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֟ ҍ Һ ӊѿ Ҥ̆ ╝ ⱬȁ

ᵞ ̆ ֟ҙ Ȃ ╠ ᶭ ╕ Ҍֽ̆

̆ Ȃ ҍ ȁ

῏ ̆ ԋ ᶭ ‰ ≢ҍ Ȃ ̆

ᶭ ֲ ∞ ̆ ᵞҊғҺ ̆ ץ № ȂD Ἕ

ⱬ ȁ Ȃ ̆ ̂CNÑ ῒ

̂ YOLO v8̃ҍ Ἕ№◓ ̂ UNet̃ Ἕ ≢ҍ№◓ ̆

̆ №◓ ̂ Mobile SAM̃ ̂ Qwen-2.5-VL-3B̃

Ӟҹ῾ҙ № ᶫԅ Ȃ ̆ ֓ ≢Ҭ ׅ

ҳ ȁ ȁ Ȃ 

≢ҍ ᵀ̆№ ԅ ӟ ҍ

Ҭ ҍᴨ ̆ ԅץҊ҈ҩ ̔  

̂1̃ ᴋⱵҬ ̔ ᴰ ȁ ᵞ

̆ ױ ԍ Ἕ̆ ԅѿ ᵞ ȁ

Ȃ YOLO v8n ᵝ M̆obile SAM╧ ŬNet

֟ ‰№◓ȂῒҬ Y̆OLO v8n ἝҬ mAP@50 99%̆

ᴨԍFaster RCNN̕UNet№◓ mIoU@50҉ ̆҉ץ96%⌠ ᴨԍῒזCNN

Ȃҍ ⌠ Mask RCNN̆ ↓ ҍ№◓ ̆ Ҥ

ҍֲ ѿ ̂RĮ=0.99̃̆ ⁞ Һ ҍֲⱬ ̆ҹ

ҍ ᴇ ᶫԅ ΐȂ 

̂2̃ ‗ ҹ̔ ≢ ҍ Ḥᴋ

̆ ױ ҍῈ ̆῍ 2213 Ἕ̆Ṣꜛ

̂Visual-Language Model, VLM̃ Ғ ̆

Ȃ ҉̆ ױ LoRA Qwen-2.5-VL-3B

̆ └ FT-Qwen-VLȂ F̆T-Qwen-VL BLEU-4̂67.82%ȁ̃

ROUGE-1̂ 71.54%ȁ̃ROUGE-2̂ 48.18%ȁ̃ROUGE-L̂ 61.49%̃ ҉̆ ᴨ

ԍBLIP2ȁDeepSeek-VL2ȁDescribe AnythingȁKimi-VL-A3BҺ VLMȂῒ

̂ ȁ ȁβ ȁ ҉̃ ‰ №≢ ⌠80.04%ȁ80.49%ȁ29.27%ȁ

86.92%̆ ԅ VLM ῾ҙ Ҋ └ ⱬ ҹ̆ ≢

ᶫԅ῏ Ȃ 



῾ ᵝ  

II  

̂3̃ Ҋ №◓ ̔ ױ 687 Ἕ

̂ῒҬ338 ȁ349ẫ ̃̆ ԍ Ҥ ᵀ Ἕ Ȃ
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UNet++ ҉ mIoU@50⌠97.49%̂ ̃ 96.93%̂ ̃̆ F1

№№≢ҹ98.72%98.42%̆ Ҭ ᶃȂ ῀Mobile SAMѿ
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ԅ Ҥ ᵀ ̆ ҍ ҉ RĮ№≢ҹ0.93ҍ0.94̆
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ᵣ ̆ ῾ҙ Ȃ 

῏ ̔ ̕ ̕ ӟ̕  
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ABSTRACT 

Downy mildew significantly affects grape yield and quality. In severe cases, it can 

drastically weaken plant vigor, and threaten the sustainable development of the grape industry. 

Current 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 to achieve efficient disease management. However, both 

approaches depend on accurate identification of diseases and quantification their severity. 

Existing manual inspection methods are inefficient and highly subjective, making them 

unsuitable for high-throughput phenotyping. Traditional image processing techniques 

generally suffer from poor generalizability. In recent years, convolutional neural networks 

(CNNs) such as YOLO, UNet, have made substantial progress in image classification 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 still faces 

challenges due to limited annotated data, poor interpretability, and insufficient adaptability. 

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 mIoU@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 (RĮ=0.99), significantly reducing labor and subjective bias. 

This system offers an effective tool for resistance evaluation and pesticide efficacy testing in 

grape breeding programs. 
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(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 VLMsðincluding BLIP2, 

DeepSeek-VL2, Describe Anything, and Kimi-VL-A3Bðon 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 mIoU@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 

RĮ 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 

management in viticulture. 

KEY WORDS: Grape downy mildew; Disease phenotyping; Deep learning; Field scouting
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1.1 ɻ ӎ 

ѿ ̆ ԍ ̆ ῃ

ᵬ ӊѿ̆ 2020 ῃ̆ 740̓ Ὲ ̆֟ ҹ8000̓ ̂OIV 2022̃ Ȃ

̆ ̆ 2020 70̓ Ὲ ̆҉ץ ֟ ҹ1400

1450̓ ̆ҹῃ ( , 2021; ↔ , 2024)Ȃ

ѿ ғΐ ̆ 1834 қ ̆

ꜚ̂ᶛ ̆ҹ ̃

̆ ῃ ̆ ҙ ֟ҙ ԅ ̂Fontaine et al. 2020̃Ȃ

1899 ̆ ̆ Һ ֟ ̆

ῒ ̆ ԍ ᴆ ≠ԍ ᴰ ҍ᷅ ̆

̆ Ṝ 20%-80% ֟ ̂  2020̃ Ȃ 

ῃ Ṝ Ҋ̆ ≢ Ṝ ᴆ ̆ ѿ ⱴ▲ԅ

̆ ╠ȁ ⱴ ⱴ̆ ̆

ԅ ֟ ̂Van Leeuwen et al. 2024̃ Ȃ Ṝ

ⱴң ╕ ̆Ҍֽ ѿ ֟ ̆Ӟ ԅ

ῃ ̂Francesca et al. 2006̃Ȃ ΐ ̆

ᴨ ╕ ҍ ̆ ԍ ֟ ȁ ̆ ֟

ҙ ΐ ӈ̂Chen et al. 2020; Magon et al. 2023̃Ȃ 

Ҭ̆ ᵀҌ ⱬ

╕ ̂Qiu et al. 2022; Qu et al. 2021̃Ȃ Ҋ̆↕

‰ ≢ҍҤ ᵀ Ḃץ̆ ᴨ ̆ ╕ ̂

Ḡ ╕̃̂Gutiérrez et al. 2021; Kunova et al. 2021̃Ȃ ѿ ̆

ҍ ꜚ ̆ № ̆

‗ ׆̆ Ḡ ֟ ҍ ̂Bove et al. 2020; Rossi et al. 

2008̃ Ȃ ҉ ̆ ȁ ╕ ᵀ̆ └ ҍᴨ ̆

ᶭ ԍ ‰ ≢ ῒҤ ᵀȂ ̆ Ҭ̆ ᵥ

ȁ‰ Ḥ ׅ̆ ╠ ҳ ̂Song et al. 2021̃Ȃ 

ᴰ ᶭ ֲ ̆ ȁ ᵞ̆ғ

ֲҹҺ ̆ ץ Ȃ ̆ №

ҹ ꜚ ҍ ‰ ᶫԅ Ȃ ֓ ᴰ ̆

ᵝ ᾣ Ḥ ׆̆ ‰ ̆ Ḇ ̂Song 
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et al. 2021; Yang et al. 2020̃ȂῒҬ̆ Ἕ № Ȃ ̆

Ҭ̆ᴰ ᵝҍ Ἕ№◓ ̆

ṿ№◓ ̆ ᶭ ̆ ⱬ ̂Hernández et al. 2022̃Ȃ ≠

ӟ ῏ Ҭ̆ №

Ἕᵬҹ Ȃ Ἕ ᶫү Ḥ ̆ᵖ Ӟ ԅ

ⱴ̂Qiu et al. 2022; Zendler et al. 2021̃ Ȃ 

Ҋ̆ ‰ ≢ΐ ̆Һ ԍ ᾣ

ȁ ץ ᵌ ̆ ≢ ⱴ̂Barbedo 

2018ã Ȃᴰ ≢Һ ᶭ ῾ Ғ ∞ ̆ Һ ғ‰

̆ ╕ Ȃᴰ Ἕ ҉ᶭ ꜚ

̆ғ ᴆҊ Ҍᶃ̆ └ԅῒ Ҭ

̂Waghmare et al. 2016; Wang et al. 2012̃ Ȃ ̆≠ ꜚ

ӟ ꜚ ≢ ҹ ̆ ≢ ̂CNNs̃ ,

҉ ԅ ‰ ̂Ramcharan et al. 2019; Too 2019̃Ȃ ̆

C̆NNs ≢‰ Ҋ ̂Ferentinos 2018; Tian et al. 2024̃Ȃ

̆ ҕ Ҭ̆῾ҙҒ ᵬ ̂ ȁ ȁ

̃ ̆ ̆ ԍCNNs ≢ ֽ ᶫ ᵝ Ḥ ≢̆

ӎ ̆ ῃḤᴋ ̂Sun et al. 2023; Zhang  

et al. 2024̃ Ȃ ѿ֓ Ἕ ץ

≢ҍ ⱬ̆ᵖ ԍ ⱬ ̆ └ԅ

≢ ̂Liang et al. 2024; Sun et al. 2023̃Ȃ 

̆ ԅ‰ ≢ ̆ ῒҤ

ȂD ṿ№◓ȁ Ἕ ץ̆ № ҍẫ

̂Jothiaruna et al. 2019; Ma et al. 2018̃Ȃ ̆ CNNs №◓ ҉

ԅ ̆ᵖῒ ׅ ⌠ ̆ Ҭ ᵌ

̆ ⱴԅҤ ᵀ Ҍ ̂Rossi et al. 2022; Zhang et al. 2024̃Ȃ

̆ ԅң ̆ ᾢ ἝҬ №◓ Ῥ̆

ῤ ≢ҍ№◓Ȃ ѿ ҉ ᵞԅ ̆

ԅ ᵣ№◓ ᵀ̂Liu et al. 2024; Wang et al. 2021̃Ȃ ̆ ̆

≢ Segment Anything Model̂ SAM̃̆ ԍΐ №◓

ⱬ ҹ̆ ‗ Ҋ №◓ ᶫԅ ‗ ̂Kirillov et al. 2023̃ Ȃ

№  SAM ῾ҙ ≢Ҭ ⱬ̆ ῒ Ҋ

№◓ᴋⱵҬ ₮ ̂Carraro et al. 2023; Nguyen et al. 2023; Williams et 
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al. 2024̃ Ȃ ̆ ԍῒ ᵣ ȁ ̆ ץ ԍ

̆ └ԅῒ Ҭ Ȃ 

̆ ╠ Һ ҳץҊ҈ҩ ̔̂ 1̃ᴰ ⱬ

̆ғ ҍ ̆֗ ғ ꜚ

ץ̆ ᵞ ҍ ᶭ ̆ Ҭ Ȃ̂ 2̃ ԍCNNs

≢ ӎ ̆ ῃḤᴋ

̆ ѿ ᵀ ⱬ ץ̆

≢ Ȃ̂3̃ №◓ ⌠ ̆ ԍ

CNNs №◓ ⱬ ̆ SAM ᶫԅ ΐᵖ ԍῒ

̆ ̆ ѿ ᵀῒ Ҭ

ȁ ҍ Ȃ ̆ ҉ ̆ ≢ҍ ᵀ

̆ ԍ ᴨ ‰ ΐ ӈ̆ ҹ

῏ ᶫ ҍ Ṣ Ȃ 

1.2 Ὺ  

1.2.1 ᷾ ғ  

1.2.1.1 ᷅  

̂Plasmopara viticolã ̆  

мπм Ȃ ץ › Ҭ Ȃ‏ ҳ ̆

֟ ꜚ Ȃ ꜚ Ả ѿ ̆Ḃ ₮ΐ

ꜚ Ȃ ꜚ Һꜚ ꜚ ̆ ̆

῀ ̆ ̆ Ҝᵣ̆ ∆ ᷅ Ȃ Ҝᵣ

̆ ᷅῀ Һ ץ Ῑ№Ȃ 10 20

̆ Ҝᵣ ̆ ̆

ῒ Ȃ Ҭ̆ Ҍ ꜚ ̆ ᷅ ̆

ҩ ῤ ̂Burruano 2000̃ Ȃ 
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 1-1 ̂Plasmopara viticolã Ȃ

̆ Ȃ 

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. 

ңҩ Ȃ Һ Һ

Ҭ̆Ẽ Ӟ Ҭ ̆ Ȃ ᴆҊ

̆֟ ̆ ꜚ ∆ ᷅ Ȃ ↕

ꜚ ̆ ᴰ Ῥ᷅ ̂Bove et al. 2020̃ Ȃ ᵞ ҹ9Ņ

-10Ņ̆ ԍ34Ņ-35Ņ↕ └ ᵣ̂Francesca et al. 2006̃Ȃ ᾣ ᴆ

Ҋ̆ 15№ ῤ ᴪ ֙Ȃ 

⌠ ̆ῒҬ̆ ҍ

῏ Ȃ ῤ̆ѿ ҍ

ᴆ̆ Ḃ ᷅ ̆ ̂Rossi et al. 2008̃Ȃῒ

Һ ̆ᶏ ̆ Ӟᴪ ȁ ȁ

̂  2021̃ Ȃ ᴪ ȁ ȁ ֟ ⁞

ץ ⱷ ̂Burruano 2000̃ Ȃ 

 1-2 Ȃ ԍ ̆᷅ ∆ ᴪ
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₮ Ҍ ̆ ֓ ᴪ Ҍ ↕

Ȃ ᴆҊ̆ ᴪ ₮ ̆

Ȃ ̆ ҉ᴪ₮ ̆ ҩ ᴪ ѿ ̆

̆ ╠ Ȃ ̆ ̆ └

̆ᶏ ľ ĿȂ ̆ ҉₮ ̆

̆ ȁ Ȃ ѿ᷅

ץ ῤ ̆ Ȃ ԍ ̆ Ҋ̆

ꜚ ᾢ ̆ ̆

Ȃ ̆ Ҝ Ҭ ᵈ̆ ̆ᵖ ᵣ

Ȃ ѿ ̆ ₮ ̆ Ả ̆

ȁ № ̆ Ȃ ᵝῬ ̆Ṣꜛ ᴰ

̆ ᷅ ҹ Ҭ ̆ ᷅ ̆

ҹ ̆ ԍ ῤ ( , 2018)̕ ῀ ̆

̆ғ ̆ ҌῬ Ȃ 

ץ 1-2  ’Ȃ̂ ã ̂b̃

҉ Ȃ̂ c̃ ̂d̃ ԅ ȁ Ȃ 

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. 

Ҭ̆ Ҍ ̆ №ץ ≢ ᵀῒ Ҥ

Ȃ ᴋᵥ ̆∞ ҹ0 ̕ ᶛ ῤץ5%

ҹ1 ̕ 6% 25%ӊ ̆↕ ҹ3 ̕ 26%50%

ҹ5 ̕ ῒ 51%75%̆⅞№ҹ7 ̕ 75% ↕ ҹ9

̂↔ᴪ  2024̃ Ȃ Ҭ̆ ױ ԅҌ ̆  

1-3 Ȃ 
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 1-3 Ҍ Ȃ҉׆ Ҋ̆׆

̆ Ҥ Ӟ Ȃ 

Figure 1-3 Images of yellowish oil spots at different developmental stages of downy mildew. 

1.2.1.2 ҍ ᴨ  

╠̆ Һ ᶭ ԍ ╕ ̆ ԅḠ

╕̂ᶛ ȁף ̃ҍῤ ̂ ̃ ╕̂ᶛ ȁ

Ә ̃( , 2023; , 2018)ȂḠ ╕ ╠ ̆ῒҺ

ᵬ └ ѿ Ȃ ῤ ╕↕Һ ԍ ᵣ᷅

῀ Ȃ ̆ ╕ ᶏ ̆ ӎ ̆ ȁ

ץ ᵣ ֟ ̆ ֓ Ҥ ẫ ȁ

ֲ ẫ Ȃ ̆̔ Ҍ ᶏ Ҍֽᴪ ῾ҙ ֟ ̆

̆ ẫ ̂Richard et al. 2022̃Ȃ 

Һ ȁ῾ҙ ȁ ץ

̂Integrated Pest Management, IPM̃ (ԍ , 2018; , 

2023)Ȃ ԍ Ҍ ᵀ̆ ᵬȂ

῾ҙ ↕ᶷ ԍᴨ ̆ ᾣ ᴆȁ ȁ

ҍ ץ ⁞ץ̆ ᴰ Ȃ ̆↕ ᶏ

Ḡ ╕̆ ᴰף ῾ Ȃ 

Ҭ̆≠ ֜ ׅ ╠ Һ
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ט) , 2019)Ȃ ̆ᵖ ȁ ᵞȁᶭ Ҍ

Ȃ ̆ ԋף ȁ ӟ ̆

ף ҹ ̂ל  2022; Yang et al. 2020̃ȂῒҬ̆

ᵝ̂QTL̃ ῃ ῏ № ̂GWAS̃ ̆ҹ

ᶫԅ ҹ ȂGWAS≠ ῃ ̆ ҍ ῏

̕ QTLᵝ↕ ҍ ῏ № ̆ ᵝ └

Ȃᶛ ̆ Ҭ̆ Ҍ

̆ ֲ ̆ ‰ץ ᵀ ̆ҹ

ᵬ ᶫᶭ ̂Qu et al. 2021̃ Ȃ ֓ ῐ ץ ⱴ

Ȃ 

ԍ ꜚ ᴨ ̆Ӟ ╠ ӊѿ̆

̆ ԍ ῏  

̂Velasquez-Camacho et al. 2022; Volpi et al. 2021̃Ȃ

̆ 3-10↕̆ ↕ ԅ ȁ Һ ֜

ԑ̆ ̆ Vinemildȁ  

DMCAST ץ̆ ≠ PLASMO ( , 2020)Ȃ ῤ

̆ ╠Һ ᶏ Ḥ ̂GIS̃̆ ӟ

 ( , 2019; ԍ , 2024; , 2017; 

, 2020)Ȃ ̆Rossi ԅ ̆ ԅ∆᷅

Ҭ ҩ ̆ ҍ ȁ ꜚ ȁ ̆ ꜚ

᷅ ̂Bove et al. 2020; Rossi et al. 2008̃Ȃ ⌠

̆ Rossi Ҭ Ӟ ̆

ԅ └ ΐ ᵬ ̆ ԍ Ҭ

̂Gobbin et al. 2005; Hui et al. 2022̃Ȃ 

ң ᶭ ԍ ҍ ‰ ҍ Ȃ

̆ ╠ Ҭ̆ ҍ ᵀׅҺ ᶭ ֲ

Ȃ Ҍֽ ⱬ̆ ғ Һ Ȃֲ Ҍ

ᵀҌ‰ ̆ ̆ Ӟᴪ ’

∞ Ȃ ̆ ҍ ԍ

̂Hein et al. 2021; Song et al. 2021̃Ȃ ҳ ӎҒҙ ȁ

ץ̆ Ȃ ̆ᴰ ꜚ

̆ ῀ ̆ ֓ ꜚ ȁ

Ḥ ̆ ᴆҊ ̆ᵖᶭ ԍֲ ̆ғ Ҍ

ᴆҊ ₮ ̂Hamuda et al. 2016; Ngugi et al. 2021̃Ȃ
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̆ ӟ ̆ ≢ CNNs̆ Ἕ ≢ҍ№ ‰

̂Barbedo 2018b; Chen et al. 2020̃̆Ῥⱴ҉ ӟ

̆ҹ ꜚ ҍ ᶫԅῃ ‗ Ȃ ֓

ꜚ ᴆҊḠ ⱬ̆ ᴰ

ҍ‰ └Ȃ 

1.2.2  

῾ᵬ ῃ ῃ Ҥ ̆ ֟ ̆ ғ ῾ᵬ

֟ ̂Bebber et al. 2013; Savary et al. 2019̃Ȃҹԅ └ ̆῾ҙ

֟Ҭ ᶭ ᶏ ╕̆ Ҍֽ ̆ ᴪ

̂Carisse 2010; Spencer-Phillips et al. 2002̃ Ȃ⁞ ╕ ᶭ ̆

ҹѿ ץ ̂Boso and Kassemeyer 2015; Gessler et al. 201

1̃Ȃ ╕ ̆ ̆ ᴆҊ

Ҥ ᵀ̆ ≢ ῏

̂Kunova et al. 2021̃Ȃ ֓Ҥ ᵀ ԍ ᴰ№ ῏ ̆ᶛ

QTLᵬ GWAŜAmo and Soriano 2022; Qiu et al. 2022̃Ȃᴰ ҉̆Ҥ

ֲ ꜚᵀ ̆ ѿҩꞋꜚ ̆ ԍ ҩֲẒ

̆ ⌠ Ҍ ̂Nutter et al. 2006̃ Ȃ 

ҹԅ ֓ ̆ ԍ Ἕ ̂HTP̃ ԅ

ῒ Ҥ ᵀ ⱬ̆ ȁ‰ ȁ ҍ ῏

̂Araus and Kefauver 2018; Yang et al. 2020̃Ȃ ֓HTP ᾢ

ԅ Ҍ ᾣ ̆ ᾣ Ἕ̂Sariĺ et al. 2022̃ȁ ᾣ

̂Pineda et al. 2020̃ȁ ᾣ̂Pérez-Bueno et al. 2019̃ ȂῒҬ̆RGB

Ἕ ῒ ץ ᵞ ᷅῀ ≢ Ȃ ̆ ֲ

Ӟ ₮ ԍ Ҥ ᵀ ̆ ᴰ Ἕ ҍ ԍCNNs

ӟ ̂Ngugi et al. 2021; Singh et al. 2020̃Ȃᴰ ȁ ṿ

№◓ ̆ ԍ ҍ№ ̆

ᵀ̂Hernández et al. 2022; Ma et al. 2018̃Ȃ ̆ ֓ ԍ ̆

Ҋ ̆Ҍ HTP ҬȂ ԍCNNs

≢ ̆ ╠ ԅ № Ἕᵬҹ ̆ ⱴȂҹԅ

⁞ ̆ѿ֓ № Ἕ ◄ҹ ̆Ῥ≠ CNNs ҍ

№ ѿ ᶏ ̂Class Activation Map, CAM̃̆ ׆

̂Bierman et al. 2019; Qiu et al. 2022; Zendler et al. 2021̃Ȃ ̆Ӟ

- CNNs̆ ῒ ⌠ ӈ№◓ 
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̂Liu et al. 2024̃ Ȃ ԍCNNs №◓ ҉ ᴨԍᴰ

Ȃ 

̆CNNs ֲף ᵀ Ҭׅ ҳ ῏ Ȃ ᾢ̆ ԍ ᶏ

Ἕ№ ̆ ֓ ֽ ҩ ҉ ҍ №◓Ȃ Ҍ

ֽ ⱴԅ Ἕ ̆Ӟ └ԅHTP Ȃῒ ̆

ѿ֓ ԍ ᶛ№◓ ̆ Faster RCNN̂Ren et al. 2016̃ Mask

 RCNN̂He et al. 2018̃ ̆ ⱬ №◓ ̆ ӎ

ῒ ҉ ᵀ̆ Ҍ ῒ ԍ

̆ ⌠ └ Ҍ Ȃ ̆ ᶏ ̆ӞҌ

ᾧᴪ ⌠ Ȃ ≢ Ҭ̆ A4

҉̆ ῒҍ ᵌ̆׆ ᴪ ⱴHTP Ȃ  

ᴋⱵҬ̆ѿ֓ ̆ YOLO↓ V1׆ ⌠V8̆

ԅ ⱬ̂Jocher et al. 2023̃Ȃ ֓YOLO

ԍ ᵝ̆ ᵝ̆ ԅ ̂Casado-

García et al. 2020; Fu et al. 2021; Jiang et al. 2022̃Ȃ ԍ№◓ᴋⱵ̆ -

̆ UNet̂Ronneberger et al. 2015̃̆ ԍ ᶛ№◓̆ ̆

№◓ ԅ ̆ ≢ ‪ ’Ҋ̂Li et

 al. 2022̃ Ȃ ̆ ̆ SAM̂Kirillov et al. 2023̃ ̆ Ҋ

ᴋⱵҬ ԅ ̂Williams et al. 2024; Zhang et al. 2024̃Ȃ ֓

ץ ῀ ҹѿ֓ Ȃ

CNNsץ ↓ ̂Mejias et al. 2024; Morales et a

l. 2024; Yang et al. 2024̃̆ ѿ ғ ԍ≠ ױ Ҭ

ⱳ Ȃ ֓ ҹ ‰ ᶫԅ

ΐȂ ̆ ԍῒ Ἕ ̆SAM ꜚ ҉ ׅ

Ȃҹԅ ‗ ҩ ̆ ̆ Mobile SAM̂Zhang et al. 2023̃̆

̆ ⌠ ȁ ȁ

Ȃ ̆ ╠ ӎ SAM ᵀ̆

῏ Ȃ 

҉̆HTP ̆ ᵬҹⱴץ ᵬ

ΐȂᴰ № ̆ ԍCNNs ̆

Ȃ ԍ SAMҹ ᶫԅ ΐ̆ ԍ

ⱬ ̆ ѿ ᵀῒ Ȃ 
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1.2.3 ⌡ғ  

ᴪ ῾ᵬ ̆ ֟ ᵞ Ҋ ׆̆

̂Strange and Scott 2005̃Ȃ ῾ ̂FAÕᵀ ̆

ῃ ҹ ֟ ̆҉ץ40% Ḡ ῀ ԅ

FAO 2021̃̂҉ץ50% Ȃ ‰ Ḡ ⁞ץ

῏ ̆ ᶭ ԍ῾ ԍ ̂Vishnoi et al. 2021̃ Ȃ

ԍ ῾ ̆ ԍ Ғҙ Ḡ ̆ ᴪ Ḡ Ḡץ

ᵬ Ȃ ԍ ≢̆ Ḃ ԍ῾ Ғ ֲ̆ ≢ Ӟᴪ

̆ Ṝᴪ₮ Һ ̆ ᶏ ╕̂Ma et al. 2018̃ Ȃ

̆ ꜚ‰ ≢ Ạ ῾ҙ Ḡ ̆ ≢

’Ҋ̆≠ Ἕ ꜚ≢ ҹ Ȃ 

№ ꜚ ≢ ңҩ Ȃᴰ

ֲ ̆ ῒ ῀⌠№ Ҭ̆

ꜚ ≢№ ̂Ngugi et al. 2021̃ Ȃ ֓ ꜚ ȁ Ḥ ȁ

ץ ṿ№◓ ̂Kataoka et al. 2003; Ojala et al. 2002; Otsu 1979̃Ȃ

№ ֲ ̂Artificial Neural Network, ANNȁ̃ ̂Rando

m Forest, RF̃ץ ̂Support Vector Machine, SVM̃ Ȃ Ҭ ᶏ

֓ № ̆ № ‰ ̂Ahmed et al. 20

21; Shruthi et al. 2019; Waghmare et al. 2016̃Ȃ ֓ᴰ ≢ ̆

ᴆҊ ̆ Ҭ ץ ̂Kamilaris 2018̃ Ȃ 

̆CNNs Ἕ ≢ ԅ Ȃᶛ ̆ 1000Ἕ I

mageNet№ ᴋⱵҬ̆CNN Top-5№ ᵞ 3.6%̆ ᵞԍֲ ≢

Ȃ ѿ ꜚԅ ԍ ӟ ꜚ ≢ ҹΐ ⱬ Ȃ

ԅCNN ≢ᴋⱵҬ ȂRamcharan et al.,̂2019̃

ԅ₃ ӟ ̆ RF̆SVM̆ CNNs̆ CNNs ≢

ΐ ᴨלȂGhosal et al.,̂2018̃ ᶏ ̆ ԅ

CNN ≢Ҭ ῏ Ἕ ҍ ḠҒ ӊ ѿ

̆ ң ̆ ѿ ԅCNNs Ḥ Ȃ

CNN ԍ ᴋⱵҬȂToô2019̃ᶏ ԅ ҩCNN (VGG-1

6 Net̆ResNet-50/101/152̆Inception-V4̆ DenseNet)̆ Plant Village҉

ԅ ̆ ₃Ӎ ‰ 97%ȂBrahimi et al.,̂2018̃

ԍPlant Villagĕ ԅΈ ῖCNN ̂AlexNet̆VGG-13̆ Den

seNet̆Inception-V3 ResNet-34̃ ҈ ׆̂ ȁֽ ῃ ȁ

ῃ ̃Ҋ ̆ῒҬInception-V3 ԅ ‰ ̂99.76%Ȃ̃ 
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ԍPlant Village ≢ᴋⱵҬ ԅ  97% 

№ ‰ ̆ᵖ Ҋ̆ ֓ ≢ Ҋ ̆ ‪

Ҋ ⱬҌ ̂Mohanty et al. 2016; Tian et al. 2

024̃ Ȃ Ҋ ≢‰ ⌠ ̆ Ἕ ȁᾣ ᴆ

Ҍ ȁ Ҍ ץ̆ Ҍ ̂Barbedo 2018ãȂ

̆ Ἕ҉ CNN ̆ῒ Ἕ҉ ‰ Ҋ ԅ 3

0%̕ Ἕ ҉ ↕ ҹ ẫ̆ ₮

ⱬ̂Ferentinos 2018̃Ȃ ̆ Ἕ ҍ ῒ ֲⱬȁ

ⱬҍ ̆ ̆ ᵥ ҉ ≢‰ ҹѿҩ῏

̂Barbedo 2018b̃ Ȃӊ╠ Ҭ̆ ҍ ӟ Һ

̆ Ἕ ȁ ȁᴏ ȁⱴ ȁ ◄ ׆̆

̂Abayomi Alli et al. 2021; Tsai and Lee 2020̃Ȃ ̆Ӟ

ᶏ ̂Generative Adversarial Nets̆GAÑ Ἕ ץ̆

ѿ ү ̂Chen and Wu 2022̃Ȃ ̆ Ӟ ̆

╠ ⅞№̆ ӊ

ᵌ̆׆ Ȃ ҉ ‰ ̆ᵖ

Ҭ Ҍ ̂Barbedo 2018b; Ferentinos 2018̃Ȃ ̆ ԍ

Ἕ ̆ῒ ҍ ἝḠ ѿ ̆ ῒ Ҍ ’

Ҋ̆ ѿ └ԅ Ҭ ⱬȂ 

҉̆ ≢ ѿҩ ғΐ ̆ ῒ

’ҊȂ ӟ ҹ ᶫԅ ‗ Ȃ ≠

̂ ImageNet̃҉ ̆ ̆

҉ ≢ ׆̆ Ҋ ҍ

ⱬȂ 

1.2.4  

≢ ѿҩ ғΐ ̆Һ ⌠

̂Barbedo 2018b̃ Ȃ ᴆҊ ԅ ≢‰

̆ᵖ ֓ Ҭ Ҍ ̂Ferentinos 2018̃ Ȃ

̆ ԍCNNs ≢ ֽ῏ Ἕ № ̆ ӎ Ἕῤ ῀

̂Chen et al. 2020; Too 2019̃Ȃ № ̆ ̂CAM̃

̆ ᵝ ≢̆ᵖ Ἕֲ Ғ ̆ ԍ ȁ ȁ

ῃ Ȃ ӎ ‗ ᶭ ̆ ľ Ŀ ̆ ҹ └

≢ ҍ ӊѿ̂Sun et al. 2023̃Ȃ 
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ҹԅ ‗҉ ̆ ֲ ≢Ҭ

̆ ̆ ῒ Ḥ ̂Liu et al. 2025̃Ȃ

ᵬ̆ ғ̆ Ȃ ╠ Ṣ

ꜛ ̆ᵖ ֓ ӎ ̆῏

Ҍᾟ№̆ └ԅ Ȃ ̆ ׅᶭ ᵀ̂Arshad et 

al.; Zhong et al. 2020̃ Ȃ 

҉̆ ԍ Ἕҍ ӈ ̆

№ ̂Cao et al. 2023; Zhou et al. 2021̃Ȃ

ѿ ҉ ̆ᵖ ԍ ֓ ҹ ̆ ӎ ΐᵣ

̆ ӊ ӈẒ Ȃ ѿ֓ ↕ ᶏ

̆ ᴏֲ Ғ ץ̆ ̂Wang et al. 

2023̃ Ȃ ̆ᶏ LSTMȁRNN Transformer 

̆ ᴆҊ̆ ֓ ₮ ⱬҌ

̂Zhou et al. 2021̃ Ȃ 

ץ2023 ̆ ̂Large Language Models̆LLMs̆̃ ChatGPT̂Open 

AI 2023̃ ȁBERT̂Devlin et al. 2019̃ ̆ ԅ ̆

₮ ҍ ⱬ̆ ῒ ChatGPT̆ ԅ ֲ

Ҭ ҍ Ȃ ѿ ԅҊ ᴋⱵ ⱬ̆ ҹ ≢

ᴋⱵҬ ᶫԅ Ȃ ̂Vision-Language Models, VLMs̃

ҹ ᴰ └ ᶫԅ Ȃ  LLM ԍ Ἕ

ᴋⱵ̆ BERTChatGPTҍ ̆ ₮ ⱬҍ

̂Liang et al. 2024; Zhao et al. 2024̃Ȃ ̆ѿ֓Ғҹ῾ҙ

̆ AgriCLIP̆CDIPChatGLM3ֽ̆ № Ҭ ԅ ≢ ̆

׆̆ ԅ ҍ ̂Awais et al. 2025; Yan et al. 

2025; Zhang et al. 2024̃Ȃ ѿ € ԅ ̆ҍ Ḥ ̆

ⱬȂ ̆ ᾢ ῀ᶏ

̆ Qwen-2.5-VL̂ Bai et al. 2025̃ ץ, DeepSeek-VL2̂ Wu et al. 2024̃ ̆ῒҬ

Qwen-2.5-VL Ҭ Ҋ ₮ ҹ̆Ҭ ᵬ ≢ᴋⱵ ᶫԅ ҹ

ⱬȂ 

҉ ̆ ѿҩΐ ≢ ̆ ֲ

Ғ ≢ ̆ ₮ ғ Ȃ ץ̆ ᶭ

Ἕ ᵝ ԍ ᵌ ̆ ץ Ҭ ᶫ ᶭ Ȃ

ҹ ≢ ᶫԅ ̆ ҍ ̆
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ⱬȂ ᵀ Ҋ ⱬҍ ᴇṿ

ᵬȂ 

1.2.5 Ҫ ᵆ  

῾ҙ Ҭ̆ҹԅ‰ ̆ ᵬ ҩ ᵝȁ ≢ȁ

№◓ ̆ ȁ ȁ ̆ Ἕ

̂ Ṭ  2024; Casado-García et al. 2020; Liu et al. 2

024; Qiu et al. 2022̃Ȃ ӊ╠ Ҭ̆ᴰ Ἕ ’Ҋ

Ҍᶃ̆ ӟ ̆ ԍ

ҹ ̂Jiang and Li 2020̃ Ȃᵖ ӟ ̆

̆ Ғҙ ֲ ̆ Ȃ ғ ᶏ ̆

ԍ Ḥ ̆ ӟ Ҍ⌠ Ȃѿ֓ ᶏ CNNs

№◓ ̆ ᾧ ̆ ҳ

̂Zhang et al. 2024̃Ȃѿ֓ ↕ ↓ №◓ ̆ᾢ№◓ ̆ №◓

̆ ̂Liu et al. 2024; Wang et al. 2021̃Ȃ 

̆ Ӟ₮ ԅ ̆ SAM̂ Kirillov et al. 2023̃ ̆

№◓ᴋⱵҬ̆ ₮ԅ ⱬȂSAM Һ

҈ҩ̆ ԍVision Transformer̆ץ ץ

ȂSAMᶏ ԅ 1000̓ Ἕ ׆̆ ΐ ₮

ⱬ̆ ╠ץ⌠ Ҍ⌠ Ȃ ̆SAM ῀Ҍ

̆ ׆̆ Ḇ №◓̆ ᶏ ΐ

Ҋ Ҭ ₮ Ȃ2024ץ ̆SAMӞ ԍ

ҬȂ ≢Ҭ̆Nguyen et al.̂2023̃ᶏ PhenoBench̆

SAMȁDINOYOLO-v8 ̆ ᵬ - №◓ ҉ ⌠81.33‰ Ȃ

ᴋⱵ҉̆Zhang et al.̂ 2024̃ ᶏ SAM CLIP ̆

̆ ԍ ̆ ⌠ ԍ0.05 Ȃ

№ ᴋⱵ҉̆Yang et al.̂ 2024̃ ≠ SAMȁYOLO v8

NeRF ̆ ԅ 3D ̆ҍֲ ѿ Ȃ ֓

ԍ ₮ ⱬ̂Li Y et al. 2023; Yang et al. 202

4̃Ȃ 

̆ ԍSAM Ἕ ᶏ Transformer̆ ꜚ

҉ Ȃ ԍ ᴋⱵҬ̆ ⌠ Ғҙ ̆

ῒ ⱬ҉ Ṝᴪ₮ ̆ ᵝ ץ̆◓№ №◓

̂Chen et al. 2023, 2023; Ji et al. 2023̃Ȃҹԅ ‗ ֓ ̆ѿ֓
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₮ ԍ ꜚ ̆ Mobile SAM̂Zhang et al. 2023̃  

Edge SAM̂Zhou et al. 2024̃ Ȃ ֓ ԅ Ἕ ץ̆

ѿ ̆ ץ̆ ᵞ Ȃ

ѿ֓ ᶏ ԅ ȁ◄ ᴨ ץ Ἕ Ȃ

Ҭ ῀Adapter̆ ̆ ‟ ῒז

ץ̆ ⌠ҍ ҩ ѿ ̂Chen et al. 2023̃Ȃ ̆ №◓

SAM ᴋⱵ̆ῒ ᴋ (ɒ ,ѿҩ ȁѿҩ ȁѿҩ ΐ

) ’Ҋ ѿҩ ̆ Ҍֽ SAM ‗ Ҋ ᴋⱵ ̆Ӟ

ѿҩ ῏ Ȃ ̆ ѿ ғ

Ҍ ̂Sun et al. 2024̃Ȃ 

ӟ̂Prompt Learning̃ ѿ ̆

Ҭ ᶫ ᴋⱵ Ḥ ̆ ӟ̆ ꜛ ≠ ᴋⱵ ҉Ҋ Ḥ

׆̆ ̆Ӟᶏ ץ ȁ ᵞ ҊḠ

̂Schulhoff et al. 2024̃Ȃ SAM ῒז ̆ ѿ

ץ̆ Ҋ ᴋⱵ ̆ ῒ ⱬȂ Uygun et al.,̂2024̃

⇔ ԅѿҩ 800ẫ Ἕ ̆ᶏ SAM Ἕ

ꜚ ҹ ̆ YOLOv8-Seg ̆ ̆YOLO

v8l-Seg mAP@0.5 Ҋ ᶃ̆ ⌠ԅ92.4% ‰ Ȃ

҉̆Lin et al.̂2024̃ SAM-CLIPPM-SAM-CLIPңҩ

№◓̆   ̆ ԍ Ҥ ȂZhang 

et al.̂2024̃ ₮ YOLO v8n-DDA-SAM Ҭ ⱴ ӈ№◓№

SAM̆ ԅ ̆ Ҭ ԅ

̆ ԍץ╠ ԅ Ȃ 

҉̆ ԍ ᴰ ̆ΐ ᴨ

Ҍֽ̆ל ץ ᵞ ̆Ӟΐ ⱬȂ ᵥ ֓

῾ҙ Ҋ ᴋⱵҬ ̆ Ȃ ȁ ӟ ңҩ

̆ Ạ ѿ ᵀȂ 

1.3 Ӏ  

ץ ҹ ̆Һ Ҋ҈ҩץ

̔ 

̂1̃ Ҭ̆ᴰ Ҭ̆ ᶭ ֲ ̆ѿ֓

ᶏ ԅ ץ ṿ№◓ ᴰ ̆ᵖ Ȃ

ԍ ӟ ̆ᶏ ҹ № ̆Ҍֽ ̆ғ
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Ȃ ̆ ԍ ᵞ Ȃ 

̂2̃ CNN № ≢̆ғ ԅ ‰ Ȃ
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ѿ ҍ ῖ ᶛ№◓ Mask R-CNN ץ̆ ῒ

Ҭ ᴨלȂ ≠ ֟ ᶛ̆ᵬ

ҹ ̆ Ҥ ꜚ ᵀȂ 

̂2̃ Qwen-VL Ἕ  

ᶏ ̆ ȁ ȁ ȁ ̆

̆ ѿ Ғ ץ̆ ⌠ ץ

Ȃ LoRA Qwen-2.5-VL-3B ץ̆ ᵀῒ

№‰ ȂҺ ̔̂ ã ԅ
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̂3̃ ᵀ Mobile SAM №◓ Ҥ  

ᶏ ẫ ̆ ꜚ ꜚ ̆└

ᵬԅ ԍ ȁ Ȃ≠ ᴰ CNNs№◓ ⌠
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 1-4 ᵣ  

Figure 1-4 Overall workflow  
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2.1  

2.1.1  

׃ 2.1.1.1  

ԍ ȁ ╕ ץ ҍ

ᾧ ̂Gómez-Zeled·n and Kaiser 2016; Ġtambuk et al. 2021̃Ȃ

Ҭ̆ ץ ̆ Ҍ

̆ ᵀ Ҍ Ȃ ҉ ̆

⌠ ̆ҹ ᶫ Ȃ ῤ Ҭ̆Һ
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Һ ̔̂ 1̃ ‰ ̔ ẫ

̆ ȁ Ȃ ̆ ץ Ҍ ȁҌ

Ȃ ̆└ ̆
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̆ѿ ᶏ 75%Ә 1% ̆ Ῥ ‪̆Ῥ

ѿ ̆ ҹ1mm-2mm̆ ẫ Ȃ̂ 3̃

̔ᶏ └ ̆ ⱴ Ȃ

̂4̃ Ῑ ̔ Ῑ ᴆҊ̂ѿ ҹ ȁ

̃̆ Ῑ ̆ ҉ ’̆

ȁ ̆ Ἕȁ № № Ȃ̂ 6̃

̆ ᵀҌ Ҍ Ҍ ᴆҊ Ȃ ╠̆ ҍ

ȁף ץ̆ ѿ № ῒ └̆ ȁ ץ ף

֟ └№ ̂Qiu et al. 2022; Yang et al. 2020̃Ȃ ῃ ῏ № ̂G

WAS̃ȁ ᵝ№ ̂QTL̃ץ CRISPR-Cas9 ̆ ҍ ῏

ᵝ ̆ ̂ ̃ ῏ ץ̆ ѿ ԍ ̆

Ⱶԍ ‰ Ȃ 

2.1.1.2  

Ҭᶏ ԍ ̆ ᵀ

̂Qu et al. 2021̃ Ȃ ̆ ԅ Ῑ Ҭ

ἝȂ Ἕ Һ  2-1 Ȃ 
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 2-1 Ἕ ̆ ԅץҊ ҩ ̔ ‰ ȁ ȁ

̂Plasmopara viticolã ȁ └ ᴆҊ Ῑȁ ץ Ἕ  

ԍ Ҥ ᵀȂ 

Figure 2-1 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. 

῾ҙ ᵬ ̂ ᵝ 22.47£

N, 108.21£Ĕ 142.3̃Ȃ Ҭ ᵀ Ҽȁ Έ ȁ

Έ Ȃ Ҭ̆ ᾢ ‖ ץ̆ ̆

ᶏ Ȃ׆ ῃ ғẫ ҉̆ ℗ ҹ1.

5 Ȃ ̆ ҩ Ῑ Ҭ ԅ6 25ҩ ̆ Ḡῒ

҉Ȃ ҩ ̂Plasmopara viticolã ̂ ҹ1Ĭ10

/mL̃ ̆ ҩ Ȃ

Ҭ№ ȁ‰ Ḡ ᴆҊȂ ̆ Ῑ ԍ

Ҭ̆ 22£CҊ̆ 16 ᾣ /8 ῙȂ Ῑ ҹԓ⌠҂

̆ ҉ ₮ Ȃ ₮ᴋᵥ Ȃ 
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ᶏ ֓ Ἕ̆ץ ’Ȃ῍ ԅ432 Ἕ̆ף

ԅ6,972ҩ ̆ ҩ Ȃ ԍ Ἕ ҍ ᵣӊ Ҍ

̆ № Ҍ Ȃ ҩ Ἕ№  2-2 Ȃ 

 2-2 Ҭ Ҍ № Ȃ Ἕ ̆ғ Ἕ Ȃ 

Figure 2-2 Different resolutions of grapevine leaf discs in the dataset. ľWidthĿrepresents the horizontal 

pixel number, and ľHeightĿrepresents the vertical pixel number 

2.1.2 ằ  

 ׃ 2.1.2.1

Ҭ ̂

ҹ23.829N̆108.110Ẽ̆  2-3 Ȃ ҹ300֡̆

̆Һ ҹ 2 ̆ ΐ Ȃ

̆ Һ 4 Ҭ ⌠5 ҉ ̆ ‗ԍ

Ṝ ᴆȂ2023̆ ԍ ҹ ̆ ⌠ ҹ ⌠5 8 ̆

Ҭ ל ҹᵞ Ȃ ∆ ̆ ҉₮

̆ ̆₮ ̆ ̆ ̆ Ҭ

ҹ ̆ ̆ ҩ › Ȃ 2023̆

ᴆ ̆ ԅ Ȃ 
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 2-3 ᵝ ̆ΐᵣҹ Ҋ ̆ 

Һ ̂V.guinguangLaris Rehd̃̆ 350֡Ȃ 

Figure 2-3 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 veritieŝVitis 

quinquangularis Rehd̃, covering an area of approximately 350 mu. 

 

 2-4  

Figure 2-4 Field photograph of the grape experimental yard. 
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2.1.2.2 ẫ ȁ ץ  

̆ ῤ̆ ᶏױ ԅҌ

̆ 12S̆ ץ12 Note 11̆

ᵝ ץ2-3   2-4 Ȃ Ҭ̆ Ҍ ᵝ ̆

ẫ ᵬҹҺ Ȃ ԍ ̆ ױ ҩ

̆Ӟ Ҭ ѿҩẫ

Ȃ ̆ Ӟױ ┴ ̆ ҹ Ḡ ҹҺᵣ Ҭ̆

ץ ⌠ ᵝ ץ̆ ’Ȃ 

Ҭ̆ ױ ѿ ҍ ∆ ᵌ

̂ ҹ Ȃ̃ ῾ ֲ ≢ң ≢̂

̃̆ ᶏ ≢ ᴆ̆ Ḡȁ Ḡ ȁ ץ̆ Ғ

̆ ≢ Ȃ ̆ ᶏױ ̆ ԅ

Ȃ  

ᶏױ Ữ ̆ ѿ ⌠ ҉ №

̆ ⌠ԅ ȂῒҬ̆ 2483̆ẫ

1408Ȃҍ ᵌ̆ ԍῒז ̂ ̃ 1743Ȃ

̆ ҩ ̆ № ⌠

№◓ҬȂ 

̆ ױ ԅҤ ̆ ԅ687

̆ῒҬ 338 349ẫ

̆ Ḡԅ Ȃ ẫ  2-5

Ȃ  2-7 Ȃ ȁẫ ̆

̆№≢ ԍ 4ȁ5 ̆ ȁ№◓ ᵀȂ 

 2-5 ẫ ȂῒҬ̂ã ̂b̃ ҹẫ ̆̂ c̃

̂d̃ ҹ Ȃ 

Figure 2-5 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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2.1.3 Ҳ  

ᶏױ ԅ Plant Villagê Mohanty et al. 2016̃ȂPlant Village

ѿҩ ԍ ≢ № Ἕ ̆ ֒  

Plant Village⇔ ̂https://www.kaggle.com/datasets/emmarex/plantdiseaseȂ̃

ԍ ≢̆ ғ № ‰ ̂Brahimi et al. 2018; Too 

2019̃ Ȃ Ҭ 54,000 Ἕ̆ 14 ᵬ 3̆8 Ȃ

Ҋ ̆ ҹ ‪Ȃ ̆ ֓

№ ̂256¦256̆̃ Ӟ Ȃ 

׆ױ ֓ Ҭ̆ ԅ 3 ץ ẫ ̆

ȁ ץ Ҋץ̂ Ȃ̃ Plant VillageҬ̆

1180 ̆ ҹ1383 ̆ ҹ1076̆ ẫ ҹ423Ȃ

ҹԅḠ ̆ ױ Python׆ ֓ Ҭ ԅԅ 400 ̆

ẫ Ȃ  нπт Ȃ ֓ ҍ

̆ѿ ԍ Ἕ ̆

ԍ Ȃ 

2.2  

2.2.1  

ᶏױ ԅ ΐAnyLabelinĝhttps://anylabeling.nrl.ai/̃̆ ῒ

֟ Ȃ ᴆ ᶏץ ̆ Mobile S

AM̆ ꜚ Ȃ Ҭ̆ ױ ᾢ ꜚ └ѿҩ ̆ᶏῒ

̆ ᴪ ꜚ ῀⌠Mobile SAM̆

Ȃ ֟ ԍ Ҍ ↕̆ ᶏױ ԅ ҩ ꜚ

Ȃ Ҭ̆ ‰ ₮ ̆↕ ῀ ̆

Ȃ Ҍ ⌠ ̆↕ ꜚ Ȃ ԍ ̆ Һױ ᶭ

ꜚ ̆ ֟ ԅ №◓Ȃ ἝҬ ῒז ↕

ҹ Ȃ 

Ἕ № ԅ ṿ ̔ ҹ 0̆ ҹ 1̆ ֟ ҹ2Ȃ

֟ ꜚ Python ̂https://github.com/

wkentaro/labelmeȂ̃ҹ Ḡ ѿ ⁞ ҩֲẒ ̆ ױ ⌠ԅῇ

ҍԅ ᵬ̆ Ἕ ӊױז ֜ Ȃ ԍ ᴪ

֓ ̆ᶏ Ḃ Ӟ ‰ץ ≢̆ ԍ

Ҍ ̆ Ȃ  2-6 ԅ

ף Ȃ 
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 2-6 ҍ Ȃ  (a) Ἕ ԅẫ

Ȃ(b) ᶏ AnyLabelinĝhttps://anylabeling.nrl.ai/̃ Ȃ

Mobile SAM ̆ ↕ ꜚ Ȃ(c) 

№◓ ̆ ҹҌ ≢№ ԅ ṿ Ȃ 

Figure 2-6 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. 

2.2.2  

2.2.2.1  

ױ ԅ 4 Ҍ ̆ ȁ ȁ

Ȃ ̆ ױ ԅẫ Ҍ ῾ ᶏ

Ἕ Ȃ ̆ ҩ ң № ̔̂ 1̃ ҍ

Ἕ ̆ ҹҬ ̂ ̔23.829

N̆ 108.110Ẽ̆ ᶏױ ̆ ץ12 12̆ ץ



῾ ᵝ  

26 

̆ ⌠Ȃ̂ 2̃ 3 Ἕ ẫ ↕

ԍPlant VillageῈ ̂ 2.1̃ȂҹḠ ̆⁞

̆ ױ Plant Village ԅ Ḡץ̆ ҩ

Ҭ ҍẫ ȁ ң ̆Ḃԍ № ҍ

ᵬȂ ̆ ױ ⌠1 ̆ ῤ

̆ῒΐᵣ ץ  2-1Ȃ 

 2-1 ȁ ȁ Ȃ 

Table 2-1 Grape disease types, English names, pathogens, and the corresponding number of data. 

     

 Downy mildew Plasmopara viticola 345  

 Chemical damage - 368  

 Leaf blight Cercospora viticola 384 Plant Village 

 Black measles Elsinoe ampelina 372 Plant Village 

 Black rot Guignardia bidwellii 368 Plant Village 

ẫ  Healthy - 376 Plant Village 

ᶏױ № ̆ҹԅ⁞ № Ҭ

̆ ױ № ԅ Ȃ ԍ №

◓Ҭ ῀ ̆ ױ ҹ224Ĭ224№ ̆ҍPl

ant Village№ Ȃ ̆ ԍPlant VillageҬ

̆ Ӟױ ԅ Ȃ ᵌ ̆ ᶏױ ԅAny

Labelinĝhttps://github.com/vietanhdev/anylabeling̃̆ Ṣꜛ ̆Mobile S

AMᵬҹ ꜛ̆ ꜚ Ҭ ԅ ̆ ᶏ ԅOpen

CV4.2̂ Bradski 2000̃ ᵝ ᵬ ׆̆ Ḡ ԅ

Ȃ ױ ᶏ ̆ ץ ᾧ ̆ ץ

ֲ ̆ᶏ Ғ ץ ῒ Ḥ Ȃ ̆ ױ ⌠ԅ4

Ҍ ȁ1 ץ ẫ Ҋץ̂ ҹ ̃̆

῍ҹ2213 Ȃ  2-7 Ȃ 
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 2-7 Έ Ҍ ̆ ץ ‰ Ȃ 

Figure 2-7 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 ꜛ  

ҹԅ ᵞֲ ̆ ױ ԅ ̂LLM̃ Ҍ

ԅ∆ ̆ ḠҒ ѿ ḱ ̆Һ ῏ ῒ

̂ ȁ ȁ ᵝ ȁ ̃̆ ץ Ḡ ‰ ̆

 2-8 Ȃ≠ LLM ∆ ̆ Ἕ ᴋⱵҬΐ

̂Liu Q et al. 2024̃ Ȃ Ҭ̆ ױ Kimimoonsho

t-8k-visual-preview̆ ᶏ PythonAPÎhttps://kimi.moonshot.cn/̃

ᴰ ⌠ Ҭ ̆ ׆̆ ⌠ Ҭ

Ȃ 

ԍLLM ̆ ̆ ̆ҹԅ ⌠ ױ

ȁ ȁᵝ ҩ ̆ ױ ԅ ̆ ԍ ⌠

Ȃץ ҹᶛ̆ ҹ ľ̔

̆ ҉ ȁ ȁᵝ ץ ̆ ץ

₮ȂĿ ԍ ẫ ̆ ױ ӈ Ḥ ҹ ľ̔ ҹẫ

̆ ȂĿ LLM ∆ ̆ ױ ⱳ ԅ
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Ḥ Ȃ 

̆ ֓ Ḥ Ḡ ҹCSV ᴆ̆ ԅ∆

Ȃ ̆ ԍLLM Ẓ ̆ Ḥ Ҍ

ῃ‰ Ȃ ̆ ױ ԅѿ Ғҙֲ ֓ Ḥ ֲ ḱ ץ̆ Ḡῒ

‰ Ȃḱ Ҭ̆Ғҙֲ ᴪ ῤ ̆ Ḥ Ҭ

ȁ ȁ ᵝ ץ Ȃ ֲ ḱ

̆ ױ ⌠ԅѿҩ ȁ ̆ҹ

ᶫԅ ⱬ Ȃ 

 2-8 Kimi ≢Ҭ Ȃ Ҭ ԅ׆ Ἕ̆

KIMI Ἕ№ ̆ ̂ ȁ ȁᵝ ̃̆ ̆

Ғ Ữ⌠ Ҭ ҩ Ȃ 

Figure 2-8 The workflow of the large language model in grape disease caption. The diagram illustrates the 

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. 

2.2.3 ằ  

ԍ ẫ ̆ ױ AnyLabelinĝhttps://github.com

/vietanhdev/anylabeling̃̆ ԅ ץꜚ ꜚ ȂAnyLabelingΐ ≠

◓ ꜛ ⱳ ̆ ץ ᵬ ҍ

Ȃҹ Ḡ ̆ ᶏױ ԅ ԅMobile SAM

ᵬҹ ץ̆ ꜛ ᵬȂ ̆ ԍ

Ҍ ̆ ׅױ ֲ Ḡ Ḡᵟ ‰

Ȃ Һ ң ≢̔ ҍ Ȃ  2-9

Ἕ Ȃ 
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 2-9 Ȃ ᶏ AnyLabelingꜚ ̆ ᴆᶏ

ҹ ᴆȂῒҬ̂ã ̆̂ b̃ ҹ ̆̂ c̃ ̆0

̆1 ̆2 Ȃ 

Figure 2-9 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. 

2.3 ᵆ ↔ⅎ 

2.3.1 ↔ⅎ 

Ҭ̆ ױ ᶏ Ҭ ֟

̆ ꜚ ̆ ⌠ԅ ῒ֟ Ȃῒ

Ҭ̆ ѿ ҹJPG ̆ ᴆ↕ ѿ ҹnpy ̆ Ḃ ᶏ

pythonNumpŷ Harris et al. 2020̃ ץ̆ Ҥ Ȃ ̆ ױ ⌠ԅ

432 Ῑ ̆ ҩ Ῑ Ҭ Ҍ ̆ ᶏױ ̆

Ἕ ҩ ₮ ̆ ⌠ 6000 ȂῒҬ̆ ԍ

̆ѿ֓ ̆ ױ Ạ Ȃ 

ᴋⱵҬ̆ ױ ₮ ̆ 6:2:2 ᶛ ⅞№ҹԅ

ȁ ̂ 3.2̃ȂῒҬ̆ Ҭ 3582 ̆

↕ ᶛѿ Ȃ ᶏױ ̆ ̆ ҉

ץ̆ Ȃ 

֟ №◓ᴋⱵҬ̆ ױ ᾢ ꜚ ̆

▼Ҋ ̆ 6:2:2 ᶛ ⅞№ҹ ȁ ̂

3.2̃Ȃҍ ᴋⱵѿ ̆ ᶏױ ̆ ̆

҉ ץ̆ Ȃ 

ԍ ᵀ ῒ֟ №◓ ̆ ױ
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ᶏ̆ ̆ ԅ Ḥ ̆ ᾟҹ0ṿȂ Ῥ ⅞№ҹ

6:2:2 ȁ Ȃ ̆ ῒ №◓ᴋⱵҬ̆ ᶏױ ԅң

̆№≢ ̆ Ḡ ̂ 3.2̃Ȃ 

2.3.2 ↔ⅎ 

ױ ᶏ Ὲ ̆ ԅѿ Ҍ

Ȃ ̆ ᶏױ ԅLLM ֲ ̆

⌠ԅѿ Ȃ ᶛ  нπмл Ȃ 

 2-10  

Figure 2-10 Image-Text examples of grape diseases 
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ԍ ⌠ ̆ ױ №ҹԅ ̆ ԍ

̆ ԍ ᵀ Ȃ ֓

Ҭ̆ ⌠ Ҍ ̆ ȁ ȁ ᵝ ȁ

Ȃ Ữ ȁ ץ ҩ ᶏ CSV ᴆ ỮȂ 

2.3.3 ằ ↔ⅎ 

Ҭ ̆ ױ ⌠ԅ ẫ

̆ └̆ ױ ԅѿ ȁΐ ף

Ȃ ױ ԅֲ ҍ ꜛ№◓̆ ҹ Ἕ ԅ

̆ Ữҹ npy ץ̆ Ḃ Ҥ ̆

ᶛȂ 

CNN№◓ ̆ UNet̂Ronneberger et al. 2015̃, ױ

 6:2:2 ɒ ⅞№ҹ ȁ ̂ 5.2̃Ȃΐᵣ ̆

 412 Ἕ̆ №≢ 137 138 ἝȂҹ Ḡ ῀

ѿ ̆ ҍ Mobile SAM ̆ ױ Ἕ ῒ ԅ

ѿ ̆ ҹ1024¦1024 № Ȃ ‰ ꜛԍ ̆

ᾧԅ ԍ ‰ ῀ ṿ ᾟ ̆ ↕ Ҭ₮

Ȃ 

2.4 ҲӀ  

2.4.1 ӥ ғ  

ԍ ↓ ̆ ԍ Ἕȁ

ץ ῀ ҍ№ ᴋⱵȂῖ ҩ῏

̆ ȁ ȁ ₱ ȁ ѿ ץ ῃ ̆ῒҬ ₱

ԇԅ ̆ ѿ ץ ̆ ῃ ↕

ԍ№ ᴋⱵ̂OôShea and Nash 2015̃Ȃ 
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2.4.1.1  

ᵬ ԍ Ἕ ̆ῒ  2-11 Ȃ 

 2-11  

Figure 2-11 Schematic diagram of convolution operation 

ᵬ ңҩ ῀ ̆ ңҩ ľ ṿ₱ Ŀ̆ ᶛ Ἕ̂

ץ ᵬԋ ṿ ῀̃ ̂ ₱ Ȃ̃ ꜚ ⱴ ӗ ̆

ң ̆ ⌠ѿҩ ₱ Ȃ Ҭ̆ ԍ Ἕ

Ἕ ̆ ᵬ ԅ ֓ Ἕ ᵝ ҉ ѿ ⱴ ̆
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ץ ᵞ ׆̆ ⁞ Ȃ ҉̆ ῀ RGB Ἕ ҈ ̆

ҹѿ ҈ ̆ ҩ ̆ ҩ ᴪ ѿҩ ₮

̆ ₮ Ȃ ꜚҺץ ᵞ ̆

Ҭ Ḥ ׆̆ ⁞ Ȃ ᶏ Ὧ Ὧ ̆

Ἕ Ḥ ̆ ᵬ̆ ṿ ṿ ̆ Ḡ ԅ Ἕ

Ḥ ̆Ӟ ᵞ Ȃ 

2.4.1.2 ₱  

ѿҩ ̆Ҍ ῏ Ȃ ̆ ῀

₱ ̆ ⱬȂ ֓₱ ҹ ₱ Ȃ ₱ ᴨ
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 2-12 Ҍ ₱ ̆ ₱ ᶏ ΐ ⱬ 

Figure 2-12 Different activation functions, which enable neural networks to model nonlinear ability. 

2.4.1.3 ₱  
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2.4.1.6 Transformer 

Transformer Ҭ ̆ῒ ҹ ⱬ └Ȃ

ң № ̔ ̂Encoder̃ ̂DecoderȂ̃ῒҬ̆ ⱳ

῀ ↓ ҹ ̕ ↕ ԍ

₮ ↓ ̂ Vaswani et al. 2017̃ȂTransformer 2-13 Ȃ ҩ

ⱬ └ȁ╠ ȁ ѿ Ȃῒ

Ҭ̆ ⱬ └ ῏ ԅ ῀ ↓Ҭ ҩᵝ ҍῒזᵝ ̆ ץ

ῃ ҉Ҋ Ḥ ׆̆ Ȃῒ Ὲ Ҋ 
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Ҭ̆ X ῀ ↓ ̂ embedding╠ѿ ₮̃̆ QW ̆ KW

VW , K̆Q̆V№≢ QueryȁKeyValue,dk Key

̆ ԍ Ȃ 

 2-13 TransformerҬ ⱬ ̆ ҈ҩ №̔K̂ key̆̃Q(query), V(value)Ȃ 

Figure 2-13 Self-attention module in the Transformer, consisting of three components: K (Key), Q 

(Query), and V (Value). 
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Vision Transformer (ViT) Transformerԍ ἝᴋⱵ ̆ῒ ԍ

Ἕ № Ȃ ᾢ̆ViT ̆ ῀ Ἕ№◓ҹ Ἕ

̆ ҩ ץ ̆Ῥⱴ҉ᵝ Ḡץ ӊ ᵝ ῏

Ȃ ֓ ῀ᵬҹ ῀̆ Transformer ̆≠ ⱬ └ ╠

ῃ ̆ № ̂ MLP ̃ ᴋⱵ̂Dosovitskiy et 

al. 2021̃  

 2-14 TransformerҬ ⱬ ῒ Ȃ ᶷҹ ⱬ̆ ᶷҹ

̆ ᵝ ȁ ⱬץ ╠ Ȃ 

Figure 2-14 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. 

2.4.2 YOLO v8 ∆  

ᴋⱵӊѿ̆Һ ᵝ № ἝҬ Ȃᴰ

ᶭ ӟ Ȃ ֓

ȁ ץ ̆ ֓ ῀ ̆

Ҭ̆ץ ἝҬ ᵝ № ̂Govardhan and M B 2019̃ Ȃ ӟ

ῐ ꜚԅ ̆Һ ԍCNN ⱳȂ ҩ Ҭ̆

Һ ԅ Ȃ 
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 2-15 YOLO v8 ̆ῒҬҌ ף№ ԅҌ Ȃ 

Figure 2-15 Diagram of the YOLO v8 architecture, where different colored sections represent different 

convolution modules. 

ҩ Ἕ҉ ̆ ̆ Ҍ

Ȃῖ YOLÔJocher et al. 2023̃ȁSSD̂ Liu et al. 2016̃ ȁ

RetinaNet̂ Lin et al. 2018̃ Ȃ ׃ ң YOLO

SSDȂ 

YOLO 2015 ₮̆ № ⌠ѿҩ Ҭ̆

Ἕ№◓ҹ ̆ ҩ ≢ȁ Ḥ ׆̆ ⁞

Ȃ ̆YOLO ↓ Ҍ ̆ ╠ ⌠ V11 Ȃ

YOLO v2 ῀ԅ ӈ ̆  9000 ᵣ ≢̆ ԅ ⱳ

‰ ȂYOLO v3 ̂FPÑ ῀

̂DarkNet-53̃ ̆ ѿ ԅ ȂYOLO v4ⱴ῀ Cross-Stage Partial

̂CSP̃  Mosaic ȂYOLO v5  Ultralytics ̆ ᶫ Ҍ
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̆ ῀ ҉ ѿ ᴨ ԅ ȂYOLO v6ᶏ ԅ RepVGG 

̆ ⁞ ԅ ̆ ̂ ᴆ ̃ ᴨԍ 

YOLOv5ȂYOLO v7 ԅ ȁ №◓ ᶛ№◓ ѿ ȂYOLO v8

↕ ѿ ᴨ ԅῒ ᴋⱵ ⱬȂ №Һ ԅ YOLO v8̆ῒ  2-15

Ȃ 

↕ ̆ ѿ ̆

Ṝ ̆ ԋ ̆Ṝ № ᵝ̆ RCNN̆Fast RCN

N Faster RCNNȂῒҬ̆RCNN≠ ̂Selective Search̃ ἝҬ

2000ҩ Ṝ ̆ ₮⌠CNN № Ҭ ȂFaster RCN

N ᶿ ӊ╠ᶏ CNN ̆ ᶏ ῐ ̂ROI pooling̃

̆ ̆ᶏ ᴋⱵ ȂFaster 

RCNN↕ ԍFast RCNNѿ ᴨ Ȃ ԍ ῤ ̆Һ ׃ Faster RCNN̂R

en et al. 2016̃ ̆ῒ  2-16 Ȃ 

 2-16 Faster RCNN ̆ῒ ңҩ№ ̔ № Ȃ 

Figure 2-16 Illustrative diagram of the Faster R-CNN, which includes two branches: the Region Proposal 

Network (RPN) and the classification network. 

Faster RCNNҺ 4 №̔ ̆ ̆ ῐ ץ №

Ȃ ԍ Ἕ ̆ ῀⌠RPNҬȂRPN

̆Һ ҹ ѿҩ33 ҉ ̂Anchors̃ 9ҩҌ ᶛ

ᶿ ̂proposals̃̆ ROI pooling ̆ ᶿ
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̆ ῃ № ̆ Ῥ ᵝ Ȃ ᶿ

ṿ └̂Non-maximum suppression̆NMS̃ ₮ ᴨ Ȃ 

2.4.3 UNetװ UNet++ ἥⅎ◙  

ᴰ Ἕ№◓ ṿ№◓, ף ץ ̆ ֓ Ἕ

‰ ’Ҋ ץ ̆ᵖ ̂Ahmed et al. 2021; Jothiaruna et a

l. 2019̃ Ȃ ̆ ӟ ҹ ᶫԅ ‗ Ȃ ӈ№◓Һ

ῃ FCN̂ Long et al. 2015̃ ȁDeepLab̂Chen et al. 2017̃ ↓ȁUNet

̂Ronneberger et al. 2015̃ ↓ Ȃ ᶛ№◓ Mask RCNN ̂He et al. 2018̃

̆ῃ №◓Һ Panoptic FPNȂ ῤ ̆Һ ׃ ӈ№◓

ᶛ№◓ᴋⱵ̆ UNet↓ ̆DeepLab↓ ̆ Mask RCNNȂ 

FCNᶏ ӟ ӈ№◓ ̆ӊ №◓

- ȂFCN ᾢ VGG Ἕ ̆ ⌠ Ἕ

ȂҌ ̆ ѿ ̆FCN ῃ ҹ҉ ̂ ṿ

ᵬ̃̆ ׆ ҩ Ἕ҉ softmax ̆ Ἕ ̆ ⌠ ӈ№

◓ Ȃ ̆ Ҍ ҉ ᶛ̆ ҍ ̆FC

N ץ ⌠ №◓ Ȃ 

UNet↕ ԅFCN - ̆ ∆ҹ Ἕ№◓֟ ̆ᵖ ῒ

ᴋⱵҬӞ◓№ז ԅᴨ ̂Ronneberger et al. 2015̃ȂҍFCN ̆UNet

ԅ ҉ ̆Һ ≢ҹUNet ̆

ѿ ץ̆ UNet ԅ ҍ ̆ Ҍ

ⱴȂUNet  2-17 Ȃ UNet++ѿ ΐ

̂Zhou et al. 2018̃ Ȃ 

 2-17 ῖ UNet ̆ Ҋ ҉ ץ̆ Ȃ 

Figure 2-17 Schematic diagram of a typical U-Net model, including down-sampling and up-sampling 

layers, as well as skip connections 
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2.4.4 Mobile SAM ⅎ◙  

SAM ₮ ̆ᶏ ᴋⱵ ⱬ ̆ Ӟ ҹ

 ̂ Kirillov et al. 2023b̃ Ȃ ԍSAMᶏ Ἕ

̂ViT-H̃̆ Ҭ̆₮ ԅᴧ SAM ᵣȂ ֓ ᵣ Mobile SAM

̂Zhang et al. 2023b̃,EdgeSAM̂Zhou et al. 2024̃ ̆ ⁞

╠ Ҋ̆ ᵞԅ Ȃ ῤ ̆ Һ ׃ SAMץ Mobi

le SAM Ȃ 

SAM ҈ №̔ Ἕ ̆ ̆ ̆  

нπму ȂSAMᶏ ԍ Vision Transformer (ViT) ᵬҹ Ἕ ̆≠ ViT

ῃ ⱬ̆ᶏ ҉Ҋ Ḥ ̆ ῀ Ἕ

̂1024 1024̃ ῀⌠ ̆ ῃ Ȃ ᶫ

Ḥ ̆ ȁ ȁ ̆ῒҬ ╠ ̆

ҹԋ ̆ ᵩ ᵝ ̕ ᶏ ᵝ ̆

Ḥ , ↕ ῀ Ȃ

῀ ̆ ѿҩ  Transformer ̆ΐ ⱬ

└̆ ῀ Ἕ ҍ ⱬ ̆

Ḥ Ȃ 

SAM Meta AI №◓ SA-1B̆

1ַҩ №◓ Ȃ ᵣ ≢̆ Ḡ ԅ

ȂSAM №◓ ҉ ׆̆ ӟ №◓

Ȃ  SAM №◓ᴋⱵҬ ₮ ̆ᵖ ׅ ѿ֓ ̆Һ

ץ̆ ᶭ ̆ ғ ̆ Ẓ

֓ ≢ ̂Ji et al. 2023̃ Ȃ Ҋ ᴋⱵҬ̆

ѿ ᴨ SAM ̆ ῒ ץ̆ ⁞ Ȃ 

SAM ᵞ Һ ԍῒ Ἕ ̆ SAM ᵣҺ ԍ

ҹ ̆ ȁ ◄ ȂῒҬ̆

Mobile SAMᶏ ԅ ̆ Ḡ ╠ Ҋ̆ ⁞ ԅ60ṐȂ 
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 2-18 Segment Anything Model̂SAM̃ Һ ̆ 

ץ Mobile SAMῒViT-H ҹTinyViT⌠ №◓ Ȃ 

Figure 2-18 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 SAMѿ ꜚ ᴨ ᶛ№◓ ̆ SAM

̆ ȁ №◓ ȂMobile SAMḠ  SAM ⱳ

̆ ҍ ᴨ ̆ῒ  2-18 Ȃ 

Mobile SAMᶏ ԅ Ἕ ̂ViT-Tinỹ ViT-H̆ף ⁞

Ȃᾢ ̆ Ἕ ҉ ̆ᶏ

Ḡ ⌠ ҍ SAM Ȃ Ҋ ̆Ḡ ̆ᶏ

⌠ ̆ ̆ Ȃ ̆

̆ ԅ SAM Ȃ 

Mobile SAM ᶏῒ ԍ ̆ ץ ԍ

Ἕ№◓̆ ȁᵞⱳ ̆ҹ ᶛ№◓ ᶫԅ

Ȃ 
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2.4.5 Qwen-2.5-VL-3B  

ѿ Ἕ Ḥ ֲ ̆ῒҺ

 нπмф Ȃ ױ ̂CṼ ̂NLP̃ңҩ

῏ ̆ ȁ ȁ Ἕ ȁ Ἕ ᴋⱵҬ ₮

Ȃ Һ ԅ ̆ Ἕ

̆ ⌠ ӟ ῏ Ȃ BLIP2̆ ѿҩQ-former

Vicunăᵬҹ ̂Li et al. 2023̃ ȂQwen-

2.5-VL-3B Ԑ ₮ Qwen-2.5↓Ҭ ̂VLM̃̆ ῒΐ

ҍ ⱬ̆ ҹ3B̂30ַ ̃̆ ԍ

̂Bai et al. 2025̃ Ȃῒ ⱬ ԍQwen-2.5 LLM↓̆ Ҭ

῀̆ ῒ Ҭ Ȃ Qwen-2.5-VL-3B ҹ ⌠ῒ

ץ̆ Ҭ Ȃ 

 2-19  

Figure 2-19 The basic architecture of visual-language models 
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Ҏ  SporeScanЕ ∆  

Ҭ̆ ᶏ ֲ Ҥ ̆Ҍֽ ⱬ̆

ѿ Һ Ȃ ̆ ӟ ̆ ᶏ ԅ

Ἕ ᴋⱵȂ ̆ ֓ ҳ

ȁ ̂Hernández et al. 2022̃Ȃ ̆ Ҭ̆ ᶏױ ԅ

Ҍ № ̆ ԅѿҩ ̆ YOLO 

v8n̂ ᵝ̃, Mobile SAM̂ ̃ UNet̂ №◓̃, 

ȁᵞ ȁ ꜚ ̂  3-1̃Ȃ 

 3-1 Ῑ Ҭ ץ ᵀ Ҥ Ȃ(a) Ἕ ҩ ҉

ẫ Ȃ(b) ҩ Ҥ ᵀ ̆ ԅ ẫ ̆ῒҬ ṿ

₮ Ҥ Ȃᴰ ԍ ̆ ץ

̂CNNs̃ Һ Ҭԍ ҩ ᵀȂ 

Figure 3-1 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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3.1  

3.1.1 SporeScan  

ҹԅ ‰ ҉ Ҥ ᵀ̆ ױ ԅ ꜚ Spo

raScanȂ ᵬ  3-2 ȂSporaScanҺ Ҋ̔̂ 1̃ YO׆

LO v8↓ Faster R-CNNҬ ᵝ̆̂ 2̃ ᵀᶏ

Mobile SAM №◓ ץ̆ ̂3̃ -

̆ ԍ №◓Ȃ ҩ ΐᵣ Ҋץ Ҭ

Ȃ 

 3-2 Ҥ ꜚ ᵀ ᵬ Ȃ(a)ԍ ἝҬ ᵝ

Ȃ(b)ᶏ Mobile SAM ̆ ᶫ ᵬҹ ῀ Ȃ(c)ԍ№◓

Ȃ 

Figure 3-2 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. 

 

3.1.2  

ᴆ  i7-13700KF CPUȁ128GB ῤ ץ  CUDA 

12.2 ꜚ 24GB  NVIDIA GeForce GTX 4090 GPUȂYOLO ↓
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ᶏ ԅ Ultralytics ᶫ ̆  Faster R-CNN ԍTorchVision 

ȂMask R-CNN ף ԍhttps://github.com/WZMIAOMIAO/deep-learning-f

or-image-processingȂ 

3.2 Ҳ  

3.2.1 YOLO v8 ∆ ғῚל ᵣ  

ҹԅ‰ ᵝҌ Ҋ ̆ ԅYOLO v8↓ҍFaster R-

CNN ᵀȂ ңҩ ῾ҙ ᵣ ᴋⱵҬ ̆ ғ ΐ

̂Di et al. 2023; Tu et al. 2020̃ȂYOLO v8↓ᵬҹѿ ̆

‰ Ȃҍӊ ̆Faster R-CNN ѿ ң ̆

ᴆҊ ᶫ ̆ᵖΐ ̂Ren et 

al. 2016̃ Ȃ 

ҹԅ ᵀ ֓ ̆432 Ἕ №ҹ ̂260̃ȁ ̂86

̃ ̂86 ̃̆ 6:2:2ɒ № ȂYOLO v8↓ Faster R-CNN

№≢ᶏ CSPNetResNet50ᵬҹ ̆Ḇ ԅ Ȃ ῒ

ז ӊ Ḡ ѿ Ȃΐᵣ ̆∆ ԍCOCO ̂Li

n et al. 2015̃ Ȃᴨ ᶏ ԅ Ҋ ̂SGD̃̆ ∆ ӟ ҹ0.001̆

⁞ҹ0.0005Ȃ 150ҩ ̆ 10ҩ ῤ Ả Ȃ

ҹ16Ȃ ԍ ҉ ᶃ ̆ ԅḠ Ḃץ ѿ ᵀȂ 

ҹԅ ᵀ ᵝ ̆ ԅ0.5ṿҊ ṿ̂mAP@50̃ᵬҹ

ᵀ ȂmAP@50 Ҋ̔̂ 1̃ ҩ ≢ 0.5֜ ̂IoŨ

ṿҊ - ̂Precision-Recall curveȂ̃̂ 2 ҩ ≢ ̂A

P̃̆ ṿ - Ҋ Ȃ̂ 3̃ ≢ APṿ ץ̆ m

AP@50Ȃ ԍ ԅѿҩ ≢̂ ̃̆ mAP@50ᴇԍ APȂ

mAP@50 Ὲ ̔  

 
1

1
mAP@50=

N

i

i

AP
N =

ä  (3-1) 

Ҭ̆N ≢ ̆ iAP iҩ ≢ ȂmAP@50 ṿ ҹ

0%⌠100%̆ ṿ Ҭ Ȃ ̆ ᶏ

̂FPS̃ ᵀ Ȃ 
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3.2.2 UNet ғῚל ἥⅎ◙ ⅎ◙ ֥  

ҹԅ ̆ ᶏױ ԅ8ҩ ᾢ

№◓Ȃ ֓  UNetȁUNet++ȁDeepLabV3ȁDeepLabV3+ȁFPNȁPANȁMA

Net  LinkNetȂ ֓ ԅ - ̆ ‰ ≢ ҉

̂Lin et al. 2019̃ Ȃ ֓ ῏ ῒ

 3-1Ȃ 

 3-1 ԍ №◓ ῇҩ№◓ ̆ 

₮ ῒ῏  

Table 3-1 Overview of the eight segmentation models employed for leaf disc and downy mildew 

sporulation segmentation, highlighting their key features and corresponding references 

 ῏   

UNet - ̆ Ҭ

ҍ Ҭ Ȃ 

(Ronneberger, Fischer, & Brox, 

2015) 

UNet++ UNet̆ Ḇ Ҍ

ӊ ᴰ Ȃ 

(Zhou, Siddiquee, Tajbakhsh, 

& Liang, 2020) 

DeepLabV3 ᶏ ̆  Atrous 

̂ASPP̃ Ȃ 

(Chen, Papandreou, Schroff, & 

Adam, 2017) 

DeepLabV3+  ASPP Ҭ ῀ Xception №

Ȃ 

(Chen, Zhu, Papandreou, 

Schroff, & Adam, 2018) 

FPN Ȃ (T.-Y. Lin et al.̆2017) 

PAN Ҍ ╠ ῀ ⱬ ̆

ԅ FPNȂ 

(H. Li, Xiong, An, & Wang, 

2018) 

MANet ῀ ⱬ ᴨץ Ȃ (R. Li et al.̆2022) 

LinkNet ѿ №◓ ̆ᴨ ԅ ̆ Ḡ ԅ

Ȃ 

(Chaurasia & Culurciello, 

2017) 

ԍ ңҩ ̆ Ἕ ῒ 6:2:2ɒ ⅞№ҹ

̂1,595Ἕ ȁ̃ ̂531 Ἕ̃ ̂532 Ἕ Ȃ̃ ῇҩ№◓

ԅ Ȃΐᵣ ̆ᶏ  ResNet-34 ᵬҹ

̆ ᶏ ImageNet ҉ ∆ ̂Deng et al. 2009; He et al. 20

15̃ Ȃ Ἕ ҹ5Ȃ ף ҹ300̆

҉ 10 ף ╠Ả Ȃᶏ ԅ64 Ȃ  Adam ᴨ

̆∆ ӟ ҹ0.0001̆  Dice ᵬҹ ₱ ȂḠ ԅ ҉

ᶃ Ȃ 

ṿҹ0.5 ’Ҋ̆ᶏ ֜ ̂mIoU@50̃ ᵀ ֓№◓

Ȃ֜ ̂IoŨ ӈҹ ꜚ ҍ ӊ ҍ

Ȃΐᵣ ̆ ᶛἝ ̆ ᶛἝ ̂TP̃ȁẊ ᶛ

Ἕ ̂FP̃ Ẋ ᶛἝ ̂FÑ Ȃ ̆mIoU@50̂Ὲ 3-2̃ ≢
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҉ IoUȂ 

 
1

TP1
mIoU@50=

TP FP FN

N
i

i i i iN = + +
ä  (3-2) 

Ҭ̆N ≢ ̆ iTP i ≢Ҭ ᶛἝ ̆ iFP

i ≢Ҭ ҹ ᶛ Ἕ ̆ iFN i ≢Ҭ ҹ ᶛ Ἕ ȂmIo

U@50 ṿ ҹ0%⌠100%̆ ṿ №◓ᴋⱵҬ Ȃ

̆ ᶏ ̂FPS̃ ᵀ Ȃ 

3.2.3 ᶕ Mobile SAM ⅎ◙ Ғ ᵣⅎ  

‰ ԍ № ῏ ̂Xu et al. 2024̃ Ȃҹԅ

׆ Ҭ№ ̆ ᶏ ԅMobile SAM̆ ȂMobile SAM

ѿҩ ̆ ᴨ ץ ꜚ ̆ ԍSegmentation A

nything Model̂Kirillov et al. 2023b; Zhang et al. 2023b̃Ȃ ῀ Ḥ

̆ ȁ ̆ ҹ Ἕ ׆̆῀ ᴋⱵҬΐ -shot

ⱬ̆ №◓Ȃ 

Ҭ̆YOLO v8n ᵬҹMobile SAM

῀Ȃ ᶏ ̂  2̃Ȃ ̆≠ ֓ ᵝ

̆ᵝ OpenCV 4.2̂Bradski 2000̃ Ȃ ̆

ҩ ׆ ῀ ἝҬ№ ₮ Ȃ 

ҹԅ ᵀ ̆ ֓ ңҩҌ Ἕ ҉ ԅ

̔ѿҩ ‪ Ἕ̆ ѿҩ ἝȂ Ἕ

ץ̆ Ḡ ᵀ ‰ Ȃ ̆ ҩ ԅ2,658

ἝȂ 

3.2.4 SporeScanғMask RCNN ⅎ◙  

╠ ̆Mask R-CNN ҹ ᶛ№◓ ӊѿ̆

₮ ꜚ Ҥ ᵀҬ ⌠ ⱬ̂He et al. 2018; Kumar et al. 2023̃Ȃ

̆SporaScanѿ ҍMask R-CNN ԅ ̆ ᵀԅ ᵝץ

№◓ Ȃ 

Mask R-CNNᶏ 432 Ἕ ̆ ׆ COCO ҉

∆ ̂Lin et al. 2015̃ Ȃᴨ SGD̆∆ ӟ ҹ0.001̆ꜚ

ҹ0.9Ȃ ԍῤ └̆ ҹ2Ȃ ᵀ Ҭ̆ ᵝᶏ mAP@5

0 ̆№◓ ↕ᶏ mIoU@50Ȃ 

̆ ԍ ֓ ̆Mask R-CNN
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№◓ ᵞԍSporaScanȂ ̆‰ ᵝ №◓ ╠ ̆ ̆

Һ ῏ ᵝ Ȃ 

3.3 Ҫ ᵆ 

ҹԅ ᵀ SporaScan̆ ԍ ԅҤ Ȃ

Ҥ ӈҹ ᶛ̆ ᵀ ѿҩ῏

̂Hernández et al. 2021; Zendler et al. 2021̃Ȃ ᶏץ ҊῈץ ̂Ὲ ̂3̃̃

̔ 

 100%= ³
֟

Ҥ  (3-3) 

ԍ Ἕ̆ ңҩ ̔ѿҩ ԍ ̆ ѿҩ ԍ Ȃ ᾢ̆ ң

ҩ 0.5 ṿ ҹԋṿ ̆ῒҬἝ № ҹ1 № ̆ №

ҹ0 № Ȃ № ҹ Ἕ ӊ

̆ ↕ № ҹ Ἕ ӊ Ȃ ꜚ

Ҥ ԍ Ȃ 

ҹԅ ᵀ ꜚ ӊ ѿ ̆ ᶏױ ԅ‗ ̂Rа̃ȂRа 

Ὲ Ҋ̔ 

 

( )

( )

2

2 1

2

1

1

n

i i

i

n

i

i

y y

R

y y

=

=

-

= -

-

ä

ä
 (3-4) 

Ҭ̆ yi ҩ ҉ ꜚ ̆Ĕyi ҩ

҉ Ҥ ̆ iy ҉ ꜚ Ҥ

̆n Ȃ ֽױ ԅ Ҭ ҩ Ҥ Ȃ 

3.4 ֥ ⅎ ғָ  

ԍἝ ≢ ꜚ ᵬ ғ ̆ Ҭ ᴪ₮ ѿ֓

Ҍ‰ ӊ ̂  3̃Ȃ ̆ Ҭ̆ ꜚ Ҍ Spora

Scan Ȃҹԅ ᵀSporaScanԍ ꜚ ̆ ױ ԅ

ѿ ץ̆ ֲ Ẓ Ȃ 

ױ ԅѿҩ ̆ ԍ ҩ ҈ Ἕ̔̂ 1̃ Ἕ̆

̂2̃ 50%ץ ⱴ Ἕ҉ ꜚ ץ̆ ̂3̃ 50%ץ ⱴ

Ἕ҉ SporaScanȂ ң Ἕץ Ȃ ᴋᵥԊᾢ
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’Ҋ̆11 ֲ ׆≢№ Ҭ № ⌠100 Ἕ̆

‰ Ȃ ᶫԅ҈ ̔̂ 1̃ ꜚ ᴨ̆̂ 2̃ ᴨ̆

̂3̃ ң ‰ Ȃ ̂2̃ ̂3̃ ҹ SporaScan

ᴨԍ ҍ ꜚ Ȃ 

ֲ ̆ ױ ᶛ ԅ № Ȃ ױ

ԅT ץ̆ ᵀ ꜚ ҍ ӊ ̆ ṿ ҹ

0.05p< Ȃ ᵀҹ ҍ ꜚ Ҭ ᶫԅ

Ȃ 

3.5 ⅎ  

3.5.1 YOLO v8 ∆ ᵣ  

 3-2 ԅYOLO v8↓ Faster R-CNN ᵝᴋⱵҬ Ȃ

҉ ⌠ԅ 99%mAP@50̂ ṿ̃̆

₮ ‰ ⱬȂ YOLO v8↓Ҭ̆ YOLO v8n

̂3.0M̃ҍ YOLO v8x̂68.2M̃ ԅ mAP@50Ȃ ̆YOL

O v8n₮ ̆ ⌠212.8 FPS̆ YOLO v8l ᵞ̂10

9.8 FPSȂ̃ Faster R-CNN mAP@50҉ ᴨԍYOLO v8↓̆ᵖ ԍῒ

̆ῒ ᵞȂ  3-3 ԅ Ҍ №

ᴆҊ ᵝ ⱬ̆ ԅῒ ‰ ẫ Ȃ 

 3-2 ᵝᴋⱵҬ ȂmAP@50 ṿҹ0.5̆ ҩ ≢

ṿȂParams ̂ ᵝҹ ҆ Ȃ̃FPS Ȃ 

Table 3-2 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 modelsô parameters in 

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

 mAP@50val mAP@50test Params(M) FPS 

Faster R-CNN 99.80% 99.90% 41.3 19 

YOLO v8 

↓ 

YOLO v8n 99.40% 99.50% 3 213 

YOLO v8s 99.40% 99.40% 11.1 196 

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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 3-3 YOLO v8nҌ № Ҋ ᵝȂ

ȂľWidthĿ Ἕ ľ̆HeightĿ Ἕ Ȃ ҹ Ῑ Ȃ 

Figure 3-3 Predicted localization of grapevine leaf discs at different resolutions by the YOLO v8n. Red 

boxes represent the predicted bounding boxes of grapevine leaf discs. ľWidthĿis the horizontal pixel 

number, and ľHeightĿis the vertical pixel number. The background is a Petri dish. 

3.5.2 ⅎ◙ ЕUNet Mobile SAM 

 3-3 ԅῇҩ№◓ №◓ᴋⱵҬ

Ȃ ̆ №◓ ҉ ₮ѿ

̂+0.4%̃̆ ⌠ԅ 96% mIoU@50̂ ֜ ̃̆ ₮

ⱬȂ ҉ mIoU@50⌠96.2%̆ ҉ҹ96.4%Ȃ ֓ ӊ

ȂUNet ᴨԍῒז ̆ ̂96.44%̃ ̂96.53%̃҉

ԅ mIoU@50Ȃ 21.47M⌠26.08Mӊ ̆

Ȃ ̆FPN ԅ FPŜ289̆̃ DeepLab V3FP

S ᵞ̆ҹ234Ȃ UNet++mIoU@50ҍUNetɜ ̆ᵖῒFPS ᵞȂUNet

mIoU@50 ̆ Ḡ ԅ276 ԈⱬFPSȂ 
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 3-3 8ҩ№◓ №◓ᴋⱵҬ ȂmIoU@50

ṿҹ0.5̆ ҩ ≢ ֜ ̂Intersection over Union̆IoŨȂParams

̂ ᵝҹ ҆ Ȃ̃FPS Ȃ 

Table 3-3 The performance of the eight segmentation models in segmenting grapevine leaf discs and 

downy mildew sporulation. mIoU@50 represents the mean of IoU (Intersection over Union) for each 

class at a threshold of 0.5. Params denotes the size of modelsĽparameters in million. FPS refers to the 

number of frames processed per second. 

 
  

 FPS 
mIoU@50val mIoU@50test mIoU@50val mIoU@50test 

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 

 3-4 ԅMobile SAM ҍ ’Ҋ̆ ȁ

҈ҩ ≢№ Ȃ Ҭ ҩ ᾝ ṿ ѿ ̆ ≢ӊ

№ Ȃ ̆ № ӊ № ᵣҊ ̆ᵖ ҍ ӊ

№ ⱴȂ ҍ ӊ № ᵞԅ2.77%Ȃ ҍ

ӊ № ҹ Ȃ ̆ ҍ ӊ № ⱴԅ 1%Ȃῒז

≢ӊ № Ȃ 

 3-5 ԅῇ №◓ №◓ ᶛȂ ֓

ᶛ ₮ԅ ֓ ᴨלȂ╠ң ԅ ҍ ꜚ Ҍ ҉ ѿ

Ȃ 3 5 ԅ ҩ №◓ ⱬȂ

ѿ ↕ ԅ ẫ ‰ №◓Ȃ ᶛҬ̆ ֓ ₮ѿ

№◓‰ ֽ̆ №◓ҍ ꜚ Ҭ ⌠

Ȃ 
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 3-4 ԅMobile SAM ҍ ’Ҋ̆ ȁ ҈ҩ ≢№

Ȃ Ҭ ҩ ᾝ ṿ ѿ ̆ ≢ӊ № Ȃ ̆

№ ӊ № ᵣҊ ̆ᵖ ҍ ӊ № ⱴȂ 

Figure 3-4 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. 

 

 3-5 ҉ ף №◓ ᶛȂ ѿ↓ Ἕ̆ ԋ↓ ԅ
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ꜚ Ȃῒז↓↕ ԅ ῇ №◓ Ȃ 

Figure 3-5 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. 

3.5.3 SporaScanғ Mask R-CNN  

 3-4 Mask R-CNN SporaScanβ ץ №

◓ᴋⱵҬ ԅ № ȂSporaScanβ ᴋⱵҬ ԅ mAP@5

0̂ ṿ̃̆ №◓ᴋⱵҬӞ ԅ mIoU@50̂ ֜ Ȃ̃ΐᵣ

̆ ҉̆SporaScanβ ᴋⱵҬ№≢ Mask R-CNN ₮4.

51%5.90%Ȃ №◓ᴋⱵҬ̆SporaScan ҉

№≢ҹ8.04%9.27%Ȃ SporaScan ⱬ҉ ᴨԍMask R

-CNNȂ 

 3-4 Mask R-CNN SporaScan ȂmAP@50 ṿҹ0.5 ṿ̕

mIoU@50 ṿҹ0.5 ֜ ̂Intersection over Unioñ 

Table 3-4 The performance of Mask R-CNN and the SporaScan. mAP@50 represents the mean average 

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

threshold of 0.5. 

 
ᵝ ֟ №◓ 

mAP@50val mAP@50test mIoU@50val mIoU@50test 

Mask R-CNN 94.89% 94.60% 88.36% 87.23% 

SporaScan 99.40% 99.50% 96.40% 96.50% 

 

 3-6 ԅMask R-CNN SporaScan ף ᶛȂMask R-CNN

Һ ᶛ ᵝҌ ץ №◓ ΌᵩȂṿ ̆

ᵝ № ᵝԍ Ἕ ᶷȂ ӊҊ̆SporaScan ̆

‰ ᵝ ̆ ᾧ Όᵩ̆ ₮ῒ №◓ᴋⱵҬ ẫ

Ȃ 
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 3-6 ᵝ №◓ ᶛȂ(a) Ἕ̆(b) SporaScan

̆(c) Mask R-CNN ̆(d) ң ӊ Ȃ 

Figure 3-6 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. 

3.5.4 SporaScan Ҫ Ҳ  

 3-7 ԅ SporaScanҤ ꜚ ҍ ӊ Rа

ṿ̆ץ ἝҬ ҩ ᶛȂ Ҭ̆ Ҥ ṿ Ҭ  

0% ⌠ 40% ӊ ̆40% ⌠ 60% ӊ ȂSporaScan ҍ ꜚ ₮

ѿ ̆Rа ⌠ 0.992Ȃ ѿ € ԅῒ ᵀ Ҥ

₮ ẫғ ֽ̆ Ȃ 
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 3-7 Ҥ ꜚ ҍSporaScanӊ ѿ ̂Rаṿ̃ ᶛȂ(a) 

ꜚ ҍSporaScanҤ ̆(b) ꜚ Ἕ̆(c) Ἕ̆(d) SporaScan

ҩ Ҥ Ȃ 

Figure 3-7 The coefficient of determination (R2) 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. 

3.5.5 ꜠ ғ ẘ  

 3-8 ԅ ֲ SporaScanҍ ꜚ ӊ Ẓ Ȃ

ꜚ Ҭᵝ ᶛ ҹ20%̆ SporaScan↕ ԅ 80%Ẓ

Ȃ ң ӊ ⌠ԅ ҉ ̂ p< 0.05̃̆ ֲ S

poraScan Ẓ Ȃ 
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 3-8 ԅ ֲ SporaScanҍ ꜚ ӊ Ẓ Ȃ ꜚ Ҭᵝ

ᶛ ҹ20%̆ SporaScan↕ ԅ 80%Ẓ Ȃ ң ӊ ⌠ԅ

҉ ̂ p < 0.05̃̆ ֲ SporaScan Ẓ Ȃ 

Figure 3-8 The results of T-test between SporaScan predictions and manual annotations based on 

techniciansĽpreferences. 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. 

3.6  

ᵀ ╕ ԍ ῏ ̆ Ҥ

Ȃᴰ Ҭ Ҥ ᵀ Ꞌꜚ ȁ ̆

ғ ԍ ֲ Ғҙ Һ ̆ ₮ Ẓ Ȃ Ҭ̆

ױ ῀ԅѿ ԍ ӟ ĺSporaScan̆ ԅYOLOv8nȁMobile SA

M UNet̆ץ ꜚ ῏ ᴋⱵ̆ ȁ №◓Ȃ

≠ ᵞ ̆SporaScan‰ ᴨԍMask R-CNN

⌠ ̆ ғ Ҭ ԅ ꜚ ᵀ ȂSporaScanҹ

ᵬ ╕ ᵀ ᶫԅѿ ғ ΐ̆ ꜛԍ ꜚ

Ȃ 

3.6.1 ∆ SporaScanB ԓ └ Mask R-CNN 

Mask R-CNN ѿ ⌠ ᶛ№◓ ̆ ҉ ץ

№◓ Ҥ ̂Afzaal et al. 2021; Kumar et al. 202

3̃Ȃ ᶫԅѿ ֲ ⌠ ‗ ̆ᵖ

̆Mask R-CNN Ҍ SporaScan Ȃ ץ

ԍ₃ҩ Ȃ 
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ᾢ̆Mask R-CNNɰ ԍ ̂Region Proposal Network, RPÑ

Ȃ ҍ ӊ ≠ԍ ̆ᵖ ץ ҍ

ӊ ᴪ ‰ ̆ ᵝҌ Ȃ

ӊҊ̆SporaScanYOLOv8nҒ ԅ ̆ ẫ

ᵝ ⱬ ԅ 99%mAP@50̆׆ ⁞ ԅ № Ȃ 

ῒ ̆ ⌠ ҬᴋⱵ ԅᴋⱵҒҙ ȂMask R-CNN

ȁ № №◓̆ ᶏ ѿᴋⱵ ᴨ

̂Yang et al. 2024̃ Ȃ ≢ ԍ ᵖᵝ ̆Mask R-CNN

ᴪ ױ ҹѿҩ ҩ ׆̆ №

◓Ȃ ̆SporaScan ᵬ ѿ └̔ ᶏ Mobile SAM

̆ ≠ UNet №◓Ȃ ᶏ ҩ ᴆ Ғ

ԍῒ ⱳ ׆̆ ԅ 96%№◓mIoU@50̆ ⁞ ԅ ѿ

ҩᴋⱵ ֟ Ҍ Ȃ 

̆Mask R-CNN ȁ ץ ⱴ ῒ

̆ ԍ № ѿҩ Ȃ SporaScan↕

≠ ᵖⱳ ̆Ҍֽ ᶫԅ ‰ ̆ ԅ ᴨ ̆ᶏ

ῒ Ȃ 

҉ ̆ Mask R-CNN ᶫԅѿ ⌠ Ҥ ᵀ ̆ᵖ

ῒ ᵝ ȁᴋⱵҒҙ └ԅῒ ᵣ ȂSporaScan

№ ᴨ ҩ ᴋⱵ̆ ԅ ғ ‗ ̆

‰ ᵀ Ҥ Ȃ 

3.6.2 SporaScan ꜠ Ҫ ᵆҲ ᴮ  

‰ ғ ꜚ Ҥ ԍ ῏ ̆ ѿҩ

ғ ẫ ץ ꜚ ῀ Ẓ Ȃ Ҭ̆SporaScanҤ

ᵀҍ ꜚ ₮ ѿ ̆ ғ ֲ Ẓ Ҭ ԅ

ꜚ Ȃ ѿ ̆SporaScanҌֽ ץ └ ꜚ ᵀ̆ ᾥ ԅ ꜚ

Ҭ Ҍѿ Һ Ẓ Ȃ 

SporaScanѿҩ῏ ᴨל ԍῒ Ἕ №◓ĺĺ ֲ

ꜚ ѿ Ȃ ꜚ ᴪ

ᵌᵀ ̆ ἝUNet ↕ ҹԅץ Ḡ ֓ Ȃ ̆S

poraScan ׆ ῀ Ҭ№ ̆ ῒ

ᴆҊȂ ̆ ԍCNN ᶏ Ἕ ᵀ

Ҥ ץ ⌠ҍ ꜚ ̂Lin et al. 2019; Qiu et al. 202
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2̃Ȃ 

׆ ̆ ֓ ₮ԅ ԍCNN Ҥ ᵀҬ ᴨ

ל Ȃ ֲ ẁ ԍ ꜚ ̆ ԍ ԍCN

N ᵞ ῃ ꜚ ̆ ᶏ ᶏ ᵞ Ἕ҉

Ӟ Ȃ ⌠ ԍ ῀ ץ̆

ᾣ Ȃ ᴪҒ ԍ ‗ ȁ

̆ ѿ Ҥ ᵀ̂Barbedo 2018b̃ Ȃ 

3.6.3  

ѿ֓ ̔̂ 1̃ ᶭ ̆ Ҍ Ғ ҹ ᴋ

Ⱶ └ ̂̕ 2̃ Ҭ̆ Ȃ ̆

̂CNÑ Ҋ Ҭ ₮ ̆ ῾ҙᴋⱵ̆ ԅᴰ

Ȃ ̆ ֓ ̆ ׆ ױ Ҍ ᴆҊ

Ҭ ⌠ԅ Ȃ ̆ ԅ ᴨ̆ל ֓

ѿ ֟ ᴨ ̂Xu et al. 2024; Yang et al. 2024̃Ȃ 

ԍ ₮ № ̆ ꜚ ׅ ≢ΐ ̆ ‰

ץ ԅ Ȃ ῀ Ἕ ԅ ᵣ №◓ ̆

Ӟ€ ԅ ѿ ᴨ Ȃ №◓

̆ ᾢ ץ ᶏ Ȃ 

3.7  

ԅSporaScan̆ ѿҩ ꜚ ̆ ԅYOLO v8nԍ

ᵝȁMobile SAMԍ ץ UNetԍ №◓Ȃᶏ 432

Ἕ̆ 6000ҩ ̆SporaScan ԅ 99%mAP@5

0ȁ ԍ96%mIoU@50ץ 0.99Rаṿ̆ῒ ҍ ꜚ ̆ ⁞

ԅֲ Ꞌꜚ Һ Ȃ 

֓ ₮ԅ ӟ ᵬ ȁ ╕ ᵀ ῏ Ҭ

ᵬ ⱬ̆ ᴋⱵ№ ҹҒҙ Ȃ ᴪ ⱬ

ԍ ⌠ ᴆ ᵬ Ҭ̆ №◓ ⱬ̆

῀ ץ̆ ѿ ẫ ⱬȂ 
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 ԓ Qwen-VL ἥ  

Ҭ̆‰ ≢ ̆ ╠ ῏ Ȃ

≢ ̆ Ӟ̆ ԅ Ȃ ԍ

≢ ₮ ‰ ̆ ≢ ᴆҊȂ

֓ ᶭ ̆ Grad-CAM ֽֽ̆ ₮ Ἕ ѿ №

№ ̆ Ἕ ӈ ׅ Ҍ ̂Rahman et al. 2020; Yan et 

al. 2025̃ Ȃ Ἕ ̆ Ҋ ḤᴋҌ Ȃ

̆ ╠ ᾟ№ ӈ Ȃ ̆

ԅ Ἕ ⱬ̆ ץ Ἕῤ ғ Ȃ

≢ Ҋ̆ ῀ ץ ᶫѿҩ ‗ ץ̆

Ȃ ץ ᵝ ȁ ȁ ȁ Ȃ

̆῾ Ғ ץ ‰ ’̆└

̆ ⁞ ≢  пπмȂ ᵀԅ

̆ Qwen-2.5-VL-3B, Ҍ ̆ ҍῒזBLIP2ȁ

DeepSeek-2-VLȁKimi-2-VLץ Describe Anything Model (DAM)Ạԅ Ȃ 

 4-1 Ҭ Ȃ Ҭ ԅ῾

̆≠ Ἕ ̆ ⌠ Ȃ ₮

ꜛ῾ ≢ Ȃ 

Figure 4-1 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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4.1.4  

ᴆ Intel(R) Core(TM) i7-13700KFҬ ȁ128GBῤ

ȁץ 24GB NVIDIA GeForce GTX 4090ᾝ ȂȂ ̆

Python 3.11ȁPytorch 2.0ץ CUDA toolkits 12.2Ȃ ҍ

Ubuntu 22.04ᵬ Ҋ Ȃ 

4.2  

4.2.1 Ғ Qwen-VL  

ҹԅ ̆ ᶏױ ԅLoRA Qwen-VL

ԅ Ȃ LoRA Ҭ̆ ױ ԅң Ҍ ̆ΐᵣҹ ҹ

8, Ŭҹ16̆ץ ҹ16, Ŭҹ32Ȃ ң Ҭ

Ȃ ‟ Qwen-VL ̆ ױ ῍ ⌠҈ Ȃ

Ҭ̆ ױ ԅ ṿ ̆ ԍ Ȃ

Ҭ̆ᶏ Ḡ ѿ Ḡץ̆ Ὲ Ȃ ̆

ױ ԅ ᵬҹ ̆ ҹFT-Qwen-VLȂQwen-VL

ᶏ ԅLLaMa-factorŷZheng et al. 2024̃Ȃ‟ ԍHuggi

ng FacetransformerŝWolf et al. 2020̃ Ȃ 

4.2.2 FT-Qwen-VL ғῚל  

ҹԅ Ḥ Ҭ Ҍ ̆ ᶏױ ԅLLM ꜛ

Ҍ Ḥ ȂLLM ᶏ ԅKimĭ ҹmoonshot-v1-8k̆

ҹ0.3̆ץ⁞ ̆ᶏ ẁ ԍ Ȃҹ

ԅ Ҍ ҍ ̆ ױ ԅ ̆ΐᵣҹ

ľ׆ ȁ ȁ ᵝ ҩ Ҋңҩץ ,

ᵌ,↕ 1,↕ 0,ῒ҈זҩ , ↕ 0, ⌠ ᵌ[1,

1,0,1]ҩṿȂ 1ҹ:{caption},2ҹ:{prediction}╠ , ҩṿ,

[]₮ȂĿῒҬcaptionҹ ꜚ ̆predictionҌ

Ȃ ̆ҹԅ ᾧ ҉Ҋ ̆

ױ ҩ ԅKimi APĬ ғ ҹ0.3ץḠ ᵀ ̆

⁞ Ҍ Ȃ ₮  1 Ȃ ̆ ױ ⌠ԅҌ

ԍ№ ῒ‰ Ȃ 
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4.2.3 Ғ ‼  

ҹԅ ᵀ FT-Qwen-VL ̆ ױ ᵀ

ԅῒ4זҩҌ ̆ ֓ BLIP2 ̂ Li et al. 2023̃ ȁDescribe

 Anything Model̂DAM̃  ̂ Lian et al. 2025̃ ȁDeepSeek-VL2 ̂ Wu et al. 202

4̃ȁץ Kimi-VL-A3B̂KIMI-VL̃  ̂ Team et al. 2025̃Ȃ ֓ ҹ

̆ ҙ ⌠ԅ ῏ Ȃ ױ ҉ ҹҍ

GPT-4o Ȃҹԅ ֓ ̆ ױ ԅ ױ Ḥ

̆  4-1 Ȃ ԍGPT-4o ̆ ױ ῒ ᵀ̆

Ҭ Ȃ 

 4-1 ԍ ᵀ 4ҩ ̆ ῀ ̆ᶏ ѿ ̆ 

Ȃ 

Table 4-1 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 

   Һᵣ    

BLIP2  
~220M / 

~340M 

ViT Encoder + 

Transformer Decoder 

Ἕ ȁ

ȁ  

Describe Anything 

Model 

Ἕ№◓

 
~400M 

ViT + SAM + Text 

Encoder 

ԍᴋ ӈ

№◓  

DeepSeek-VL2  ~7B InternLM +  
ȁ

ȁ  

Kimi-VL2  ~30B 
DeepSeekV3+ Ἕ

 

ȁ

ȁ  

ҹԅ ᵀ ֓ ̆ ױ ԅ ‰ ̆ ѿ ↓

ѿ ῀⌠ ֓ ҬȂ ҹױ ҩ ᶫԅѿ ̆ ľ

ȁ ȁ№ ᵝ Ŀ̂ Ҭ Ȃ̃ ̆ ױ

ԅ Ȃ ԅ ֓ ӊ ̆ ױ ԅ

҉ץ ҩ ᵀ ̆ ԅ ᵀ Ȃ ̆ Ӟױ ԅ ֓

Ҍ ‰ Ȃ 

4.3 ⅎ  

4.3.1 Ғ Qwen-VL  

 4-2 ԅң Ҍ Lora Ҋ̆ Ҭ ṿ ̆

ױ ԍ № Ȃ ҹr=8̆Ŭ=16̆ ԅ

800 ⌠ ̆ ᵀ ѿ ̂r=16̆Ŭ =32̃
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 4-2Ȃ ҹr=16̆Ŭ=32̆ 900Ȃ 

̆  4-2 LoRA ᴨԍ ‟ Ȃҍ ľ‟ Ŀ ̆

LoRA ңҩ ҉ ԅ Ȃץ BLEU-4 ҹ

ᶛ̆‟ ᴆҊֽҹ 25.39%̆  67.82%̆  +42.43 %ȂRO

UGE ⌠ ̆ Ҍֽ ԅ ѿ ̆ ԅ

ᶭ Ḥ ⱬ̆ROUGE-1׆‟ 31.54% 71.54%̂r=8, Ä=

16̃̆ 40 %̆ROUGE-27.86%48.18%̆׆ ҹ ̂+40.32%Ȃ̃

ROUGE-L19.77%61.49%׆Ȃ ң LoRA ‟ ̆ᵖr=

8, Ŭ=16 ҉ ᴨԍr=16, Ŭ=32̆ ̂r=8̃ ⱬ

̂Ŭ=16̃ ᴋⱵҬ Ȃ 

 4-2 ҬҌ Qwen-2.5-VL-3B  

Figure 4-2 Loss variation during the training process when fine-tuning the Qwen-2.5-VL-3B model with 

different training parameters. 

 4-2 Qwen Ҭ  

Table 4-2 Performance of the fine-tuned Qwen model on the test dataset. 

  BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L 

‟  Qwen-2.5-VL 25.39% 31.54% 7.86% 19.77% 

r=8, Ä=16 Qwen-2.5-VL  67.82% 71.54% 48.18% 61.49% 

r=16, Ä=32 Qwen-2.5-VL 67.37% 70.66% 46.85% 60.52% 
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4.3.2 FT-Qwen-VL Ὶל  

 4-3 ₮FT-Qwen-VL ҉ ᴨ̆ ₮

ⱬ̆BLEU-4 67.82%̆ROUGE-1ҹ71.54%̆ROUGE-2 48.18%̆ROU

GE-Lҹ61.49%̆ DAM̂ BLEU-4ҹ33.30%Ȃ̃ ӊҊ̆BLIP2 ̆B

LEU-4 ֽҹ3.90%̆ROUGE-2ֽ ҹ2.63%ȂDeepSeek-VL2 Kimi-VL Ҭ̆ῒ

ҬKimi-VL  BLEU-4ҹ23.41%̆ ᴨԍDeepSeek-VL2 14.99%Ȃ׆Ҍ

̆FT-Qwen-VL ȁ῏ Ḥ ӈḠ ᾢ̆ ῒ

ᴋⱵҬΐ ⱬȂ 

 4-3 ҍῒז ̆ ҉ ȂDAM Describe 

Anything ModelȂFT-Qwen-VL Qwen-VL  

Table 4-3 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. 

 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% 

4.3.3 FT-Qwen-VL ғῚל ‼  

 4-4 ԅFT-Qwen-VL ≢ ҩ ̂ ȁ ȁᵝ ȁ ̃҉

ῃ ᾢ̆ ᵣ ᴨ̆№≢ ⌠80.04%ȁ80.49%ȁ29.27%ȁ86.92%Ȃ ӊ

Ҋ̆BLIP2 ᵞ̆ ῒ ᵝ ≢҉ֽҹ 7.47%  4.07%ȂKimi-V

L ӊ̆ ̂№≢ҹ 76.47%  71.95%̃̆ ᵖ ᵝ ≢҉

ҹ 16.06%̆ᵞԍFT-Qwen-VLȂDeepSeek-VL2 ҉ ̂66.74%ȁ

69.00%̃̆ ᵖᵝ ≢ֽҹ9.50%ȂQwen-VL ҉ DeepSeek-VL2 Ki

mi-VL̂ 67.42%̃̆ ᵝ Ӟ ̂21.49%Ȃ̃ ᵣ ̆FT-Qwen-VL

҉ΐ ⱬȂ 
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 4-4 ≢ᴋⱵҬ ̂‰  %̃  

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

   ᵝ   

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% 

4.3.4 ⅎ ᶡ ⅎ  

 4-3 ԅ FT-Qwen-VL ҍ‟ Qwen-VL ̆ҍ

ᶛ Ȃ ѿҩ ᶛҬ̆FT-Qwen-VL‰ ≢⌠4ҩ

̆ Qwenֽ ≢₮3ҩ ̆ғ ȁ ≢Ҍ Ȃ ԋҩ

ᶛҬ̆FT-Qwen-VLׅ ‰ ≢⌠4ҩ ̆ Qwenֽ ≢₮2ҩ

̆ғ ᵝ ≢Ҍ Ȃ 
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 4-3 FT-Qwen-VL ҍ‟ Qwen-VL ̆ 

ҍ ᶛ 

Figure 4-3 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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4.4  

‰ ≢ ԍ῾ ῏ ̆ ꜛԍ Ḡᵬ

֟ ҍ Ȃᾢ╠ ѿ ̂ ̃̆

CNN ≢Ȃ ≢‰ ԅ ̆ᵖῒ

ֽ ᶫԅ№ Ḥ CAM ̆ ῀ ΐᵣῤ ̆

№ Ḥ Ȃ Ҭ̆ ױ ԅ6

῍2213 ̆ Ṣꜛ Ғ ̆ ⌠ԅ

Ȃ≠ Qwen-VL ̆ ױ ԅҌ LoRA

Ȃ FT-Qwen-VL, ᴨԍῒז‟

ῒז Ȃ ̆ Ӟױ ᵀԅFT- Ҍ ̂ ȁ

ȁᵝ ȁ ̃ ‰ ȂFT-Qwen-VLҹ ≢ ᶫԅ

ΐ̆ ꜛԍ ꜚ ӟ ≢Ҭ ̆ꜛⱬ Ȃ 

4.4.1 ┼ װ װ  

̆ ԍ ≢ ΐ

ӈȂ Ἕ№ Ἕ ̆ ӎ Ἕῤ

Ȃᶏ CAM ∞ ̆ Ҭ ‗ ᶭ ̆

ῃḤᴋ Ȃ ҹ└ ≢ ῏ └

Ȃ ̆ ᵥ ֲ Ғ ֗ ‗ ῏ ̂Sun et al. 202

3̃  

Ҭ̆ ᶏױ ԅ Ғ Έ

̆ ԅQwen-VL ԍ Ȃ ̆

FT-Qwen-VL ԍ‟ Qwen-VL , ԍ ⱬ ⌠

Ȃ ץ BLEU-4 ҹᶛ̆‟ ᴆҊֽҹ 25.39%̆  67.8

2%̆  +42.43 %Ȃ ̆ ԍҌ ̂ ȁ ȁᵝ ̃̆ FT-

Qwen-VLӞ ᴨԍῒז Ȃ ̆ ҹ‰

ⱬ̆׆ ҹ ≢ ᶫ῏

Ȃ ӊ ץ ӟ⌠ ̆ ԍ

Ҭ Ғҙ Ȃ ֓ ԅ ԍ ῏ ̆

׆ ⱴ ֲ ₮ Ȃ ̆ ԍ Ӟ ѿ

Ȃ ֓ Ҭ̆ᵝ Ḥ ȂҌ ‰ ѿ

ԍ Ḥ ⱬҌ ̂Tong et al. 2024̃ ̆ ѿ

ԍ ҍ Ҍ ̂Fig-S4-2̃Ȃӊ╠ ֓

№ ̆ ԅ ӎ ̂Cao et 
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al. 2023; Lee et al. 2023; Zhang et al. 2024̃Ȃ ѿ֓ ԅ ԍ

ӟ̆ ≢ Ҍ № ̆ ⱴԅ ̆Ӟ

ⱴ ֲ Ғ № ̂Xie et al. 2025; Zhao et al. 2024̃Ȃ ֓

ⱴ ԅ ≢҉ ᴇṿ̆ ≢ ԍ ̆

Ȃ 

4.4.2 ꜡ ҟ Ḫ  

ΐ ᵬ̆ ᵌ ӈ ץ̆≢∞

῏ Ҍ Ȃ ᵥ ⌠ ‰ Ḥ ץ̆ №

̆ ԍ ῾ҙ ῏ Ȃ 

ױ Ҭ̆Ṣꜛҍ ̆ ԅ∆ ̆ ֲ

̆ ⌠ ҹ‰ Ȃ Ҍֽ ᵞԅֲ ᵬ ̆

Ӟҹ ӟ ԅ Ȃ

ғ ’Ҋ̆ ̆ҹᾥ ֓ ᶫԅ

ⱬ ΐȂ ̆ № FT-Qwen-VL ҍֲ ᵬ ̆

ᶏ ԅ ᵬҹ ΐ̆ ̆ᶭ ῒ ⱬ̆

ױ ץ ⌠Ҍ Ȃ ̆ ԍ

̆ ᵬҹץ ⱬ ΐ̆ ȁ№ ׆̆ ̆ Ⱶԍ

ꜚ ῾ҙ Ȃ ᶏ ԅ ̆ №

◓ ׆̆ ԅ ̂Kirillov et al. 2023b̃ Ȃ≠

̆ ԍῒזҊ ᴋⱵҬ̆ ԅҊ №

̆ҹ ꜚ ᶫԅ ⱬ ̂Ma et al. 2025; Open AI 2023̃Ȃ

Ҭ̆ ץ └ ̆ ⱵҒҙ ȁ ץ

Ȃ 

4.5  

Ҭ̆ ױ Ὲ ̆ ↓2213 ̆

Ṣꜛ ̆ ԅ Ҍ Ȃ Qwen-VL

҉̆ LoRA ⌠ԅFT-Qwen-VLȂFT-Qwen-VL

҉̆ ԍῒז ‟ Qwen-VL̆ BLIP2ȁDeepSeek-VL2ȁD

AMץ Kimi-VL ̆ Ҍ ‰ ̆Ӟ ԍῒז Ȃ 

ױ ԍ ץ └ Ғҙ

̆ҹ ≢ ᶫԅ῏ Ȃ ץ

̆ ғ ̆ⱴ ᶏ ӟ № Ȃ ѿ
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̆ Ҋ ᴋⱵҬ̆ ԍ ̆ └ ̆ ץ

ꜚ ꜚ ֟ȁ ̆ ‗ ȁ ῍

Ȃ 
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֒  ԓ ⅎ◙ Ҫ ᵆ 

≢‰ ̂Tian et al. 2024; Too 201

9̃̆ ̆ ԍ ῒז ̂ ᵌ ̃̆ ᴰ Ἕ

CNN№◓ Ȃ2023ץ ̆ Segment A

nything Model̂SAM̃̆ ̆ ₮ԅ ⱬ̂Kirillov et

 al. 2023b̃ Ȃ ̆SAM ҳ ̆ ̂῾ҙ̃Ғҙ Ҍ ץ̆

̆ ̆ Mobile SAM

ҹ  5-1Ȃ ̆ Ҭ̆ ԍ

̆≠ CNN№◓ ̆ Mobile SAM̂Zhang et al. 2023

ã ץ , ѿ ῒ ᴨ ̆ ᵀԅῒ №◓ Ҥ

Ȃ 

 5-1 Ȃ҉ ԅѿҩῖ ̂CNÑ ̆

ȁ ȁ ₱ ҉ ̆ ԍ׆ ἝҬ ᵝȂ

Ҋ ԅѿҩ ԍ Ἕ№◓ ̆ Ἕ ȁ

≢ №◓  

Figure 5-1 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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5.1  

5.1.1 DMS-PrompterЕ UNet++ғMobile SAM ⅎ◙  

Ҭ̆ ױ ԅCNN№◓ Mobile SAMԍ

№◓ Ȃ  5-2 ̆ῒ ᵬ Ҋ̔ ᾢ̆

῀ Ἕ Mobile SAMἝ ̆ TinyViT̆ Ȃҍ

̆ ἝӞ ῀ ץ̆ ѿҩ Ȃ ᶏ ҹ

UNet++Ȃ ҩ Ḥ ̆ ֓ Ḥ Ҍ

̆ ꜛ ≢ Ȃ Ҋ ̆ ֓ Ἕ

Ḥ ѿ ῀⌠ ҬȂ ≠ ֓Ḥ №◓

Ȃ ̆ ‰ ᵝ №◓₮ ҉ Ȃ ⌠

ױ ҹDMS-PrompterȂ Ҭ̆ Ἕ Һ

ӈḤ ̆ ↕ ῀ȁ ῀ ῀̆ ῀̆Ῥ

№◓Ȃ 

 5-2 Ҭᶏ Ἕ№◓ ̆ Ἕ ⌠ ̆ Ҍ

̆ ῀Mobile SAMҬ №◓Ȃ 

Figure 5-2 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. 

 












































































