAdHHEEL I R AR
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1.10.2 LE%E UNet fRBV 5 H b B & 2 EIHRE 4 B 250~ A X RV A9 RN

N TR RE G, AVEM 1 8 MRS HEMB AT H AN IR R
Iy, XA GRS UNet. UNet++. DeepLabV3. DeepLabV3+. FPN. PAN. MA
Net A1 LinkNeto IXSEAERIRA] 1 i i85 - A 45 284, IR IR R IR ) -4
BT TAERE A2 (Lin et al. 2019) o X LSRRI ) SCHERRIE S FEXT R 192 2% 3¢
BREZEER 1-1.

®1-1 TR & AT R B\ SRR R IR
R H 7R HLOCHERFALE AR B 22285 SCRiR
Table 1-1 Overview of the eight segmentation models employed for leaf disc and downy mildew

sporulation segmentation, highlighting their key features and corresponding references

it FARRFIE 2283k

UNet FERE G A% - A8 200, B gt g5 H IHFFIER  (Ronneberger, Fischer, & Brox,
55 fiA R 2% R RH ILUR B R AREAIE PR AR 5 65 2015)

UNet++ W RRR UNet, i AR IR (2 A FRE  (Zhou, Siddiquee, Tajbakhsh,
Z ) R EAE £ - & Liang, 2020)

DeepLabV3 P 5KEGRRY KIEAZ Y, FRA Atrous % (Chen, Papandreou, Schroff, &
47 IEAt (ASPP) AT 2 REEFHIERA.  Adam, 2017)

DeepLabV3+  7E ASPP ##tr 5] N Xception MR W4+ E (Chen, Zhu, Papandreou,
B Schroff, & Adam, 2018)

FPN P 3 22 ROBEARHIE B R AIE 42 75 X 25 (T-Y. Linetal., 2017)

PAN FEA R EE R R G 1T 5l NVEE I, ¥ (H. Li, Xiong, An, & Wang,
T FPN. 2018)

MANet G A% B IR DUAR AL REAE B (R.Lietal., 2022)

LinkNet — PR RS RIBAL, U T %, RIR{REF T (Chaurasia &  Culurciello,
RA4FrIvERE. 2017)

XX AR, R R S B HEAG ALE 6:2:2 B LB BEATLI 70 D Il 2k

£ (1,595 5k EB). IEE (531 5kEMG) A4 (532 5kEB). Frf )\ /Mo
RIFCR A THERES R E . BAckY, H ResNet-34 1EARH LTI & T
2%, M AE ImageNet HREE FHIZRYI4ACE (Deng et al. 2009; He et al. 20
15) o BRSSPI IR BV BN 5o BRI SRR AR B B R 300 IR, TELE
£ RS 10 YOE B SR AT L. T 64 (LR RN, KM Adam 4k
. WIURE21Z08 0.0001, FFiEHE Dice REENTURRE. R TERIESE LRI
R

FEBEN 0.5 MR T, AFH IR (mloU@50) KAk X b7y SR 7Y )
BE. ZFFHE JoU) # e CHFBNFRERL 5 FNHEAD 2 (7] 8 8 X 3 5 A X 3
b, Bfckyl, ESXERZEIEGBRE, KEXIEZEEFERER (TP, fikEfl
% (FP) AURGBIMEZR (FND [, Fit, mloU@50 (A 3-2) RRATH T

46



=% SporeScan: il E M AR BN R MU E 1P A (R

I 10U,

mIoU@SO—iZN: Bl (3-1)
N = TP, +FP. +FN,

A, N RRFEEL TR IO BRI A HOEPIEEREL  FPARIRER
| ) PR R T Y IE BB 2R PN R 5 1 50 R R I 9 1] 45 3R % . mlo
U@50 MHUETEEDY 0%2] 100%, BE#l s Ron A 4E 7 SIE S5 P Ve Ry . [
B, AT HAEAPWIEL (FPS) SRUFALHERE I (A A THERLACR

1.10.3 Et3{EA Mobile SAM £ E RE 7 EIRIXS A E BB ZEHIF2 N

AEFI T AR TR SR S T AS R 2 0 EH 2 (Xu et al. 2024) . A T ¥
AT Fh 8, AR B T Mobile SAM, LHE#i4MI%k. Mobile SAM
NN ERI I, S LGN BN %, JFURE T Segmentation A
nything Model (Kirillov et al. 2023b; Zhang et al. 2023b) . ‘B REWKH N KFRR(E
B gl A FHERIFERE, AN ER RN, MITTAE & FPAT 55 B & 5K 1) & -shot 12
ee sy, HATHER 2 E.

TEARWFTH, YOLO v8n A1 FAEAL R FLH2/E 9 Mobile SAM &7~ %
No IXAEFFREMAE H A B BEOACBE (I 200 BEJE, FIFIX 40 BRI s 5
KRR, ALIEE B OpenCV 4.2 (Bradski 2000) S2Hlff. %, WRWERE
(RS A R AN R 2 B K

N T VAR S LR B, X AR 7 NS [R] B A R B AR kAT T
Zh: —MEETTEFERNEG, J5-MEEEGESER . RIsERT IR EB
PEHERRAEAL, DR R AL Al v i . Rk, AR A S T 2,658 k4K
%

1.10.4 k%5 SporeScan 5 Mask RCNN XAt & S %4400 9 E gy RN

WHTHTIA, Mask R-CNN 872 W\ 2 e A sl o i 2 —, JfFe R
HAE H A 55 M 5 RV P s 2% ) (He et al. 2018; Kumar et al. 2023)
[Rlt, SporaScan HIPEREHE—5 5 Mask R-CNN #H47 7 Eu#, AL 7 M-8t e A PA S -
F ARG B AH T I RO

Mask R-CNN i H 451 432 5k BE AT IIZR, BB NAE COCO il £ LTt
ZRHIRE ARG (Lin et al. 2015) o fRAL#s KM SGD, #4513 0.001, zhE
0.9, HTWAERRS], b R/NEE N 2. I FREF, e A8 H mAP@S
0 fitr, ZrHMERENIEH mloU@50.

FEE RN, TR SR A AR AL BOR B FRIE, Mask R-CNN 1
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7 HIPERERT REAR T SporaScan. JRIM, HERA A E N2 A RO EIATSE, Kk, X
BB R R R E LR RE

111 HERERTERRERITHE

N T VAl SporaScan FIRLER, FeFH-FL A 7 B UM FERD T T R E R
AR P e SO R AT AR T AR LA, R VPN A S AL — AN S sR FR b
(Hern&ndez et al. 2021; Zendler et al. 2021) . ‘ER[LMEH L F AR (A8 (3)
AT

FEEARE = ;E%ﬁg? ﬁf%lzfﬁﬁxlom (3-2)

XITEERER, ARANER: AT, B M THRTIER. ' XM
ARSI 0.5 I BBy —EFER, HA BRI RN 1 Zom bWk, #rk
N0 RoREE IR TR T AR I 1R 6 2 I A T I BRIR 25 2 Rk e
(17, T P %) T R D) A st T 2 S g I AN T R 5 3 2 AR E 1. F3hAs
T P P R B T b P P AR TR R R R B T AR B

NT VG F B AR E R TN 2 Al —BobE, AR T e 22 (R R?
WAL

RZ=1-1i1 (3-3)

R, y, FR AR B T I TR X, 9, FoR A
A L A6 B T TR B SRR, Y, B A A L R bR T 4
PR, nFoRREAROR . BTG T IR b A R R

1.12 HRBFNE =R m S AR ERNE L

H TR R GO B F B iE AR K HARIT, DR A A il i FE A o o 8 > I 2
NRIAHER AL (BT 3D DRIk, FESERRRI A, FahbriEHER A B2 L Spora
Scan HITIIN BT & . v 1 Pl SporaScan AHX T FahFRiE R SERRERE, AT T
—TURUE S8, AR A A A EOR N G o

AR T —MELT 6, AT RARSEMEARN=FMER: (1D FaamaEE,
(2) LA 50%:3% W BN 1% BRI FabriE s, UL (3D Bl 50%iE W] 5 & InfE
Z K& L SporaScan FIHERS . J5 PR EIR CABENUIY 28, £ EMFEITR
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AR RN T, 11 BERAN G A EARE P REYL o2 100 5k ENMR, JEgE KL
PRGN . AL 7 =kl (1D FabaiE B, (20 BRI EAL, 5

(3) PFhPRIEFFEMER . EEEIN (2) A (3) Wygh Ry R N3 SporaScan I TE
REA T 805 T bRiE A 4.

FEWCERTIAR N L S5, AT BRI T e 258 LU 34T T Gt ot . JRATTE
AT T TR, DAVPAL T hiniE 5B N 2 (A 22 5, IR 2 25 1 BB 58
p<0.05. EFGETHITAL N LB R TN 5 T sh R 48 52 bR Hh i AT 32 e fit 1
FBT ) WA -

113 R Mo th

1.13.1 YOLO v8 RIIRBEMEEIRIER
%K 12 BE5T YOLO v8 R Faster R-CNN fEM-25 & A AT 55 Hp (¥ Mk B R HL
P TR SR SR AT 10 _EIA S T L 99% ) mAP@S0 CFIgAEEENIED, BoR
B ER (P HER MR AN SR K2 AL BE 1. 7E YOLO v8 &%, Z¥(E /& /M YOLO v8n
(3.0M) S5ZHERKN YOLO v8x (68.2M) SEH! 7 AH4H mAP@50. t4h, YOL
O v8n JEILH e HEBLIHE, 75 %) 212.8 FPS, i YOLO v8l MHEHLHE B A% (10
9.8 FPS). /L% Faster R-CNN 7£ mAP@50 EB&HEF YOLO v8 &%, {HiFHE K
MISHEMT R R 0, HAE il B E Bk, B 1-3 Jfos TR A A 7 R Mo
PEN R R RORS R E L RE 7T, RS 1 FL RE WA e TN i FE ATk e Fr) i e -
£ 12 HE RS AT S R SR M BER I . mAP@S0 FRARTEBIE N 0.5 I, BRI
KL . Params RN S AN (AN E TT). FPS BB AL i AL .
Table 1-2 Models performance for grapevine leaf discs localization. mAP@50 represents the mean of

average precision for each class at a threshold of 0.5. Params denotes the size of models’ parameters in

million. FPS refers to the number of frames processed per second.

H pri AR R mAP@50"  mAP@50"t  Params(M) FPS
Faster R-CNN 99.80% 99.90% 413 19
YOLO v8n 99.40% 99.50% 3 213

YOLO v8s 99.40% 99.40% 11.1 196

YOLO v8

5] YOLO v8m 99.40% 99.50% 25.8 185
- YOLO v8l 99.40% 99.50% 43.6 110
YOLO v8x 99.40% 99.50% 68.2 120
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Figure 1-3 Predicted localization of grapevine leaf discs at different resolutions by the YOLO v8n. Red

boxes represent the predicted bounding boxes of grapevine leaf discs. “Width” is the horizontal pixel

number, and “Height” is the vertical pixel number. The background is a Petri dish.

1.13.2 S EHERIMHRE: UNet F1 Mobile SAM

R 13 BT )\A GBI 4 e R0 AR B R TR O BIAE 55 R i PR
R EEBRERIGE, 2SR50 S ANARAE _E 35 B B — B Re s Tt
(+0.4%), IEF 1B 96%HIH mloU@S0 CFIcFFt), FHERDH Al FERZ 1L EE
Ho WAFEE FHTH mIoU@S50 53] 96.2%, MREE LN 96.4%. XLkl 7 [a] {4
AEZE AR/ e UNet BRI T HABARY, 7ERIELR (96.44%) FHNAL (96.53%)
BISEl 7 s mloU@S0. K2 HUR T IS4 1E 21.47M 3] 26.08M 2 [8], 1ERE
IARE LT . AEHERRI (B 7710, FPN S 1 f i) FPS (289), 1 DeepLab V3 ] FP
S #AK, N 234, A UNet++1 mloU@50 5 UNet #H1L, {HIH FPS & # %K. UNet
78 mloU@S0 RIS, EPRHFFT 276 W54+ /1 FPS,
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13 8 o RIRBLAE A &) R B A B B A TR R S I PERER L. mloU@50 /s 1ER]
B8 0.5 B, BAEBAFEEZEFFEE (Intersection over Union, ToU). Params FRLA S0 1K /N
(FAIAE JI). FPS 4RGP AL B 1% .

Table 1-3 The performance of the eight segmentation models in segmenting grapevine leaf discs and
downy mildew sporulation. mloU@50 represents the mean of IoU (Intersection over Union) for each
class at a threshold of 0.5. Params denotes the size of models’ parameters in million. FPS refers to the

number of frames processed per second.

H AP MR 5

e ZH&  FPS
mloU@50*  mloU@50%  mloU@50%*  mloU@50'

DeepLab V3 95.84% 96.02% 96.22% 96.37% 26 234
DeepLab V3+ 95.68% 95.79% 96.08% 96.25% 22.44 280
FPN 95.84% 95.95% 96.25% 96.44% 23.15 289
LinkNet 95.77% 95.93% 96.17% 96.31% 21.77 274
MANet 95.83% 95.94% 96.33% 96.53% 31.78 237
PAN 95.68% 95.82% 96.21% 96.38% 21.47 262
UNet++ 95.96% 96.10% 96.33% 96.48% 26.08 236
UNet 95.82% 96.07% 96.42% 96.54% 24.44 276

Kl 1-4 B/~ T Mobile SAM fEE st ERE GG T, MR, HEMHTIE
AN 53 R RE VR FE M o RE R AR IR AN B TS P AT H— M, BRIz
R R, BRERG, SRR EREA TR, HHRS5H PR
[ R4 RS G . M ST S IR RFE KT 2.77%. BFERSE =
Z AR RN E . R, TS 2 (AR RN T 20 1%, HAh
N Z AR o R 22 RN

B 1-5 JBoR 1) \Fi o SRR A B T 25 R0 R 55 1R 18T TR BRI 23 B Sl o X R
B T IR LSRR AR . BTN AT ORI TR TN S T bR A [RGB —
Btk 53 B S AT RN TR KT FUR 22 AN /NS 76 5% B A 1T BRI 2 51 g
g —AT MR 7 % g B 45 v i 0 1. FE BT AT SEB X SRR R A R B — B
Sy ENERAYE,  ACLE 25 R0 RE 55 A T B 23 B 5 T B i BT B O 5 21 20 B AL

7
W T o
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Kl 1-4 J&€75 T Mobile SAM £ R LR S5 EMIEOLE, XHEF MMM TR =S5 70Kk
REMIVRIEHEFE . FEFE P RS FRTTR A TZATIH b, Ron SRR Z iR RF . BHRERE,
FrRZAIRR 7 A E T, (EH RS TR TR R 7 R A 1
Figure 1-4 The confusion matrix of the classification performance among the three categories:
background, leaf disc and sporulation with and w/o background removal by Mobile SAM. The values in

each cell are normalized by row, representing the inter-class misclassification rates.
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SNARE RIS . oA ZI FER 1 e )\ b 23 AR Az s ) TN 65D
Figure 1-5 Representative examples of downy mildew sporulation segmentation on leaf discs. The first
column displays the original image, while the second column shows the masks from manual annotation.

The other columns present the predicted masks generated by the eight segmentation models.

1.13.3 SporaScan 5 Mask—R-CNN B4 RExtEE
# 1-4 X Mask R-CNN H1 SporaScan 74 5 37 L% 25 R 7 25 1 01T Bl 0

EIMT45 R I REEAT T XL /3T . SporaScan 1E M4 52 AT 55 HH LI T R mAP@S
0 CPEREEEIIED, FEFEUES PRI T E M mloU@S0 (CFIZZIfHD . BT
5, I UEEEFIREE b, SporaScan 1E M % %€ 74T 55 H 437l Et Mask R-CNN = i 4.
51%H1 5.90%. FEM-FLANE T B 73 FUTE 55, SporaScan £E56 E AR AT 4 L Ak
BEFRTE 7N 8.04%K11 9.27%. iXFHH SporaScan 7E M GEFZ AL HE I BT Mask R
-CNN,

& 1-4 Mask R-CNN Al SporaScan [JPERER I . mAP@S50 FK/RTEBE A 0.5 B 350k FE 3518 5

mloU@50 F/R7EBIE A 0.5 I (155 L (Intersection over Union)
Table 1-4 The performance of Mask R-CNN and the SporaScan. mAP@50 represents the mean average

precision at a threshold of 0.5. mloU@50 represents the mean of IoU (Intersection over Union) at a

threshold of 0.5.
-3 % fir IH- 85 01 7= 1 X 3 23 )
B mAP@50! mAP@50%s mloU@50v4! mloU@50t
Mask R-CNN 94.89% 94.60% 88.36% 87.23%
SporaScan 99.40% 99.50% 96.40% 96.50%

Kl 1-6 &7~ T Mask R-CNN F1 SporaScan 145 8 Tt A 2 14 52451 . Mask R-CNN
1) 32 SR M = A5 B 45 B AL AN e B DL AL I L BN TR . BT R, RE
Br I o R 2 A T EUE I A . ML 2R, SporaScan K7 A J51%, BEWS
ER e B, A OB TR RS TR, o AR 4 BESS T A
FURE B
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' i 2 [ 35

SporaScan Tl {1 171 FHHE

Mask R-CNN Fif i 121 S A2 P Faxy

B 1-6 78 % ML LA 3 R T T R B 2. () JREE IS, (b) SporaScan Tl )il FAE
RS, (c) Mask R-CNN Tl ()i FAEFFERY, (d) PRI 2 [a] 1 22 5%

Figure 1-6 The instances of grapevine leaf disc localization and the segmentation of both leaf discs and

sporulation. (a) original images, (b) predicted bounding boxes and masks by SporaScan, (c¢) predicted

bounding boxes and masks by Mask R-CNN, (d) differences between the two models.

1.13.4 SporaScan #EB R E ™ EIZE UM F R4 EEREN

Kl 1-7 %78 T SporaScan ¥ 75 255 /™ B AR B B T2 briE 5 B8 0 2 [A] () R?
B, CAREG A B s sesl . g, K280 =R EEE T
0% 2| 40% Z[H, 40% 2| 60% Z [AIFIFEA%E> . SporaScan 5 FshriERIH &
JE—F, R® EH] 09920 AR M — 2t B T ARG R A A T
T EE IS 200 HH ) Aad BLnT SERPERE, (AR R INE =
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Figure 1-7 The coefficient of determination (R?) of downy mildew severity between manual annotation
and SporaScan, alongside a predicted instance. (a) severity comparison between manual annotation and
SporaScan, (b) manual annotated image, (c) original image, (d) predicted masks and severity by

SporaScan for each leaf disc.

1135 FHiRESIRALE RMRFNEINELE R

Kl 1-8 @7~ T HIR AN A E SporaScan TIN5 F-hARiE: 2 8] 1 0 40 45 2R -
FENFRIE ) AL LB 208 20%, 1 SporaScan TN W SR1F T K21 80% 1 ff-i%k
o FEPFIEITZ [MEEE] T gt ERIEEZER (p< 0.05), XRFFARNGIX S
poraScan AE i fR) T 45 SR A 5 2 1) -
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100% - p < 0.05%x

TG A% T B A (%)
Proportion for options (%)

i:-ijjlﬁ‘ii SporaScanTiil

K 1-8 7R TR N BIAE SporaScan TIN5 FBARIEZ MWL FIXUE SLIREE R . FahbniE i AL

HEFELL B9 20%, 1 SporaScan TR NFRAT 1 KL 80% Il ek, £ P FhILIZ MR 1

giit EREZEZER (P <0.05), ZKRUIFAR NG SporaScan A il BT 45 3R A 98 2L 4«

Figure 1-8 The results of T-test between SporaScan predictions and manual annotations based on

technicians’ preferences. Manual annotation refers to cases where technicians rated manual annotation as
superior to SporaScan prediction, while "SporaScan" indicates cases where SporaScan prediction was

preferred over manual annotation. The red line represents the median, with whiskers denoting the first and

third quartiles. The symbol ** denotes the significance level as determined by T-test.

1.14 +tig

PPAR B B 2% TR TR AN it Aot T S p PR B O E B, T T e e o T
HIRFEREA . ARG AL 5050 o B AR B VAL VA ST SRR R, I
HHETHEARN ALK 27 M EME L, 55 I w2 . fEAR T,
PATBIN T —Fh I TR 22 2] Wi E—SporaScan, ‘E% 4 1 YOLOv8n. Mobile SA
M HI UNet, PLEZIUIATREAES, QFEHERN. B EBRMErEls#. @
i F A R F LA AR A S HE4E, SporaScan 7EHERf 14 77 THIL T Mask R-CNN 4§
v B R A, FF HAE O RE RSP E 2l T FvHE IR . SporaScan vk
BYURIEY) AR R R SCR PSR g TR SEH BT R TR, A BT HESh Y
s T RS B kD

1.14.1 FF514€ SporaScan i FimZE|umAY Mask R-CNN

Mask R-CNN s —Ff)" 32 K FH 0 i 380 g SE A7) 7 0BT, a8 b ] DUl i [m] A
DUy B P B 2 X AR S5 T AL (Afzaal et al. 2021; Kumar et al. 202
3) o REXFNERME T MG N B AR T R, ARARTE I  SEIR 45 R
i, Mask R-CNN HJM:REA U SporaScan AT SLIL NG AL BLIRAR « X P4 e 22 PE AT DA
HE T JIAHEAREE .
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B4, Mask R-CNN KT X331 4% (Region Proposal Network, RPN) it
1T BAS . BRI 5T 5= [ BT AR R, (HERME RS
17T B BRI 10 T 8 2 TR XSS W R M, S B3 e AL AN RS
FHEEZ T, SporaScan KA YOLOv8n & [ TEF % 8 H AR AT 1145, @i A i
SENLRE ISR T B IE 99% 1 mAP@S0, AT 55 K PR EE /> T3 4025

FLUR, v B i HE R A 25 B AR UL BT AR 55 B AL I BTG Pkt . Mask R-CNN
L [F N AT RTINS X FAIRE 81, IXAE AR TGRS — AR S5 AT AL
(Yang et al. 2024) . FpAlXt T B EEAL B HEIE AT X 38, Mask R-CNN
AT e A TR R — N BEOR B XA 2 N BN XK, TR BB R =R
#|, /%, SporaScan JHid RS TA/EFFEKAEX —FRH]: ‘&8 H Mobile SAM # 17
AR FERR, JEFIH UNet BEATRS A E) 7> 8o XM EAL 7124 B> H A e
FETHEREDIRE, MM 7T 96%[1) 50 E] mloU@S0, Fjaksb 1 18 i PA] Fp — A5 4
b PR 22 AT 55 1T 77 AR (R AN 0 P

Ak, Mask R-CNN ZERJIIE ME. BRI EE UG N it ST 2 808
HEEE RN, X0 T REnE R A A B SR U — MBS RIE A . T SporaScan |
MR ERA DRI, AR T S aEsrE, Sl 7R HERE S, f
HHE IS A SE N

Zi EPTiR, R Mask R-CNN $igfit [ — i 30 i 08 3 7 AR BE VA 7 &%, (H
HAEENIRE B ALSS T AR TH 52402 T T 1) = PR 1 R 1) 1 A4 BB . SporaScan
(R Ak B 7 8 e 23 B AARA L BN MST AT S5, B T s A AT R AR T 56
R T R VYA 7 20 R R P AR

1.14.2 SporaScan £ Bt BB B SR EZE I P AL M

AL B B S 0 AR B Th it M R A B EE, FE A
H R AT DL IME T B ARy BTN B ZE » TEATFEH, SporaScan [ 5 25 1T
5 FIbRERIH AR — 20, HF AERARN BRI 5 RS2 T F
baiE. 1X—KIKW, SporaScan MY AL LA & Hil Fa0iFAh, w7 F3h
P o A A — SO AN 32 W 2%

SporaScan ] — AN CEMMALE T HAEBHATH B EZ R H— X REARANR
I T bR E VR AR & — M SIS B K . TRl ik IE R 2 S ECHR F X ST
METE, MR UNet X AE B ]2 2 1 DL R B FE R 23 28 I vt . PR, S
poraScan &% A R M ZE AL A AN B o B IF E A IR, RHRER =TI
NS R o BOT I FCRI, JETF ONN R/ A 5 R 2 B A R A
I 5 T E AR I O] LUA B 5 F3briF A 4 kS B (Lin et al. 2019; Qiu et al. 202
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2),

MEEBRAEERE, IXLRPR 75T CNN IREAL RS 7 AR B VEAl o i A
FARBRE . BARN 53 A e PR AL T Mo A T ahAriE, XATRER 4T CON
N R R DR A e 2 H 3L, BIVELE (8 F R BE T L0 S A A P AR b 1 P e
Rk, MR Ja IR LT RE VAR T/ i B UK A T TR BT NI 7S, DL 3%
HHEH . AR e T Tl R E R TR, B MZHEEY AR
BBk, it R AL ARG (Barbedo 2018b) .

1.14.3 AEWRRIIERMYE

AW FALAE— LB g = 0] (D) RBIA AR, AR KT 1TTNZAT
FE RIS (2) MRS Y, BEEEEA TR NREAKR. Am, AR
LBIRMZAMZE (CNN) CAESF TN H PRI 0, AFRRWARS, W 7L
Gk, AR DIRY, XA DG Em I, XMNETIEARRSE&ME FrfE
RIPAFE TUEH . Ak, Bk AR T 3EE 2 A2 R MR R L s, Xt
R LB — B e P AE AR BRI 45 5 (Xu et al. 2024; Yang et al. 2024) .

TR BT A A, TR ARR AP, XA bR R
BT DA ARSI Ry o T S 4k SN BRI R AT e s e 7 REAR ) oy # kR, X
M2 T HE— PR BIE AT . ARR I I BRI 1Y 5 B IR A7 B A TR 1 B ) 3R
W, A St S AR Y A R R DA R A P B v o = R R 4

1.15KE /N

ARG R T SporaScan, XiE—NHIMLIITAE, 4 7 YOLO v8n A T %]
REM LI E L. Mobile SAM F T 5t R LUk UNet FI T &R0 &, A 432 5Kk
e FUnE EIME, B8 6000 MrtfiE, SporaScan SLIL 1L 99%H mAP@S
0. T 96%H) mloU@50 LA 0.99 1) R*fE, HAERES FahhriEsE =, [RII R jeksb
T N5 E AR

XL SRR TR E S SIES B HURTED AN R BTl SOAH O R o fei Ak T
YRR )1, IR B IRAT S5 0 i 9 T A BB SEBIL . AR A AL AT R 300
TR P T EY E BN Z R B SR AR EY T, 35 B Am FAR N o ElRe /1, IRl
N o S SR AR A RS, Dok — iR m (R AR fd A AL e
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LB VE T R AR SR A I 5%, 40 Grad-CAM 55, (X FE 7 H SR — 5643 52 il
oIRGB TR T R TE SRR AETE 2 (Rahman et al. 2020; Yan et
al. 2025) . X EUEE FRFEA T RR SR, PR BNV R TEEA R KR
B, H AR 75 8 0 ) AR T i IR TE AT R AR o S LS B R, 24
JeoR T ¥ EUR A TR SE G 1 RE ST, AT DAAE Booos BEUE N 25 B VR4 ELRT g i ik . #E H
()81 ) 8 R T 5T, 9 A TE S AT DUR fE— MR T =, DA BN
FRAE B PRI AR VE R IR o XM IR AT LB H HOALE . R/ Bt JRIREERIE . 18
AT, AR R T B 5 AT DL SE A M B TR, i E A AR B R
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Figure 1-1 Application of visual language models in plant disease diagnosis. The diagram illustrates the
process where a farmer takes a photo of disease-affected grape leaves with a smartphone, uses a visual
language model to encode the image and generate a description, and ultimately receives a disease
diagnosis report. The report generated by the model assists farmers in identifying the disease and taking

appropriate control measures.
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1.16 #EiA

1.16.1 Qwen-VL &I /+43

9T 5E WA % TR A R, AT 148 Qwen-2.5 VL-3B (VL, Vision La
nguage) NEAME NI (PLF K Qwen-VL). Qwen-VL & H A B B2 B3 S BA
FRE—Fh Z RS, 254 75 Transformer (ViT) Fl Qwen-2.5 Kifi &
(Bai et al. 2025) . KM T —MCREhA S HER AT, BRI BRI — P
R, ] DUE A IRAN A RS I BEHR o 2R T R L AT )R] 2 i
A AL E AT, 2B SF A% b, WSCREm . Hiseyeds 7k
TR BARMEREAE 5 GPT-40 55404 .  Qwen-VL #2141t 1 3B/7B/72B =P AN[FZ
A, IR E B AE N PRI L AHEE S R fomm, ATTESE T 3B RBLAYAE Ak it
B, T € AR 0 T AR A A A A A

1.16.2 {#H LoRA #1TIREHIESE| FT-Qwen-VL
LoRA (Low-Rank Adaptation) J&—FhZEma IR 7%, |z BT R HR
TR A B R AT 55 (Hu et al. 2021; Zhong et al. 2024) . HAZ .0 EAE &
TR [ 8 A E A b, SINPIAMERRRAE B DO AR R B S 5 B8, A
T2 Z D S BURB R . LoRA HIEATE AT LAE R A
AW ~ BA (4-1)
XF, AW R0 REERCERFE W (I =%, A€ R4, B € R, r K d/R
PRAN T 2 ST PURARAERE , MR T — RN r R TE B fESEPRI A A, LoRA HA
T 21 Z AT G0 T B 46t

Wx — (W +a-BA)x (4-2)

Kb, XONMIARE, o DRI T, HTE6] LoRA 51 FIBCE i 2 i
o Z8 o B GINA BTG FO SR S O BUE 2 (8] RZ R, B LR AR AR 5T
Xt E R R A R P AR T KB . IEIE BRI, LoRA FELRFFEAIVEREMIFIN, AL
KU o Pl /& M 20, R SEBl s O RS 52 ) 1 — Rl R Bl

1.16.3 1RBTE{HIEHR

N T VA AL i B B RRAE R R B B, FRATMEA T BLEU-4. ROUGE-1. RO
UGE-2. ROUGE-L YN E8¥5. Hr, BLEU-4 (Bilingual Evaluation Understudy, 4-g
ram) sefET 4-gram VLECHIHERS, B RBA EA) F RIS RHATILE, F2
KEWUANTELLT] (4-gram) HUCECHEDL, FHTHT SR A BOCAR S 22 SOR 2 B AR AL
(Papineni et al. 2001) . BLEU-4 3= 25815015 2 X ICRCANE 5% E . 82 1 n-gr
am VLHC, 797080 3R AE N R 2% 30K . BLEUA4 (i E AT :
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4
BLEU, = BPxexp(ZWn xlog (p, )j (4-3)

n=1

X, P NEE n-gram FIFEHIE, n-gram A n-gram B GEFE P BLED 0.2
5), BP NTESIAT (brevity penalty), T 1E 314 plid 46 1 S0 A

ROUGE H TPl SCAE 5 225 SR Z A EE b, SBEME T H[HZ (Ga
nesan 2018) . ROUGE-1 Gt 4 isCA S ZH AT AHFIR “HANE” (1-gram) (¥
Bm, HSHEXARFPPARPILE, fECEIRE ST, RMAERANEEGEE T
SHEEZ N F . ROUGE-2 THEA MOUAR 22 3R 2 (B A [E ) “IESEH
1”7 (2-gram) XTHIEE, VR4S SCARE R A EERE S 450, L ROUGE-1 3 ™%,
RVERTEILEC . ROUGE-1 Al ROUGE-2 it AR M A 4-2. T2 4-3 B
AN

3 e JERVH (W)

ROUGH —1= »
3o L (W) (4-4)

(N — 5//% y =S : h— ‘E NY
ROUGH 2 = "B B4 SO — e a4 (4-5)

S AR oA 4L A

ROUGE-L #T&HKAILTFHFH| (LCS) KiFHER A S SH AL BFHEE

. IR FRIE T FIN % RS R A A [, AT (Fl-score) LA 1EAL

AR AR R RS FEAIHMERR T, R AR S A ANE X — U, PR EIAL R R
VAT R BEEMEE LF R, HrE AR W 4-4 fior:

(1+ %) xPrecision x Recall

ROUGE — L = (4-6)

Recall + % x Precision

FEARTE T, N 7 VPSRRI A R F RAE A 1R 15 S SR U HERG %, AR
THERA ARV AT A R . I E R IE E BRI BRI E DL
TAPETAR . HERA 2 YRR BE 08 11 TN ) ROAE AR 5 Py 2 5 TN RO RE A S Kz 1)
HIELHI R &R o MR AT 5 A U LR R U7 #E 4-5:

AL AR P IR R 0 R HIRE AR,
BIRERE N
A, i AAFEPRERAL RN, 2 RDRESE. WA, A B LR
T

HERI, =

(4-7)
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1.16.4 LGFEFMECE

SZI6 TR P BB -G B H Intel(R) Core(TM) i7-13700KF HJt4bFEES . 128GB P
17+ LLK 24GB A7 NVIDIA GeForce GTX 4090 B ALFE Bt Bl o BUAL, 52
IR AL4G Python 3.11. Pytorch 2.0 LA CUDA toolkits 12.2. A5 50 0E
HEFEFITE Ubuntu 22.04 #4E KRG AT .

1.17 XFEESEIGE it

1.17.1 AEHIASH Qwen-VL & E4FEHIAE LAY AES200

T HCERIO A R0 o8 BREAFAIE A2 AR IR s, FRATE A T LoRA X Qwen-VL
AT TR . 7E LoRA UM B2, ATRE T WAAFRKSHERE, BENNN
8, a KN 16, LLAFH 16, o TN 32. XWHSEHEMOIHAKE SR S
B E . S5GUREH Qwen-VL B, FRATSILAG 2 = AR ELE . SRR RS
Hr, ATIE R TR SIRAERR A, TR RIS . EIZRAERIE N 12
AR BEE SR — B0 DLORIE U AP . Sl Je s A e ad PR R LU
PATIR R 7RIV ARy AR, #n 44 FT-Qwen-VL. Qwen-VL &R #4
W{EH T LLaMa-factory K52 /% (Zheng et al. 2024) . V&AL S ERIE T Huggi
ng Face [ transformers £ (Wolf et al. 2020) .

1.17.2 B3 FT-Qwen-VL SEMM501E S R B MR B IR £ i R ER
537
R TR B R AE R RS B AR E M, FRATEAH 17 LLM RE§Bh$E X

AN[RI FAFAE AR S B . LLM [FFEEA T Kimi, #50%E5A moonshot-v1-8k, 4=
I IR R BN 0.3, DAk AR BEALE , (615 S A TR PR R S K. N
T EA R E R S S E AW E R, OV 7 RE iR, BN
COIRBEEE . PRBEIEAR T B AL B A BE /NI AN T T LB AR AN R W SR B
FEIR AL, T35 (1] 1,75 )3 [] 0, HoAthy = AN 77 10 [F) Bk /D AR D3 ] 0, 5 2449 21 2R AU 1,
1,0, WU/NME . AJF 1 JN:{caption},F])F 2 24: {prediction } B HH ECLE {1, 5 J5 1) DU/ ME,
FFH[15H . Hob caption NFZbRAEFIFIEFRERIAR, prediction J& A [FIB AL T (1
WA HR . FIR, N7 B RE S A R SO K IR S 8L R, R
AR ) TR B HA A 7 Kimi 87 AP, JF HIRE R E N 0.3 LAMES A, AT
REd/ D AT e . B IS5 SR BR 1 . &, TSR] 7 AR BERHIE
RS R T i AR 2
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1.17.3 LB RIS REX AERE T ERF AR EfRR
N T VS TR JE 1) FT-Qwen- VL A5 RULE fifg by 761 %) 98 BERFAE 7 TH AR B, SRATTPPAG
T Al 4 DAL S, XA AR BLIP2 (L et al. 2023) . Describe
Anything Model (DAM)  (Lian et al. 2025) . DeepSeek-VL2 (Wu et al. 202
4) . LA}t Kimi-VL-A3B (KIMI-VL)  (Team et al. 2025) . iX&ibiy 341 4 -5 15
H, DI DAV ARS8 7 T2 MORERMN A . eNIEMERE BN 5 YR
FR GPT-4o MHUESE . Oy 1 S 4 s PRAFIX S R g P e, JRATTREBE e AT A
B R 1-1 foc. T GPT-do s MIVRELAR,  JATITCon kAT R0 Ah,  HUbeE
BT IR E
R 1-1 HTVPAER 4 DSETE SRR, W &R E R, A — SR,
Az SR L PR DA AE R SR
Table 1-1 Four visual-language models used for evaluation. Grape disease images are input into each
model using specific prompts,

and the models generate corresponding textual descriptions of lesion features

R 42 eyt SHE EX LYo IAER 5 =y
~220M / ViT Encoder + MG A . ML
BLIP2 B S A Al X . .
~340M Transformer Decoder 2. B
Describe Anything  [&15> 1 400M ViT + SAM + Text HTAT & A 5E X
Model B S A Encoder BN
B g, B
DeepSeek-VL2 I ~7B InternLM +Z B s
B fiiR
o N DeepSeekV3+E {5 4ifh  FISCHLfE. EISCH
Kimi-VL2 EZUEN ~30B :
e %R

N T VPR LR, AT 1 AR IR S, IR — R AR A A
FrE R ZE AR . AT MR 7 —Eionin, B “ig ik
FORBERIEE. AR A L BRI CrrsCiie) . XAy s, JAEkes
T RETR T E o SL RR BEAFAE S IR SOA . ESRI | IR HR AR S, FRATRA T
CAEDUAS PR EAR, 0 A B SCA AT 1 PP A b [, JRATTH 5 1 X et Ay
X AN R LR Ik i 1 SR R PR A

1.18Z5 R #r

1.18.1 ANEIEHHE Qwen-VL X9k E4FEHIA & R AR IN
B 12 SR TFAARIFN Lora 08 E ~, A b 40 Je Bk, &
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APATERBER IV A T E GRS M. 4S80 =8, a=16 I, FRYIZ T
27 800 ik taE, FNvHEEIr @l n—HSE (=16, o =32) YIZRIIHE
* 12, HBHKE N =16, o=32 I, FEERYIZEL 900 5.

A, F 1-2 K9 LoRA AR EZEN T SHGRER L. 5S40 “UR4:” ML,
R FH LoRA flt i BP9 A Se e v B AE & Tl br E#FSCI 7 ORIEE#R . DL BLEU-4 A
B, VREEFAT AN 25.39%, TR =TI 2 67.82%, IGIEIL +42.43 %. RO
UGE 18313 214571, RMAFOHANERTE 7 3CARE ) — BB R, e 7K
PE B AROH T15 B PERE 71, ROUGE-1 MRS 31.54% -T2 71.54% (=8, a=
16), #F+40 %, ROUGE-2 M 7.86%F+ % 48.18%, MGKIEE I ANEE (+40.32%).
ROUGE-L M 19.77%7+ % 61.49%. RE W LoRA SHk B #mHGREEMA, H =

(a) (b)
2.5
, =8 r=16
2.04 1 a=16 i : a=32
: i
1 1
1 1
o, 1.5 | 11
K 3 i '.
=104 | 11
0.5 4 l\““‘v i E \h
o “w""'”i"\'l‘\q Pl M'*‘*« "
"\l\n“
0. 0 T T T T 1 T T | I\‘-““v
0 200 400 600 800 0 300 600 900
%7 HIE 7
Steps Steps

8, a=16 fEFT A Tabs LEEGIR T =16, a=32, UIHR/NURRSE G=8) A JI4EfE
Co=16) W] RELEIp PERFAL I8 B BT 55 Hh G A AR A2 AL
1-2 IR A AR ZRZHUMH Qwen-2.5-VL-3B B8 {145 A2 1k
Figure 1-2 Loss variation during the training process when fine-tuning the Qwen-2.5-VL-3B model with
different training parameters.
R 12 RS Qwen FEALTENIR AL 1) L

Table 1-2 Performance of the fine-tuned Qwen model on the test dataset.

MRS it BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L
VR4 Qwen-2.5-VL 25.39% 31.54% 7.86% 19.77%
r=8, a=16 Qwen-2.5-VL 67.82% 71.54% 48.18% 61.49%
r=16, a=32 Qwen-2.5-VL 67.37% 70.66% 46.85% 60.52%
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1.18.2 FT-Qwen-VL xfLL Bl 5218 5 1R B R B4 EH A & s BV 25
#* 1-3 WoRH FT-Qwen-VL 7E & Tifa b _F R I AL,  FEIH B0m 0 H RRAEF 1A

A RfE 71, BLEU-4 1% 67.82%, ROUGE-1 A 71.54%, ROUGE-2 =ik 48.18%, ROU
GE-L 4 61.49%, i DAM (BLEU-4 4 33.30%). #Lt2 &, BLIP2 RIlH%E, B
LEU-4 1V} 3.90%, ROUGE-2 1} 2.63%. DeepSeek-VL2 Fl Kimi-VL F£I &4, H
H Kimi-VL ] BLEU-4 4 23.41%, B&AET DeepSeek-VL2 ] 14.99%. MA[FEFEHR
&, FT-Qwen-VL fE0) FE & SHAE B ULECANTE UOR 7 3 W& 415, BonHAE
T3 DEARFAIE Fif 3 2F AT 55 Hh LA BRI RE )

F1-3 HHABRRE SR A R AR, EAE LRI, DAM & Describe

Anything Model. FT-Qwen-VL #5250 5 111 Qwen-VL #7
Table 1-3 Performance comparison for grape disease annotation generation among various visual-

language models. DAM refers to the Describe Anything Model, and FT-Qwen-VL denotes the fine-tuned
Qwen-VL model.

po bt BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L
BLIP2 3.90% 22.49% 2.63% 15.94%
DAM 33.30% 34.42% 6.88% 23.33%
DeepSeek-VL 14.99% 27.80% 7.73% 15.43%
Kimi-VL 23.41% 32.68% 9.17% 20.96%
FT-Qwen-VL 67.82% 71.54% 48.18% 61.49%

1.18.3 FT-Qwen-VL 5H MM B 5 R HEFHEEA S eV ERE

® 1-4 IR T FT-Qwen-VL fEIRBER AN @ (Bt IR, A&, mAD k
SETHATSE, AR, 2 5iEE] 80.04%. 80.49%. 29.27%. 86.92%. L
N, BLIP2 SUifetriik, JCHAETERFALE RH LN 7.47% F1 4.07%. Kimi-V
L k2, FEBEFMERITHRINER Rl 76.47% Al 71.95%), {HEEALE I E
N 16.06%, 1T FT-Qwen-VL. DeepSeek-VL2 fEFIRAITHAR EEI R IF (66.74%-
69.00%), {EA7EIRHHN 9.50%. Qwen-VL FEFLIRJEPE L #2IT DeepSeek-VL2 F1 Ki
mi-VL (67.42%), Hr & RIBETH (21.49%). BAKE, FT-Qwen-VL 7EFEA1L
o ERFESE I R A BRI ZR A REST
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R 14 ZEAERIRFIERAES TR GERE %)

Table 1-4 Model Performance on Lesion Feature Recognition Task (Accuracy %)

A ARH WRAR WAL E AR AR
BLIP2 33.26% 7.47% 4.07% 24.21%
DAM 65.16% 40.27% 21.95% 54.52%
DeepSeek-VL 66.06% 66.74% 9.50% 69.00%
Kimi-VL 76.47% 71.95% 16.06% 69.91%
Qwen-VL 57.24% 67.42% 21.49% 59.28%
FT-Qwen-VL 80.04% 80.49% 29.27% 86.92%

1.18AR[ AL Sy R~ B R R A 57

Bl 1-3 Box 7R B FT-Qwen-VL B8 5VR 451 Qwen-VL 18, S5hR7E KK
PERFERS IR A B n il bt . 7R3 — ANl FT-Qwen-VL HERATIRBIE] 4 A58
JEME, T Qwen [URAIH 3 NMREBEEM:, HIRBAR. WBEEE R AXT . 2B AR
#ilH, FT-Qwen-VL 3SR #ERH IR A E] 4 Bt EYE, 1 Qwen LA H 2 AMHEEE
P, HIRBEAL B IR AR .
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R |
| This image displays a leaf spot disease on a grape leaf. The lesions are |
: | irregular in shape, , and have indistinct margins. They are :
| primarily distributed in the ,coveringa |
 1small area. I
A - e L e T S o i

Qwen-VLEZ: !

|
| The image shows a leaf with visible signs of a disease. The leaf appears to be green, but there |
l'are noticeable dar! or lesions on it. It has a typical oval shape, which is common for many '
| plant species. Several dark spots are scattered across the surface of the leaf. These spots vary in :
| size and shape, indicating different stages of infection or damage. The lesions are distributed |
| unevenly suggesting that the disease may have affected various parts of the leaf |
I at different times. I

| FT-Qwen-VL A% :

| the shape is irregular, and they are primarily distributed along the

I
[ y B ; S |
| This image displays a grape leaf with distinct lesions. The color of the lesions is .
I
| The area of the lesions is small, presenting a scattered distribution. |

I_ ______________________________ A
| AR bR |
| The grapevine leaf lesions in this image are irregular in shape, |
l'in color, and located at the . The lesions are :

I

: small in size and scattered in distribution.

I
| The image shows a leaf with a distinctive heart-shaped form. The leaf has a green color with |
I some lighter areas, indicating possible damage or disease. There are visible lesions on the leaf, :
| which appear as or areas of discoloration. These lesions are located along the |
| , suggesting that the disease may be affecting the vascular system or the |
| outer surface of the leaf. The overall condition of the leaf suggests it might be suffering froma |
| fungal or bacterial infection. |

———— —————— ———— ——————— ——— — ——————— ——— —— — — — — o—

| FT-Qwen-VL[7] & :

| irregular in shape, primarily located on the . The lesions are small in

I
s .. 2 ; . : . : |
| This image displays a grape leaf with some lesions. The lesions ar in color, |
|
I

| area, numerous, and scattered in distribution.

Bl 1-3 5 ¥ FT-Qwen-VL 74 5YR45 1) Qwen-VL #%Y,
SRR 08 DR A 348 AE R 7s 451
Figure 1-3 Examples of lesion feature descriptions generated by the fine-tuned FT-Qwen-VL model and

the frozen Qwen-VL model, compared with the annotated references
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1.197H8

AHERF I T 1 6 200 R 00 AR SE AR AL 3 B A R L 2L, AT B ORAE
Y= B it SERTRIRE U S BUR B — S CInFAUniRm ), J8dE
R CNN AT R AR . VS I AR R B HERA VT T S 1 25 ek, B
SR 1 73 Fhr2EME B & CAM MR, R REVR A IR AN B A T it i) B N 2
FROX P KGR A EARRAFAE R AE . FEARBE T, JRATT T 6 b &0 5
Ik 2213 5KIE T Eodls, FFAEBIPLAETE SRR L 500 E, 793 1 AR5l 3 U o2l
RLEE B SCA SR . FIH Qwen-VL AL, FATTELAL 17 AN RS Hi B 1 LoRA flifi AR
XA TR AE IR 2R BRI WOR A I FT-Qwen-VL, W0 T H AR R 4AE )
BRI AL AR SR Sk, BATHRIEA, 1 FT-BRARE R A FEE (B, 1B
R ALE HAD BIHERFZE . FT-Qwen-VL A% &) 55 U F 4 T AT AR PR T
Fo, A W FHEShR B 5 S BORAE FRDR R0 Fr SR, B 7y el 358 B

1.19.1 FEHIRIEM E SRR A UE Z AR E FHERE LU R R

S REANL VS T LA T RO IR R, 6T TR AR ) T TR N B A E
LS & o SRTIA FIEG 2K R 5 R Re i R bREE, sz X G AR
fife ke A CAM SRSEIIXR T (1 HIWr,  7E bRt e ikiE R o s ik, 3L
P T SE B ARG 3 o 3 A 1) 20 84 2105 S T AR 28 S o I FH 7 S B o D
Rl BRI, anf] il NS5 510 F 2 W R e A e B Pk (Sun et al. 202
3)

AR T, AV T 2o SRy I 2 7S Fs 5 00 8 R RS 2 R AR by
W, R T Qwen-VL BEA T AL B & T AP R IR AR . B TR R, ol
) FT-Qwen-VL R A T-VR S5 1 Qwen-VL BRS04 i i) A 145 3 2 2
RFET. L BLEU-4 N, GRE55%AF TN 25.39%, MifHEREIRITE 67.8
2%, IEIEIE +42.43 %. [N, XTARPEFRAE (Gt IR, ALEMEAD, FT-
Qwen-VL LRI T HARAL AR . X R WIS oM AL e 18 5 B, AT e SEILE e
T 00 SRR SR AR BCBE 7, AT BB g F T 3 1) 4 A O S ) 4 S e A B X )
AIFERENE . OR S AR 2 B DARE 9 2% 31 B0 S5 RRAE IO IR, AT REVR 1958 )1 2R s
H R B AL IR o X AT AR SR AL T RS 1E ARG T T RRAE R DG B R,
MIMRER FEINFF & N ThriErf 45 8. RN, MRS EoT PR MR a —Em
SO, {EIX LS FRHE P RR A, B BRI 2. AR ERE U R — 7
T2 B TR A RE X 25 (M5 BB RE 1A 2 (Tong et al. 2024) , 55— 5 HI M g2
H T a8 A 5 i S B R 7 AR S8 (Fig-S4-2). Z TR A el HH A
PUSETE FBAOHR F AT 709K, IXFERIFE S0 7B Bk Z 0 F AR IR (Cao et
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al. 2023; Lee et al. 2023; Zhang et al. 2024) . H4h—LEF 5K 7 % T FE4FE
R 2], REE N AR R HERIFR 2R 2, X3 T B (1 SCAR T R, A
EIN & NBLEZARE DML (Xie et al. 2025; Zhao et al. 2024) . XU
FOIMR T AGEVE 5 BB U0 B E R, 45 R T AR 2 I H EL,
& AR AT REARAIE 78 7 ]

1.19.2%RESMiE 5 KRB H BN R A KRS 212 B

o AR PR DO AR H BA PR 1) TAE, 75 ZEXARROE SCIREAE AT 2], DA
N IEAN A IR FREAE o il A3 B R EAREMEFE S, DL KE R SRS
s XTI R AR BRI AN 22 oG B B

BAVBF T, S S EE SR, SR FERAET TV bRE, £t AT
RIESG, 138K RBONAE 2 950 ERERR S . XABORRFER T AN T TAER,
[ B AR A B 15 5 B AT 08 TR AE R R 2% ST A T = R B 2 . AR R AR AR
B EBRE R m BT, MEE SRS S TG, A X L fs pR et T
BT R, 54, 98T FT-Qwen-VL T 575 5 A SCAR 5 N TAREIEX LR,
R T RIESHAE N TR, Wi Ree iR, MR LR 1 SRR RE /),
BATAT LIS B R E R B B s . kel I, T RE SR S S
B, nfDMENEA R TR, KRAERM. W AEEEdE, NmEsEs, wmesT 4
P IRBN AN B AR SR BN AT . ORI QA TIXFEM 7, SRIEH I AR Ay
BRI, MO R R TE T B RKSE (Kirillov et al. 2023b) o I KiE & A%
B EENE, Ty Z RN T HA TS, BERF T F IS 325 s
B, RIESIRFER FERAE T 9 A ISR (Ma et al. 2025; Open Al 2023) . K3k
ORI FE AR, R DUSE R E i OR1E SRR, SR IRSS LMk AU AR I A Bl 87 B DL A i
i

1.20AEE /e

AT, WATEAE H A AT R, BEMEY 2213 sk#E&REFR A, 8
A B E SRR, AR ORI AE T AN R R SRR R H R . 7E Qwen-VL
fR3EmE b, 383 LoRA #7535 T FT-Qwen-VL. FT-Qwen-VL 7£57k E4FAEHEEUR T
by BERH T HARLGE SR B FE 4 T Qwen-VL, U1 BLIP2. DeepSeek-VL2. D
AM PL K Kimi-VL 55, [FIISAS B0 AR SR B e A 22, 10 S 38 vy T FL A A Y

TATTIIF 53 B 25T 0 BP0 0 7 5 A Y AT DA il A A B s Ak g e i
B, AT R 1 )0 SRR PR i T OGRS . AR BB AT AT Ad i B FH X A
X, FFHEEGERAL, Dsa AR B 5 ) BRI H A5 4> AL R o gk —
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A ERKTIAES T, ST HGEE SRR ECE KOE S A, s, wLL
HEN B K3 13 S AR = B ERAIRNT, R RBRRR S AT R M S5 )

ﬁo
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ETRNSISHNEERE SR ERTERE T

PR TS SRR WLEE TR R R AR 1 42 (Tian et al. 2024; Too 201
9) , SR, H1T HHIAD T I A L A A i CREARRED, AR S G b B
IR CNN 7 BRI AFLEZ AU ZE B 1) 8. 2023 R LUK, W HE ALY Segment A
nything Model (SAMD, EE$ER51F, SRt T E&HEMEREAZAE T (Kirillov et
al. 2023b) . A1, SAM HillwESHER, ERFESU CRlk) TbAR, BUK
FE/N H SR AR B I A, R S A e B Ab AR, 40 Mobile SAM 254 T
RIAE BB L N IR 1-1. Bk, EARTE I, 3T HH () ST R 45 1) %)
FEEI s, FIAH CNN 7 #IB8, J8id 455 Mobile SAM (Zhang et al. 2023
), DARHE— P Ol AR R ARG, VPAS 1 AR R0 3 Py 23 ) B 3 7 R
BRI

O &8Z Oz O #oEsRf O LRk

¥ 7

> . “|| P .

[REEESTIN
| EI
e i E3FPA ]
el D—EB—> RN | 7 5
: ot

RS ,'..5 i 4‘E

K 1-1 YR RIS SRS B . BRI R 7N SR 4 (CNND e,

FERZ WAE . BEER BN EXAEZ, T MR A6 S A SR R AR I 14T 25 X 38D S i

TEER T AR T RS EGR S EIER, 2R R R GIE . S gas MR A AD 8ok
R AR AT 23 31 2 X3

Figure 1-1 Schematic diagram of plant disease detection model architecture. The upper part shows a

typical convolution neural network (CNN) process, including convolution layers, pooling layers,
activation function, and up-sampling layers, used for feature extraction from raw images and localization
of diseased areas. The lower part illustrates a prompt-based image segmentation model that uses an image

encoder, prompt encoder, and mask decoder to accurately identify and segment diseased areas.
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1.21 A

1.21.1 DMS-Prompter: %4 UNet++5 Mobile SAM BB ERE N E1=H

EARFFLH, FRATES T CNN 2 #EIRAU A Mobile SAM FH T FH [H) %] % 46 273
RS o BRI . ZT MR Tt 122 o, HTAERBW T : B,
A& B Mobile SAM Bl 4ifid#%, Bl TinyViT, BEATHRHMESZE. Sk
IS, % EUE PR NG, DA Rl— AN RIS I . A S S AR 25
UNett+o IXANKH B M5 B )5 4 SR AR BB R 5 ., X S84 7R 15 B HE A B 1 s A
AFAE, BTG BB SRS A U 5 X3, ok, X AR H ) RS AR AE R AR A
G B — R\ BRI 25 b o RIS ARAD 25 R F 1X 615 5ok A O A 1) 40 B
Ji eI xR T 2, AR R Al 6 B v b e A A0 A R AR R X . AR B
(R RS FRA 145 4 DMS-Prompter. 7EEIZRIEAI T, EURgwmAs 3 3 252 B E br v
FIAE SR, FRoRgmiD 2 B SN . IUAE R AR IO, SRAE R RN,
T RS 0 B ARIEAT 20 E

P& A

—> ( TR A5 25
PR Rt a5

t4

PRAHIA

FalitriE
HELE A U5 + LA FAE
Iﬂ - 14N 55+ 0321 FHE
04N + Ll FHAE

34N+ LA FRAE
3N A+ 01 FLE

A%

Bl 1-2 B G AR BB, BB S BRI X 25 15 2 FH S M ?ﬁf:étﬁiﬂﬁfi
Rl AHEHE 7N, Hii N\ Mobile SAM HEATHER 43,

Figure 1-2 Schematic diagram of the image segmentation framework used in the study. Images are

processed by a convolutional neural network to obtain coarse masks, which are then used to generate
various bounding box prompts. These prompts are input into Mobile SAM for prompt-based

segmentation.
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1.21.2 III%x UNet++E B FURIRT A48 AR

N FH P T WA 1) o el A R AT B0 I e s, BT R AT N R A 3R s A4k
H5E, HT IR RS ER AR A, BAEIIGE T HE SR CNN BADRAS
B P AP AR . EVIGRERE T, BAVER 7 LIRS, R 1-1. N
TSR I G AR AE 7T, BATMEM T Dice $itk. BAMEH] 1 Adam fitb a5 LA
G SR R WCSIOE I, AR 52 2 R B E DN 0.0001. b4k, AT 1 R4,
LR G P AEESE 10 DN RE— P, g RERIZ k.

* 1-1 BALIGSH
Table 1-1 hyper-parameters for training DMS-Prompter

BRSH ZHE
PN Dice
etk Adam
Sk le-4
Early stoping patience 10
WZRAE IR 8

FERH RS R b, FRATE B8 T A E SR 56, TP 5 R 800
S EI R, R EONIRR SR FAERI A . 7R CNN TR0 A= B 1) 3 R 2 A
by BAVHE T BRI FIAFAE, DARAE AANE A BENLECS, SR BEA IE
AT R R (PAREAERE S, AR EIN GO . 152N AEE IR E,
AZ| Mobile SAM Wi gmtddsrt, 4iaHEMRIRAN, 152058 5.

1.21.3 RBIHLIEHR

N T VA AR B 4 B BRI, AV T mloU@S0 1F AL HE R . ToU
(Intersection over Union, ZZHLh) 2 iillas RE HL g RESHEE TR, H
TR A X NTTE 5-1:

_ BRI ~ T3 |

o e G F G-1)
Kb, BTN RN EEE, FOERr RN LG .
MIoU@S0 FtE ToU K 5T 0.5 T, 1F B FEARI T ToUs

mmU@m:%imu>a5 (5-2)

AN, FATIE{EH T Precision R ). Recall (H[EIZFR) Fl F1 9 FURIEAL

R RE
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Precision = (5-3)
TP+ FP
Recall = ™ (5-4)
TP+FN
Fl1_2. Precision x Recall (5-5)

Precision + Recall
X, TP (True Positive) F/xIEMIAMM IEFEAZE, FP (False Positive)
RRERRDAIEFEAR R FEAS SR, FN (False Negative) /517 1R AN FFEA
M IERE AR R . T A PRI AR, 5 ISR AR AT AR i ) MR, I 2 TR T
W) oy FFE N 5 N ARV I LS AT v 55

1.21.4 LWFEFEE

SEISEAT AR L B 4% Intel(R) Core(TM) i7-13700KF CPU. 128G HTELLK
24G HA7H NVIDIA GeForce GTX 4090 GPU. {43455 Mobile SAM F:7Y,
KY5T https://github.com/ChaoningZhang/MobileSAM, LA/ Python 3.10, Pytorch 2.0
A CUDA 122. #:F£%N Ubuntu22.04. £ i () RG> B AL Unet 25, {17

segment-models-pytorch >R 52 /% Chttps://github.com/qubvel-org/segmentation_models.pyto
rch).

1.22 XFEESRIGE T

1.22.1 DMS-Prompter 54 853 ER BN M REEL AR

AWML 17 5 AN g RGBT LU BIROR, £94E UNet, UNet++,
DeepLabV3, DeepLabV3+, FPN (Feature Pyramid Network), iX£&HA14 32 i) B FH
TG SEME%SH (Liu et al. 2024; Wang et al. 2021) . XS AL SRS K 5
IR AE IR 1-2,
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® 12 fEHR > B

Table 1-2 Key features of the segmentation models used

HRA R BN
UNet FERE I G- R SRR, YA AR AE B 5 A A 35 AH R (Ronneberger et al.
DRI R IE B TR 2015)

UNet++ 3458 UNet, RAZSEZLIEE AN FRERREE (Zhou Z et al., 2018)
KHER G R E, R At Spatial
DeepLabV3 mﬁ%ﬂfﬁﬁﬁf i xf j—JF%Jﬂ% tou_s patia (Chen et al. 2018)
Pyramid Pooling (ASPP) #1722 N EEAFAERL &

£ ASPP Bitki5] N Xception SRFEF] 73 B, $i

DeepLabV3+ o (Chen et al. 2018)

FPN s 2 ROBRFIE B AL 6 7 B R 45 (Linetal. 2017)
SRR IR E b A R VS A,

PAN ﬁﬂﬂﬁ&“ﬁ’]%ﬁ@]n ATSINER S, IR T (Lin et al. 2017

TEVIZRIR LRI, R ResNet-34 fEARFAEFR UK T /%% (He et al. 201
5) , JHEAKHE ImageNet HHEEKTIIZALE (Deng et al. 2009) . Jwhd a5 iR AL
WAHS5, wRIMNZGEIR (epoch) &N 300, FFAEAIRRTIF IENLE] Cearly stopping),
BN 10 o #HEAR/DN (batch size) BN 64, ALK Adam, HI4R%: IR BON
0.0001. FiKEREEFE Dice 2% (Dice coefficient). %, PRAFIERUESE LRI
FERBRIAE . O T ORUERERSN LE I A, JIZRIX B BT 24, 51125 DSP
rompter PREF— (. fii i) Mask K/, [FFEN 224 < 224,

1.22.2 NEHEREE ST DMS-Prompter 4 ZIZR A0

9T VS R R AL SRt B IR P A Bl BRATE T AR RS
FEALHE SR (point) PAKHMESR R (boxes)o 7E&HRA, ATV T RN,
B AR, I SRR DL 3 A SRR . TER AR R, AT R RS T ik
P, B TSRS R AT SRS R IR . B T I SHERITE A, A SR
TS RMBL, AHIA 1AM SR L ASIAE, 1 AMRR SR 0 ML FE, 3 MR
B, 3R AR L AL THE. 1ML RAE 5 B S, TURME S R A SR
15 CNN AU R AN, B 224 X 224, MITTHETAFHIEES, SRATEFRRKE
A mloU@50 VA F1 735,

1.22.3 Xtttk DMS-Prompter X & &M F R E BT EEE T

T MR B R AR, ROV SRR R, AT T E R
o B R R TET A  RAN EAR  Ee . THE A R R -6 T
_ TR
- AR
TEASHFTET, BN P ) T A S T B ORI TR AR s . LR A A
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T (D X TFFERERR A, BATEZERIASER BB A, Bk DR
FrERCERIEAR, RIFSAGRI M EALE . (20 XTI A AT B ) Mask, XE 0.5
RIERAE, 0 A4 T A9 LK) Mask AN Fr () Mask, #2008 “EHBMR, Uy, JRBE
A2 A T AR 20350 09 A8 R R SN O R s B S0 )™ SR 5 U ot 2 4%
FUCELOAE, AP R R TR S T TN A SRR A AR R AT

AT AN AT S, BRATME T 1 PR E R HU (R RATAY TSR E K™ AR L 5 i
My ERERE R T 8. R2 MHE AR W2 5-7 F:

n

>(n-n)

Rf=1- (5-7)

n

2y -y)’

A,y REFIIRER T ERRE, 9 RRBIE ™ EREE, yIGRTFIhnE™
ERRETEE, nREEARE. RZMEBEHIT |, LWl 1S5 T e s
R — Bk .

1.23L G RN 1R

1.23.1 DMS-Prompter 52 H3ZHR R M RELL 55

BATRFLEVPAS T 7 Fhil S BB AR SO UE AR RN R AE LI vERER I, BLHE PA
N. FPN. DeepLab V3. DeepLab V3+. UNet. UNet-++LL & FA1#2E H ) DMS-Prompt
er B, PEREVEAY £ BT mloU@S0 A1 F1 score B MEhR, Z5RWIER 1-3 Fios.

Mtk B, DMS-Prompter £ TG BAI R UG [ fitEpe, HAERUESE - mloU
@50 4 97.61%, F1 score i5%] 98.77%, fEMliALE I mloU@50 A1 F1 score 73l 4 97.
64%F1 98.79%, EEM T HMILLLMAL, XK DMS-Prompter AN LE Y ZRB B3
s, AR TR . BARKRE, 14280940 PAN 5 FPN fEPERE FAH
XEESE, MHAREE mIoU@S0 43718 94.81%F1 95.09%, 1M F1 score 435124 97.25%F1 9
7.40%. HHEEKFAEAYAN DeepLab V3 l DeepLab V3+7E AN atn LI H —E i Ft,
JoH /& DeepLab V3+{EJAEE L/ F1 score IEE] T 98.15%. HE—BHEFHAI /2 UNet
RANEAL, Ho UNet++HBSE T UNet, 7EM4E ) mIoU@S0 F1 F1 score 43714 9
6.93%F1 98.42%. #R1fi, R4E UNet++C R I H HIKS &, DMS-Prompter /5 7E T H
fabs bR, AL T AT VEAE Bk B 1E o ST 55 A RohE 5 5e k.
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#* 1-3 GHERRILEINEE R, mloU@S0 FRIFZEAE 0.5 BIMES M T B )P HF te.
Table 1-3 The results compared with the baseline model. mloU@50 is the mean Intersection over Union

under a threshold of 0.5.

T 3K BHIFER WAL
mloU@50 F1 score mloU@50 F1 score
PAN 95.28% 97.50% 94.81% 97.25%
FPN 95.66% 97.72% 95.09% 97.40%
DeepLab V3 96.67% 98.29% 96.15% 98.00%
DeepLab V3+ 96.85% 98.39% 96.46% 98.15%
UNet 97.45% 98.69% 96.90% 98.38%
UNet++ 97.49% 98.72% 96.93% 98.42%
DMS-Prompter 97.61% 98.77% 97.64% 98.79%

1.23.2 AEHERFEEE X DMS-Prompter 9E| R INAY =M
BATE— PR T AR (Prompt) A& HRVERERISZM, #RI1T “Points”
A “Box” PIRIRRETE L EES T REH SHRZER . LRk 14 Fx.
M —FERBRRE, UEH “Points” B, FEAYPEFERAK, IRAFLEATNALER
mIoU@50 435114 70.26%411 70.07%, F1 score N 73.26%F 72.54%, 10H ¥ s $2Rm T
FIRRAL RS H ARG 104U “Box” $Enmt, BAYMGEE T, I0IE
£ mloU@50 i£ 97.61%, F1 score N 98.77%, IMAREFRFRIF AN % F] 97.64%411 98.7
9%, Fo5r N Box $& R EIRALARIA FHE B I EE M. Y [FEEEH “Points+B
ox” HAN, BRI UFEMNIKLE FHRI B E H SRR TERE, H mloU@S
0 7354 97.29%7F1 97.45%, F1 score N 98.59%A1 98.68%, HIREEIK T{XH Box #/R
RO, ERIBIE T REHESE D E L. 00, BATGINEERR (WL E
P, RN “V N VD TR SRR, BN Point #EREA Box 5 ERS
FITERE BT8R AR, (EAEMHRLE | mIoU@S0 1A 75.84%, F1 score A 79.7
4%, ZFRBAEDESE N 5, AEDUEAR Box B2 LAIEI S, HEE SRS Bo
x AR, BAMREEE R, ERIEEFMNIRE L mloU\@S50 43758 96.53%F1
95.73%, F1 score 7374 98.18%H1 97.40%.
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*£ 1-4 AFEIFERA S X DMS-Prompter F8Y1E 43114 BE I 20
XTREAMHH, RPN

Table 1-4 Analysis of the Impact of Different Prompt Combinations on the Semantic Segmentation

Performance of the DMS-Prompter Model. X indicates not used, + indicates single use.

’rHE WEEE W&
Points Box mloU@50 F1 score mloU@50 F1 score
\ x 70.26% 73.26% 70.07% 72.54%
X \ 97.61% 98.77% 97.64% 98.79%
V V 97.29% 98.59% 97.45% 98.68%
W x 85.28% 88.45% 75.84% 79.74%
W \ 96.53% 98.18% 95.73% 97.40%

1.23.

3 mEAZWRBIRRMSH
B 1-3 R T RIS N T AR 65y EUSCR XS L. BATT %, DMS-Prompter

(I P AR A BR 110 St A (K0 0 B0 TR B €, A% e AR A X R 2% 79 S U
HoHZHTI. HAKYL, R AT EEM 7 ZRFFBOA SShriibol Rk &, ik, fF
SINTIRRERZIG, WATREW EIETHIERR S SRR T 7ERRAFRIEE —

il

B=ATH, ATDORERR], XS  E B AR . AR AR 2R L

T, ARG B o BV RAT AR 3 DLHERA X 20 ity i 28607« SR, il fd ) DMS-P
rompter, FATAT LR A HL I FHE X 7 - 7 BT 25388 7, AT SEBILSE RS 40 1) 25 112K
R, KL, DMS-Prompter BEMSTEILA A CNN SRl I, HE— 20X 7 0 i) FE R 1740
fAbss, RS T B FIRRE AR .
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Bl 1-3 FH A0 )R8 E i i i 2 BB R B . e B IR VORISR IR . T3y
UNet++T00 R4, PLE DMS-Prompter A= AR IIHEAE . 21 i HE AR 0B I8 40
Figure 1-3 Illustration of segmentation results for grape downy mildew leaves in the field. From left to
right: original image, manually annotated mask, mask predicted by UNet++, and mask generated by

DMS-Prompter. Red boxes indicate incorrectly segmented regions.
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1.23.4 REFTEEM R EERTEREE TG

B 1-4 ATLAE Y, 7R E AN RS, AR TN AR EE 1) 4 R R O
TP 5N T T b i ™ B R B 2 A AR s — Bk . Bkt ZEMlsterdh,
54 7 B9 (0 P EE R B A A VG R ZE O 31 0.15 2 08), X — 40 175 1hi. 5 B F A o £ 5 A R 00
TR 3. #E M, FEIRESET, MR R2EIAB| T 0.93, WEMRES, R2M
RTHET 0.94, X4 RAMLF I T BT LS 5 N ThRESE R 0 B s R —
Bedk, i EIRFEAMIE B T AR R R e R BORZALRE T, RS HER LT
A7 7 B I T EL AR

ISFEE k£
0.25
@  pa_go3 ®  r2_p.04
o 0.20 1 3 7
X
8.2 0 15
\+E+‘; 45 . ,/’ ol,
‘. - ,e' /’
EEOJW 7o . 7
= Lo) .
A of
£
M= ’
on&égf’ -ég?o
0. 00 Q- 4 :

0.05 0. I1() 0. I15 0. I20 0.25 0.05 0. I10 0. I15 0. I20 0.25
b e PR AR
Ground Truth Ground Truth
B 1-4 RS UESE T, Tl hrid i % /R B ™ B R S AR N e SR R A Sk
(a) Ml (b) A RNERIFERMIREN R2. R2 ke R
Figure 1-4 Consistency between the manually annotated severity of grape downy mildew and the model-
predicted severity in the validation and test sets. (a) and (b) show the R? values for the validation and test

sets, respectively. R? is the coefficient of determination.

1.24 +1ig

YHERFR VYAl 98 7] FE1 )R B 100" EERE P X T ) e R A P B P i, 51 A 245 i
FESE, BARENMNMAMME. SerrvtiiEid MH CNN SEHL 73RBS A7)
F, BUS 7RI B AR, AR R, TS AR 5
I, &4 CNN 2 HIB R (e PEREmt = T Be, SR FIZIRIN ARG . Hik, Aot
FC I I FH TR R 10 781 % A B o P ANGE R I Fr Kot , BT P A B albRiE ), 15
2 FH W) 09 0 BB AR . FATH M 7 CNN (UNet++) X HTAJIH B 3047 1 25
ANGEAE, 7320 R BERRIS S, FRARGE AL IS FE R A 1 1 AR5 B s B g
FHESETR . #RR, HATES 7R TR0 H100 Mobile SAM #=8Y, Al HY HAE 1| 2k
P R Aidi A5 2R ERARFAE, Ot TR Fr e — 2 1, AR St ARALLTS St 4l 2%
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Ko aiREKW], BEIBAREN AL T HIRCR . XA A dr 44 0 DMS-P
rompter. DMS-Prompter Jy 5 3 RS H EAL AL 7200 TR, DA R - 5 e
Bt S 00 R TR 25 (R R A B0, AT A B 90 35 BB A, IR DR VRN B 5
it

1.24.1 ¥4 CNN #0 Mobile SAM A WAL IR BT A A 53 I

YRR FR 23 1) R D)y R R T TP A o 15 7™ B A AT HH [ i B R L, A
F CNN W 4% B SR RERE A5 21 B m 1) 70 B RO, SR 1T HH ) 52 2% 1 55t DA R 5 1 B3 i AR
NERZER, 127 CNN BEAE AR SLhr N H . FRATHB 7o, il 456 CNN A
TR 21 Mobile SAM B8, SEHL 1 %) i Fr S RE B0 B KRS 40 201, AT Dy
[F7 T PP Al A BRI 1A R T A

WATHIRFFTFR I, B4 CNN Fl Mobile SAM LLJg,  HH ] - F R BE 43 %] mIoU
@50 TERAEEANRE ErHEER] T 97.71%1 97.74%, F1 85043 HIiEH] T 98.77%
F198.79%. Hiff 5145 IR 5 k%5 DMS-Prompter 578w DL SZEL X - Fips Bt i) 44k 431,
M B DAE— 20 ™ S B (PR T VAl o X PR UER I 2B R, nTRE R BRI T BA R
=ANJ7H: (1) CNN ARDGT &35 B DU S Ly, BRIt B IR s B )
AE/J, (2) Mobile SAM PLAz SAM #&AY, A B0 3T Transformer H', Transformer
XFTERAE B RA RIS, It a] DR R A 25 & (Naseer et al. 202
1) - (3) Mobile SAM 4565 1 $Ezngwtty, MR 7 & =BT M, CNNXF
/NEFREPRBEAME LRI ], 13T Transformer YRR, S35 B Ak DL AE AR PR 5
B, FEJFRTTRER S CNN $2HURHER, BN RS R4, AR
H, ANEFMEEER, 1M Transformer Z5 75 H T B IIGERRE R, WA INEED
EHAEEBER T, RBERHEERRHE. S48, UUE A Transformer FIFLAL, 72K
P2 MG OL N RIS, Hodl D IHE LA 21 CNN URCR, T 2 A0 (1 A )
T B D REN . ZATHIET R, BRTIE TERmMREER, FihLRE
TR (Tian et al. 2024; Yang et al. 2024) . A LW T HIE
NHISENS, AR B AR R B (Lin et al. 2023; Wu et al. 2023) . ZR1f, Xtk
H 32 KITEARAE 7 ZAE SAM B EUER RN TR AEAE H AR RIPRHIE, FRATHI 20 Hr R
SAM Jz Mobile SAM 7E H 8 - Fr (B G it , 53 FMEAS BIHAFE R (B
Kl 5. KB 6). Ik, ARMBFFH, BILAFEER T CNN F1 Transformer L H
S, LASEI S 3 v R T AR R 23 1

1.24.2 ISR ERE T BUE3E S B RUR S R T4
A SR A FHESE R DU AHE ISR R, o] DLR B 0 s S Y, 40 SAM
%, RS, MIMSCHUREE B AR HETR 2 E] . SR, AR T S s B 1 SR 1R
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N, ABEIRLFHISEELH AR50 %] (Chen et al. 2023; Ji et al. 2023) , KAk, PEMEA
[FHENZH A X 7 BRI s2 e, Beie A5 Bh3R AT B 4 ()4 FH ORI B R AT 5%,
FH 1) 35 1 18 2 31

TEARE T, FRATIPAEAS B 1) S P s Fd FAE S R S R R L se ), 45 R 3%
B, A FHESR R, ERE S FIER] OGN, AR E TS5 R
et T AR . X ATRER BT RN AR NME R E, E EAREUR. UG
B o S R AR, BRARKDE H AR EIEVE . W S R R 2 B AR B AR X
B, AT Re R R . T FHESE R W IS 3 T Transformer PRI 73 AR
A, AU MIIR SR XS BN S, 51 FEE AU R HARVE L, ATt H AR
RrE . RN TRV Bl A 78 R R WIHESE s A 8 R ILH (Ali et al. 202
4; Mazurowski et al. 2023) . #Rif, RELFHESRREARENEN, HFAHERE
FATER A — A AR R, LR gt YOLO R4 B bRAMIAEAL, ) 12 I8
FFHORERAE R (Xu et al. 2024; Yang et al. 2024; Zhang et al. 2024) . ZRIM7E
SEFRN A, SIS B AR LR S n . B, R Fi . FIRe
i Bt — B BN EARRT I, DL S & HA PR /R SR RE S B 7081

1.24.3 AR EICR B TR EME KRNI AEETE

X HH B 5 R HERf I 5%, T4k FH TR 35 B A s R S, g &
O SRS (Hui et al. 2022; Puelles et al. 2024) . 47T FH ] )95 35 ™ EE A2 B )
Wr, 1E4E LR P& 3e HIWr el 7 gt , e —E B3 AERRE I HH A 30T
il AT CLPPAN AN [ i A A Bt kS, tnT DR R 255503 VPN I DG B e A . [
i, B B S VAl S T H TA) B B R AT SEBR e X (Carraro et al. 2023) .

AT T, AR 7 TR 7 1 HH 1) 56 2] 75 2500 1 s B A2 DMES-
Prompter, %A AT DASZEL B ROBE ) 3 SRR vE R U B, RS R 5 N SRR
SE RSB 0.98. X FFEE I AR 2> E], PTREHGR T Mobile SAM fA!,
gt T RN R BT RE, e T H R R R, FONE A SR TR
BFEHABT R, DU SRBEE AU T IRRRE, SR B AU . < AT o,
TR H CNN, BT Transformer 184 I BE s 40 #1],  FRAS Tk S B4 15 5
Bk, B AR A BRI EI ok (Chen and Wu 2022; Zhang et al. 202
4) , NI SEUREEARZE . AT, TR, HEERMEAE, BARm
U N, DRI F R R BER 35, 3 IH & B arrBksg, im0 0090 BEIA 15 & 34T
[V1) 95 245 B () =4 I WL (Cooke et al. 2006; Richard et al. 2022) o X AMYE BIIRA
T EER AR T 2 1 L 10 FE ) S SR B, TR 75 R — DAY, ke s pil e
FHRIANTERG . B, EARSKRIAT TS, 7T RE R 5T 5 10 35 U A e A g
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Fi, DU 2D g v FH TR T T T, AT A 5% 3 F el 35 B

1.25 ARE /)

AW T, FRATTAE B AT 1 860 20 88 B (R S Hb IR, 687 ik vy o B 1A HE U 4
e, HoA S 338 sk AR R RIEIR A i, LA 4 349 sRkAd R B R
I H B RRRTE B R BE X, FRATTAE B T A T )RR R AR R VRS 1
H¥ade. T ZEUEE, BATE I TS CNN Al Mobile SAM [ H [6]955 3 73 EIHE
B RER, AP CNN 2#EBA , UNet++L T HoAt 73 I8, 41 UNet. D
eepLab V3+2, EIGIEHEANRE F mloU@50 73 Hlik3] T 97.49%F1 96.93%, F1 15
SIEE] T 98.72%H1 98.42%. 1# | Mobile SAM &/~ E)5, XH MNMEMR TSR] T
Perm. [N, FRATHEL T 2 e &0 0 B 45 RIsgm, 45 R FAHESE R~ T
ERR ) 2B R B R . B TS 0 BIB,  JRATVEAL 1 1 8] 56 %) 76 550 ™
HIRE, ERIEEMNE FRIE 78S —8UE, R2 707075 0.93 #1 0.94.

FATTRIBH 53 B 2 T2 BP0 o B At ASE ) m] LA R 4 A FH [ 55 3R AL 1 23 1),
of T FH a8 25 ) H LA B B N T 770 ARG 72 o] DA — 2D 4R i SR 3R e v
Witk DARIRERE Z RPN, WG X BHen. RE AR, DU —B5 TR
TR LR . A, AT L2 SR ASHIE 50 ) 77 154 Je 21 At FH 18955 35 )R )
S, O AR 0 R B AR AL B 2 (B R S
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HLERE

1.26 FELEiP

AW T SRR T B AR A L T U BB VAl S SR, BT RS T —
BLZERMEARTE. B, XL =EZM4 TR SEMER, 44 YOLO v8n.
Mobile SAM 5 UNet, & T Ha{tAEA SporaScan, SEILH-HLALI . & 55 Fr Al
FEEX I E, IR R AR LG B SiptE, #—F5 Mask R-CNN 477
EHATYEREXT LE AT R, MG B 2 M AR F B S 4L FAET IR AR, Mg
e B SO S EE 4R, A LoRA FiARXT Qwen-2.5-VL-3B #4742 40, VF
Al FCAETR TR R A 5 AR B2 (X 43 D7 TR I, 975 HoAth 3 i v v 5 AL AT
PSRN B Ja, T SEPREEIAEL, SREEFERR SEFEM A EIR, 454G CNN 23
BiZ 5 Mobile SAM, RG5HT iR 50 FAESE R TE I B R B 43 BT 45 H (1 22
S, MENEH T RSN SR I E RV RS, b AR T S S ME . %t
FURG BURAI . K545 55 2SR, TH RO\ S50 2 3] H [A] ) 78 228 Be 4 3 17
WS PE R, EELE R

(1) 7B A U 150 2500 56 B S50 2 25 R R R Pk 25 58

AWEFRIFR T SporaScan, — ¥4 YOLO v8n. Mobile SAM F1 UNet f 5411k
B, R iy 8050 A A A A I . T SO RS R R X 4 F . AHEE T Faster R-
CNN, YOLO v8n SEI [ B il e 5 i (mAP@50 > 99%), 1 UNet %
R EBCRAR R (mloU@S0 > 96%). %A AYLE ™ 8 B VP4l -5 N TRy i 8 — 3k
(R*=0.99), MMUARTF 7HEEE, WERZF R 7N TARE RS 358 B R 2% .

(2) E AR E S AR 100 S5 R AR IR 1) A= B e

BAVET HIAS AW EEIER, M8 7 E%E B SO EdR 4, @it LoRA
50 Qwen-VL #578, ERE HIAEAETY FT-Qwen-VL . iZIERIERBIEI . IR
P B S HARSERE I RR AR R b, BB LT B AR R 5 B2 5 A = A v 5 Y
(41 BLIP2. DeepSeek-VL2. Describe Anything Model I Kimi-VL-A3B), EIH
TR RAERE ) SRS G M.

(3) $E75| F AL BRI AR A mT AR ANt 4k, FH ] 43 1 R 2

FATH TR T 687 sk HIH] MR 0w 35 70 Bl 4, JFR 1456 UNet++5 Mobi
le SAM HJ$&R 51 S RINESL . STIGUER, 1 FAESL /R ESR T+ 43 B HERA P 7 T AR
A, BERT SRRAE . AL uE AN E mloU@S0 35 9
6%, F1 135t 98%, MHEFEEZTM R? 43503k 0.93 5 0.94, FREHAEHEE LY
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FonE SRHREE

5N E A R B AIEBE 5 LB N

1.27 FE#HRERMEIFh=

(1) AW TR FARRA B TR Bt , PR 7R TIRE S TFP SIAL 4
BB REAY, 2R AT DA I e RS HE ) S 6 5 AR B L 0

(2) AWEFEAEBIALEE SRR, L 1 A4 35 R B B R H A (1 SCAS 5
e, I LoRA iR T Qwen-2.5-VL-3B #84. & AL BB BT 1 o3 T
kAt I8 A B HERF

(3) ARWEFARR T S pLEI A a2 FCR, RUE AR sk, mTLL
PRI R A EL T IZALRE F7, 1G5m 0 RIPERE

1.28 MiRERERE

1.28.1 #z=EMR
(D) EMRAERIE R R ZFE, 1™ E AR AR AR VR bR 1 —
Fho fESCIGZEIAE Y, B 7OCEER, BRGSO HA— eSS R bR, il
%5 AR AE 22 (Buonassisi et al. 2018) . = fH%5 5 2 45 BT H AR N 77 AR i i 1
B, X—FaPrRens i e R B 1 ST e ST AR RRTE ). TR BEER 2 e A 2 21
R E AL TR EL], X —$abrRE0s B Hh B /R X I SR AR B . 72 )
W FE A, BRTSEE #mhh%,kéﬁﬁ~%ﬁﬁa%m5@hh,mﬁw
o TR E TGS FE R A R R A BRI B, X — AR %&%ﬁf
%fﬁ@%#ﬂﬁfﬁﬁ%%%@&%ﬁ%m%m<mwamcmnwm GiEUR)
XL PR AR AT S A VA, A RERS T AT T R E R R AE . RIS, M
I E B AR T R A
(2) fEARWFF, BATRH T ZMBA S, Fxr2 ) s ikar 7itk. R’
FLk, EFREI BT, BAVRAE S A R b HApARR U, FRATI4E
T 2P A, JE A X B A AR, DR B A R RE . RIS, FRATT
TR 2 2] S HAT T IR, DR EiS B M RO Rz AL RE S . BRI, {EBTE
R RIRIH T, BRATE T B — 2 nsd i 7t, ULRHNEUE AR, Bt 7t 6
A TH P FIR N

1.28.2 KEKRE

(1) FEARRIIBT S, ek i FH (] 25 2 TS0 0 R Gefb i . it
HAREAL OB KBTI, Sa SRS LRSS, TIREHEAMN. SRR EE
G SWBEER, N TIES SR AT IR MR SO . EXERACE T, AT AL T4t
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Lo LR TF g B S AL BEARERT 7T . B R TOI RL R RAERE /), S5
MENTHIE, RERESER SUERTE, S 2 iR RN A . 12 1]
Ao [, RARZRALSETE S AR R AR A S R R R RS 77 Al BRI
SiEXER, AEETHERNE 4. SRR ERBRAGETT, Rl A DA
2 RIRSAF 5T IR

(2) 2D, ARRWFFORM E T2 & TAEARZ AR AL SR R A
DL B S 56 % 5 FHTR) 22 AR A5G B9 RO 7oK o MRFETRN Rl s S A Y, S i i
Yy ST BAR GG, AT SEBU R F R BB RV SRR AR, BRI R
TEHE R FERLIEA b, ] DUR R T A o 5 R DR A S e R 5 A o AR
SCHILAR R B DA 2 T PR R P 2 ST Xl B 0 s DU A RS VE R 55 A A o
I, @ ST R N 22 o A AT RE /T, AT D 35 8 B AR G I BE AR Rk
FSCRE, HESIARZAE RS R, fedtfolart i g .
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Fig.S 3-1The number of leaf discs with varying severity infected by downy mildew.
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Fig.S 3-2 Examples of leaf disc contours generated by Mobile SAM. Red boxes represents the bounding
box generated by YOLO, and yellow contours are generated by Mobile SAM.
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Table S 1 Prompt templates and response structures for analyzing the accuracy of different disease feature

detections.

?/%mbﬂ

MIFBEBUEE T BETEAR o3 AL BRI B K /I8 DY AN T 1D B AsE AR P AN ) -, T SR B e 4 ik AL, T
R[] 1,7 U R 0, At =N T T (R EE, e D R TR [B] 0,5 445 2128 B0[1,1,0, 1109 M. A)F 1
N:{caption}, ] F 2 J4: {prediction}. H HHHCAE A1 T, 5 J 19 VUAMEL - [ 146 H -

G

This image displays a grape leaf with necrotic spots that are dark brown in color, irregular in shape,
primarily located in the central and marginal areas of the leaf, and cover a small area, concentrated in a
few specific regions of the leaf.

TR

The image shows a single, large, green leaf with a slightly irregular shape. The leaf has a prominent
central vein and several smaller veins branching out. There are several dark brown spots scattered across
the surface of the leaf, with one larger spot near the top left and another smaller spot towards the bottom
right. The leaf's edges are slightly wavy and uneven.

.

1. ARGt A7 1 PIEBRMERZ “dark brown”, B)F 2 FHRBPRIERLE “dark brown”, #iid2k
8L, PRIHIR [ 1

2. JRBEIEAR: )T 1 AR BIRBE R “irregular in shape”, f)F 2 R EHBEZE “slightly irregular”,
HIRFARNEA 257, HESRBRBRAFIN, e 1.

3. RPN E: AT 1 HPEREPHEPE “primarily located in the central and marginal areas of the leaf”, Tf
f)F 2 PEEEPHEBE “scattered across the surface of the leaf, with one larger spot near the top left and
another smaller spot towards the bottom right”, A 1 5% 3 B = EAE P 78 Fh R FIL 2 X 3, T+
T2 MR A e R, H ARG E AR, B E 0.

4, JRBPE RN A)F 1 HEREPHRBE “cover a small area, concentrated in a few specific regions of the
leaf”, ) 2 FIERHBEA “one larger spot near the top left and another smaller spot towards the
bottom right”, EIAA)T 1 BA BRI R BAREBERI /N, (HA “small area” B DAHE W5 58 5 {4
BN, MA)T 2 $REA “larger spot” A1 “smaller spot”, ViHHRBER/NEHEZ R, KR 1,
g5k

[1,1,0,1]
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