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Abstract

Tomato leaf diseases pose a significant threat to global food security, necessitat-
ing accurate and efficient detection methods. This paper introduces the Tomato
Leaf Disease Visual Language Model (TLDVLM), a novel approach based on
the BLIP-2 architecture enhanced with Low-Rank Adaptation (LoRA), for
precise classification of 10 distinct tomato leaf diseases. Our methodology inte-
grates a sophisticated image preprocessing pipeline, utilizing GroundingDINO
for robust leaf detection and SAM-2 for pixel-level segmentation, ensuring that
the model focuses solely on relevant plant tissue. The TLDVLM leverages the
powerful multimodal understanding of BLIP-2, with LoRA applied to its Q-
Former module, enabling parameter-efficient fine-tuning without compromising
performance. Comparative experiments demonstrate that the TLDVLM signifi-
cantly outperforms baseline models, including CLIP-LoRA and ConvNeXT-tiny,
achieving an accuracy of 97.27%, a precision of 0.9587, a recall of 0.9789, and
an F1-score of 0.9681. Beyond classification, the finetuned TLDVLM check-
points are integrated into a practical application for new image inference. This
application displays the raw and segmented images, the predicted disease, and
offers functionalities to fetch comprehensive information on disease causes and
remedies using external APIs (e.g., OpenAI), with an option to download a
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PDF summary for offline access on a portable device. This research highlights
the potential of LoRA-adapted Vision-Language Models in developing highly
accurate, efficient, and user-friendly agricultural diagnostic tools.

Keywords: Tomato leave, disease, BLIP-2, LoRA, VLM, LLM

Introduction

Crop diseases significantly threaten global food security, impacting staple crops like
wheat and tomatoes, which are vital to agricultural economies. In Canada, greenhouse
cultivation contributes approximately 294,000 tonnes of tomatoes annually, occupying
over 6,200 ha and generating more than 600 million CAD revenue [8]. On contrary,
Tomato production in the United Arab Emirates (UAE) has advanced significantly
through the adoption of controlled-environment agriculture (CEA) and high-tech
greenhouse systems designed to address the country’s arid climate, high temperatures,
and limited freshwater availability. Commercial operations such as Pure Harvest Smart
Farms have demonstrated year-round production of up to 30 tomato varieties within
16-hectare climate-controlled greenhouses, achieving yields exceeding 400t/ha [1].

Tomatoes (Lycopersicon esculentum), cultivated across 4.582 million hectares glob-
ally, face similar challenges from diseases such as early and late blight, leading to
substantial yield reductions [33]. Traditional disease detection methods, including
manual inspection by farmers and laboratory-based diagnostics, are labor-intensive,
time-consuming, and often impractical for large-scale farming operations [22], [17],
and [24].

Over the past decade, conventional machine vision techniques have been utilized for
crop disease identification, addressing limitations of manual detection methods while
reducing labor expenses. These systems primarily depend on computational algorithms
to segment, extract features from, and classify images of diseased crop areas [13], [32].
A K-means clustering algorithm integrated with Particle Swarm Optimization (PSO)
was introduced in [3] for segmenting early blight lesions in tomato images that were
transformed into hue-saturation-value (HSV) color space, achieving an F1 score of
0.90. Nevertheless, since conventional machine vision technology employs a multi-stage
algorithmic approach requiring human input, the performance of this methodology is
heavily dependent on human expertise and design decisions.

As deep learning technology has advanced rapidly, convolutional neural networks
(CNNs) have gained widespread adoption in agricultural disease detection [20]. The
YOLOv3 (You Only Look Once) model was developed to identify 12 different dis-
eases using 15,000 tomato images captured under natural field conditions, ultimately
achieving a detection accuracy of 92.39%.A U-Net based segmentation approach was
introduced in [25] for analyzing 1408 tomato leaf images, demonstrating an F1 score
of 0.91. However, these models often struggle with real-world challenges, including
variations in lighting, complex backgrounds, and the need to localize specific regions
of interest (e.g., diseased leaves) within an image. To address these limitations, object
detection and segmentation models, such as GroundingDINO and Segment Anything
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Model 2 (SAM-2), have been developed to provide precise localization and segmenta-
tion of objects, enhancing the ability to isolate relevant features for downstream tasks
[21], [27]. GroundingDINO leverages text prompts to detect objects with high accu-
racy, while SAM-2 generates detailed segmentation masks, enabling focused analysis
of specific regions [12]. These advancements are particularly relevant for tomato dis-
ease detection, where identifying and isolating affected leaves is critical for accurate
diagnosis.

Vision-Language Models (VLMs), which combine visual and textual processing
capabilities, have emerged as a powerful tool for tasks requiring nuanced understanding
of images and contextual information, offering a promising approach for agricul-
tural applications [18]. Vision-Language Models, such as BLIP-2, integrate visual and
textual data to perform tasks like image captioning and visual question answering,
making them well-suited for interpreting complex agricultural imagery in conjunction
with disease-specific prompts [5]. By fine-tuning BLIP-2 on a dataset of tomato leaf
images annotated with disease labels, the model can learn to classify diseases based
on visual patterns and contextual queries, such as “What disease is present in this
tomato leaf?” [36]. This approach not only improves classification accuracy but also
allows for interpretable outputs that align with human expertise, facilitating adoption
in agricultural settings. However, deploying VLMs in real-world scenarios presents
challenges, including the need for robust model fine-tuning, handling large model
checkpoints, and managing computational resources efficiently [23]. Cloud-based plat-
forms, such as Google Colab for computation, address these challenges by providing
scalable infrastructure for storing and processing large models like BLIP-2.

This research introduces an innovative pipeline for tomato disease detection using
a visual language model (TLDVLM) that combines GroundingDINO for tomato leaf
detection, SAM-2 for segmentation, and a fine-tuned BLIP-2 using LoRA model for
disease classification. The workflow is executed on Google Colab, where it retrieves
the fine-tuned BLIP-2 model and processes input images to segment and detect
tomato leaves before classifying diseases through a text-guided methodology. The
model output provides both concise and detailed disease descriptions along with suit-
able treatment recommendations. The proposed TLDVLM system is implemented on
a portable device designed for greenhouse environment applications. This research
contributes to the field by demonstrating a scalable, automated solution for tomato
disease detection, leveraging the strengths of VLMs to improve accuracy and inter-
pretability, with potential applications in precision agriculture. The contributions of
this work include:

• Multi-Modal Vision-Language Architecture: We developed a novel end-
to-end pipeline integrating GroundingDINO object detection, SAM-2 instance
segmentation, and fine-tuned BLIP-2 visual-language model, establishing a compre-
hensive framework that bridges computer vision and natural language processing
for agricultural disease diagnostics.
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• Text-Guided Classification with Semantic Reasoning: We implemented a
text-conditioned disease classification system that leverages the semantic under-
standing capabilities of vision-language models to perform contextual disease iden-
tification, moving beyond traditional feature-based classification to interpretable,
reasoning-driven predictions.

• Edge-Deployable VLM Framework: We design and deployed a computation-
ally efficient visual language model on portable hardware for real-time inference
in greenhouse environments, demonstrating the feasibility of deploying large-scale
VLMs in resource-constrained agricultural settings.

• Automated Disease Interpretation Pipeline: We created an end-to-end
automated system that generates structured disease descriptions and treatment rec-
ommendations without human intervention, addressing the semantic gap between
visual disease detection and actionable agricultural insights through natural lan-
guage generation.

Related Work

This section provides an extensive examination of existing literature on tomato disease
classification. It further explores the implementation of vision-language models within
agricultural applications and identifies current research limitations and opportunities
for advancement.

Existing methods for tomato disease classification

Traditionally, tomato disease diagnosis has depended on manual assessment by agri-
cultural specialists, an approach that is labor-intensive and prone to subjective
interpretation errors. Contemporary developments in machine learning and deep learn-
ing methodologies have substantially enhanced the accuracy and operational efficiency
of disease identification systems in tomato production.

Conventional machine learning approaches have been widely employed for tomato
disease diagnosis, typically incorporating manual feature extraction procedures cou-
pled with classification through diverse algorithmic methods. Noteworthy approaches
include Zhang et al. [35], who employed color and texture features combined with
support vector machines for tomato leaf disease classification, achieving reasonable
accuracy on controlled datasets. Brahimi et al. [7] developed a system using tradi-
tional feature extraction methods including local binary patterns and color histograms,
followed by random forest classification for identifying tomato diseases. Kaur et al.
[14] leveraged traditional computer vision techniques combined with artificial neural
networks to detect early and late blight in tomato leaves, demonstrating improved
accuracy compared to manual inspection methods. Although these machine learning-
based methodologies have demonstrated effectiveness, they frequently encounter
limitations associated with the tedious and resource-intensive nature of manual feature
extraction, leading to a transition toward deep learning-based solutions.

Deep learning methodologies have gained considerable attention in tomato disease
diagnosis through the automation of feature extraction processes, delivering enhanced
accuracy and improved system robustness. A deep learning model using faster R-CNN
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and single shot multibox detector (SSD) to enhance the accuracy of tomato disease
detection under real-world acquisition conditions was proposed in [9], and achieving
significant improvements over traditional approaches. Tm et al. [31] evaluated several
CNN-based models including AlexNet and VGG16 with different training strategies
to identify common tomato diseases including early blight, late blight, and bacterial
spot. A system with deep learning classifiers, particularly focusing on transfer learn-
ing with pre-trained models, to accurately detect and classify tomato diseases has
been proposed in [6], achieving high accuracy and demonstrating potential for mobile
deployment. Abbas et al. [4] developed a DenseNet-based methodology for tomato
plant disease classification, presenting a computationally efficient and precise model
capable of real-time disease detection that surpassed existing approaches across vari-
ous tomato disease datasets while demonstrating strong deployment feasibility. In [2],
researchers proposed an integrated framework combining deep learning with ensemble
learning techniques for tomato plant disease classification, achieving superior accuracy
through advanced image preprocessing and the collaborative utilization of multiple
CNN architectures. These investigations reveal both the advantages and constraints
of deep learning models, emphasizing the necessity for more resilient and adaptable
solutions that can effectively manage real-world variations encountered in tomato
cultivation settings.

Recent advances have focused on more sophisticated architectures and training
strategies. An AI-powered mobile application for tomato disease detection using deep
learning models optimized for edge deployment, addressing practical deployment chal-
lenges in agricultural settings was proposed in [29]. Kawasaki et al. [15] improved
tomato disease detection in greenhouse environments using an enhanced Efficient-
Net model, achieving high classification accuracies by analyzing environmental factors
and optimizing model performance for controlled agricultural environments. These
recent developments showcase the evolution towards more sophisticated, practically
deployable solutions for tomato disease detection.

Vision-language models in agriculture

Vision-language models (VLMs) represent the forefront of artificial intelligence
advancement, revolutionizing diverse applications through their ability to process and
generate human-like text while simultaneously comprehending visual information.
Built upon powerful architectures like CLIP [28] and BLIP [19], these models utilize
massive datasets to learn joint representations of visual and textual information.

In the field of agriculture, VLMs’ utilization has begun to be explored for vari-
ous applications. PLLaMa, an open-source large language model based on LLaMA-2,
specifically designed for plant science-related topics, demonstrating the potential
of domain-specific language models in agricultural contexts was proposed in [34].
Kuska et al. [16] created AI-chatbots for agriculture to aid in interpreting decision
support models in plant disease management, showcasing the integration of conver-
sational AI with agricultural expertise. An application of large language models for
answering agriculture-related questions, demonstrating significant promise in knowl-
edge dissemination and decision support was proposed in [30]. Agriculture, with its
unique environmental variables, disease manifestations, and regional nuances, requires
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datasets specifically tailored to local conditions and crop-specific characteristics for
optimal accuracy. Existing works utilizing models like CLIP and BLIP in agricul-
tural contexts highlight the need for datasets that accurately represent the diversity
of real-world complexities inherent in tomato cultivation and disease manifestation.

A significant gap exists in incorporating VLMs into the operational workflows of
agricultural practitioners, particularly those engaged in tomato cultivation. The agri-
cultural workforce, characterized by varying technological expertise and widespread
geographical distribution, requires intuitive, user-friendly interfaces and tools accessi-
ble under field conditions. Minimal research has addressed how VLMs can seamlessly
integrate with agricultural workers to provide immediate, on-site diagnostic capabili-
ties or management recommendations tailored specifically for tomato diseases.

Current VLM applications in agriculture often focus on general plant identifica-
tion or broad agricultural question-answering, yet tomato disease diagnosis in field
conditions demands a specialized approach that integrates domain-specific visual
understanding with expert knowledge. The integration of vision foundation models like
SAM (Segment Anything Model) with VLMs, as seen in precision farming applications,
remains sparsely explored for tomato disease diagnosis. The potential of multimodal
systems to combine detailed visual analysis of leaf symptoms with textual descrip-
tions of disease progression and environmental factors for precise diagnoses represents
an unexplored frontier. Furthermore, the application of parameter-efficient fine-tuning
techniques such as Low-Rank Adaptation (LoRA) to VLMs for agricultural applica-
tions has received limited attention. These techniques offer the potential to adapt
large-scale vision-language models to specific agricultural domains while maintaining
computational efficiency, making them suitable for deployment in resource-constrained
agricultural environments. The segmentation and localization of diseased areas within
tomato leaves represents another underexplored area in VLM applications. While
object detection approaches have been investigated, the integration of advanced seg-
mentation models with VLMs for precise disease localization and classification has not
been thoroughly explored in the context of tomato disease detection.

In summary, the literature reveals a distinct deficiency in utilizing VLMs for tomato
disease diagnosis, further complicated by the requirement for agriculture-specific
datasets, intuitive and accessible user interfaces, computationally efficient adaptation
techniques, and comprehensive segmentation methodologies. The proposed research
attempts to fill these voids, contributing to more accurate, accessible, and sustain-
able tomato cultivation practices through the application of advanced vision-language
models combined with state-of-the-art segmentation techniques. Additionally, to the
authors’ knowledge, no prior studies have documented the practical deployment of
VLM-based tomato leaf disease detection systems in portable device for real-world
agricultural settings.

Methodology

This section outlines the experimental setup, data preprocessing, model architectures,
fine-tuning strategies, and evaluation metrics employed in this study. It leverages
BLIP-2 with Low-Rank Adaptation (LoRA) for efficient tomato leaf disease detection
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and classification, which is compared against baselines implemented with CLIP and
ConvNeXT-tiny for further validation.

Figure 1 illustrated the overall workflow of Tomato Leave Disease Visual Language
Model (TLDVLM). The system architecture consists of four main components: (1)
image and text prompt processing, (2) data preprocessing (3) proposed TLDVLM,
and (4) deployment on portable device.

Fig. 1 Overall workflow of Tomato Leave Disease Visual Language Model (TLDVLM).

Image and caption dataset

The study utilized a comprehensive tomato leaf disease dataset sourced from Kag-
gle (Plant Village) and self capture dataset from Silal Greenhouse, Abu Dhabi. The
dataset contains 10 distinct disease classes representative of common tomato patholo-
gies. The dataset encompasses various disease conditions including Bacterial Spot,
Early Blight, Late Blight, Leaf Mold, Septoria Leaf Spot, Spider Mites, Target Spot,
Yellow Leaf Curl Virus, Mosaic Virus, And Healthy leaves. Each class contains varying
numbers of images captured under different environmental conditions and lighting sce-
narios to ensure model robustness. Figure 2 illustrated the dataset class distribution.
Table 1 mentioned the total amount of dataset images for training and validation of
the model.

Table 1 Amount of Dataset to train and validate the
model.

Dataset PlantVillage Own capture Total
Dataset 13143 2000 15143
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Fig. 2 Dataset Class distribution.

Data preprocessing pipeline

Initial image processing involves resizing all input images to a standard 224×224 pix-
els, followed by normalization of pixel values to the range [0,1] and standardization
using ImageNet statistics. To enhance model generalization, data augmentation tech-
niques such as random horizontal flips, rotations (±15 degrees), and color jittering
are applied during training. To eliminate background noise and concentrate on the
tomato leaf itself, we implement an automated leaf segmentation approach combining
GroundingDINO and SAM-2. GroundingDINO acts as the object detection compo-
nent, identifying and localizing tomato leaves using text queries like ”tomato leaf,”
providing flexible detection, precise bounding box generation, and multi-leaf han-
dling. The Segment Anything Model 2 (SAM-2) then utilizes these bounding boxes as
prompts to generate accurate pixel-level segmentation masks, thereby enabling back-
ground elimination and focusing classification solely on the plant tissue. Finally, these
segmentation masks are applied to the original images, extracting leaf-only regions
by masking out or replacing non-leaf pixels with a neutral background, ensuring the
classification model focuses exclusively on disease-relevant features. Figure 3 displays
the segmentation outcomes of GroundedDINO and SAM-2 across 10 distinct classes.
GroundedDINO and SAM-2 leverage the contextual semantic information within
images to accurately extract relevant tomato leaf characteristics while eliminating
background interference.

Baseline models

This section will introduce the baseline models used for comparison against our pro-
posed BLIP-2 LoRA (TLDVLM) method. For baseline model we used CLIP-LoRA
and ConvNeXT-tiny models.
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Fig. 3 Segmentation results of GroundedDINO and SAM-2.

• CLIP-LoRA: CLIP (Contrastive Language-Image Pretraining) [26] is OpenAI’s
vision-language model that learns to associate images and text through contrastive
learning on large-scale datasets. For tomato leaf disease detection, the imple-
mentation leverages CLIP’s robust vision transformer component with Low-Rank
Adaptation (LoRA) for efficient fine-tuning. It loads the pre-trained CLIP model
(openai/clip-vit-base-patch 16), freezes its parameters to preserve learned features,
and adds a custom classifier with layer normalization and dropout for 10 disease
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classes. The system uses LoRA with rank 16 to reduce trainable parameters, pro-
cesses the tomato dataset with 224 x 224 image resizing and normalization, and
trains for 20 epochs using Adam optimizer with mixed precision on GPU. The model
achieves efficient adaptation to agricultural applications by fine-tuning only a small
subset of parameters while maintaining CLIP’s powerful pre-trained representations.
The CLIP-LoRA attained the accuracy around 91.87 %.

• ConvNeXT-Tiny: ConvNeXt [11], developed by Meta AI, is a modern CNN
architecture that incorporates transformer-inspired design principles like hierar-
chical feature maps, large kernel sizes, and layer normalization to compete with
vision transformers while maintaining CNN efficiency. The implementation uses
ConvNeXt-tiny as a backbone for tomato leaf disease classification, loading the pre-
trained facebook/convnext-tiny-224 model with mixed precision and freezing all
parameters except stages 2 and 3 for task-specific adaptation. The model trains for
up to 20 epochs on A100 GPU using AdamW optimizer with differential learning
rates (1e-6 for backbone, 3e-5 for classifier). This approach leverages ConvNeXt’s
efficient architecture and pre-trained weights to achieve accurate tomato leaf disease
classification with robust data augmentation and careful hyperparameter tuning.
The ConvNext model achieved the accuracy around 94.57 %.

Proposed BLIP-2 LoRA method (TLDVLM)

In our study, we proposed the BLIP-2 LoRAmethod for classifying tomato leaf diseases
using a custom dataset of 10 disease classes ( Plant-Village and own data capture
from Silal Greenhouse, Abu Dhabi, UAE). The implementation incorporates Low-
Rank Adaptation (LoRA) to fine-tune the Q-Former module, reducing computational
overhead while preserving performance.

Figure 4 illustrated the architecture of the proposed BLIP-2 LoRA model. The
architecture details an image classification system for specialized tasks, such as ”Dis-
ease Prediction” on a ”Tomato Leaf,” by integrating Low-Rank Adaptation (LoRA)
into a Vision-Language Model (VLM) framework, analogous to BLIP-2. The sys-
tem processes an input image, segmenting it into patches that are then fed into
a frozen Vision Encoder. This encoder, typically a pre-trained Vision Transformer,
extracts high-level visual features (Img’) without undergoing further weight updates
during fine-tuning. The core of this adapted VLM is the Q-Former, a multi-layered
transformer module responsible for bridging the visual and linguistic modalities. The
Q-Former contains distinct processing pathways for learned visual queries and textual
prompts. Within the visual pathway, ”Learned Queries” interact with the encoded
image features (Img’) via cross-attention mechanisms, where the queries serve as the
attention keys and values, and Img’ provides the query.

Crucially, LoRA is implemented within the linear projection layers of this
cross-attention mechanism by introducing small, trainable low-rank matrices
(LoRAQ,LoRAK,LoRAV) that are added to the frozen pre-trained weights. Similarly,
the textual pathway, which processes an input prompt like ”What disease on the
tomato leaf?”, also incorporates LoRA within its self-attention and feedforward net-
works, enabling efficient adaptation of the model’s linguistic understanding to the
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Fig. 4 Architecture of BLIP-2 LoRA model.

specific task. This selective fine-tuning of LoRA adapters significantly reduces the
number of trainable parameters, thereby decreasing computational cost and mem-
ory footprint while preserving the vast pre-trained knowledge of the larger model.
Finally, the refined multimodal features from the Q-Former are passed to a frozen LLM
Decoder, which comprises multiple layers of masked multi-self-attention and feedfor-
ward networks. This LLM leverages its extensive language generation capabilities to
produce the ultimate ”Disease Prediction” based on the integrated visual and tex-
tual context provided by the LoRA-adapted Q-Former. This approach demonstrates a
highly parameter-efficient strategy for specializing large VLMs for downstream image
classification tasks, maintaining high performance while making fine-tuning more
accessible.

Using LoRA with BLIP-2 for image classification offers substantial advantages by
significantly reducing computational cost and memory footprint during fine-tuning,
as it only trains a small set of low-rank matrices while freezing most pre-trained
parameters [18], [10]. This efficiency not only makes fine-tuning accessible on more
limited hardware but also accelerates the training process.

Training parameters

Model training was conducted on the Google Colab distributed computing platform
using an NVIDIA A100 GPU with 40GB memory capacity. The optimization process
employed the AdamW optimizer, with comprehensive hyperparameter configurations
for the TLDVLM detailed in Table 2. The fine-tuning procedure demonstrated
remarkable efficiency, completing within 5 hours while consuming less than 40 GB of
VRAM. This computational efficiency underscores the TLDVLM’s ability to effectively
leverage limited datasets and optimize hardware utilization through the integration
of Low-Rank Adaptation (LoRA) techniques. The final model size is 2.7B parameters
for the base model plus 0.6 M parameters for the LoRA adapters and classifier.

Deployment on portable device

Subsequently, the proposed model was deployed on a novel portable device designed for
tomato leaf disease inspection within greenhouse environments. The model was trans-
formed into a web-based application utilizing the Gradio online user interface platform.
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Table 2 TLDVLM Fine-Tuning
Configuration.

Hyperparameter Default Setting
Optimizer AdamW
Batch Size 32
Epochs 20
Learning rate 1 e-7
Learning Schedule Cosine Annealing

The portable device was manufactured at the Khalifa University Agrirobotics lab-
oratory and validated in the Silal Greenhouse facility. Figure 5 illustrated the
portable tomato leave disease detection device and webpage implementation of pro-
posed TLDVLM on Gradio platform. The device includes the RGB camera, touch
screen, Raspberry pi-5 processor, lithium battery, and 3D printed case.

Fig. 5 Proposed TLDVLM implementation: (a) Portable device, and (b) Gradio online
user interface.

The implemented system demonstrates comprehensive capabilities including seg-
mentation, classification, and generation of both concise and detailed disease informa-
tion along with corresponding treatment recommendations. Additionally, the system
provides a comprehensive downloadable report in PDF format for documentation pur-
poses. Figure 6 depicts the communication architecture of the TLDVLM device.
The system captures leaf images and transmits them to a trained model server for
classification analysis, subsequently receiving both concise and detailed descriptions
of identified diseases along with corresponding remedial solutions. Additionally, a
comprehensive report is generated to facilitate further analytical assessment.
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Fig. 6 Proposed TLDVLM device communication system.

Results

This section presents the experimental results obtained from training and evaluating
the proposed BLIP-2 with LoRA model and compares its performance against other
baseline models: CLIP-LoRA and ConvNeXT-tiny. We also provide a detailed analysis
of model convergence, class-specific performance, and overall robustness indicators.
These results indicate that the model has successfully learned to distinguish between
the 10 tomato disease classes with high accuracy while maintaining good generalization
capabilities.

Overall Performance Comparison

Table 3 shows the key performance metrics of proposed method with baseline mod-
els. As depicted from the Table 3 the BLIP-2 LoRA (proposed) model outperformed
than others baseline models for detection of tomato leave diseases. The model demon-
strated stable convergence, with a final training loss of 0.6068 and a validation loss
of 0.6970 upon completion at 20 epoch. The small loss differential of 0.0902 suggests
good generalization with very minimal overfitting. Performance metrics were robust:
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a high precision of 0.9587 indicates excellent accuracy in positive predictions, cru-
cial for avoiding unnecessary treatments. An exceptional recall of 0.9789 highlights
the model’s ability to identify nearly all actual disease instances, thereby minimizing
missed diagnoses. The balanced F1-score of 0.9681 further confirms the model’s strong
overall performance across all disease classes.

Table 3 Key Performance metrics.

Models Accuracy Precision Recall F1-Score
CLIP-LoRA 91.87% 0.9046 0.8896 0.8957
ConvNeXt-tiny 94.57% 0.9270 0.9463 0.9360
BLIP-2-LoRA (Proposed) 97.27% 0.9587 0.9789 0.9681

Confusion Matrix Analysis

The confusion matrix reveals detailed insights into the model’s classification per-
formance across all disease classes. Figure 7 illustrated the confusion matrix’s
for CLIP-LORA, ConvNeXT-Tiny, and BLIP-2-LoRA. Figure 7 (a) presented the
heatmap for CLIP-LoRA baseline model across the 10 tomato leaf disease classes. The
off-diagonal elements show a higher frequency of misclassifications compared to the
BLIP-2 LoRA model (Figure 7 (c). For instance, class 1 (Early Blight) exhibits mul-
tiple misclassifications into other classes (e.g., 18 instances predicted as class 0, 22 as
class 2, 25 as class 3), suggesting a less refined understanding of its visual features
compared to TLDVLM. Class 6 also shows more dispersed errors. The overall lighter
shades on the diagonal for several classes, along with more pronounced off-diagonal
values, indicate that CLIP-LoRA’s discriminatory power is somewhat less precise than
that of the BLIP-2 LoRA model for this specific dataset and task. Similarly, Figure 7
(b) represents the heatmap for ConvNeXT-Tiny baseline model. ConvNeXT-tiny gen-
erally performs well, the misclassifications patterns, indicated by off-diagonal values,
are more prominent than those observed with BLIP-2 LoRA. For example, similar to
CLIP-LoRA, there are noticeable misclassifications for several classes, such as class 1
(Early Blight) having 18 instances misclassified as class 0, and others scattering across
different labels. Class 6 also demonstrates a notable number of incorrect predictions.
The visual comparison with Figure 7 (c) highlights that while ConvNeXT-tiny, as
a robust CNN, achieves good performance, it occasionally struggles with finer dis-
tinctions between disease types, leading to a higher incidence of misclassifications
compared to the multi-modal TLDVLM.

Figure 7 (c) illustrated the heatmap of BLIP-2 LoRA model. Notably, classes such
as 1 (Early Blight), 4 (Leaf Mold), and 8 (Target Spot) show perfectly or near-perfectly
classified instances with no or minimal off-diagonal values, confirming their highly dis-
tinctive visual features. Misclassifications, represented by non-zero off-diagonal entries,
are generally low. The matrix reveals that the majority of errors occur between visu-
ally similar classes, with some instances of class 7 (Spider Mite Two-spotted) being
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Fig. 7 Confusion matrix: (a) CLIP-LoRA, (b) ConvNeXT-Tiny, (c) BLIP-2 LoRA, and
(d) Spider graph.

misclassified across several other classes, suggesting subtle visual overlaps. The over-
all strong diagonal presence across all classes underscores the TLDVLM’s effective
discrimination capabilities.

Figure 7 (d) provides a comparative visualization of the F1-scores for each of
the 10 tomato leaf disease classes across the three models: CLIP-LoRA (blue line),
ConvNeXT-tiny (red line), and BLIP-2 LoRA (green line). Each spoke of the radar
represents a specific disease class, with the F1-score ranging from 0 at the center to
1 at the outermost ring. The chart clearly illustrates that the BLIP-2 LoRA model
(green line) consistently achieves the highest F1-scores across nearly all disease classes,
encompassing a larger area within the radar plot. While ConvNeXT-tiny (red line)
shows competitive performance on some classes, and CLIP-LoRA (blue line) performs
reasonably, BLIP-2 LoRA’s green envelope consistently extends further towards the
maximum F1-score of 1.0. This visual representation powerfully reinforces that the
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proposed TLDVLM with BLIP-2 LoRA demonstrates superior and more balanced
classification performance across the entire spectrum of tomato leaf diseases compared
to the other two baseline methods.

Evaluation metrics and performance assessment

Figure 8 illustrated the evaluation metrics of proposed (BLIP-2 LoRA) model for VLM
based tomato leave disease classification and reasoning.

Fig. 8 Evaluation metrics for BLIP-2 LoRA : (a) Precision, recall, F1 score, (b) Training
and validation loss, and (c) Validation accuracy.

Figure 8 (a), displays the evolution of key classification metrics—Precision, Recall,
and F1-Score—for the TLDVLM (BLIP-2 LoRA) model during training over 20
epochs. The x-axis represents the epoch number, and the y-axis denotes the score
ranging from 0.6 to 1.0. All three metrics (Precision - blue circles, Recall - orange ’x’
markers, F1-Score - green squares) show a rapid increase during the initial epochs, sig-
nifying quick improvements in classification performance. After roughly epoch 6, the
scores begin to stabilize and continue to gradually improve, reaching high plateaus.
By epoch 20, the Precision, Recall, and F1-Score converge to approximately 0.9587,
0.9789, and 0.9681, respectively. The consistently high and closely aligned values across
these metrics highlight the model’s balanced and robust performance in correctly
identifying positive instances and minimizing both false positives and false negatives.
Figure 8 (b), presents the progression of the training loss and validation loss for the
TLDVLM (BLIP-2 LoRA) model over 20 epochs. Both the training loss (blue line
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with circular markers) and validation loss (orange line with ’x’ markers) demonstrate
a sharp decrease during the initial epochs, indicating rapid learning. After approxi-
mately 4-5 epochs, the decrease in both curves stabilizes, suggesting convergence. The
final training loss is observed to be around 0.6068, while the validation loss hovers
around 0.6970. The consistently small gap between the training and validation loss
curves throughout the training process indicates that the model is generalizing well
to unseen data and is not significantly overfitting. This stable convergence confirms
the effectiveness of the training configuration and regularization techniques employed.
Figure 8 (c), tracks the Validation Accuracy for the TLDVLM (BLIP-2 LoRA) model
throughout its 20 epochs of training. The x-axis denotes the epoch number, and the y-
axis represents the accuracy percentage. The curve shows a steep increase in accuracy
during the initial few epochs, rising from approximately 63% at Epoch 1 to over 90% by
Epoch 3. The accuracy continues to climb steadily, eventually reaching a plateau above
95% around Epoch 8-10. From Epoch 10 onward, the validation accuracy remains con-
sistently high, hovering between 96% and 97%, with minor fluctuations. This stable
and high validation accuracy confirms the model’s robust learning and strong gener-
alization capabilities on unseen data, indicating successful fine-tuning for the tomato
leaf disease classification task.

Table 4 presents a comparative analysis of the proposed model against existing tra-
ditional approaches specifically designed for tomato leaf disease detection. The results
demonstrate that while the Attention-based residual CNN model achieves a marginally
higher accuracy of 98% compared to our proposed approach, it exhibits significant
limitations in reasoning capabilities and lacks mobile/device deployment feasibility.
In contrast, our proposed model attains 97.27% accuracy while providing enhanced
functionality through disease classification and the generation of precise remedial
recommendations, making it more suitable for practical agricultural applications.

Experimentation of TLDVLM based portable device

The validation of the TLDVLM model on portable device was carried out at green-
house setting for tomato crop. The device is tested on tomato leaves to capture the
images and then used as input for TLDVLM to analysis and generate the report. The
final report is generated as PDF format which is further used for disease analysis and
plant health monitoring. Figure 9 shows the experimentation at greenhouse test field.

Conclusion

This study successfully developed and evaluated the Tomato Leaf Disease Visual Lan-
guage Model (TLDVLM), a robust and efficient solution for the precise classification
of 10 distinct tomato leaf diseases. By leveraging the advanced multimodal architec-
ture of BLIP-2 and implementing Low-Rank Adaptation (LoRA) on its Q-Former,
the TLDVLM achieved superior performance compared to traditional computer vision
models like ConvNeXT-tiny and other parameter-efficient VLM adaptations such as
CLIP-LoRA. The integration of GroundingDINO and SAM-2 for automated leaf seg-
mentation proved crucial in enhancing the model’s focus and accuracy by eliminating
irrelevant background noise.
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Table 4 State-of-art comparison.

Models Reasoning No. of Dataset Accuracy Mobile/Device Reference
Capability Classes Deployment

LeNet No 10 PlantVillage 94-95 % No [31]
AlexNet No 10 PlantVillage 94-95 % No [Durmus et al]
Attention based residual CNN No 98 PlantVillage 98 % No [karthik et al]
AlexNet, SqueezeNet 1.1 No 10 PlantVillage + Self 96.3 % Yes [Nag et al]
MobileNets No 10 Self 90.3 % Yes [Elhassouny]
DCNN No 6 Self 76 % No [Foysal]
BLIP-2 - LoRA Yes 10 PlantVillage + Self 97.27 % Yes Our Proposed approach
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Fig. 9 Proposed TLDVLM implementation: (a) Portable device testing at greenhouse,
and (b) Device screen results.

Our experimental results unequivocally demonstrate the efficacy of the TLD-
VLM, with an impressive overall accuracy of 97.27%, complemented by high precision
(0.9587), recall (0.9789), and F1-score (0.9681). This performance underscores the
capacity of LoRA-adapted Vision-Language Models to retain powerful pre-trained
knowledge while being efficiently fine-tuned for specific, high-stakes tasks like agri-
cultural disease detection. The detailed analysis of class-specific performance revealed
the model’s strong discriminatory abilities, with perfect classification on several dis-
ease types and effective handling of class imbalance through weighted sampling and
loss functions.

Beyond its classification prowess, the TLDVLM’s practical utility is further
enhanced by its deployment within a portable application. This tool provides instant
visual feedback (raw and segmented images), disease predictions, and, critically, offers
on-demand access to comprehensive information regarding disease causes and reme-
dies via external knowledge bases (e.g., OpenAI). The ability to download a PDF
summary for offline use signifies a significant step towards accessible and actionable
agricultural diagnostics for farmers and growers.

In conclusion, the TLDVLM represents a promising advancement in intelligent
agricultural systems, showcasing that state-of-the-art vision-language models, when
combined with parameter-efficient fine-tuning techniques and smart integration, can
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yield highly accurate, robust, and deployable solutions for critical challenges like crop
disease management. Future work will focus on expanding the model’s capabilities to
detect multiple diseases on a single leaf, real-time inference optimization, and broader
validation across diverse environmental conditions.
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R., Rolland, C., Gustafson, L., et al.: Sam 2: Segment anything in images and
videos. arXiv preprint arXiv:2408.00714 (2024)

[28] Radford, A., Kim, J.W., Hallacy, C., Ramesh, A., Goh, G., Agarwal, S., Sastry, G.,
Askell, A., Mishkin, P., Clark, J., et al.: Learning transferable visual models from
natural language supervision. In: International Conference on Machine Learning,
pp. 8748–8763 (2021). PmLR

[29] Selvaraj, M.G., Vergara, A., Ruiz, H., Safari, N., Elayabalan, S., Ocimati, W.,
Blomme, G.: Ai-powered banana diseases and pest detection. Plant methods 15,
1–11 (2019)

[30] Tzachor, A., Devare, M., Richards, C., Pypers, P., Ghosh, A., Koo, J., Johal, S.,
King, B.: Large language models and agricultural extension services. Nature food
4(11), 941–948 (2023)

[31] Tm, P., Pranathi, A., SaiAshritha, K., Chittaragi, N.B., Koolagudi, S.G.: Tomato
leaf disease detection using convolutional neural networks. In: 2018 Eleventh
International Conference on Contemporary Computing (IC3), pp. 1–5 (2018).
IEEE

[32] Din, Z., Adnan, S.M., Ahmad, R.W., Aziz, S., Ismail, W., Iqbal, J.: Classifica-
tion of tomato plants’ leaf diseases using image segmentation and svm. Technical
Journal 23(02), 81–88 (2018)

[33] Wang, Y., Zhang, P., Tian, S.: Tomato leaf disease detection based on attention
mechanism and multi-scale feature fusion. Frontiers in Plant Science 15, 1382802
(2024)

[34] Yang, X., Gao, J., Xue, W., Alexandersson, E.: Pllama: An open-source large
language model for plant science. arXiv preprint arXiv:2401.01600 (2024)

[35] Zhang, K., Wu, Q., Liu, A., Meng, X.: Can deep learning identify tomato leaf
disease? Advances in multimedia 2018(1), 6710865 (2018)

[36] Zhou, Y., Yan, H., Ding, K., Cai, T., Zhang, Y.: Few-shot image classification of
crop diseases based on vision–language models. Sensors 24(18), 6109 (2024)

23


