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Plant diseases pose significant threats to agricultural productivity and food security. Owing to a scarcity of field
environment datasets, the prevailing plant disease classification approaches, trained on laboratory-controlled
datasets, often grapple with achieving optimal performance in real-world environments. We proposed a
novel and robust framework for Unsupervised Domain Adaptation (UDA), employing an adversarial learning
approach with a Wasserstein distance-informed algorithm to learn domain invariant feature representations
capable of generalizing more diverse features. This approach incorporates insights from a labeled source
domain and adopts an unlabeled target domain by minimizing the distribution discrepancies between
domains. Recently, mobile vision transformer (MViT)-based methods have been applied to UDA due to their
ability to capture long-distance feature dependencies. However, these methods overlook the fact that MViT
lacks effectiveness in extracting local feature details. The proposed framework combines the advantages of
convolutional neural networks (CNNs) and MViTs, integrating local features extracted by CNNs with global
features captured by MViTs. This fusion of local and global representations enhances transferability and
feature discriminability within the domains. Furthermore, we incorporate a feature-fusing method to align
channel dimensions and enhance the local details of the global representation. Extensive experiments using
three plant disease datasets demonstrate the effectiveness and efficiency of our approach, yielding significant
improvements in classification performance with 13.67%, compared to state-of-the-art (SOTA) and baseline
methods. Our framework offers a promising solution for robust and efficient plant disease classification,
providing valuable insights for sustainable agriculture and crop management.

1. Introduction feed the growing global population (Tilman et al., 2011; Moupojou

et al., 2023). The timely and accurate diagnosis of plant diseases holds

Agriculture is the fundamental cornerstone of national income and
is pivotal in shaping a country’s economic vitality and prosperity.
Plant diseases substantially influence food production, emerging as a
prominent factor with considerable ramifications for agricultural yields.
Research! reports indicate that approximately 20%-40% of the total
crop yield is annually compromised due to pests and plant diseases, to
ensure food security in the forthcoming years, there is a pressing need
for a 50%-60% (Vishnoi et al., 2022), the UN’s Food and Agriculture
Organization proposes a 70% increase in food supply by 2050 to
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immense importance in augmenting production capacity in sustainable
agriculture.

Plant disease monitoring and analysis were primarily conducted
manually by domain specialists. Thereafter, various monitoring de-
vices were developed. However, their adoption adds complexity and
incurs additional hardware expenses for farmers, posing challenges
for those with limited income to afford such devices (Vishnoi et al.,
2021). Nevertheless, the multitude of diseases influenced by various
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factors, including plant species, environmental conditions, and farm-
ing practices in the premature stage, pose challenges even for ex-
pert pathologists in diagnosing such diseases at a large scale. Vi-
sual observation and conventional instrument-based methods, such as
microscope-based observation, for timely plant disease detection. It has
been acknowledged that these methods lack speed, rendering them
inadequate for timely disease detection (Sarkar et al., 2023). Further-
more, with the continuous advancements in Artificial Intelligence (AI)
and the emergence of Machine Learning (ML) DL methods, integrating
these techniques has become a promising alternative to conventional
plant disease recognition techniques, leading to superior outcomes and
remarkable advancements in the field (Wang et al., 2022).

Most contemporary research efforts in this domain have focused
on constructing advanced automatic plant disease recognition sys-
tems (Ferentinos, 2018; Too et al., 2019). Support Vector Machines
(SVMs) have gained popularity as a widely employed classification
model (Yigit et al.,, 2019). In a study by Ratnasari et al. (2014),
color and texture features were extracted from sugarcane leaf using
RGB images acquired in laboratory conditions. Subsequently, an SVM
was applied, resulting in a notable 80% classification accuracy for
identifying sugarcane spot disease. Furthermore, other conventional ML
methods, such as Random Forest (RF) (Basavaiah and Arlene Anthony,
2020), Genetic Algorithm Optimized SVM (Zhang et al., 2015), K-
nearest neighbor (KNN) (Hossain et al., 2019), and backpropagation
neural networks (Chanda and Biswas, 2019) have been widely em-
ployed for plant disease classification across various crop species using
laboratory-controlled datasets.

Although plant disease recognition under field conditions has re-
ceived limited attention from researchers in recent years, (Chen et al.,
2020; Boulent et al., 2019; Fuentes et al., 2020). The study (Gui et al.,
2021) proposed an improved CNN approach compared the baseline
model’s performance on field-PV and PlantVillage datasets, revealing
a significant decline (from 99.72% to 41.81%) due to the challenge
of complex backgrounds in field plant datasets. The studies (Mohanty
et al, 2016; Raja et al., 2018) identified two limitations in their
approach to situ plant disease recognition. Firstly, the structured and
simplified nature of the PlantVillage dataset needs to adequately reflect
real-world challenges. Secondly, their current method is limited to
classifying single leaves under controlled conditions. Despite demon-
strating an impressive accuracy of 99.35% on the PlantVillage test set,
the recognition accuracy experienced a significant decline to 31.4%
when confronted with field environment datasets (Ferentinos, 2018).
CNN model was trained using a dataset of 87,848 images, including
37.3% collected under field conditions and the rest from PlantVillage.
Evaluation of the model on images obtained under field conditions
yielded an accuracy of 33.27%, demonstrating a decrease compared
to laboratory conditions. Furthermore, exploring domain adaptation
techniques has gained attention in the context of the field and real
environment plant disease detection, aiming to address domain shift
challenges and improve model adaptability to varying laboratory and
situ conditions.

To address the aforementioned limitations, this study presents an
approach that uses the strengths of both CNNs and MViTs models in
domain adaptation. Our proposed method fuses the local patterns and
intricate details extracted by CNNs with global features captured by the
mobile vision transformer to achieve adversarial domain adaptation.
However, we combine CNN-based local features with transformer-based
global representations to minimize the domain data variation using
Wasserstein algorithm. This integration of CNN and MVIT classifies
the disease class from all the images. We employ a feature-fusing
method to combine CNN-based and transformer-based features that
align the channel dimensions through 1 x 1 convolutions, upsam-
pling and downsampling strategies. This approach improves the global
representation by integrating the local features (Yuan et al., 2021;
Dosovitskiy et al., 2020). In our approach, we also integrate conditional
adversarial domain adaptation (CDAN) (Long et al., 2018) with the
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transformer fused convolution method. Instead of using the adversarial
loss, we employ the loss from CDAN to evaluate the performance in
the context of Domain Adaptation. Additionally, we introduce an un-
certainty penalty loss (UPL). UPL aims to restrict high prediction scores
for incorrect categories by prioritizing uncertain samples with lower
cross-entropy losses. Following the theory proposed in Ben-David et al.
(2010), a smaller A-distance indicates a more effective alignment of
distributions. We also used the Wasserstein distance Loss to enhance the
robustness. In contrast, the Wasserstein distance loss aims to provide a
more effective and stable measure of dissimilarity between probability
distributions, particularly in domain adaptation. Our novel approach’s
overall domain adoption framework is depicted in Fig. 5. Here, we
provide a summary of our key contributions.

+ The study introduces a novel robust framework for the field en-
vironment plant disease classification. The framework combines
the strengths of MViTs and CNNs by integrating local features
extracted by CNNs with global features captured by MViTs, which
results in enhanced performance.

We employed an adversarial learning approach with a Wasser-
stein distance-informed algorithm to learn domain invariant fea-
ture representations. Our contribution minimizes distribution dis-
crepancies between labeled source and unlabeled target domains,
enabling the generalization of diverse features. This process en-
hances the robustness of the model by reducing uncertainty in
incorrect classes and improving certainty in correct classes.

The performance of the proposed model is validated and com-
pared against various baseline and SOTA methods. The results
demonstrate that the proposed framework significantly reduces
the disparity between the two domains, showcasing remarkable
improvements on field environment datasets.

The research paper is organized cohesively, beginning with Sec-
tion 1, which introduces the significance and current challenges in
the domain. Section 2 explains the related work. Section 3 provides
detailed and comprehensive information on the materials and the meth-
ods used in the study. In Section 4, comprehensive results are presented
and accompanied by an in-depth discussion. Finally, Section 5 con-
cludes the paper and highlights potential future directions for further
research.

2. Related work

An artificial intelligence and machine learning in agricultural au-
tomation has witnessed significant advancements and diverse appro-
aches to addressing the challenges of plant disease identification,
paving the way for a deeper understanding and improved solutions in
this domain.

The Deep Learning-based approaches have shown remarkable pro-
gress, leading to significant advancements in plant disease classifi-
cation. Batchuluun et al. (2022) introduces a method that combines
CNN with explainable artificial intelligence (XAI) for accurate and
interpretable disease classification. Sladojevic et al. (2016) achieved
an accuracy of 96.3% using CNN for classifying 13 leaf disease classes
based on 2,589 images. Their work demonstrated the potential of
CNNs in accurate leaf disease classification. Furthermore, in the study,
GoogleNet (Mukherjee et al., 2017) and its variations were utilized
by Brahimi et al. (2017) for diagnosing leaf diseases in apple plants,
which achieved an accuracy of 85.04% in identifying four disease
classes. However, the task-specific style of modules for feature ex-
traction may result in lower accuracy and limited adaptability of ML
methods when utilized to adopt a new task. Transfer Learning can
mitigate lower accuracy and adaptability limitations caused by task-
specific design styles in feature extraction modules when applied to
different tasks (Tunio et al., 2024).

Furthermore, various studies utilized Transfer Learning techniques
to enhance the classification accuracy and robustness of the model,
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Fig. 1. Comprehensive overview of transfer learning strategies.

particularly for datasets with limited samples (Ramcharan et al., 2017).
The other studies increased the depth with additional convolution and
ReLU layers (Pereira et al., 2019), as well as introducing complex
structures like the inception architecture (Szegedy et al., 2015) for ex-
tracting multi-scale features (Li et al., 2020). Deeper and more complex
layers in deep learning methods often lead to increased parameters and
computational requirements, which can present practical challenges
for their application. To address this, Tang et al. (2020) developed
a ShuffleNetV2-based lightweight model (Ma et al., 2018), achieving
95.28% accuracy while compressing the size to 5.3 MB. A lightweight
object detection model was developed and trained for in situ diagnosis
by Ramcharan et al. (2019), Liu et al. (2016), with MobileNet (Howard
et al., 2017) as the backbone. Fig. 1 shows the various transfer learning
settings (Pan and Yang, 2009). The Multilevel Feature Fusion Network
(MFFN) combined with an adaptive attention mechanism (Sunil et al.,
2023b) has emerged as a promising approach for tomato plant disease
classification, incorporating channel, spatial, and pixel attention to
enhance feature extraction. However, it is essential to address the
study’s limitations, which relied on a subset of the tomato plant dataset
(PlantVillage). This narrow focus may raise concerns regarding the
generalizability of the framework to other datasets and plant species.
To provide a comprehensive understanding of plant disease detection, a
thorough analysis of 160 research studies (Sunil et al., 2023a) revealed
that approximately 57 studies specifically addressed the detection of
plant diseases with multiple plants. Nevertheless, it is crucial to con-
sider the challenges associated with multiple plant diseases, such as
imbalanced data within multiple plant disease datasets and the varying
nature of data samples caused by different diseases, which can impact
model training and generalizability. Addressing limitations and devel-
oping robust models enables accurate and reliable detection of plant
diseases across diverse species.

2.1. Domain adaptation

Recently, there has been extensive research on adaptive methods
in the field of deep networks (Long et al., 2016; Ghifary et al., 2016).
Deep networks have shown superior performance compared to shallow
adaptive methods. Other studies have also focused on improving model
performance by designing discriminators to learn domain-invariant
features (Tzeng et al., 2017; Yu et al.,, 2019). However, only a few
studies have applied Unsupervised Domain Adaptation (UDA) methods

to the domain of plant and agriculture (Wu et al., 2023). Ganin et al.
(2016) proposed a UDA method for transferring density map estimation
in counting plant organs. Ganin and Lempitsky (2015) presented a
model based on unsupervised adversarial adaptation for estimating
leaves from one dataset to another. Both of these methods directly used
UDA for plant and agriculture-related tasks.

2.2. Semantic alignment

Numerous nonadversarial and adversarial methods have success-
fully achieved global alignment in Unsupervised Domain Adaptation
(UDA). However, these methods often need to pay more attention to
the class-level multimodal structures in the data, leading to potential
semantic misalignment. To address this limitation, researchers have
emphasized semantic alignment to incorporate fine-grained class-level
structures in various tasks appropriately. For instance, Wang and Zhang
(2020) proposes a self-adaptive reweighted adversarial approach that
improves interclass separation and intraclass compactness for class-
level alignment. Deep Subdomain Adaptation Network (DSAN) (Zhu
et al., 2020) addresses image classification by adaptively learning fine-
grained information in subdomains. Transferable Attention for Domain
Adaptation (Wang et al., 2019) focuses on transferability and adaptive
modeling of transferable regions or images. Although these semantic
alignment methods have shown efficacy, they often need to consider
the important differences between domains, resulting in unsatisfactory
transfer learning.

In domain adaptation, the vision transformers (ViT) has demon-
strated its utility (Yang et al., 2023; Xu et al.,, 2021; Yang et al.,
2021). As an illustration, source-free-domain-adoption (Yang et al.,
2021) incorporates the transformer as an attention module within the
convolutional network. The study conducted by Xu et al. (2021) on
the cross-domain transformer (CDtrans) reveals that the transformer
exhibits robustness towards noisy inputs and demonstrates the potential
for achieving feature alignment through its utilization. Unfortunately,
recent observations in the literature have indicated that the ViT needs
to pay attention to the details of local features (Peng et al., 2021),
potentially leading to a decrease in discriminability between back-
ground and foreground elements when relying solely on the trans-
former. Alternatively, CNN-based approaches have successfully utilized
UDA, progressively capturing local representation through layer-by-
layer analysis using local sensory fields. However, capturing the global
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Fig. 2. Subset of plant disease images, captured under controlled laboratory & real-world field conditions.

Table 1
Statistics of the experimental datasets.

Dataset name No. of samples No. of classes

PlantVillage 54,304 38
PlantDoc 2598 27
AC-PlantDoc 8456 29

representation remains challenging. Transformer and CNN-based mod-
els possess their strengths and weaknesses. The existing studies need
more combination of these two approaches in the context of domain
adaptation for plant disease applications, aiming to extract the essential
elements while eliminating unnecessary components.

3. Materials and methods
3.1. Datasets

In this study, we utilized three datasets: PlantVillage,? PlantDoc,*
and AC-PD (our augmented dataset). These datasets were chosen to
encompass various plant-related images and ensure a comprehensive
representation. Table 1 provides detailed statistics for each dataset,
including sample size and the number of classes.

PlantVillage dataset (PVD) is publicly accessible and is an epidemio-
logical tool designed explicitly for evaluating automated plant disease
identification systems. PlantVillage dataset consists of 54,304 images
of 256X256 size, representing 38 distinct categories of healthy and
diseased plant leaves (Hughes et al., 2015). Each sample within the
PlantVillage dataset is provided in three versions: Color, Segmented
(black background), and Grayscale. It is important to note that all three
versions of images obtained from the PlantVillage dataset are captured
in a controlled laboratory environment, which differs from the actual
field conditions. Due to its ample sample size and popularity in plant
disease detection, we employ the PVD as the source domain dataset in
our study. Depending on the particular transfer task and target domain
dataset, we carefully selected 7160 samples from the 38 categories
within the PVD dataset.

To evaluate the proposed framework’s performance on the target
model in tackling the difficulties posed by demanding field condi-
tions, we employ PlantDoc dataset, introduced by Singh et al. (2020),

2 https://github.com/gabrieldgf4/PlantVillage-Dataset
3 https://github.com/pratikkayal /PlantDoc-Dataset

is a meticulously annotated collection of 2598 plant disease images
obtained from various sources on the internet. This dataset encom-
passes 27 distinct crop-disease categories. The dataset is curated by
selecting images from actual plant growth settings to focus specifically
on plant diseases within real field environments. Consequently, the
revised dataset is valuable for obtaining plant disease data under field
conditions. We augmented and cropped the PlantDoc dataset for the
target model. Fig. 2 depicts a subset of images from PlantVillage and
PlantDoc datasets.

The images in the PlantDoc dataset contain noise. To mitigate
the noise, we used Gaussian and median filtering preprocessing tech-
niques to enhance the quality and improve the accuracy of our frame-
work. Furthermore, the data augmentation and cropping was per-
formed on the original PlantDoc dataset, which initially consisted
of 2,598 with multiple regions of interest (Rol), including diseased
and healthy leaves. The augmentation and cropping process uses the
annotation boxes for the specific Rol in the original PlantDoc images.
These annotated regions were extracted, resulting in an augmented and
cropped version of the PlantDoc dataset containing 10,958 samples.
We thoroughly examined the annotation boxes in the PlantDoc dataset
to ensure data accuracy. As some of these annotations were found to
be incorrect, such as instances where annotation boxes were mistak-
enly labeled on apples instead of apple disease leaves, we removed
images that exhibited obvious annotation errors. As a result, our final
selection comprised 8456 images with 29 classes shown in Fig. 3
deemed accurate and suitable for our study, referred to as AC-PD
Dataset. We divided our dataset into class subsets during the training
and testing to ensure balanced and class-specific data representation.
Each class subset is processed to facilitate efficient batch processing. To
further enhance the training process, this study introduced custom data’
which allows for a weighted random selection of data from different
classes during training. This ensures the training process maintains
diversity and mitigates biases towards dominant classes. Additionally,
we incorporated normalization transforms to standardize input data.
The resulting data were instrumental in achieving a balanced and ro-
bust training and testing framework for our machine-learning models.
Furthermore, the Statistics of the Training and Testing split are depicted
in Table 2.

3.2. MVIiT segment fused with CNNs segment
The fusion of Mobile Vision Transformers (MViTs) and Convolu-

tional Neural Networks (CNNs) in the proposed method is achieved
by aligning the channel dimensions of the features extracted from the
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Fig. 4. Integration of local CNN and global MViT features representation for enhanced feature discriminability.
CNN and MVIT architectures. Fusion presents a range of compelling characteristics. In contrast, CNNs can capture the images’ local patterns
benefits. Firstly, it enables the framework to capture comprehensive and intricate details. By combining their strengths, the framework
local and global information. MViTs capture high-level semantics and achieves a more holistic understanding of visual content, enhancing the

global context, allowing them to effectively grasp plant disease images’ representation capacity. Secondly, this fusion improves the robustness
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and adaptability of the model. CNNs provide resilience against local
variations and domain-specific details, while MViTs capture domain-
invariant representations. This combination ensures better general-
ization to unseen target domain samples. Additionally, experimental
results demonstrate significant performance gains that validate the
performance of the proposed framework in unsupervised domain adap-
tation tasks. The proposed framework outperforms existing methods by
employing fusion to enhance discrimination and adaptability. Hence,
the fusion of MViTs and CNNs yields a powerful approach that effec-
tively addresses the limitations of each technique, leading to superior
performance and improved domain adaptation capabilities.

3.2.1. MobileViT block

The MobileViT block replaces localized convolutions with global
processing using MViT, minimizing the number of parameters, as
shown in Fig. 4. In a formal sense, the MobileViT algorithm processes
the input tensor as X € R>WXC where X belongs to the set of real
numbers. It applies a standard size (1 x n) convolutional layer followed
by a point-wise convolutional layer of size (1x 1), resulting in an output
tensor, XL € R¥*Wxd where d is a higher dimension than C. The
convolutional layer with dimensions (n X n) captures spatial details
of a local context. On the other hand, the point-wise convolutional
layer enhances the tensor by acquiring linear combinations of the
input channels, thereby expanding it into a higher-dimensional space.
MobileViT unfolds the XL tensor into N non-overlapping flattened
patches, enabling global representation learning with spatial inductive
bias denoted as (XU € RP*Nxd) where (P = wh) and (N = %). The
relationships between patches are encoded using transformers to obtain
(XG € RPXNxd)a5 expressed in Eq. (1):

XG(p) = Transformer(XU(p)), 1<p<P (€))
Attention = Softmax(Q - K) 2)
Q = Seq(Conv(W,, X))
K = Seq(Conv(W,, X)) 3
V = Seq(Conv(W,, X))
X paten = Img(Attention - V) (€]

The MobileViT architecture preserves both the patch order and spa-
tial order of pixels within each patch, allowing the tensor X € RP*Nxd
to be folded into X € REXW>d X is then projected into a lower-
dimensional space of dimension C using a point-wise convolution and
combined with the original tensor X through concatenation. The fused
features are further processed by an additional nxn convolutional layer.
Moreover, integrating convolutions and transformers in the MobileViT
block allows transformers to function as convolutions. This design fa-
cilitates the efficient implementation of convolutions and transformers,
making the MobileViT architecture suitable for deployment on various
devices without additional effort. The Fig. 6 illustrates an example
of a grid consisting of nine rows and nine columns, where each cell
represents a patch containing a 3 x 3 grid of pixels. Within the Mobile-
ViT block, every pixel, such as the red pixel in this example, attends
to other pixels, specifically the green pixels located at corresponding
central positions in different patches. The transformers can achieve this
attention mechanism. Since the green pixels have already incorporated
information about neighboring pixels through convolutions, as shown
in the top-right patch, the red pixel can effectively encode information
from all pixels in the plant disease image. The blue and yellow grids in
the figure represent patches and individual pixels.

The advantages of using MobileViT include the preservation of
patch and spatial order, an effective receptive field size of HxW, seam-
less integration with other components, and straightforward implemen-
tation of convolutions and transformers. These advantages enable the
MobileViT block to combine and use the benefits of both convolutions
and transformers for plant disease classification.
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3.2.2. CNNs segment:

We adopt the feature pyramid structure in CNNs for domain adap-
tation. This structure entails decreasing the resolution of feature maps
while increasing the channel number with network depth. A bottle-
neck module is employed, which includes a 1 x 1 down-sampling
convolution. The bottleneck consists of a 3 x 3 spatial convolution, a
1 x 1 up-sampling convolution, and a residual connection that connects
the input and output. We devise a concurrent network structure to
leverage local and global representations simultaneously. In MViT fused
convolution, we exploit the complementary nature of the two style
features by continuously feeding back the global background from the
transformer branch to the feature map, enhancing the CNN branch’s
global perception ability. Similarly, the CNN branch gradually returns
the local features to the patch embedding, enhancing the local details
of the transformer branch. This iterative process facilitates effective
interaction and fusion, significantly enhancing both the local details of
global features and the global perception of local features.

MVIT fused convolutions comprise a stem module, dual branches,
and two classifiers (FC layers) for the dual branches. The stem module
performs a 7 x 7 convolution with a stride of 2 followed by 3 x 3 max
pooling with a stride of 2 to extract initial local features (such as bound-
ary and texture information). The dual branch receives these features
as input, with the CNN and transformer branches consisting of convolu-
tion and transformer blocks, respectively. This concurrent architecture
guarantees each branch’s optimal preservation of local features and
global representations. As a bridging module, MViT fused convolutions
integrate the CNN branch’s local features with the transformer’s global
representations, ensuring seamless fusion.

3.2.3. Addressing class imbalance with NFRegNet

The PlantVillage and PlantDoc are highly imbalanced datasets (Sunil
et al,, 2023b; Sharma and Sharma, 2024; Chung, 2024; Yao et al.,
2024). This research investigated normalizer-free architectures and
took inspiration (Brock et al., 2021) to overcome the class imbalance
issue. For example, When all samples in a batch belong to the same
class, it creates class imbalance and can pose challenges during the
early stages of training. Batch normalization is ineffective in such
cases and requires a larger batch size. Homogeneous batches result in
highly similar features, causing instability in batch normalization and
potentially leading to training failure. To overcome these issues, we
use an NFRegNet (Normalizer-Free Regularized Network) based image
classification model that diverges from conventional normalization
techniques like batch normalization. Instead, NFRegNet employs L2
regularization methods to address class imbalance and batch similarity
concerns, improving accuracy and robustness.

By adding this regularization term to the loss function during train-
ing, RegNet encourages smaller weights and helps prevent overfitting,
promoting better generalization to unseen data. RegNet models bal-
ance accuracy and efficiency in computer vision applications through
regularization techniques as explained below:

1. L1 Regularization (Loss regularization): L1 regularization adds
the weights’ absolute values to the loss function, which promotes
sparsity in the model. It may influence feature selection and
lessen the significance of less essential features.

Llg = Loss+ A% |W]" (5)

Here, ||w||! is the L1 norm of the weight vector w, and 4 is the
regularization parameter controlling regularization strength.

2. L2 Regularization (Ridge Regularization): The squared magni-
tudes of the weights are added to the loss function using L2
regularization. Smoother models are promoted by encouraging
smaller weights and preventing significant weight values.

L2p = Loss+ A * w2 (6)

Here, A is the regularization parameter and ||w|*> denotes the
weight vector wL2 norm (Euclidean norm).
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Fig. 5. MViT and CNNs based domain adoption framework. upl shows uncertainty-penalty-loss that can mitigate the uncertainty of the classifier. Where F represents the extracted

features.

Fig. 6. In MobileVit: Each pixel looks other pixels in plant disease image.

3. Elastic Net Regularization: L1 and L2 regularization are com-
bined in Elastic Net to maximize the advantages of both ap-
proaches. It promotes the clustering of associated traits as well
as sparsity.

ENg = Loss+ Ay = W' + A * [|[W]? @

Here, the L1 norm is represented by ||[W||', the L2 norm by
[[W||!, and the regularization parameters A, and A, govern the
intensities of the corresponding regularizations.

3.3. Wasserstein distance guided (domain adaptation)

In the context of UDA, we examine two domains: the source domain
= (), )N where y! € (1,2..N) denotes the source label of the
correspondmg samples x;, and the target domain 7' = (x ) , which
comprises unlabeled N’ sarnples Both domains acknowledge a shared
identical label space but have distinct conditional distributions, P,
and P, respectively. The objective is to train a transferable classifier
# (x) that minimizes the target risk by applying the Transformer Fused
Convolution (TFC) as shown in Fig. 5 &,, representing the probability of
encountering a mismatch between 7 (x) and the true label y in the target
domain D,. This objective is accomplished by using all the provided
data.

In most Domain Adaptations, CNN features are aligned by consid-
ering their distributions, encompassing the entire image feature. The
CNN-based methods capture only local features. Sometimes, it may
consist of irrelevant information (Ji et al., 2021), such as cluttered
background details, and employing only CNN-based feature distribution
alignment leads to a relatively high misclassification rate, causing
adverse effects. Recently, transformer-based methods have gained in-
creasing attention. These methods utilize transformers to capture global
features, yet they overlook the finer details of local features. A more
effective approach involves combining the strengths of both CNN and
transformer techniques (Peng et al., 2021). We propose a novel ap-
proach to address the challenge of unsupervised domain adaptation
arising from differing data distributions between two domains. Our
method focuses on learning feature representations that remain invari-
ant to domain changes. We accomplish this by employing adversarial
training and minimizing the empirical Wasserstein distance between
the representations of the source and target domains. In this research,
we observe that the Kullback-Leibler (KL) (Kashyap et al., 2020) di-
vergence between the target domain and the generated data from the
source domain tends to be smaller for modes that are more prevalent
in the target domain but less common in the source domain. However,
considering the complex and diverse nature of the plant leaf data in our
field environment, we find that the Wasserstein distance offers better
performance. By utilizing the Wasserstein distance, we can obtain more
diverse target features that closely resemble the reality of the target
domain.

Our adversarial representation learning includes a neural network-
based feature extractor. This feature extractor aims to learn domain-
invariant feature representations from both domains. For any instance
x € R™ originating from either domain, our feature extractor is
trained to learn a function f, : R" = R?, which maps the instance
to a d-dimensional representation using the network parameter 6g.
We employ the domain critic technique proposed by Arjovsky et al.
(2017) to minimize the disparity between the two domains. The main
objective of the domain critic is to estimate the Wasserstein distance
between the distributions of the source and target representations. We
compute the feature representation 2 = f,(x) using the feature extractor
to accomplish this. The domain critic then learns f,, : RY = R,
parameterized by 6, which maps the feature representation to a real
number. Finally, the Wasserstein distance between the representation
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distributions P,; and P, here h*
as:

Wi (Phs. Py ) = supyr, o<1 Ep, [ (W] = Ep [fy (W]

= supr, 1<iBp, [ (£ CO)] = Ep, [fi (£, 00)]
When the parameterized family of domain critic functions f,, satis-
fies the 1-Lipschitz condition, we effectively estimated the empirical

Wasserstein distance by optimizing the domain critic loss function L, ,
concerning the parameter 0,

2 fu<fg(xf>>— = Y Ll ) ©

xSEX’ X’EX‘

= f,(x*) and h* = f, (x') computed

(®

L,q (x x

The issue of enforcing the Lipschitz constraint arises here. Arjovsky
et al. (2017) proposed weight clipping, but Gulrajani et al. (2017)
suggested a more reasonable approach: using a gradient penalty L,
concerning the domain critic parameter 6, to address the problem of
capacity under-use and gradient vanishing problems.

Lyraa (W = U193 full, = 1) (10)

To ensure effective gradient penalization, we broaden the scope of
feature representations & to encompass random points along the direct
path connecting source and target representation pairs. This expanded
definition permits us to estimate the empirical Wasserstein distance by
resolving the problem.

Maxew[l-‘wd _ngrad] an

Here, y represents the balancing coefficient. Given that the Wasserstein
distance is differentiable and continuous in most cases, our approach
involves initially training the domain critic until it reaches optimal
performance. Subsequently, the feature extractor network can learn
feature representations that mitigate domain discrepancies by fixing the
domain critic’s optimal parameter values and minimizing the Wasser-
stein distance estimator. At this point, solving the minimax problem
accomplished the representation learning process as:

MinegMaxew[Lwd =7 Lgraql 12)

During the optimization of the minimum operation, it is important to
set y to O to prevent the gradient penalty from influencing the process
of learning feature representations. By iteratively improving the feature
representations to reduce the Wasserstein distance, the adversarial
objective eventually facilitates the learning of feature representations
invariant to domain variations.

Combining With Discriminator As mentioned earlier, our ultimate
objective is to develop a high-performance classifier for the target
domain. However, the unsupervised nature of Wasserstein distance-
informed representation learning (WDIRL) might lead to less discrim-
inative domain-invariant representations. To address this, we incor-
porate supervision signals from the source domain data, similar to
DANN (Ganin et al., 2016), into the representation learning process.
Algorithm 1 provides a detailed description of this combination. The
discriminator is added as an additional layer after the feature extractor
network. WDIRL ensures the transferability of learned representations,
so the shared discriminator can be directly utilized for target domain
prediction once training is complete. The objective of the discriminator,
denoted as f. : RY = R/, is to compute softmax predictions with
parameter 6,, where [/ represents the number of classes. Given the
labeled source data, the discriminator loss function is defined as the
cross-entropy between the predicted probability distribution and the
one-hot encoding of the class labels.

L, (x%, y)———ZZl

i=1 k=1

k) logf. (£, (x})), (13)

The indicator function, denoted as 1 ( Vi = k), determines whether y; is
equal to k. The term f, (f, (x])), represents the kth dimension value
of the distribution f, (f, (x{)).

Computers and Electronics in Agriculture 227 (2024) 109574

Algorithm 1: Wasserstein Distance Informed Algorithm Combined

with Discriminator

Input: Laboratory dataset (source domain) X*, Real environment

dataset (target domain) X’
Output: Trained model for plant disease classification in the target
domain

Initialize the feature extractor network F and the classifier
network C;

Initialize the discriminator network D;

Initialize hyperparameters: learning rate, batch size, number of
training epochs, etc.;

for each training epoch do

for each batch in the laboratory dataset do
Sample a minibatch of source domain samples:

X* ~ Laboratory Dataset;

Compute the Wasserstein distance between the source and
target domain feature distributions: W D(X$, X");

Update the feature extractor network F and the classifier
network C using the source domain samples and the
Wasserstein distance:

F,C « Update(F,C, X,, W D(X*, X"));

Update the discriminator network D using the source and

the target domains samples: D « Update(D, X*, X");

nd

or each batch in the real environment dataset do
Sample a batch of target domain samples:

X' ~ Real Environment Dataset;

Update the feature extractor network F and the classifier
network C using the target domain samples and the
Wasserstein distance: F,C < Update(F,C, X', W D(X-X"));

Update the discriminator network D using the source and
the target domains samples: D « Update(D, X%, X");

=0

end

end

return Trained model F and C for plant disease classification in
the target domain;

Uncertainty Penalty Loss (UPL) Previous studies on transfer learn-
ing (Tzeng et al., 2017; Xia et al., 2021; Liu et al., 2021) have primarily
aimed to enhance feature transferability by developing various strate-
gies for aligning features. However, a significant drawback of these
approaches is their tendency to neglect the distinguishability of fea-
tures, relying solely on conventional cross-entropy loss for feature
learning in the annotated source domain. Consequently, even if the
issue of feature shift is successfully addressed, the classifier’s perfor-
mance on the target domain may still be suboptimal. For instance,
consider two scenarios where the source domain outputs are [0.5, 0.4,
0.3] and [0.5, 0.35, 0.35], respectively. Although they yield the same
cross-entropy loss, the first [0.5, 0.4, 0.3] exhibits higher uncertainty
than the second [0.5, 0.35, 0.35]. Based on this, we speculate that by
neutralizing the influences of incorrect predictions, neural networks
can achieve improved generalization. This is because the presence of
a highly predicted incorrect class challenging the correct class is less
likely. To address this, we propose utilizing an uncertainty penalty
loss, which focuses on enhancing the model’s likelihood of predicting
the correct class accurately (Chen et al., 2019). The mathematical
formulation is presented as follows:

Ly =~ Z 2 () log Y) a4

"i 1j= lj#g - rg ig

v

Here, g represents the correct class within the source domain, while N
denotes the total number of samples. The rationale behind this design
is to introduce an averaging technique that diminishes the impact
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Table 2
Experimental Settings.

Parameter Value

Training Dataset Size
Validation Dataset Size
Test Dataset Size
Preprocessing

Data Augmentation

7160+7175(PVD+AC-PD)=14335 images
1281 (AC-PD) images

452 (Original PlantDoc) images

Resize to 224 x 224 pixels

Dynamic horizontal flip,

rotation

Backbone Architecture MobileNetV2
Optimization Algorithm Adam
Learning Rate 0.0003
Batch Size 32

Number of Epochs 50

of incorrect predictions. Consequently, this approach minimizes the
prediction probability associated with incorrect classes while maximiz-
ing the correct classes’ prediction probability. By incorporating the
discriminator and upl loss and combining these elements, we achieve
our final objective function.

Ming_ g [Lc = AMaxg, [Lyq =¥ Lgraq + aLupl]] (15)

The coefficient 4 balances discriminative and transferable feature learn-
ing. Setting y to O during optimization maintains the integrity of the
representation learning process. However, a represents the weighting
coefficient for the uncertainty penalty loss, allowing the control of its
influence on the overall loss.

3.4. Experimental settings

The Table 2 presents the details of the experimental settings used in
our study. These settings define the dataset, training data size, valida-
tion data size, test data size, preprocessing steps, data augmentation
techniques, backbone architecture, optimization algorithm, learning
rate, batch size, and number of epochs. Deciding the number of epochs,
We carefully considered model’s time complexity per epoch, dataset
size, and convergence patterns. We found that 50 epochs struck a rea-
sonable balance between training adequacy and avoiding overfitting,
as increasing epochs offered diminishing returns without substantial
benefits and imposed excessive computational burdens.

These settings were carefully selected to ensure a comprehensive
evaluation of our proposed approach.

3.5. Model evaluation metrics

TP + TN

Accuracy = m————————— (16a)
TP + TN + FP + FN
Precision = TP (16b)
TP + FP
TP
Recall (TP Rate) = ——— (160)
TP + FN
Specificity (TN Rate) = — N (16d)
P ~ TN+ FP
Precision x Recall
Fl=2X ——MM—— 1
X Precision + Recall (16e)
Balanced Accuracy = m (16f)
Po — Pe
Cohen’s K = 16
ohen’s Kappa T Pe (16g)
n
AAD (%) = + Y (A_Proposed — A_SOTA) (16h)
n
i=1

The framework’s performance was evaluated using the PlantDoc dataset
on the target domains. We employ a comprehensive set of evaluation
metrics, including Accuracy, Balanced Accuracy, Macro and Micro
mechanisms of Precision, Recall, F1 score, Cohen’s Kappa, and time.
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TP (True Positive) depicts the frequency of truly identified positive
instances, and FP (False Positive) depicts the frequency of falsely
identified positive instances. TN (True Negative) depicts the frequency
of truly identified negative instances and FN (False Negative) depicts
the frequency of falsely identified negative instances. Furthermore, TPR
(True Positive Rate), also known as Sensitivity or Recall, is calculated as
the ratio of TP to the sum of TP and FN, and TNR (True Negative Rate),
also known as Specificity, is calculated as the ratio of TN to the sum
of TN and FP. These metrics provide insights into the model’s perfor-
mance, enabling us to assess its effectiveness in accurately classifying
plant diseases and mitigating class imbalance.

In equation (16 g) P, is the observed agreement between the model’s
predictions and the ground truth, while P, is the expected agreement
due to chance. Furthermore, in Eq. (16h), n is the number of SOTA
models, A_AD is the average accuracy difference, A_Proposed shows the
Accuracy of the proposed approach, and A_SOTA shows the accuracy
of the corresponding state-of-the-art study.

4. Results and discussion

The performance evaluation of different baseline models on the tar-
get domain, excluding the Wasserstein distance representation learning,
is presented in this section. Table 3 provides a comprehensive overview
of the performance of various baseline models and our proposed model.
A detailed analysis of the results shows that our proposed framework
outperforms the baseline models regarding accuracy and loss metrics.
Additionally, Table 4 compares the performance of our proposed frame-
work with the SOTA in the field. The results highlight the significant
improvements achieved by our approach. These findings substantiate
the efficacy of our proposed model in addressing the challenges of the
target domain and advancing the current SOTA.

4.1. Performance analysis of proposed framework with baseline models

We rigorously assess the effectiveness of the proposed framework
by conducting and comparing a meticulous performance evaluation
against a diverse range of state-of-the-art baseline models. The baseline
models included ResNetl8 (He et al., 2016), ResNet34 (He et al.,
2016), ECAResNet-light (Wang et al., 2020), ReXNet-100 (Han et al.,
2020), RegNetY-016 (Radosavovic et al., 2020), NF-ResNet50 (Brock
et al., 2021), NF-RegNet-B1 (Brock et al., 2021), MViT-v2 (multi-scale
ViT) (Li et al.,, 2022), and ConViT-small (d’Ascoli et al., 2021). By
evaluating their performance on the PlantDoc dataset, which represents
the target domain, without adversarial learning techniques, we com-
prehensively analyze and compare the notable advancements achieved
by our proposed framework. The performance evaluation of different
baseline models on the target domain, Without the Wasserstein distance
representation learning, is presented in this section.

Table 3 depicts the effectiveness in the context of the PD dataset
on the target domain. Here, ResNet18 achieves an accuracy of 0.63
and a balanced accuracy of 0.81, showing its capability to classify
the data accurately in the field environment. Similarly, ECAResNet-
light and RegNetY-016 exhibit competitive results with accuracies of
0.66 and 0.69, respectively, and balanced accuracies above 0.80. These
models also demonstrate good precision, recall, and F1 scores in macro
and micro pairs, indicating their ability to classify the data using
the PD dataset on the target domain. NF-ResNet50 and NF-RegNet-
B1 achieve moderate accuracies of 0.61 and 0.66, respectively, but
their F1 scores suggest room for improvement. The MViT-v2 without
adversarial shows an accuracy of 0.68 and a balanced accuracy of 0.84.
Despite all this, there is room for improvement in all paired metrics.
Furthermore, ConViT-small demonstrates more promising results than
all other baseline models, with an accuracy of 0.69 and a balanced
accuracy of 0.84. These baseline architectures are strong references for
performance comparison in the proposed research paper.
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Model Accuracies
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Model Losses

1.0 RegNetY-016 Training Accuracy
RegNetY-016 Validation Accuracy
RegNetY-016 Testing Accuracy
ResNet50 Training Accuracy
ResNet50 Validation Accuracy
ResNet50 Testing Accuracy
NF-RegNet-B1 Training Accuracy

NF-RegNet-B1 Validation Accuracy W
NF-RegNet-B1 Testing Accuracy
MViTv2 Training Accuracy

o
©

MViTv2 Validation Accuracy
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RegNetY-016 Training Loss
RegNetY-016 Validation Loss
RegNetY-016 Testing Loss
ResNet50 Training Loss
ResNet50 Validation Loss
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Fig. 7. Training, validation, and test accuracy and loss of various baseline models.

Table 3

Performance Evaluation of various baseline Architectures without an adversarial and proposed model on target domain using PD Datasets. The Precision,

Recall, and F1 results are presented in (Macro and Micro) pairs.

Model-Ref. Acc Bal Acc Precision Recall F1 Cohen’s Kappa Time
ResNet18 (He et al., 2016) 0.63 0.81 (0.64,0.63) (0.63, 0.63) (0.61, 0,63) 0.61 82.1
ResNet34 (He et al., 2016) 0.60 0.79 (0.63, 0.60) (0.60, 0.60) (0.58, 0.60) 0.58 79.7
ECAResNet-light (Wang et al., 2020) 0.66 0.81 (0.65, 0.66) (0.64, 0.66) (0.63, 0.66) 0.65 77.8
ReXNet-100 (Han et al., 2020) 0.64 0.81 (0.64, 0.64) (0.64, 0.64) (0.62, 0.64) 0.62 81.3
RegNetY-016 (Radosavovic et al., 2020) 0.69 0.83 (0.67, 0.69) (0.67, 0.69) (0.66, 0.69) 0.68 78.9
NF-ResNet50 (Brock et al., 2021) 0.61 0.80 (0.60, 0.61) (0.62, 0.61) (0.57, 0.61) 0.59 77.3
NF-RegNet-B1 (Brock et al., 2021) 0.66 0.81 (0.65, 0.66) (0.64, 0.66) (0.63, 0.66) 0.64 76.2
MViT-v2 (multi-scale ViT) (Li et al., 2022) 0.68 0.83 (0.68, 0.68) (0.68, 0.68) (0.66, 0.68) 66 80.28
ConViT-small (d’Ascoli et al., 2021) 0.69 0.84 (0.69, 0.68) (0.69, 0.70) (0.68, 0.70) 68 74.4
Proposed Model 0.70 0.84 (0.68, 0.70) (0.69, 0.70) (0.67, 0.70) 69 29.27

Table 4

Performance Comparison of Proposed Model with current State-of-the-art (SOTA) Models. [The last column displays the accuracy difference
between the Proposed and SOTA models. The last value in the column represents the average increase in accuracy achieved by the proposed

model].

Ref.study & YoP Datset Backbone Accuracy (%) Accuracy difference (%)
Singh et al. (2020) PlantDoc InceptionResNet V2 29.73 40.27

Menon et al. (2021) PlantDoc MobileNetV2 66.74 3.26

Sama et al. (2023) PlantDoc ViT small_8 66.74 3.26

Wu et al. (2023) PlantDoc MSUN 56.06 13.94

Ziba et al. (2023) PlantDoc MobileNetV2 57.55 12.45

Moupojou et al. (2023) PlantDoc MobileNet 60.14 9.86

Proposed Model PlantDoc MobileNetV2 70.0 13.67

The proposed model in Table 3 exhibits notable performance com-
pared to the baseline architectures. The proposed model outperforms
several baselines with an accuracy of 0.70 and a balanced accuracy
of 0.84. Its precision, recall, and F1 scores in both macro and micro
pairs (0.68, 0.70), (0.69, 0.70), and (0.67, 0.70), respectively, illus-
trate its ability to achieve high performance and capture class-specific
characteristics effectively for field environment plant disease dataset.
Furthermore, Cohen’s Kappa coefficient of 0.69 indicates substantial
agreement between the predicted and true labels. An important ad-
vantage of the proposed model is its significantly reduced time of
29.27. However, the traditional approaches for handling class im-
balance during model training involve batch normalization, which
requires computing the mean and standard deviation of each feature
over the mini-batch, which is time-consuming, especially when dealing
with imbalanced classes in the dataset, where the minority class has
significantly fewer samples, each mini-batch likely contain a small
number of minority class instances. This results in the mean and
standard deviation being dominated by the majority class, leading to
ineffective and long computational normalization for the minority class.

To avoid the high computational cost and effectively handle the
class imbalanced issue, we used NFRegNet, which does not rely on
batch normalization but offers an alternative regularization strategy.
Using NFRegNet, the instability caused by homogeneous batches re-
sulting from class imbalance was mitigated in our model by assigning

10

implicit weights to samples based on their class distribution. This effec-
tively provides a form of adaptive normalization that addresses class
imbalance without requiring explicit batch normalization, which re-
quires high computations. Furthermore, a series of figures are included
in this section to enhance the understanding of the baseline models’
performance and our proposed framework. Fig. 7(a) and (b) presents a
comprehensive visualization of various baseline models’ accuracy and
loss metrics. These figures allow for a detailed illustration of the base-
line models’ training, validation, and test accuracy throughout training
epochs. We observed that all models achieved an increasing trend in
accuracy as the training progressed. Notably, ResNet18 and ResNet34
showed comparable performance, with a maximum validation accu-
racy of 0.78, and exhibited loss patterns with a minimum validation
loss of 0.83 and 0.76, respectively. However, ECAResNet-light models
performed reasonably well, achieving maximum validation accuracies
of 0.83 and 0.63 minimum validation loss. Among the models tested,
MViT-v2 achieved the highest accuracy, with a maximum validation
accuracy of 0.86 and a minimum validation loss of 0.52. NF-RegNet-
Bl and ReXNet-100 also demonstrated strong performance, reaching
maximum validation accuracies of 0.84 and 0.81, respectively, and
minimum validation loss of 0.71 and 0.78, respectively. The remaining
models, RegNetY-016, NF-ResNet50, and ConViT-small, achieved max-
imum validation accuracies ranging from 0.81 to 0.85 and minimum
validation losses from 0.65 to 0.61, respectively.
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T-SNE Visualization of Feature After Adaption
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(b) Features After Fusion and Adaptation

Fig. 8. Feature visualization before and after fusion and adaptation.
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Fig. 9. Training, validation, and test accuracy and losses of proposed framework.

Moreover, Fig. 9 provides a focused analysis of our proposed model’s
maximum validation accuracy of 0.87 and minimum validation loss of
0.49, showing superior performance of our approach. Fig. 10 provides
a visual representation of the impact of domain adaptation on our
model’s performance. It demonstrates the significant improvement
achieved through the incorporation of the fusion, handling the class
imbalance, and crucial aspects of the Wasserstein algorithm-based
technique. The figure showcases that the model exhibits a significant
reduction in loss values over the training epochs, indicating enhanced
convergence and improved predictive capabilities. This reduction in
loss values highlights the effectiveness of domain adaptation in aligning
feature distributions and reducing the domain shift. Consequently, the
model becomes more adept at capturing the underlying patterns and
characteristics of the target domain, resulting in improved accuracy.
The resulting image visually reinforces the positive impact of domain
adaptation, highlighting its crucial role in enhancing the performance
of our model.

4.2. t-SNE feature visualization before and after adaptation

To further validate the effectiveness of the proposed framework,
we employed t-distributed stochastic neighbor embedding (t-SNE) as
a visualization method using the subset of the total training set, as
depicted in Figs. 8(a) and 8(b). In Fig. 8(a), the t-SNE plot demonstrates
the impact of domain adaptation and the utilization impact of future
fusion techniques on feature representation. The scattered and mixed
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Fig. 10. Impact of domain adaptation.

distribution of points from different domains and subsets of classes
reveals a lack of alignment and transferability in the extracted features.
Additionally, the accuracy and loss plots from Fig. 7 indicate that
the baseline method, which directly transfers from the source to the
target domain without domain adaptation, fails to achieve effective
performance due to domain shift. The feature distributions of the two
domains and the intra-domain class features are not distinguished.
Although existing methods perform better, they still struggle with the
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ambiguous boundary between different feature classes and the scat-
tered distribution within the same feature class, leading to inaccurate
classification. This limitation arises from their failure to address the
extensive domain divergence between laboratory and field images,
which is unique to our plant disease task.

However, in Fig. 8(b), the t-SNE plot exhibits a more coherent
and clustered distribution of points after domain adaptation and the
incorporation of future fusion techniques. The improved alignment of
extracted features across domains and subsets of classes is evident
through the distinct colors representing different domains and subsets.
This demonstrates the effectiveness of our domain adaptation approach
and feature fusion in bridging the gap between domains, enhancing
the transferability of features, and enabling better generalization across
diverse datasets and subsets of classes within the utilized dataset. In
contrast to previous methods, our proposed framework not only aligns
the features of each class between the source and target domains
but also distinguishes the features of different classes from the target
domain by aligning the subdomains, i.e., the embedded features be-
longing to each class. Consequently, our method effectively addresses
the significant domain shift observed in our plant disease task.

4.3. Performance comparison of proposed model with SOTA

The performance comparison presented in Table 4 showcases the
superiority of the proposed model when compared to the current state-
of-the-art (SOTA) models in the domain. The Ref.Study & YoP column
shows each study’s reference and year of publication. The Dataset
column indicates the utilization of the PlantDoc dataset by each study
for the classification task, employing different backbone architectures.
The Accuracy (%) column showcases the performance achieved by
each previous study. The Accuracy Difference (%) column quantifies
the improvement in accuracy achieved by our proposed approach over
the referenced SOTA study. It indicates the performance gain obtained
by our methodology compared to the previous sOTA, the last value of
the column representing the Average Accuracy Difference achieved
by the proposed model. We believe this column reinforces the signif-
icance and impact of our research by quantifying the improvement
achieved over the SOTA. Singh et al. (2020) employed InceptionResNet
V2 as the backbone model and achieved an accuracy of 29.73%. Menon
et al. (2021) utilized MobileNetV2, a popular lightweight architecture,
and achieved a notable improvement with an accuracy of 66.74%.
Similarly, Sama et al. (2023) adopted the Vision Transformer (ViT)
architecture with a small_8 configuration, also achieving an accuracy
of 66.74%. Wu et al. (2023) utilized the MSUN as the backbone
model and obtained an accuracy of 56.06%. Ziba et al. (2023) applied
MobileNetV2 as backbone achieving an accuracy of 57.55%. Moupojou
et al. (2023) utilized MobileNet and obtained an accuracy of 60.14%.
These studies left room to achieve the desired accuracy on the PlantDoc
dataset, emphasizing the importance of advancing robust classification
capabilities for the field environment datasets.

The proposed model outperforms these SOTA models by a signifi-
cant margin, attaining an impressive accuracy of 70.0% and 13.67%
average accuracy difference on the PlantDoc dataset. The proposed
model, utilizing MobileNetV2 as the backbone architecture, demon-
strates its capability to use the network’s depth and width to effectively
capture and learn intricate features from plant disease images. Our pro-
posed framework for plant disease classification demonstrates excep-
tional performance, surpassing previous benchmarks and establishing
a new standard for accuracy in the field.

This significant advancement can be attributed to several key stre-
ngths of our approach. Firstly, the fusion of CNNs and MViTs en-
hances our model’s accuracy and utilizes their respective strengths. This
combination enables our framework to capture local and global infor-
mation, improving model performance. Secondly, we address the class
imbalance issue in the training dataset by employing NFRegNet, which
mitigates the impact of imbalanced classes during model training.
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By using NFRegNet, we overcome the instability caused by homoge-
neous batches resulting from class imbalance, enhancing the stability
and effectiveness of training. Additionally, we incorporate the Wasser-
stein algorithm-based domain adaptation technique, which focuses on
learning domain-invariant feature representations by minimizing the
empirical Wasserstein distance between the source and target domains’
representations. This adaptation process leads to improved accuracy by
obtaining target features that closely resemble the characteristics of the
target domain. These strengths collectively contribute to the superior
performance of our proposed framework in plant disease classification.

5. Conclusion

In conclusion, this research study introduces a novel and robust
framework for plant disease classification that addresses the limitations
of existing approaches trained on laboratory datasets, which struggle to
achieve high accuracy on real-world environment datasets. By address-
ing domain shift through unsupervised domain adaptation (UDA), our
framework learns domain-invariant feature representations by utilizing
Wasserstein distance adversarial learning and combining the strengths
of convolutional neural networks (CNNs) and mobile vision transform-
ers (MViTs). This fusion of local and global features enhances the
transferability and discriminability within different domains, resulting
in more accurate and reliable plant disease recognition. Extensive ex-
periments conducted on plant disease datasets demonstrate the superior
performance of the proposed framework with an accuracy of 70.0%,
balanced accuracy of 84.0%, precision (micro 70.0%), Recall (micro
70.0%), F1 (micro 70.0%), Cohen’s kappa of 69.0%, and outperforming
the baseline and state-of-the-art methods with an increase in accuracy
of 13.67%. This research contributes to accurate and timely plant dis-
ease diagnosis in real environments for sustainable agriculture and food
security by offering a promising solution to overcome the challenges
faced by traditional methods. However, it is important to acknowledge
the limitations of the diverging of training and testing loss and reliance
on labeled data for source domain, as well as the need for evaluation
on larger real-time field datasets. Considering the dynamic nature of
plant diseases and changing environmental conditions, it is necessary
to develop adaptive and self-learning systems that continuously update
their knowledge and adapt to new challenges. Future research can
focus on IoT, reinforcement learning domain adaptation techniques,
further tuning regularization techniques for emerging deep learning
architectures, and investigating incremental learning for real-time field
environment plant disease detection.
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