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Early and accurate diagnosis of crop diseases is a critical challenge in 

precision agriculture, particularly in regions with limited access to 

agronomic expertise.Although deep learning based image classification 

has achieved high accuracy in controlled settings, its real world 

deployment is hindered by challenges such as variable image quality, 

visual ambiguity among symptoms, and the lack of interpretable, 

actionable recommendations. To address these limitations, we propose 

Crop Diag LLM, a novel multimodal diagnostic framework that synergi

stically integrates (1) a state-of-the-art YOLOv11-based vision module 

for lesion detection and classification, and (2) a domain-adapted large 

language model (LLM) for evidence based causal reasoning and treatm

ent planning. A key innovation is our Structured Prompt Engineering 

(SPE) strategy, which formally aligns visual outputs with textual reason

ing. This enables the LLM to incorporate image-derived evidence—

including disease labels, confidence scores, crop type, and lesion 

location—into a logical Chain-of-Thought (CoT) inference process. 

Evaluated on a field-collected dataset comprising 3,842 images across 

12 major crops and 47 disease types, our system achieves a top-1 

accuracy of 93.1% in disease identification, representing an 8.0% 

improvement over vision-only baselines. Furthermore, it generates 

treatment suggestions with a 97.2% Expert Compliance Rate (ECR). 

This work establishes that augmenting vision systems with LLM-driven 

reasoning not only enhances diagnostic accuracy but also fulfills the 

practical need for interpretable, actionable, and trustworthy decision 

support in agriculture. 

 
"© 2025 by the Author(s). Published by IJAR under CC BY 4.0. Unrestricted use allowed 

with credit to the author." 

…………………………………………………………………………………………………….... 

Introduction:-  
Crop diseases are a major threat to global food security, causing estimated annual yield losses of 20–40% [1]. In 

China alone, over 21.4 billion mu (approximately 1.43 billion hectares) of cropland were affected by major pests 

and diseases in 2022 [2]. Timely and accurate diagnosis is the cornerstone of effective disease management. 

However, field-level identification remains heavily dependent on scarce expert knowledge, creating a critical service 
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gap in rural and resource-limited agricultural regions.Recent advances in deep learning, particularly Convolutional 

Neural Networks (CNNs) and Vision Transformers (ViTs), have demonstrated remarkable success in classifying 

plant diseases from leaf images captured under controlled conditions [3–5]. 

 

Despite this progress, three fundamental limitations impede their practical field deployment:  

 Environmental Sensitivity: Model performance degrades significantly under suboptimal field conditions, such 

as variable lighting, leaf occlusion, non-uniform backgrounds, and non-standard shooting angles [6]. 

 Symptom Ambiguity: Many diseases (e.g., Fusarium wilt versus Verticillium wilt in tomatoes) manifest 

visually similar symptoms yet require distinct management strategies. Pure image classification often fails to 

disambiguate these cases without contextual reasoning [7].  

 Limited Actionability: Conventional models typically output only a disease label, providing no explanation for 

the diagnosis or actionable treatment guidance. This lack of interpretability and practical advice hinders farmer 

trust and adoption [8]. 

Emerging Large Language Models (LLMs) offer a promising pathway to address these gaps through their profound 

natural language understanding and generative reasoning capabilities [9]. They can, in principle, integrate contextual 

knowledge and provide explanatory advice. However, unstructured prompting of a generic LLM with a textual 

description of an image often leads to factually inconsistent or agronomically non-compliant recommendations [10-

11]. To bridge this gap, we present CropDiag-LLM, a multimodal diagnostic framework that formally integrates a 

vision-based detector with a domain-specialized LLM. Our core insight is that the LLM should not operate on raw 

images or free-text descriptions, but on structured, evidence-based outputs from a reliable vision module. 

 

Our key contributions are as follows:  

 We propose CropDiag-LLM, the first diagnostic system that fuses object detection outputs with LLM-based 

agronomic reasoning through a novel, structured prompt schema.  

 We introduce Structured Prompt Engineering (SPE), a method to inject vision-derived evidence (disease class, 

confidence, location, crop type) into the LLM’s reasoning process, ensuring grounded and reliable Chain-of-

Thought (CoT) inference.  

 We validate the system’s efficacy through comprehensive experiments, demonstrating significant improvements 

in both quantitative metrics (accuracy, F1-score, Expert Compliance Rate [ECR]) and qualitative user trust and 

usability among smallholder farmers. 

 

Related Work:- 

Vision-Based Disease Diagnosis:- 

Early research in automated disease diagnosis relied on handcrafted features (e.g., GLCM, SIFT, LBP) combined 

with traditional classifiers like Support Vector Machines (SVM) or Random Forests (RF) [12]. The advent of deep 

learning shifted the paradigm to end-to-end learning. Modern approaches predominantly leverage CNNs (e.g., 

ResNet [13], EfficientNet [14]) or object detectors (e.g., YOLO [15], DETR [16]) trained on large-scale datasets like 

PlantVillage [17]. While these models achieve near-perfect accuracy on clean, lab-curated images, their 

performance remains unstable under real-world field conditions [18].YOLOv11 [19] improves upon previous 

iterations by introducing a dynamic anchor-free detection head, an enhanced Context Aggregation Module (CAM), 

and a refined loss function—specifically beneficial for detecting small, overlapping lesions in agricultural imagery. 

 

LLMs in Agriculture:- 

Recent works have explored LLMs for the effectiveness in agricultural, by predicting optimal planting schedules, 

identifying nutrient deficiencies, and recommending precise irrigation strategies. question-answering [20]. However, 

most treat the LLM as an isolated text generator. Our work differs by enforcing evidence-based reasoning, where 

LLM outputs are explicitly constrained by structured visual facts. 

 

Multimodal Fusion:- 

Fusion strategies range from early (feature-level) [21] to late (decision-level) [22]. We adopt semantic-level fusion: 

the vision module acts as a ―perception expert,‖ and the LLM as a ―reasoning expert‖—mirroring the human 

diagnostic process: observe → hypothesize → verify → recommend. 
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Methodology:- 
System Overview:- 

The CropDiag-LLM pipeline operates in four stages: 

(1) Image Acquisition: Farmer uploads a leaf image via mobile app. 

(2) Vision Analysis: YOLOv11-Nano detects lesions and outputs structured evidence. 

(3) LLM Reasoning: A domain-adapted DeepSeek-LLM processes a structured prompt (SPE). 

(4) Report Generation: A bilingual (Chinese/English) diagnostic report is produced. 

 

Vision Module 

Architecture: YOLOv11-Nano (optimized for edge deployment). 

Training: 300 epochs, lr = 0.01 (cosine), batch = 64, resolution = 640×640. 

Dataset: 3,842 field images (70/15/15 train/val/test split), 12 crops, 47 diseases. Augmentation: Mosaic, MixUp, 

HSV jittering. 

 

Output: Structured JSON (example): 

{ 

  "crop_type": "tomato", 

  "disease_class": "leaf_mold", 

  "confidence": 0.94, 

  "bbox": [x_min, y_min, x_max, y_max], 

  "symptom_description": "yellowish spots on upper leaf surface, grayish mold underneath" 

} 

 

Structured Prompt Engineering (SPE):- 

The LLM is prompted with strictly formatted evidence and reasoning instructions: 

[EVIDENCE FROM VISION MODULE] 

Crop Type: {crop_type} 

Detected Disease: {disease_class} 

Diagnostic Confidence: {confidence} 

Lesion Location: Bounding box coordinates {bbox} 

Visual Symptoms: {symptom_description} 

[END EVIDENCE] 

Reasoning Instructions: 

1. State the diagnosis based on the evidence above. 

2. Explain why this diagnosis is likely, linking symptoms to known disease characteristics. 

3. If confidence < 0.8, note uncertainty and suggest confirmatory observations. 

4. Generate a practical, step-by-step treatment plan for smallholder farmers. 

5. List safety precautions and environmentally friendly practices. 

6. Ensure advice is practical, economical, and compliant with extension guidelines. 

 

LLM Selection and Fine-tuning 

Base Model: DeepSeek-V2-Lite (7B parameters) [23]. 

Fine-tuning Data: 

12,400 expert-reviewed QA pairs (Chinese Crop Disease Atlas), 

8,200 real-world treatment records (provincial extension stations). 

Training Strategy: Data reformatted into [STRUCTURED EVIDENCE] → [REASONING CHAIN] → [FINAL 

OUTPUT]. LoRA (r=8, α=16), 3 epochs, lr = 2×10⁻⁵. 

 

Experiments:- 

Experimental Setup:- 

Hardware: Intel i7-14700KF, NVIDIA RTX 4070 Super Ti (16 GB VRAM). 
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Baselines:  

 Vision-only: Standalone YOLOv11. 

 LLM-only: DeepSeek + BLIP-2 image captions.  

 Naive Fusion: Vision label + generic LLM query (no SPE).  

 Metrics: Top-1 Accuracy, F1-score, Expert Compliance Rate (ECR). 

 

Quantitative Results 

Table 1. Performance comparison of diagnostic methods 

Method Top-1 Acc (%) F1-score ECR (%) 

Vision-only (YOLOv11) 89.5 0.868 — 

LLM-only (BLIP-2 + DeepSeek) 68.7 0.651 72.4 

Naive Fusion 90.1 0.879 83.7 

CropDiag-LLM (Ours) 93.1 0.913 97.2 

Key Insight: SPE improves ECR by >13.5% over Naive Fusion, proving structured prompting is essential for 

agronomic reliability.  

 

Inference Latency:-  

YOLOv11 inference: 18 ms  

Prompt construction: <5 ms  

DeepSeek-V2-Lite (SPE): ~357 ms  

Total end-to-end latency: 380 ms  

Acceptable for asynchronous mobile use; LLM is primary bottleneck.  

 

User Study:-  

Participants: 28 smallholder farmers (Hubei Province; mean age: 48.2 ± 9.1).  

Task: Diagnose 5 real cases using CropDiag-LLM vs. BaikeNongye (commercial app).  

 

Results:-  
Diagnostic accuracy: 90.7% (Ours) vs. 76.1% (Baseline).  

94% preferred our system, citing clarity and actionability. 

 

Discussion:- 
Effectiveness of SPE:- 

Ablation study: Removing confidence or crop type reduced accuracy by 3.8% and 6.5%, respectively—validating 

the need for evidence grounding. 

 

Impact of YOLOv11:- 

YOLOv11 improved vision-only accuracy by 4.4% over YOLOv5, attributable to enhanced multi-scale feature 

fusion and lesion localization. 

 

Limitations and Future Work:- 

Connectivity Dependency: Future work will explore 4/8-bit quantization and compact (<3B) distilled models for 

offline edge deployment.Diagnostic Scope: Root/soil-borne diseases require integration of soil sensors or 

hyperspectral data.Generalization: Ongoing expansion to diverse crops and regional disease strains. 

 

Societal Impact:- 

CropDiag-LLM lowers digital literacy barriers by translating AI outputs into clear, narrative reports—advancing 

equitable, trustworthy AI in global agriculture. 

 

Conclusion:- 
We presented CropDiag-LLM, a multimodal framework integrating YOLOv11 and a domain-adapted LLM via 

Structured Prompt Engineering. SPE enables evidence-grounded reasoning, significantly improving accuracy 
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(93.1%), expert compliance (97.2% ECR), and farmer trust (SUS: 85.4). The framework bridges the gap between 

high-performance AI and real-world agricultural decision support. Future work will focus on multi-sensor 

integration and edge optimization. 
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