
Abstract—Accurate segmentation of plant diseases caused by 

viruses, bacteria, and fungi is a critical step for automated crop 

monitoring and precision agriculture.  However,  variations in 

disease appearance, illumination, and background clutter make 

pixel-level delineation highly challenging. In this paper, we pro-

pose a novel diffusion–CLIP-guided dual-branch segmentation 

framework  that  explicitly  models  the  relationship  between 

healthy and infected tissue regions. The proposed architecture 

integrates  a  diffusion-based  normality  deviation  module  to 

highlight abnormal regions, a CLIP-based semantic interpreta-

tion module to provide high-level contextual guidance, and a 

dual-branch encoder that separately learns representations for 

healthy and infected regions in the input image. A cross-region 

reasoning mechanism further enhances relational understand-

ing between normal and infected regions, while multi-scale fea-

ture fusion ensures robust segmentation across varying disease 

scales.  Experimental  evaluations  on  fruit  and  leaf  disease 

datasets  demonstrate  that  the  proposed  method  consistently 

outperformed existing approaches and achieved Dice scores of 

93.10% on fruit images and 90.08% on leaf images.

Index Terms—Plant disease segmentation, diffusion models, 

CLIP, dual-branch networks, cross-region reasoning, precision 

agriculture.

I. INTRODUCTION

LANT diseases caused by viruses, fungi, and bacteria 

pose a persistent threat to agricultural productivity, crop 

quality, and global food security [1, 2]. As demand for sus-

tainable and precision agriculture grows, automated image-

based disease analysis has attracted significant attention as a 

non-invasive and scalable solution. Among computer vision 

tasks, accurate segmentation of diseased regions in fruit and 

P

leaf images is a critical prerequisite for downstream applica-

tions,  including  disease  severity  estimation,  yield  loss  as-

sessment,  treatment  planning,  and  post-harvest  quality  in-

spection.

Early research in plant disease analysis primarily focused 

on image-level classification, where deep convolutional neu-

ral networks were employed to identify disease categories 

from  entire  images.  While  these  approaches  achieved 

promising classification accuracy,  the models struggled to 

achieve stable and reliable performance. This is due to the 

presence  of  an  uninfected  complex  background,  limiting 

their applicability in real-world agricultural decision-making 

[3–6].
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dataset.
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Despite notable advances in deep learning–based segmen-

tation,  several  challenges  remain  unresolved  in  practical 

agricultural  scenarios.  Fruit  and  leaf  images  often  exhibit 

complex backgrounds, varying illumination conditions, oc-

clusions, and large intra-class variability. It is evident from 

the samples shown in Fig. 1 that one can see fruit and leaf 

with a complex background, and similarity between the in-

fected regions of different categories. These challenges be-

come significantly  more  severe  in  the  case  of  infections, 

where viral,  fungal,  and bacterial diseases cause extensive 

necrosis, tissue deformation, discoloration, and overlapping 

lesions. 

Moreover, symptoms across different pathogen types fre-

quently  share  similar  visual  characteristics  at  advanced 

stages,  making  it  difficult  for  conventional  segmentation 

models to distinguish healthy and diseased regions reliably. 

There are segmentation methods, including encoder–decoder 

architectures and multi-scale convolutional models, that of-

ten rely heavily on local texture and color cues [7–10]. As a 

result, their performance degrades when disease boundaries 

are  ambiguous  or  when  infected  regions  exhibit  irregular 

morphology  and  diffuse  edges.  In  addition,  most  existing 

methods focus on particular datasets and diseases but not on 

fruit and leaves of different domains. 

In this work, we focus on the problem of the infected re-

gion  in  fruit  and  leaves  affected  by  viruses,  bacteria  and 

fungi. Motivated by the excellent performance of diffusion 

and language models for classification of objects, we pro-

pose  a  diffusion–CLIP-guided  dual-branch  framework  de-

signed to jointly model healthy tissue distribution and dis-

ease-specific semantic characteristics [11–14].  By leverag-

ing  diffusion-based  normality  modelling  and  vision–lan-

guage semantic alignment,  the proposed approach aims to 

enhance  boundary  delineation  and  improve  robustness 

against severe symptom overlap and visual ambiguity. 

The main contributions of this work are summarized as 

follows. 

• We introduce a diffusion–CLIP-guided dual-branch 

segmentation  framework  for  virus,  bacteria,  and 

fungus-infected fruit and leaf images. 

• Vision–language semantic guidance is integrated to 

enhance discrimination among visually similar vi-

ral, fungal, and bacterial infection patterns. 

• A dual-branch  architecture  with  cross-region  rea-

soning explicitly contrasts healthy and infected fea-

tures to improve boundary delineation and general-

ization.

The remainder of this paper is organized as follows. Sec-

tion II reviews related work on plant disease segmentation, 

diffusion-based modeling, and vision–language integration. 

Section III presents the proposed methodology in detail, in-

cluding the overall pipeline, diffusion-based normality mod-

eling, semantic guidance, dual-branch feature learning, and 

uncertainty-guided fusion. Section IV describes the experi-

mental setup, datasets, evaluation metrics, and implementa-

tion details. Section V reports and discusses the quantitative 

and qualitative segmentation results, including comparative 

and ablation studies.

II. BACKGROUND

With the rapid advancement of deep learning, segmenta-

tion techniques have evolved from traditional hand-crafted 

feature–based  approaches  to  end-to-end  learning  frame-

works.  Fully  Convolutional  Networks  (FCNs)  introduced 

dense  pixel-wise  prediction  by  replacing  fully  connected 

layers with convolutional layers, forming the foundation of 

modern  semantic  segmentation  models  [15].  Encoder–de-

coder  architectures,  particularly  U-Net,  further  enhanced 

segmentation accuracy by integrating skip connections that 

fuse low-level spatial features with high-level semantic rep-

resentations [16].

To address scale variation and complex background inter-

ference,  multi-scale  feature  learning  strategies  were  pro-

posed. Models such as SegNet, PSPNet, and the DeepLab 

family employed pyramid pooling and atrous (dilated) con-

volutions to capture contextual information at multiple re-

ceptive fields, significantly improving segmentation robust-

ness  [17–20].  These  architectures  have  become  standard 

benchmarks  across  various  application  domains.  Several 

comprehensive  surveys  have  emphasized  that  effective 

multi-scale context aggregation is essential for accurate se-

mantic segmentation [7, 8].

More  recently,  attention  mechanisms  and  transformer-

based architectures have gained prominence in segmentation 

research. By modeling long-range dependencies and global 

contextual relationships, transformer-driven models such as 

SETR and SegFormer overcome the locality constraints of 

convolutional  neural  networks,  achieving  strong  perfor-

mance on complex segmentation tasks [21–23]. These ap-

proaches  demonstrate  effectiveness  in  handling  irregular 

structures and visually ambiguous regions.

In  the  agricultural  domain,  semantic  segmentation  has 

been widely adopted for plant disease analysis, enabling pre-

cise delineation of infected regions in leaf and fruit images. 

Deep learning–based segmentation models facilitate quanti-

tative disease severity estimation and support precision agri-

culture applications. U-Net and DeepLab variants have been 

extensively applied to segment plant diseases across diverse 

crops,  including tomato,  apple,  grape,  and citrus  [24–28]. 

Prior studies and reviews indicate that segmentation-based 

approaches provide more informative disease characteriza-

tion than image-level classification methods alone [16].

Despite these advances, accurately segmenting final-stage 

plant diseases caused by viruses, fungi, and bacteria remains 

challenging. Advanced-stage infections are characterized by 

extensive necrosis, lesion overlaps, and reduced visual con-

trast between healthy and diseased tissues. Moreover, symp-

toms across different pathogen types often exhibit high vis-

ual  similarity,  further  complicating segmentation.  Existing 

models frequently fail to generalize under these severe con-

ditions, highlighting the need for segmentation frameworks 
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that  incorporate  richer  contextual  modeling  and  semantic 

guidance [29–33]. 

Recent  segmentation  methods  have  explored  advanced 

feature learning strategies for accurate disease region local-

ization.  TSNUNet  introduced  a  nested  U-Net  architecture 

for improved feature representation [34], while Bhatti et al. 

proposed a plant disease segmentation framework combin-

ing dimensionality reduction, fuzzy C-means clustering, and 

deep learning [35].  These methods demonstrate the effec-

tiveness of enhanced segmentation approaches and are con-

sidered for comparison in this study. In addition, most exist-

ing models aim to identify diseases or classify the images 

without segmenting the infected regions in the images. To 

the best of our knowledge, the proposed segmentation is the 

first of its kind. 

Therefore, this study aims to develop a Diffusion–CLIP-

Guided Dual-Branch Segmentation Framework for images 

infected by viruses, bacteria, and fungi.

III. RESEARCH METHODOLOGY

As mentioned in the previous section, there are models for 

disease  identification  and  classification.  However,  these 

models do not focus on segmenting the region of interest for 

classification. The models use global features for classifica-

tion. The global features are indeed insensitive to local re-

gions, and therefore, the performance of the methods may 

not be stable and reliable. Thus, this work aims to segment 

the infected regions accurately into fruit and leaf images af-

fected by viruses, bacteria, and fungi. Unlike conventional 

encoder–decoder  architectures  that  treat  all  image  regions 

uniformly, the proposed approach decomposes the segmen-

tation process into normality learning, semantic condition-

ing, and relational feature contrast, enabling robust boundary 

delineation under severe necrosis, lesion overlap, and visual 

ambiguity. An overview of the complete pipeline is shown 

in Fig. 2.

A. Overall Pipeline

Given  an  RGB input  image  I∈ℝH×W ×3
,  the  frame-

work processes the image through three sequential phases:

• Normality  and  Semantic  Analysis  Healthy  tissue 

distribution is  learned via a diffusion-based mod-

ule,  while  global  disease  semantics  are  extracted 

using a CLIP-based vision–language encoder.

• Dual-Branch Feature Learning with Cross-Region-

Reasoning:  Feature  representations  are  explicitly 

separated into healthy and infected branches,  fol-

lowed by cross-attention-based relational modeling.

• Uncertainty-Guided Multi-Scale Fusion and Decod-

ing. Deviation-aware features are adaptively fused 

and decoded to generate the final  infected region 

mask.

Each stage is designed to progressively refine feature rep-

resentations, transitioning from normality estimation to se-

mantic discrimination and finally to precise spatial segmen-

tation.  The detailed architecture of the proposed method is 

presented in Fig. 3. 

B. Diffusion-Based Normality Modeling

The infected region segmentation is  challenging due to 

extensive necrosis and blurred boundaries. To address this, 

we introduce a diffusion-based normality modeling module 

that learns the distribution of healthy tissue appearance. The 

diffusion  module  follows  an  encoder–decoder  structure 

trained exclusively on healthy samples. Given an input im-

age I , the encoder maps it to a latent representation as de-

fined in Equation (1).

z∈ℝ
H

4
×
W

4
×32

(1)

The decoder reconstructs the expected healthy appearance 

I recon. The normality deviation map is computed as defined 

in Equation (2).

δ =∥ I - I recon∥2 (2)

which highlights regions that deviate from healthy patterns 

and serves as a spatial prior for disease localization. The ef-

fect of diffusion-based deviation modeling is visualized in 

Fig. 4 and Fig. 5 (Step 2), where infected regions are selec-

Fig 2. Overall block diagram of the proposed diffusion–CLIP-guided dual-branch. segmentation pipeline. The framework takes an input RGB disease im-

age and processes it through diffusion-based normality modeling, CLIP-based semantic interpretation, and a dual-branch encoder consisting of healthy and 

infected feature learning paths. The extracted features are refined through cross-region reasoning and multi-scale fusion modules, followed by a segmenta-

tion decoder to generate the final pixel-level infected region mask.

POORNIMA BASATTI HANUMA GOWDA ET AL.: DIFFUSION–CLIP GUIDED DUAL-BRANCH FRAMEWORK FOR INFECTED REGION SEGMENTATION 299



tively emphasized while healthy structures are reconstructed 

for both fruits and leaves, respectively.

C. CLIP-Based Semantic Interpretation

While diffusion modeling provides spatial deviation cues, 

it lacks semantic discrimination between disease types. To 

incorporate high-level contextual understanding, we employ 

a CLIP-based vision–language semantic interpretation mod-

ule. The CLIP image encoder maps the input image into a 

shared  embedding  space,  where  it  is  aligned  with  text 

prompts representing healthy and infected tissue as defined 

in Equation (3).

T healthy ,T infected (3)

Cosine similarity between image and text embedding pro-

duces semantic confidence scores as defined in Equation (4).

P=softmax (sim (E ( I ) ,T healthy ) ,sim (E ( I ) ,T infected )) (4)

These scores are transformed via lightweight MLPs into 

channel-wise modulation vectors, which guide downstream 

feature  learning  without  enforcing  explicit  spatial  con-

straints.

D. Dual-Branch Feature Encoding

To explicitly model the contrast between healthy and dis-

eased tissue, we introduce a dual-branch encoder architec-

ture. First, shared low-level features are extracted by con-

catenating the RGB input with diffusion latent features as 

defined in Equation (5).

F shared=Conv (Concat [ I , z ] ) (5)

Two parallel branches then process these shared features:

Step  1:  Healthy  Branch:  The  healthy  branch  learns 

structural  patterns  of  normal  tissue  as  defined  in  Equa-

tion (6).

Fh=Encoderh (F shared )⊙Adapt (Phealthy ) (6)

Step 2: Infected Branch: The infected branch focuses on 

abnormal regions by integrating semantic guidance and de-

viation modulation as defined in Equation (7).

F i=Encoder i (F shared )⊙Adapt (P infected )⊙δ (7)

This separation allows the network to learn complementary 

representations,  rather  than entangling healthy and infected 

features within a single latent space. Intermediate branch out-

puts are visualized in Fig. 4 and Fig. 5 (Steps 6–7), showing 

distinct specialization of healthy and infected representations.

Fig 3. Detailed architecture of the proposed diffusion–CLIP-guided dual-branch segmentation network. The architecture consists of diffusion and CLIP  

guidance modules for extracting complementary normality and semantic information, a shared feature encoder with skip connections for hierarchical rep-

resentation learning, separate healthy and infected feature branches for disease-aware feature modeling, a fusion and reasoning module for cross-attention-

based feature interaction, and a decoder for producing the final segmentation output
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E. Cross-Region Reasoning

To explicitly model  what makes a region abnormal, we 

introduce a cross-region reasoning module that contrasts in-

fected features against healthy references. Cross-attention is 

applied using infected features as queries and healthy fea-

tures as keys and values, as defined in Equation (8).

Fdiff=F i - γ ⋅Attention (Q=F i , K =Fh ,V =Fh ) (8)

This formulation encourages the network to focus on de-

viations  from  expected  healthy  appearance,  sharpening 

boundaries and suppressing false positives.

F. Uncertainty-Guided Multi-Scale Fusion and Decoding

Disease appearance varies significantly in size and mor-

phology.  To  address  this,  we  employ  uncertainty-guided 

multi-scale fusion. An uncertainty map is estimated from the 

diffusion deviation, and fused features are computed as de-

fined in Equation (9).

F fused=u ⋅DilatedConv (Fdiff )+(1-u )⋅Conv (Fdiff ) (9)

This adaptive fusion allows large receptive fields in un-

certain regions and fine-grained processing in confident ar-

eas. The segmentation decoder upsamples fused features us-

ing transposed convolutions and skip connections from both 

Fig 4. Intermediate feature visualization of the proposed diffusion–CLIP-guided dual-branch framework on a fruit disease sample. The visualization shows 

the progressive feature refinement process starting from the original fruit input image, followed by diffusion-based healthy appearance reconstruction, de -

viation map generation for identifying infected regions, CLIP-based semantic interpretation, healthy and infected branch feature representations, and the 

final predicted segmentation mask highlighting the infected area.

Fig 5. Intermediate feature visualization of the proposed diffusion–CLIP guided dual-branch framework on a leaf disease sample. The visualization 

demonstrates the feature transformation process from the original leaf image through diffusion-based reconstruction, abnormality deviation estimation,  

CLIP-based semantic feature extraction, healthy and infected branch representations, and the final segmentation output showing the detected infected re-

gion.
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branches, producing the final prediction as defined in Equa-

tion (10).

M =σ (Decoder (F fused ) ) (10)

G. Progressive Feature Evolution Analysis

To analyze the contribution of each module, t-SNE visu-

alizations are presented in Fig. 6. Features extracted after the 

diffusion  module  exhibit  diffuse  distributions,  reflecting 

non-discriminative  normality  modeling.  CLIP-guided  fea-

tures show improved global structure but remain intermixed. 

After dual-branch encoding and cross-region fusion, feature 

distributions  become increasingly  compact  and  structured, 

confirming progressive  semantic  separation.  These  visual-

izations  demonstrate  that  discriminative  segmentation 

emerges only through the joint integration of diffusion devi-

ation, semantic prompts, and relational reasoning, validating 

the design of the proposed framework.

Training Strategy: Training is performed in two phases:

Diffusion Pre-training on healthy images to learn nor-

mality priors. End-to-End Optimization of the full network 

using a composite loss as defined in Equation (11).

L=Lseg+ λcons Lcons (11)

where segmentation loss combines BCE and Dice loss, and 

consistency loss enforces accurate reconstruction of healthy 

regions.

IV. EXPERIMENTAL RESULTS

A. Datasets

The proposed method is evaluated on fruit and leaf dis-

ease  image  datasets  containing  annotated  ground-truth 

masks, focusing specifically on final-stage virus-,  fungus-, 

and bacteria-infected samples, where lesion spread, necrosis, 

and discoloration are prominent.  Sample images with dis-

ease-affected regions  (bacteria,  Fungus and Virus)  can be 

seen in Fig. 7. The dataset was collected from the Biotech-

nology Department,  Davangere  University,  Karnataka,  In-

dia. The images were verified by domain experts and manu-

ally annotated to generate pixel-level infected region masks. 

The dataset contains bacterial, fungal, and viral disease sam-

ples from both fruit and leaf categories. Only final-stage in-

fection images were selected because they provide visible 

lesion patterns suitable for accurate segmentation.

Pixel-level annotations were prepared by manually identi-

fying  infected  regions  corresponding  to  bacterial,  fungal, 

and  viral  symptoms.  The  infected  areas  were  marked  as 

foreground  pixels,  while  healthy  regions  were  considered 

background  pixels.  The  generated  masks  preserve  lesion 

boundaries, irregular infection patterns, and affected tissue 

regions,  and  were  visually  verified  before  being  used  for 

model training and evaluation.

Fig. 6. t-SNE visualization of feature distributions at different stages of the proposed diffusion–CLIP guided dual-branch framework for fruit and leaf dis-

ease datasets. The plots illustrate the progressive feature refinement process through diffusion-based normality modeling features, representing the initial  

feature distribution after healthy appearance reconstruction, CLIP-based semantic feature representations obtained using visual-semantic guidance, dual-

branch encoder features after separating healthy and infected representations, and final multi-scale fusion features used for segmentation prediction. The  

left and right groups correspond to fruit and leaf datasets, respectively, showing the improvement in feature separability across the proposed pipeline.
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The sample images exhibit significant variability in terms 

of illumination conditions, background complexity, and in-

fection severity, making the segmentation task challenging. 

The datasets include diverse disease types, lighting condi-

tions,  and  background  variations.  A  few  samples  of  the 

dataset are presented in Fig. 7. More details of the dataset 

are listed in Table I. 

The dataset was randomly divided into training and vali-

dation subsets using an 80:20 split ratio. The same split con-

figuration was maintained for  all  experiments  to  ensure a 

fair comparison between the proposed framework and exist-

ing methods. The training subset was used for optimization, 

while the validation subset was used to monitor model per-

formance during training.

B. Evaluation Metrics

To quantitatively evaluate segmentation performance, five 

widely used metrics are employed: Dice coefficient, Inter-

section over Union (IoU), Precision, Recall, and F1-score. 

These metrics are computed using the number of true posi-

tives (TP), false positives (FP), and false negatives (FN) ob-

tained by comparing the predicted segmentation mask with 

the ground-truth annotation.

The Dice coefficient measures the similarity between the 

predicted infected region and the ground-truth mask and is 

defined as defined in Equation (12).

Dice = 2TP / (2TP + FP + FN) (12)

A  higher  Dice  score  indicates  greater  overlap  between 

predicted and true infected regions. This metric is particu-

larly useful for medical and agricultural image segmentation 

tasks where accurate boundary overlap is important.

The  Intersection over Union (IoU),  also known as the 

Jaccard Index, evaluates the ratio between the intersection 

and union of predicted and ground-truth regions as defined 

in Equation (13). 

IoU = TP / (TP + FP + FN) (13)

IoU measures the accuracy of region localization and pro-

vides a stricter evaluation compared to Dice since it penal-

izes false predictions more strongly.

Precision quantifies the proportion of correctly predicted 

infected pixels among all pixels predicted as infected, as de-

fined in Equation (14). 

Precision = TP / (TP + FP) (14)

High precision indicates that  the model  produces fewer 

false-positive detections, meaning healthy regions are rarely 

misclassified as diseased.

Recall (also known as sensitivity) measures the propor-

tion of actual infected pixels that are correctly detected, as 

defined in Equation (15). 

Recall = TP / (TP + FN) (15)

High recall indicates that most infected regions are suc-

cessfully identified without being missed.

The F1-score represents the harmonic mean of Precision 

and Recall as defined in Equation (16).

F1 = 2 × (Precision × Recall) / (Precision + Recall) (16)

The F1-score provides a balanced evaluation when both 

false positives and false negatives must be considered simul-

taneously. Together, these metrics provide a comprehensive 

evaluation of segmentation performance by assessing region 

overlaps,  localization  accuracy,  and  the  balance  between 

false detections and missed infected regions.

Implementation  Details:  All  experiments  were  imple-

mented using Python and PyTorch. The input images were 

resized to 256 × 256 pixels before training. The network was 

optimized using the Adam optimizer with a learning rate of 

0.0001 for 60 epochs with a batch size of 4. Binary Cross-

Entropy and Dice-based optimization were used for segmen-

tation learning. GPU acceleration was used during training 

and evaluation. All compared methods were trained under 

the same experimental settings. 

The training and validation loss curves for fruit and leaf 

datasets are shown in Fig. 8. The decreasing trend of both 

training and validation losses indicates stable convergence 

of the proposed framework during optimization.

C. Ablation Study

To  evaluate  the  contribution  of  individual  architectural 

components,  extensive  ablation  experiments  were  con-

ducted, as summarized in Table II. Removing key modules 

such as the diffusion normality deviation,  CLIP-based se-

mantic interpretation, dual-branch encoding, or cross-region 

reasoning  consistently  leads  to  noticeable  performance 

degradation.  For  instance,  eliminating  both  diffusion  and 

Fig 7. Sample images from the fruit and leaf disease datasets used in 

this study.

TABLE I. DATASET DESCRIPTION AND PIXEL-LEVEL ANNOTATION DETAILS FOR FRUIT 

AND LEAF DISEASE SEGMENTATION

Dataset Disease 

Categories

Number of 

Images

Total Annotation

Fruit

Bacteria 250

600

Pixel-level infected 

region masksFungus 200

Virus 150

Leaf

Bacteria 300

700

Pixel-level infected 

region masksFungus 200

Virus 200
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CLIP guidance results in a Dice score drop of more than 

3.5% on fruit images compared to the full model. 

The  results  demonstrate  that  diffusion-based  normality 

modeling plays a critical role in highlighting abnormal re-

gions by learning healthy tissue distributions. Similarly, the 

absence of CLIP interpretation or semantic prompt genera-

tion  reduces  the  model’s  ability  to  disambiguate  visually 

similar  healthy  and  diseased  regions,  particularly  in  ad-

vanced infection stages. Single-branch variants and models 

without cross-region reasoning further confirm that explic-

itly modeling interactions between healthy and infected fea-

tures significantly improves boundary localization and seg-

mentation consistency.  Overall,  the  ablation analysis  vali-

dates that the proposed framework benefits from the com-

plementary  integration  of  diffusion  modeling,  vision–lan-

guage semantic guidance, and dual-branch relational learn-

ing.

To  provide  a  comprehensive  comparison,  conventional 

encoder–decoder and transformer-based segmentation archi-

tectures were implemented using the same dataset split and 

experimental configuration. The baseline models include U-

Net,  DeepLabV3+,  and  SegFormer,  representing  convolu-

tional, multi-scale, and transformer-based segmentation ap-

proaches, respectively. 

The  overall  segmentation  performance  of  the  proposed 

method is summarized using the Dice coefficient, Intersec-

tion over Union (IoU), Precision, Recall, and F1-score. As 

reported in Table I, the proposed framework achieves a Dice 

score of 93.10% on fruit images and 90.08% on leaf images, 

indicating  strong  pixel-level  agreement  with  ground-truth 

annotations.  High  IoU  values  of  87.29%  for  fruits  and 

82.34% for leaves further demonstrate accurate region delin-

eation, even under severe infection conditions. The balanced 

Precision and Recall  values  suggest  that  the model  effec-

tively  minimizes  both  false  positives  and  false  negatives. 

This is particularly important for final-stage disease segmen-

tation, where excessive necrosis and overlapping symptoms 

often cause conventional  models to  over-segment infected 

regions or miss subtle boundaries. The consistent F1-scores 

across both datasets confirm the robustness of the proposed 

framework across different plant organs and disease appear-

ances.

D. Comparative Study with Existing Methods

Table III presents a comparative analysis between the pro-

posed approach and recent state-of-the-art plant disease seg-

mentation methods. The comparison methods were selected 

based on their relevance to plant disease segmentation and 

their  ability  to  model  spatial  and  semantic  information. 

These  methods  represent  recent  CNN-based,  transformer-

based, and feature-enhanced segmentation approaches. The 

Fig 8. Training and Loss curves for the fruit and leaf datasets.

TABLE II. DICE, IOU, PRECISION, RECALL, AND F1-SCORE OF THE KEY STEPS OF THE PROPOSED METHOD FOR FRUIT AND LEAF DISEASE SEGMENTATION

# Key Steps
Fruit Leaf

Dice IoU Precision Recall F1 Dice IoU Precision Recall F1

1 No Diffusion + No CLIP 89.58 81.73 87.49 91.88 89.58 85.56 80.55 87.25 83.14 84.56

2 RGB + CLIP Only 90.21 84.60 91.30 89.22 90.21 84.43 79.33 83.20 82.22 84.43

3 No Diffusion Module 91.52 85.45 90.42 89.77 91.52 87.00 82.42 88.52 87.03 87.00

4 Only RGB + Decoder 88.26 81.98 89.92 88.68 88.26 83.82 72.78 85.46 82.76 83.82

5 Dual Branch w/o Cross Reasoning 89.58 81.63 89.34 89.95 89.58 83.76 72.66 81.12 86.79 83.76

6 No CLIP Interpretation 89.55 81.51 88.97 90.23 89.55 83.78 72.82 85.19 82.84 83.78

7 Single Branch w/ All Features 89.37 81.25 89.28 89.55 89.37 83.85 72.86 84.32 83.71 83.85

8 No Prompt Generator 89.34 81.29 89.06 89.95 89.34 83.65 72.55 80.09 87.86 83.65

9 No Deviation Modulation 89.27 81.22 88.87 89.75 89.27 83.45 72.27 83.79 83.61 83.45

1

0
No CLIP + No Prompts 89.05 80.82 88.65 89.79 89.05 83.55 72.55 88.35 79.90 83.55

11 No Cross-Reasoning 88.86 80.46 89.87 88.13 88.86 84.31 73.47 84.97 83.98 84.31

1

2
RGB + Diffusion Only 88.73 80.25 89.75 88.00 88.73 83.30 72.04 83.06 84.01 83.30

1

3
No Dual Branch 88.70 80.24 90.17 87.49 88.70 85.29 74.94 86.34 84.64 85.29

1

4

U-Net 90.59 83.04 93.99 87.59 90.59 84.76 74.49 92.39 79.20 84.76

1

5

DeepLabV3+ 82.88 71.86 87.21 80.53 82.88 79.93 67.67 87.63 74.76 79.93

1

6

SegFormer 80.61 68.55 79.81 82.66 80.61 71.83 57.27 61.74 88.52 71.83

1

7
Proposed Method 93.10 87.29 94.29 91.85 93.10 90.08 82.34 90.21 90.18 90.08
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proposed  framework  consistently  outperforms  existing 

methods across all evaluation metrics for both fruit and leaf 

datasets. Compared to Sun et al. [34], the proposed method 

improves  Dice  scores  by  over  6.5% on  fruit  images  and 

7.5% on leaf  images.  Similar  improvements  are  observed 

when compared to Bhatti et al. [35], particularly in terms of 

IoU and  F1-score.  These  performance  gains  highlight  the 

limitations of conventional multi-scale convolutional models 

when applied to final-stage infections. In contrast, the pro-

posed  diffusion–CLIP-guided  architecture  effectively  cap-

tures global semantic context and structural deviations, en-

abling  more  reliable  segmentation  under  complex  visual 

conditions.

E. Qualitative Results for Visual Analysis

To visually demonstrate the effectiveness of the proposed 

method, Fig. 9 and Fig. 10 present representative segmenta-

tion results for the samples shown in Section 4.1. The figure 

compares  the input  images,  ground-truth masks,  predicted 

masks, and overlay visualizations of the infected regions.

Fig.  11 presents  representative failure cases of  the pro-

posed  segmentation  framework.  As  observed,  the  model 

struggles to accurately delineate infected regions in scenar-

ios characterized by severe necrosis, irregular lesion bound-

aries, and low contrast between healthy and diseased tissues. 

In certain cases, the infected regions exhibit diffuse and am-

biguous edges, leading to under-segmentation or over-seg-

mentation.  Additionally,  visual  similarities  between  ad-

vanced-stage infections and surrounding healthy tissue result 

in  misclassification.  Complex  backgrounds,  illumination 

variations, and overlapping symptoms further contribute to 

performance degradation. These challenges highlight the in-

herent difficulty of segmenting final-stage plant diseases and 

indicate potential  directions for  improvement,  such as  en-

hanced boundary refinement and better modeling of subtle 

texture variations.

V. CONCLUSION AND FUTURE WORK

This  paper  proposed  a  diffusion–CLIP-guided  dual-

branch framework for accurate segmentation of infected re-

gions in fruits and leaves affected by viruses, bacteria, and 

fungi.  By  jointly  modeling  healthy  tissue  appearance 

through diffusion-based normality learning and incorporat-

ing  high-level  semantic  guidance  via  a  vision–language 

model,  the  proposed  approach  effectively  addresses  chal-

lenges  posed by severe necrosis,  overlapping lesions,  and 

visual  ambiguity  at  advanced  disease  stages.  The  dual-

branch design with cross-region reasoning enables comple-

Table III. DICE, IOU, PRECISION, RECALL, AND F1-SCORE OF THE PROPOSED AND EXISTING METHODS ON THE FRUIT AND LEAF DATASET.

Method
Fruit Leaf

Dice IoU Precision Recall F1 Dice IoU Precision Recall F1

Proposed Method 93.10 87.29 94.29 91.85 93.10 90.08 82.34 90.21 90.18 90.08

Sun et al. (2026) [34] 86.53 76.26 78.79 95.96 86.53 82.50 70.22 84.17 80.90 82.50

Bhatti et al. (2024) [35] 81.62 81.11 87.47 91.77 89.57 75.14 65.72 77.37 81.44 79.31

Zhang et al. (2024) [25] 90.21 82.35 93.10 87.75 90.21 88.47 79.68 90.85 86.20 88.47

Fig 9. Sample segmentation results for the fruit images using the proposed 

model.

Fig 10. Sample segmentation results for Leaf Dataset images using our 

model
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mentary  feature  learning,  resulting  in  improved  boundary 

delineation and robust segmentation performance compared 

to existing methods.

Although the proposed framework introduces additional 

computation due to diffusion-based refinement, CLIP-based 

semantic guidance, and dual-branch feature learning, these 

components improve infected region localization and feature 

discrimination.  The current  implementation  is  suitable  for 

workstation-based agricultural analysis. Future work will fo-

cus on lightweight optimization and efficient deployment on 

edge devices.

This work considers the disease images at the final stage 

for segmentation. Therefore, the proposed method may not 

be  effective  for  images  at  early  and  intermediate  stages, 

where the infected regions may not provide visible cues for 

segmentation. Thus, there is  scope for improving the pro-

posed method to address the challenges of early and inter-

mediate stage images. 

The proposed segmentation framework can support prac-

tical agricultural  applications by providing visual localiza-

tion of infected regions, which can assist farmers, agricul-

tural researchers, and plant disease experts in disease assess-

ment. The segmentation outputs can be integrated into smart 

farming  systems  or  image-based  disease  monitoring  plat-

forms to  enable  automated analysis.  Future  improvements 

will  focus  on  developing  lightweight  versions  and  user-

friendly interfaces for practical field deployment. 

Further, this work does not include classification results 

to show the advantages of the segmentation, as it is beyond 

the scope of this work. For the next work, the results will in-

clude classification experiments with and without segmenta-

tion. Since the dataset was collected from a specific agricul-

tural environment, variations related to crop types, imaging 

conditions, and geographical regions may influence general-

ization.  Future  studies  will  include  larger  multi-location 

datasets to improve robustness.

GENERATIVE AI DISCLOSURE STATEMENT

The authors confirm that Generative AI was not used in 

this research and in the preparation of this manuscript.
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