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Abstract—This paper investigates the detection of black rot
disease in grapevines using both flash and natural outdoor
imagery, emphasising real-world field conditions over controlled
laboratory environments. Leveraging a dataset captured from an
Unmanned Ground Vehicle (UGV), the study evaluates the robust-
ness of deep learning models under few-shot learning scenarios
using flash and natural light. A hybrid architecture combining
a Feature Pyramid Network is employed, with models initially
trained on annotated source data and adapted to unlabeled target
domains through transfer learning. The results demonstrate that
few-shot learning performance in visual disease detection is
significantly enhanced when adaptation is guided by a prior
model trained on broader symptomatology, underscoring the
importance of generalised representations in few-shot conditions.

Index Terms—Visual Disease Detection, Precision Viticulture

I. INTRODUCTION

Precision agriculture is an increasingly evolving field which
now benefits from the attention of Machine Learning (ML)
applications, which aim to boost the yield, quality and sus-
tainability of plants and plantations. The grapevine industry is
one of the largest, producing fruits for general consumption or
creating beverages [1]. However, grapevines are susceptible to
a range of foliar pathogens, such as downy mildew, powdery
mildew, and black rot, which manifest visibly on leaves before
affecting the entire plant, allowing humans to react and support
the plant in overcoming the disease. Hence, early and accu-
rate detection of visual symptoms is crucial for minimising
economic losses and reducing excessive agrochemical usage.

Traditional disease identification in vineyards relies on
scouting by trained experts [2]. This approach is time-
consuming, prone to human error, and not scalable for large-
scale or precision agriculture. In recent years, advancements
in Computer Vision (CV) and ML applications targeting en-
hancements in agriculture have emerged [3]-[6].

Deploying CV models in real agricultural environments
presents a significant challenge, as these models are highly
sensitive to illumination, background, or appearance changes.
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These factors often lead to substantial performance degra-
dation when models trained under controlled conditions are
applied to field data. To address this, it is essential to develop
models that are sufficiently robust to detect disease symp-
toms under diverse environmental conditions accurately. One
promising solution is the application of Domain Adaptation
(DA) techniques. More specifically, DA can be employed
to achieve better results even with low amounts of data by
minimising the domain shift, making it particularly well-suited
for agricultural scenarios where labelled data are limited or
costly to obtain.

Comparing natural and flash imagery in outdoor data is an
emerging subdomain for Visual Disease Detection (VDD) in
grapevines. Flash [7] based imaging offers a more controlled
visual input by minimising some of the most challenging
variables in CV, notably illumination changes. By reducing
environmental noise, flash images can enhance the stability
and reliability of feature extraction, thereby improving the
overall robustness of CV models.

The use of Unmanned Ground Vehicle (UGVs) and Un-
manned Aerial Vehicles (UAVs) has become increasingly
prominent in precision viticulture for monitoring grapevine
health and detecting foliar pathogens [8]. UAVs enable rapid,
high-resolution image acquisition over large vineyard areas,
providing a non-invasive and scalable alternative to manual
inspection. When integrated with computer vision and machine
learning models, UAV-based imagery supports real-time, in-
situ disease detection, thereby enhancing both the efficiency
and accuracy of vineyard management practices.

This study presents a DA approach that improves the
precision of symptom detection in grapevine leaves to identify
black rot disease, utilising few-shot learning principles. In the
broader symptom detection phase, the model was trained to
recognise general foliar pathogens, treating all visibly affected
leaves as instances of disease without distinguishing between
pathogen types. We aim to target only black rot disease to
assess which set of data is more reliable between natural and
flash camera imagery, using limited labelled data. The main
contributions are summarised as follows:

1) We train a base model on a UAV dataset [8] which

detects different foliar diseases as one disease, creating
a symptom detection model.



2) We describe and implement a novel DA technique to
mitigate the effect of domain shift between UAV and
UGV data using few-shot principles.

3) We present an evaluation of flash and natural imagery
of outdoor grapevine plants from Bordeaux, France,
affected only by black rot disease, thereby transitioning
our symptom detection model into a disease detection
model.

Section II discusses related works in the fields of DA
and precision agriculture, section III presents the proposed
method with the dataset details and experimental setup, while
section IV highlights the results and discusses limitations of
our work, concluding with section V.

II. RELATED WORK

Visual inspection techniques constitute the foundation of
numerous CV tasks in precision agriculture, such as image
matching, object detection [3]-[5], and instance segmenta-
tion [9]-[11]. However, while many models demonstrate high
accuracy under laboratory or curated benchmark datasets, their
performance often degrades when applied to real-world vine-
yard settings characterised by variability in lighting, occlusion,
leaf orientation, and background conditions [11]-[13].

This performance gap is primarily attributed to the problem
of domain shift, where the statistical properties of the training
data (source domain) differ from those encountered in a
new, unobserved environment (target domain). To mitigate
this issue, DA [14] techniques are increasingly employed in
agricultural vision tasks. DA facilitates the transfer of learned
features from a pre-trained model, typically developed on a
large-scale dataset, to a new domain with different data dis-
tributions. In the context of grapevine disease detection, such
techniques are particularly pertinent, as vineyard conditions
can vary significantly across regions, seasons, and imaging
systems.

By integrating transfer learning with unsupervised [15]-[17]
or semi-supervised [18] DA methods, fine-tuning of convolu-
tional neural networks (CNNs) can improve model robustness
under diverse field conditions. This approach enhances the
model’s capacity to generalise, making it more applicable for
deployment in precision viticulture where real-time, in situ
disease recognition is essential.

In the context of flash and natural image pairs, Sun et al. [7]
demonstrated that combining these two modalities can signif-
icantly aid in image segmentation tasks. Flash illumination
enhances the visibility of objects closer to the camera by
increasing their exposure, thereby facilitating the separation
of foreground elements from the background. This principle
showcases our motivation for incorporating flash imagery in
grapevine leaf disease detection, as it helps mitigate challenges
posed by inconsistent natural lighting conditions. This notion
will also be beneficial in our research as well.

A. Domain Adaptation in Precision Agriculture

ML techniques have recently shown promise for certain
tasks. For instance, Shubhra and Stavness [5] combined a

convolutional network to count leaves with a deconvolutional
network for initial segmentation, and Giuffrida et al. [19]
created a network that directly estimates leaf counts from
unstructured 2D images. Another useful solution to domain
shift is dataset augmentation, where Ubbens et al. [18] add
rendered 3D synthetic graphics to their training set. Similar
to this, Generative Adversarial Networks (GANs) have been
used to improve fruit recognition in 3D crop modelling by Fei
et al. [20], while Roscher et al. [21] synthesise grape images
for pretraining their berry detector and use supervised DA to
increase model accuracy.

Karim et al. [22] investigate leaf blight, esca, black rot, and
healthy leaves, employing data augmentation to produce more
images. They test the effectiveness of the MobileNetV3Large
network utilising transfer learning approaches for deploying
it on a Jetson Nano. Real-time Grad-CAMs were employed
to improve the system’s performance. On a dataset of 1806
photos that were lab-collected, leaf by leaf, Kaushik and
Sharma [23] are investigating black rot, esca, leaf blight,
and healthy leaves. Kunduracioglu and Pacal [24] propose a
technique that utilises two datasets: one for detecting grapevine
leaf disease and the other for classifying grapevines into
various species. They correctly identify the plant’s class or
disease by comparing different CNN models with different
Vision Transformers (ViTs).

Wang et al. [25] suggest a Fourier DA-based approach to
grapevine leaf disease detection that uses the farthest point
sampling method to lessen the effect of randomness. Blight,
black rot, and black measles are the diseases being studied
in a leaf-by-leaf, lab setting environment. Using a dataset of
grapevine leaf diseases, Venkatachalam et al. [26] compare
deep learning methods for detecting grapevine leaf disease.
To increase data diversity, enhance performance, and reduce
overfitting, the study included labels for black rot, esca, leaf
blight, and healthy leaves.

Unsupervised Domain Adaptation (UDA) in agriculture on
a large scale is a task that Fuentes et al. [15] made progress
by proposing a DA approach for classifying tomato diseases
that successfully adapts to environmental changes between
new greenhouse scenarios. Their findings are displayed for
each of the three farm combinations. Wu et al. [16] present
a novel method that uses UDA and successfully resolves the
issue of significant difference between domains. Yan et al. [17]
also propose a UDA between two distant and low-correlated
domains to classify plant disease severity. Additionally, cross-
species plant disease diagnosis was conducted on strawberries,
cassava, and grapes. A leaf spot attention technique is used in
a deep learning-based architecture presented by Yu and Son
in [27].

Closest to our work is the work of Zhao et al. [4], which
presents a method for leaf disease diagnosis that considers
labelled data and a constrained distribution shift, and is the
closest to our study. They use a self-supervised approach and
require a certain quantity of labelled data in the target domain
image collection.

In this study, we propose a DA framework for the de-



Fig. 1. Examples of challenging annotated grapevine foliar pathogens of interest using bounding boxes on an outdoor UAV image, left image is manually
labelled while the right one is predicted by the base model (best viewed in colour)

tection of grapevine leaf diseases under real-world vineyard
conditions. Leveraging a dataset of UAV imagery [8], our
approach addresses adaptation to Unmanned Ground Vehicle
(UGV) flash, natural imagery and few-shot learning principles.
Specifically, we train a deep learning model using labelled
images from a well-annotated source domain and adapt it to a
labelled or unlabeled target domain using DA techniques. This
methodology enables the model to generalise effectively to
new environments without requiring additional manual anno-
tation, thereby ensuring scalable and robust disease detection
in operational vineyard settings.

III. PROPOSED METHOD

Representative examples from the employed dataset [8]
are illustrated in Figure 1, where we compare a manually
annotated leaf image (left) with a corresponding prediction
generated by a model trained on August data, see section IV,
and applied to an image (right), highlighting the model’s cross-
temporal inference capacity.

For the detection of diseased grapevine leaves, we employ
a Feature Pyramid Network (FPN) [28], which is well-suited
for multi-scale feature extraction in complex visual scenes.
Additionally, we use the YOLOI11 architecture, chosen for
its superior detection performance and enhanced feature rep-
resentation. This version features an anchor-free split head
design, optimising the trade-off between detection accuracy
and computational efficiency. Its lightweight yet powerful ar-
chitecture makes it particularly suitable for future deployment
in embedded systems and UAV-based real-time applications.

Model performance is quantitatively assessed using the
mean Average Precision (mAP) metric, reported as a percent-
age. As defined in Eq. 1, mAP is computed over all classes
C, with each class-wise average precision APj calculated as
the area under the corresponding precision-recall curve. We
report two standard evaluation thresholds: m A P, calculated
at an Intersection over Union (IoU) threshold of 0.5, and
mAPs.95, which averages mAP scores over IoU thresholds
ranging from 0.5 to 0.95 in 0.05 increments. These metrics
provide a robust and interpretable measure of the detector’s

accuracy and consistency across varying prediction strictness
levels.

C
1
mAP = G ;AP,C 1)

A. Methodology

The training process followed a supervised learning strategy
in which the complete image dataset was split into two subsets:
approximately 80% of the data was used for training, while
the remaining 20% was reserved for validation or testing. This
partitioning was consistent across all experiments.

The dataset [8] used in this study offers three resolution
variants:

1) original high-resolution (3849 x 2160) images.

2) directly downsampled versions of the (3849 x 2160)

images at 640x480 pixels.

3) a sliding window format where each (3849 x 2160)
image is divided into four quadrants, each individually
downsampled to 640x480 pixels.

The images chosen for use are the original ones, which
were not resized, and only a sliding window approach was
adopted to make them square-sized, better fitting our models’
requirements.

Training was conducted over 300 epochs using manually
labelled images from the source domain. For domain adapta-
tion experiments, training resumed from the pre-trained source
model’s best weights and continued for an additional 200
epochs. Full domain recalibration has been implemented, given
the task’s specifics, which means all layers were left train-
able during the adaptation process. Across all unsupervised
cases, manual annotations were applied exclusively to the
source domain, while the target domain remained unlabeled.
Its predictions were evaluated based on the adapted models’
inference performance.

B. Dataset Overview

The base dataset used in this study comprises over 9,000
images, primarily from Romanian vineyards, with a smaller
proportion collected from other European regions, making it



the largest known collection of vineyard imagery captured in
real agricultural settings, outside of laboratory environments.

From this set of images 4,473 are from August, and they
have been chosen to be used as a base for our testing. An
additional set of private data from Bordeaux, France, was
included to facilitate the natural-flash study presented in this
work. In this image, a few-shot study has been conducted,
using image sets comprising 98 images of plants affected only
by black rot disease, 49 for the natural image set, and another
49 for the flash image set.

Figure 2 showcases sample images from the flash and nat-
ural image dataset, featuring grapevines affected exclusively
by black rot disease. Due to the limited number of annotated
samples, this dataset provides an ideal setting for evaluating
few-shot learning in conjunction with DA techniques, allowing
us to assess model performance under data-scarce conditions.

C. Experimental setup

In all experiments, models were trained for 300 epochs
using manually labelled images drawn from the specified
source dataset partitions, as indicated in the Source column of
the accompanying tables. When a Target domain is listed, an
adaptation phase is introduced. In this phase, training resumed
for an additional 200 epochs using the best weights from the
source model as the initialisation point.

D. DA theoretical background

DA is a specialised branch of transfer learning that addresses
the challenge of deploying machine learning models across
differing but related data distributions. In particular, it seeks
to transfer knowledge from a source domain, denoted as
fs, where annotated data are abundant, to a target domain,
07, which may contain limited or no labelled data. This
setting is especially relevant in real-world applications, such
as precision agriculture, where collecting labelled data across
all environmental or temporal conditions is impractical.

The distributions fg and 6 represent the statistical charac-
teristics of the source and target domains, respectively. While
both govern the mapping from input features to output labels,
they diverge in terms of data availability and domain-specific
statistical properties, often manifesting as distributional shifts.

The source domain distribution g is typically estimated
from a labelled dataset Dg = {(x7,y;)}1,, where z7 are
input samples drawn from the marginal distribution Pg(X),
and y; are the corresponding labels sampled from the condi-
tional distribution Ps(Y'|X). Consequently, s approximates
the joint distribution Pg(X,Y"), either explicitly, in the case of
generative models, or implicitly, via learned model parameters
in discriminative settings.

In contrast, the target domain 7 is inferred from an unla-
belled or partially labelled dataset Dy = {o:jT T, where only
the marginal distribution Pr(X) is accessible, while Pr (Y| X)
is either unknown or sparsely defined. This imbalance imposes
significant challenges for direct supervised learning in the
target domain.

The divergence between 6g and 07 arises from various types
of domain shifts:

o Covariate shift: Pg(X) # Pr(X) while Ps(Y|X) ~
Pr(Y|X),

« Label shift: Ps(Y) # Pr(Y),

« Concept shift: Ps(Y|X) # Pr(Y|X).

Both 6g and 6y may be viewed as parameter sets gov-
erning domain-specific distributions P(X,Y’;6). The central
objective of DA is to minimise the distributional discrepancy
between fg and A7 so that a model trained on the source do-
main can generalise effectively to the target domain. Formally,
this is expressed in Eq. 2:

mind(fg, 1) (2)

0s,T

Here, d(-) represents a divergence measure, such as Maxi-
mum Mean Discrepancy (MMD) or domain adversarial loss,
quantifying the gap between the source and target feature
distributions. In practical terms, DA methods fall into several
categories depending on the availability of target labels:

1) Unsupervised DA: Assumes no labelled data in the target
domain.

2) Few-shot or Semi-supervised DA: Leverages a small
number of labelled samples from the target domain,
often in conjunction with unsupervised objectives.

In this study, the proposed DA strategy is model-based,
meaning it centres on adapting the parameters of a deep
learning model, specifically a CNN, so that it learns domain-
invariant features. This approach is particularly beneficial in
agricultural vision tasks, where models trained on one region
or season often fail to generalise to others due to domain shifts
induced by environmental variability, lighting changes, and
leaf morphology.

By combining few-shot learning principles with domain
adaptation, the model can be effectively tuned using a limited
amount of labelled target data, significantly improving its
performance in scenarios characterised by data scarcity and
cross-domain generalisation challenges.

IV. RESULTS

In this section, we present a comprehensive evaluation of
our grapevine disease detection model. The goal is to quantify
the robustness of the model to real-world domain shifts,
using both standard supervised training and UDA strategies.
Performance is evaluated using the mAP metric on manually
labelled validation sets.

Bold is used in all result tables to highlight the best-
performing model for each distinct validation set, chosen from
among the two configurations, source-only training and DA
with all layers trainable.

The base model performance which is trained on Au-
gust UAV data from the dataset [8] has a performance of
647%[mAP50]
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Fig. 2. Examples of natural and flash UGV images used for few-shot learning

A. Few-Shot Learning

Building upon the previous symptomatology-based results
from the August data, where the model was trained to de-
tect general foliar disease symptoms regardless of specific
pathogen types, we now shift our focus to a targeted detection
task. Specifically, we explore the model’s capacity to recog-
nise black rot disease in grapevines from Bordeaux, France,
employing a supervised domain adaptation strategy under a
few-shot learning scenario.

In this experiment, the dataset comprises image pairs of
grapevines captured under both natural and flash lighting
conditions from the perspective of an Unmanned Ground
Vehicle (UGV). The flash/natural image pairs were selected,
used either independently or in combination, with careful han-
dling to avoid cross-contamination. Representative examples
of these high-resolution images, used in the training process,
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TABLE I
SULTS! ON FEW-SHOT LEARNING ON SMPX FLASH/NATURAL IMAGES
FOR GRAPEVINE LEAF DISEASE DETECTION

Source Target Validated mAP50[ %]
Flash&Natural [} Flash&Natural ~ 48.3
Natural 0 Natural 26.6
Natural 0 Flash 20.5
Flash 0 Flash 54.8
Flash 0 Natural 26.7
August Flash&Natural Flash&Natural 66.7
August Natural Natural 64.6
August Natural Flash 57.7
August Flash Flash 68.7
August Flash Natural 48.3
TABLE II

RESULTS! ON UNSUPERVISED ADAPTATION ON 5MPX FLASH/NATURAL
IMAGES FOR GRAPEVINE LEAF DISEASE DETECTION

Source Target Validated mAP50[ %]
August Natural Natural 38.4
August Natural Flash 42.7
August Flash Flash 53.2
August Flash Natural 40.0

are shown in Figure 2.

Initial training results based on the annotated dataset are
reported in the first half of Table I. The second half of
the table presents results from a supervised adaptation setup,
where the best-performing symptomatology model suggests
that pretraining on broader disease classes can significantly
enhance adaptation to specific pathogens under conditions of
limited data. A generalised symptomatology model offers mea-
surable benefits in few-shot scenarios, outperforming training
from scratch on the flash/natural image pairs. This indicates
that pretraining on broader disease classes can significantly
enhance adaptation to specific pathogens under limited data
conditions.

To further evaluate the effectiveness of UDA in a few-
shot context, an additional experimental setup was im-
plemented. Specifically, the best-performing August-trained
model, adapted either to flash or natural lighting conditions, as
reported in Table I, was used as the source model to generate
pseudo-labels on its complementary image set (i.e., flash to
natural, or vice versa). These pseudo-labels then served as the
basis for unsupervised adaptation to the target domain.

The results of this UDA procedure are summarised in
Table II. This setup enables us to examine the model’s
performance when transferring between visually distinct yet
semantically similar imaging conditions, testing its robustness
to lighting variability and demonstrating its adaptability even
in low-data regimes.

B. Results Interpretation using DA knowledge

The results presented in Tables I and II can be more deeply
understood by grounding them in the theoretical framework

where source is the image set used for training, target is the image set
used for adaptation, validation is the image set the model is composed of,
source and target are tested on, bold is the best result for each source-target
image pair and () denotes no adaptation



Fig. 3. Examples of annotated black rot disease using bounding boxes on an outdoor UGV image, left image is manually labelled while the right one is
predicted by the best model (best viewed in colour)

of DA. As described in subsection III-D, the central goal of
DA is to reduce the discrepancy between the source domain
distribution 65 and the target domain distribution 67, thereby
enabling the model to generalize effectively to unseen or
under-represented data regimes.

In this context, the August-trained model serves as the
source model fg, trained on diverse foliar disease symptoms.
When adapted to the flash or natural imagery domains, each
representing 7 under different lighting conditions, the model
attempts to minimise the divergence d(fg, f7) via supervised
or unsupervised strategies. The superiority of the supervised
August-to-Flash configuration 68.7%[mAPsg], highlights the
effectiveness of DA when a strong base model is combined
with limited target supervision.

From a DA perspective, the strong performance of the
adapted August model suggests that its feature representations
are partially domain-invariant, allowing successful transfer to
the target domain despite significant differences in lighting
and viewpoint. This aligns with theoretical expectations by
initialising adaptation with a model trained on general symp-
tomatology, and adapting it via few-shot learning, the system
achieves a robust balance between source generalisation and
target specificity.

Moreover, the results in Table II further demonstrate the
potential of unsupervised DA in few-shot settings. Using
pseudo-labels generated from the source model, the system
performs unsupervised adaptation across flash and natural
domains, yielding moderate improvements even without addi-
tional labels. This reflects the practical value of minimising
domain divergence d(fg,fr) through alignment of feature
distributions, especially when Pr(Y'|X) is sparsely defined.

Figure 3 visually illustrates the success of this approach,
showing that the adapted model is capable of closely replicat-
ing human annotations in real outdoor vineyard imagery, de-

spite limited supervision and domain variability. These results
validate the theoretical underpinnings of DA and underscore
its applicability in precision agriculture, where models must
generalise across heterogeneous real-world conditions using
minimal labelled data.

C. Discussion

Several key insights emerge from the experimental findings,
particularly in relation to image pre-processing strategies and
few-shot learning in visual plant disease detection.

First, the impact of image resizing in deep learning work-
flows warrants careful consideration. In visual detection tasks,
such as identifying grapevine leaf disease, aggressive down-
scaling can significantly degrade model performance. Impor-
tant high-frequency features, such as small lesions, subtle
discolourations, or edge contours, may be lost, rendering the
model unable to correctly interpret the input or associate it
with the appropriate label. To mitigate this, the sliding window
approach proves advantageous. Rather than rescaling the entire
image, this method crops high-resolution images into smaller
segments, allowing the model to process them efficiently while
preserving the original spatial and visual detail. This approach
is particularly suitable when adapting input sizes to GPU or
model constraints without sacrificing crucial disease-related
information.

Second, in the context of few-shot learning, the results
indicate that initialising with a general-purpose base model
trained on symptomatology rather than a specific disease can
yield notable performance improvements. As shown in Table I,
even when the pre-trained model was not explicitly optimised
for detecting black rot, its prior exposure to a broad spectrum
of foliar disease features provided a valuable representational
foundation for downstream adaptation. This supports the use
of symptom-centric pretraining as a practical strategy in low-



data scenarios, especially when precise annotations for specific
diseases are scarce or difficult to obtain.

D. Limitations

One of the primary limitations of this study is related
to the dataset, which comprises real-world vineyard imagery
captured under uncontrolled field conditions. Unlike datasets
curated in laboratory environments [29], where individual
leaves are photographed against uniform backgrounds, the
images used here are subject to various sources of envi-
ronmental noise. These include inconsistent lighting, com-
plex and cluttered backgrounds, variable leaf orientations,
and occlusions from surrounding vegetation. Such variability
introduces additional challenges for accurate disease detection
and increases the difficulty of learning robust visual patterns.

Figure 4 illustrates a representative failure case that high-
lights the effects of domain shift on model performance.
In this example, the model, trained on images collected
from Romanian vineyards, was evaluated on data featuring
a different type of foliar disease not included in the original
training set. As shown in the right-hand image, the model in-
correctly identifies disease symptoms, producing false positive
predictions. The corresponding manual annotation on the left-
hand image reveals the absence of such disease categories in
the training data. These misclassifications can be attributed
to visual similarity between the new disease symptoms and
previously learned patterns, leading to semantic confusion.
Such cases underscore the need for more comprehensive
datasets that capture a wider range of disease types, as well
as improved domain generalisation strategies.

V. CONCLUSIONS

This work presents a domain adaptation approach for the
automated detection of grapevine leaf diseases in uncontrolled,
real-world vineyard environments. By leveraging a model
trained on labelled source domains and adapted to labelled
or unlabeled target domains, we explored the effectiveness of
transfer learning strategies, with a focus on flash and natural
imagery.

The results underscore the complexity of disease iden-
tification in natural agricultural settings. Unlike controlled
laboratory imagery, field-collected data introduces a range of
visual noise and variability, which can adversely impact model
generalisation.

Limitations of the proposed approach are related to the
dataset scope and disease coverage. False positives resulting
from unseen or visually similar diseases highlight the need for
broader and more diverse training data.

In future work, these limitations can be addressed in
several key directions. First, expanding the dataset through
synthetic image generation and domain randomisation would
allow exploration of simulation-to-real (Sim2Real) adaptation
techniques. This could help compensate for under-represented
disease categories and improve model robustness. Second,
extending the model to other agricultural applications, where
larger annotated datasets exist, could validate its adaptability
across different crops and visual disease signatures.
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