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Abstract—Plant disease detection systems face significant
challenges in cross-domain generalization, particularly when
transitioning from controlled laboratory settings to diverse field
conditions. Traditional deep learning approaches exhibit severe
performance degradation across different imaging environments,
limiting practical deployment in real-world agricultural scenarios.
This paper introduces a novel Flexible Contrastive Clustering
(FCC) framework for zero-shot tomato disease classification that
addresses fundamental generalization limitations through vision-
language learning. Unlike standard CLIP’s one-to-one image-
text pairing, our method leverages one-to-many relationships
where each disease image is associated with multiple diverse
textual descriptions, enabling robust representation learning
across linguistic variations. The FCC framework optimizes class-
based clustering in joint embedding space through a specialized
loss function that treats all same-class descriptions as positives,
facilitating effective handling of both seen and unseen disease
categories during zero-shot evaluation. We evaluate our approach
on PlantDoc training data (740 images) and test across four
diverse tomato disease datasets totaling 17,313 images, spanning
laboratory and field conditions. Experimental results demonstrate
substantial improvements over state-of-the-art vision-language
models, achieving an average of 30.15% accuracy and 28.05%
weighted F1-score on average across all test datasets. Our
method shows particularly strong performance on field datasets,
achieving 59.70% accuracy on FieldPlant and 26.52% on Tomato
Village, significantly outperforming existing approaches. Atten-
tion visualization analysis reveals effective disease localization
capabilities for both seen and unseen categories, validating the
practical applicability of our approach for real-world agricultural
monitoring systems.

Index Terms—Vision-language models, cross-domain general-
ization, plant disease classification, flexible contrastive clustering,
agricultural computer vision

I. INTRODUCTION

Tomato production, the world’s second most important

vegetable crop after potato, faces critical challenges threatening

global food security. With approximately 186 million tonnes

produced in 2022 [1], pathogen-induced diseases cause 10-50%

yield losses in typical scenarios, with severe outbreaks reaching

80% reduction. For smallholder farmers comprising over 80%

of global agricultural producers, disease-related losses average

50% of total production, necessitating accessible diagnostic

solutions.

Current diagnostic approaches rely on manual visual in-

spection by trained pathologists, suffering from subjective

interpretation, high costs, limited expert availability, and human

error susceptibility [2]. While Convolutional Neural Networks

achieve over 95% accuracy on controlled datasets [3]–[5],

fundamental generalization limitations emerge during real-

world deployment. Laboratory datasets such as PlantVillage

feature controlled conditions with isolated specimens against

high-contrast backgrounds, whereas field environments present

heterogeneous visual contexts where pathological symptoms

exhibit reduced discriminability due to spectral overlap with

healthy vegetation and complex background interference.

The primary barrier to practical deployment is poor cross-

domain generalization. Traditional models [6]–[9] exhibit

severe performance degradation when applied to conditions

differing from training environments [9]–[14] overfitting to

dataset-specific characteristics rather than learning general-

izable disease features. Figure 1 illustrates this challenge

across five tomato disease datasets, revealing stark differences

between field-captured datasets (natural lighting, complex

backgrounds, diverse orientations) and laboratory-controlled

datasets (uniform backgrounds, standardized protocols).

Vision-Language Models (VLMs) offer transformative poten-

tial for addressing generalization challenges through large-scale

joint visual-textual pretraining. CLIP demonstrates remarkable

zero-shot capabilities by learning from 400 million image-text

pairs, achieving zero-shot ImageNet performance comparable

to supervised ResNet-50 [15]. Unlike supervised approaches,

CLIP develops general visual representations aligned with

natural language, enabling transfer without task-specific train-

ing. However, direct application of general-purpose VLMs to

specialized agricultural tasks reveals performance gaps due to

insufficient fine-grained discriminative capabilities for subtle

disease symptom detection.

This paper introduces a novel vision-language approach

for cross-dataset tomato disease classification addressing fun-



Fig. 1: Comparative analysis of tomato disease datasets demonstrating diverse imaging conditions. Field datasets (PlantDoc,

Tomato Leaf Dataset, Field Plant Dataset) exhibit natural lighting and complex backgrounds, while laboratory datasets (Plant

Village, Tomato Village, Taiwan Tomato Leaves Dataset) feature controlled environments with standardized protocols.

damental generalization limitations. Our Flexible Contrastive

Clustering (FCC) framework optimizes class-based clustering

in joint vision-language embedding space for enhanced cross-

domain transferability. Key contributions include:

– A Flexible Contrastive Clustering framework optimizing

class-based clustering in joint vision-language embedding

space for effective handling of seen and unseen disease

categories during zero-shot evaluation.

– A dynamic training approach that leverages multiple

textual descriptions per image during contrastive learning,

enhancing semantic diversity without requiring additional

data collection.

– Comprehensive zero-shot evaluation across four diverse

tomato disease datasets, establishing new cross-dataset

plant disease classification benchmarks.

– Interpretability through attention visualization, revealing

effective disease localization for both seen and unseen

categories, with substantial improvements over state-of-

the-art vision-language models.

II. RELATED WORK

A. Deep Learning for Plant Disease Detection

Deep learning [16] has revolutionized plant disease detection

capabilities. Mohanty et al. [17] pioneered CNN application

to plant disease classification using PlantVillage, achieving

99.35% accuracy across 14 crop species and 26 diseases under

controlled conditions. Khan et al. [18] advanced this field by

introducing convolutional transformers for tomato maturity

recognition, demonstrating the potential of hybrid architectures

that combine CNN feature extraction with transformer attention

mechanisms. Subsequent works include Agarwal et al. [19]

developing ToLeD with custom CNN architectures (91.2%

tomato disease accuracy) and Fuentes et al. [20] applying

Faster R-CNN for real-time field detection (96% success rate).

However, these models exhibit poor cross-dataset generaliza-

tion. Recent reviews [21], [22] highlight significant performance

degradation when models trained on controlled environments

are tested on uncontrolled field conditions [23].

B. Vision-Language Models and Cross-Domain Adaptation

CLIP [15] marked a paradigm shift, enabling zero-shot

classification through joint vision-language representation

learning with ImageNet performance comparable to supervised

ResNet-50. However, CLIP’s application to specialized domains

remains limited due to its one-to-one alignment paradigm

treating each image-text pair independently.

Vision-language models show promise in medical imaging

with similar challenges. Wang et al. [24] demonstrated that

MedCLIP’s multiple image-text relationships achieve superior

generalization over standard CLIP, while Li et al. [25] showed

that local image-text matching relations significantly improve

representation learning. However, set-based contrastive learning

approaches remain unexplored in agricultural disease detection.

Cross-domain generalization represents a critical challenge in

agricultural AI deployment. Studies document the laboratory-to-

field gap [21], [26], with existing domain adaptation approaches

primarily focusing on single-dataset optimization or requiring

target domain data during training [27], [28].

C. Research Gap and Motivation

Despite advances in plant disease detection and vision-

language models, critical gaps persist: poor cross-dataset

generalization, particularly from laboratory to field condi-

tions [29], [30], and CLIP’s limited performance on specialized

agricultural tasks due to its one-to-one alignment paradigm.



Our work addresses these gaps through a Flexible Contrastive

Clustering framework leveraging one-to-many relationships

between disease images and multiple semantic descriptions.

This represents the first systematic evaluation of vision-

language models for cross-dataset plant disease classification,

establishing new agricultural computer vision benchmarks.

III. METHODOLOGY

A. CLIP Model Foundation

The Contrastive Language-Image Pre-training (CLIP) model

learns joint representations of images and text through con-

trastive learning. CLIP consists of two core components: an

image encoder f (·) that maps input images to embeddings,

and a text encoder g(·) that encodes textual descriptions into

the same embedding space.

Given an image xi and its corresponding text ti, CLIP

generates embeddings:

vi = f (xi) (image embedding) (1)

ui = g(ti) (text embedding) (2)

CLIP optimizes a symmetric contrastive objective that

maximizes cosine similarity between corresponding image-text

pairs while minimizing similarity between non-corresponding

pairs:

LCLIP =
1

2
(Li2t +Lt2i) (3)

where Li2t and Lt2i represent image-to-text and text-to-image

contrastive losses respectively, both computed using cosine

similarity sim(vi,u j) =
vi·u j

|vi||u j |
. For zero-shot classification,

CLIP compares image embeddings with text embeddings

generated from class-specific prompts to predict the most

similar class.

B. Proposed Vision-Language Framework for Tomato Disease

Classification

Our approach extends CLIP for tomato disease classification

by leveraging multiple textual descriptions per image and

incorporating class labels directly into learning. Unlike standard

CLIP’s one-to-one alignment, our framework processes multiple

descriptions per image, enabling richer semantic understanding

of disease characteristics. Figure 2 illustrates the proposed

methodology.

Given training image xi with disease class yi, we associate

it with multiple textual descriptions Di = {ti,1, ti,2, ..., ti,m}
where m denotes descriptions per image. Each description

contains visual symptom information and explicit class labels,

facilitating direct label induction during training.

We constructed a dataset comprising 740 tomato disease

images, each annotated with 5 diverse textual descriptions

capturing different symptom characteristics. These descriptions

encompass various visual aspects including lesion morphology,

spatial distribution patterns, color variations, size descriptors,

and disease-specific terminology to provide comprehensive

linguistic coverage of pathological manifestations. For ex-

ample, bacterial spot disease descriptions vary across size

variations ("small dark spots" vs "tiny black lesions"), shape

descriptors ("round bacterial spots"), and distribution patterns

("scattered" vs "numerous"). Similarly, early blight exhibits

diverse linguistic representations ranging from "brown circular

lesions with concentric rings" to "dark spots with target-

like patterns on leaf surface". This approach ensures that

each disease class is represented through 5 linguistically

diverse samples that capture complementary aspects of the

visual phenotype. Through our dynamic training strategy,

we establish cross-modal associations between images and

their corresponding textual descriptions using a bag-of-words

representation to encode semantic relationships within the joint

embedding space. This process utilizes our foundational corpus

of 3,700 image-text pairs (740 × 5), where each visual sample

is paired with multiple linguistic representations from both

original descriptions and visually similar samples. This multi-

modal framework enables robust visual-linguistic associations,

bridging the vocabulary gap between expert pathological

descriptions and field-based observations.

C. Flexible Contrastive Clustering Loss

The Flexible Contrastive Clustering (FCC) loss aligns image

and text embeddings by exploiting class-level supervision with

multiple textual descriptions per image. This approach extends

traditional one-to-one contrastive alignment by leveraging one-

to-k correspondence between each image and its k diverse

text descriptions, enhancing semantic robustness. In our exper-

iments, k is set to 5.

Given batch B with images and BT = B×k text descriptions,

we compute normalized embeddings f (xi) for image xi and

g(t j) for text description t j. Normalization ensures embeddings

lie on a unit hypersphere for stable similarity comparisons. We

calculate temperature-scaled similarity matrix S ∈R
B×BT using

cosine similarities:

Si, j =
f (xi)

⊤g(t j)

τ

where temperature τ controls distribution softness, enabling

fine-grained similarity weighting. This matrix captures all po-

tential image-text alignments, allowing consideration of diverse

textual expressions and cross-image semantic relationships.

Class supervision is incorporated through binary mask matrix

M ∈ {0,1}B×BT :

Mi, j =

{

1 if xi and t j share the same class

0 otherwise

This mask treats all same-class text descriptions as positives,

encouraging clustering of semantically similar images and texts

while improving generalization across linguistic variations.

Similarity scores are transformed into log-probabilities via

row-wise softmax:

logPi, j = Si, j − log
BT

∑
k=1

exp(Si,k)

This probabilistic interpretation weights each textual description

relative to others, enhancing discriminative capability by

emphasizing correct class matches.



Fig. 2: Overview of the proposed Flexible Contrastive Clustering framework. Images are processed through a vision encoder

while text bags containing disease descriptions are encoded through a frozen text encoder. During training, only the final

transformer block (Tn) and MLP projection layer remain trainable in the vision encoder. The one-to-many image-text relationship

enables richer semantic understanding compared to traditional CLIP.

The FCC loss averages log-probabilities over all positive

matches defined by M:

P̄i =
∑

BT
j=1 Mi, j · logPi, j

∑
BT
j=1 Mi, j

This aggregation leverages multiple textual perspectives of the

same class, producing smoother gradients and stable learning

while exploiting intra-class diversity critical for agricultural

disease recognition.

The final loss is computed as:

LFCC =−
1

B

B

∑
i=1

P̄i

By maximizing average probability of correctly matching

images with related descriptions, FCC loss encourages class-

wise clustering in joint embedding space, improving robustness

against noisy annotations and enhancing cross-domain general-

ization.

D. Training and Zero-Shot Evaluation

The training process freezes the text encoder weights

completely while selectively optimizing the vision encoder

parameters. Specifically, in the vision encoder, only the final

transformer block and MLP projection layer remain trainable,

with all other layers frozen to preserve pre-trained visual

representations. The model is optimized using the FCC loss

with cosine annealing learning rate scheduling. Images undergo

TABLE I: Dataset Statistics for Training and Zero-Shot

Evaluation for Tomato Leaf Disease Detection

Dataset Images Environment

Training Dataset

PlantDoc [31] 740 Field

Zero-Shot Evaluation Datasets

Taiwan Tomato Leaves Dataset [32] 622 Lab

PlantVillage [3] 11,037 Lab

FieldPlant [10] 1,402 Field

Tomato Village [33] 4,525 Field

Total Evaluation 17,313

standard preprocessing including resizing to 224×224 pixels and

normalization using ImageNet statistics before being processed

through the vision encoder for multiple training epochs.

For zero-shot evaluation on unseen datasets, we employ

multiple prompt templates to generate diverse textual descrip-

tions for each disease class. The zero-shot classification score

for an image and class is computed as the average similarity

across all prompt variations. This multi-prompt evaluation

strategy improves robustness and enables effective cross-dataset

generalization.

IV. DATASETS AND EXPERIMENTAL SETUP

A. Dataset Description

Our experimental evaluation encompasses four diverse

tomato disease datasets, strategically divided into training and



TABLE II: Performance Comparison Across Different Vision-Language Models

Dataset
Proposed CLIP [15] SigLIP [34] LongCLIP [35]

Acc (%) F1-W (%) Acc (%) F1-W (%) Acc (%) F1-W (%) Acc (%) F1-W (%)

PlantVillage [3] 23.80 20.30 21.21 21.73 9.54 2.91 30.81 32.25
Tomato Village [33] 26.52 23.30 20.88 11.53 1.94 0.74 21.77 13.55
Taiwan Tomato Leaves Dataset [32] 24.76 23.20 26.69 21.74 19.77 13.13 26.21 22.50

FieldPlant [10] 59.70 63.40 24.25 14.94 2.28 2.68 23.04 13.51

Average 30.15 28.05 19.99 15.20 15.00 8.96 23.13 18.25

evaluation sets to assess cross-dataset generalization capabilities

across different imaging conditions and environments.

For model training, we utilize the PlantDoc dataset subset

containing only tomato diseases [31], comprising 740 high-

quality tomato leaf images. Each image is associated with

multiple textual descriptions, providing diverse linguistic

perspectives of the pathological conditions. Our approach

leverages the one-to-multiple relationship between images and

descriptions to enable rich semantic understanding.

Zero-shot evaluation is conducted across four independent

datasets containing 17,313 images total, providing extensive

coverage of different imaging conditions from controlled

laboratory environments to challenging field conditions.

B. Experimental Configuration

The experimental setup utilizes the CLIP ViT-B/16 archi-

tecture as the foundation model. Training is conducted for 50

epochs with a batch size of 8 and learning rate of1× 10−5.

The FCC loss temperature parameter is set to 0.07. During

training, the text encoder weights remain frozen while in the

image encoder, only the final transformer block and MLP

projection layer are trainable, resulting in approximately 7.5

million trainable parameters. All experiments are performed

on NVIDIA GPU hardware. For zero-shot evaluation, we

employ multiple prompt templates to generate diverse textual

descriptions for each disease class. The final classification

decision is based on the highest average similarity score across

all prompt variations.

V. RESULTS AND DISCUSSION

We evaluate our Flexible Contrastive Clustering approach

against three state-of-the-art vision-language models: CLIP,

SigLIP, and LongCLIP. The model is trained on the PlantDoc

dataset (740 images) and evaluated in a zero-shot manner

across four diverse tomato disease datasets containing 17,313

images total. Table II presents comprehensive results including

accuracy (Acc) and weighted F1-score (F1-W).

A. Overall Performance Analysis

Our proposed method achieves the highest average per-

formance across all evaluation metrics, with 30.15% accu-

racy and 28.05% weighted F1-score, representing substantial

improvements over baseline methods. Table II presents the

comprehensive performance comparison across different vision-

language models evaluated on four diverse tomato disease

datasets totaling 17,313 images. Our method demonstrates

particularly strong performance on field-captured datasets,

achieving exceptional results on FieldPlant with 59.70%

accuracy and 63.40% weighted F1-score compared to CLIP’s

24.25% accuracy and 14.94% weighted F1-score. Similarly, on

Tomato Village, we achieve 26.52% accuracy versus CLIP’s

20.88%. These results highlight our method’s effectiveness

in real-world agricultural scenarios where imaging conditions

are more challenging, with our approach showing consistent

improvements over state-of-the-art vision-language models

across both laboratory and field environments.

B. Attention Mechanism Visualization

Figure 3 presents attention heatmaps showing our model’s

focus on disease-relevant regions across both seen (S) and

unseen (U) disease classes. For seen classes like Leaf Mold and

Early Blight, attention maps demonstrate precise localization

of disease symptoms with high attention weights (red/yellow

regions) on areas encountered during training. More importantly,

for unseen classes including Leaf Miner, Brown Spot, Black

Mold, and Gray Spot, the model successfully identifies disease

regions despite never seeing these diseases during training.

This demonstrates effective generalization of disease-relevant

features to novel categories, which is valuable for agricultural

applications where new diseases may emerge.

The visualizations show consistent disease localization pat-

terns across all datasets, with field-captured images maintaining

clear attention focus despite challenging conditions, supporting

practical real-world applicability.

C. Limitations and Future Work

While our method demonstrates strong performance on

field datasets, it exhibits limitations in laboratory-controlled

environments, achieving 24.76% accuracy on Taiwan Tomato

Leaves Dataset and 23.80% on PlantVillage. This performance

gap stems from the domain mismatch between our field-based

training data (PlantDoc) and controlled laboratory conditions

featuring standardized lighting and uniform backgrounds.

Future research should explore domain adaptation techniques

and multi-environment training strategies to bridge this gap.

Additionally, incorporating synthetic data generation and ad-

versarial training could enhance robustness across diverse

imaging conditions. Training on balanced datasets containing

both field and laboratory samples would improve applicability

for comprehensive agricultural monitoring systems.



Fig. 3: Attention heatmap visualizations of our proposed model across different datasets and disease conditions. Each row

shows original leaf images (left) and corresponding attention maps (right) highlighting disease-relevant regions. (S) indicates

seen disease classes present in training data, while (U) denotes unseen classes not encountered during training.

VI. CONCLUSION

This paper presents a novel Flexible Contrastive Clustering

framework for zero-shot cross-domain tomato disease classi-

fication that addresses fundamental limitations in agricultural

computer vision. Our approach leverages one-to-many image-

text relationships and class-based clustering to achieve superior

generalization compared to traditional vision-language models.

Experimental evaluation across four diverse datasets totaling

17,313 images demonstrates the effectiveness of our method,

achieving 30.15% accuracy and 28.05% weighted F1-score on

average—substantially outperforming CLIP (19.99%, 15.20%),

SigLIP (15.00%, 8.96%), and LongCLIP (23.13%, 18.25%).

The approach excels particularly in challenging field conditions,

achieving 59.70% accuracy on FieldPlant and 26.52% on

Tomato Village, representing significant improvements over

baseline methods.

Key contributions include: (1) the FCC framework that

optimizes class-based clustering in joint embedding space, (2)

dynamic training strategy utilizing multiple textual descriptions

per image, (3) comprehensive zero-shot evaluation establishing

new benchmarks for cross-dataset plant disease classification,

and (4) interpretability through attention visualization demon-

strating effective disease localization for both seen and unseen

categories.

While our approach demonstrates significant improvements

in cross-domain generalization, the primary limitation involves

reduced performance on laboratory datasets compared to

domain-specific models, indicating the need for future research

into adaptive fine-tuning techniques that can maintain laboratory

accuracy while preserving field robustness. Nevertheless, this

work represents a substantial advancement toward practical

automated plant disease detection systems capable of operating

effectively across diverse real-world agricultural environments

with minimal expert supervision. The combination of inter-

pretable decision-making processes and robust cross-domain

performance addresses critical requirements in precision agricul-

ture, where expert knowledge is often limited and transparent,

reliable diagnostic tools are essential for achieving widespread

farmer adoption and improving global food security outcomes.

Future research directions should focus on both methodolog-

ical improvements and practical agricultural applications to

advance automated plant disease detection systems. From a

methodological perspective, comprehensive ablation studies are

needed to determine the optimal quantity of textual descriptions

per disease class and their impact on model performance,

while architecture optimization research should examine fine-

tuning layer selection strategies to maximize transfer learning

effectiveness. Additionally, investigating parameter efficiency

techniques could enable achieving comparable performance

with models containing fewer than 7.5 million parameters,

making deployment more feasible for resource-constrained

agricultural settings. On the application side, developing multi-

environment training strategies that systematically incorporate

diverse field conditions would enhance real-world robustness,

while synthetic data augmentation approaches could address the

challenge of rare disease detection where collecting sufficient

training samples remains difficult. Furthermore, optimizing

these models for real-time deployment and integrating them

with existing precision agriculture systems would facilitate

widespread adoption, ultimately bridging the gap between

laboratory research and practical farm-level implementation

where automated disease detection can significantly impact

crop management decisions.
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