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Abstract

Integrating smart farming technologies in agriculture is crucial to address the pressing challenges of food security, economic
stability, and environmental sustainability. Solutions based on artificial intelligence (AI) for plant disease detection play a critical
role in optimizing crop health and yield. However, the complexity and opacity of these AI models can hinder their acceptance and
practical application by end-users. To address this issue, our ongoing research explores applying explainable AI (XAI) techniques
to enhance the explainability of vision-based plant disease classification models. Our experiments assess the transparency of vision-
based models by applying XAI techniques, such as LIME, Grad-CAM, and occlusion-based attribution, to visualize the reasoning
behind model predictions. Additionally, we analyze inherently transparent machine learning models, such as k-Nearest Neighbors,
through custom visualization graphics and examine how explainability varies with model accuracy. These findings highlight the
role of XAI techniques in enhancing the transparency of predictions for crucial vision tasks in agriculture such as plant disease
classification. Building on these results, we explore the potential integration of XAI techniques into third-party applications or
prototypes, emphasizing how tailored visual and textual explanations can enhance the transparency and interpretability of plant
disease classification models.
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1. Introduction

The agricultural ecosystem is evolving towards a new paradigm fueled by digitalization and innovation [24]. Ac-
cording to the Food and Agriculture Organization of the United Nations (FAO), digital agriculture - the application of
information and communication technologies (ICT) to agricultural contexts - has the potential to deliver significant
benefits throughout the entire agrifood value chain and become a key driver of sustainability [8]. Among the applica-
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tions of digital agriculture, advances in artificial intelligence (AI) have contributed significantly to the sector, offering
solutions for crop stress detection, weather predictions, and pesticide recommendations [9, 3]. In terms of food safety
solutions, computer vision-based approaches aim to prevent critical farm issues such as pest and disease outbreaks.
This issue substantially impacts smallholder farmers, who represent 84% of farms worldwide [14], with some farmers
reporting up to more than 50% of yield loss due to pests and diseases [10].

Although computer vision-based approaches for plant disease classification have shown promising results, the
complexity and opacity of these AI models can hinder their acceptance and practical application by end-users, such
as farmers [13]. Lack of transparency in how these models make predictions can lead to a lack of trust, limiting their
widespread adoption in digital agriculture. Explainable AI (XAI) techniques offer a solution by providing insights into
the reasoning behind the models’ decisions, fostering greater trust and perceived value among agricultural stakeholders
[7]. By making the decision-making process of AI systems more interpretable and understandable, XAI can help
bridge the gap between digital technologies and the practical needs of users in the agricultural domain. This, in turn,
can ease the integration of smart farming solutions and accelerate the transition toward more sustainable and data-
driven agricultural practices.

Motivated by the aforementioned, this paper explores the application of explainable AI techniques to enhance the
interpretability1 of vision-based plant disease classification models. Through a set of experiments, we evaluate multi-
ple XAI techniques (LIME, Grad-CAM, and occlusion-based attributions) across different deep learning architectures
(ViT B-32 and ResNet-50), providing insights into their comparative strengths. Additionally, we conduct a prelimi-
nary analysis of how model accuracy influences explanation reliability. To further demonstrate the practical value of
these findings, we discuss the potential integration of XAI techniques into applications or prototypes designed for
plant disease classification.

The remainder of this paper is structured as follows. Section 2 presents the research context for deep learning
applications in plant disease detection and previous work on the application of XAI techniques in digital agriculture.
Section 3 details the methodology of our experiments, including the dataset used and the design of each experiment.
Section 4 presents the results of these experiments, highlighting the potential of XAI to provide transparent insights
into plant disease classification. Moreover, it briefly discuss how XAI explanations could be integrated into third-party
applications or prototypes. Finally, section 5 concludes the paper and outlines future directions for integrating XAI
techniques in digital agriculture vision tasks.

2. Related Work

As the field of digital agriculture continues to expand, the capacity to detect diseases within agricultural ecosys-
tems has emerged as a compelling research challenge, given its significance for ensuring effective pest management
systems. Alongside biological approaches such as DNA and serological techniques [15], there have been numerous
endeavours to develop automated systems capable of identifying diseases in existing crops, relying primarily on visual
imagery.

In recent years, deep learning algorithms, particularly convolutional neural networks (CNNs), have significantly
improved the performance of plant disease detection and classification models [4]. These data-driven approaches have
demonstrated superior capabilities in extracting complex visual features and patterns from crop images, outperform-
ing traditional machine learning methods. However, the growing novelty of applying CNNs to object recognition and
image classification tasks has prompted extensive research exploring their performance for plant disease classification
tasks. While some studies have proposed original CNN architectures to solve the classification task with a signifi-
cant degree of confidence [18], many researchers have focused on reusing existing CNN architectures, such as those
competing on the ImageNet Large Scale Visual Recognition Challenge (e.g., AlexNet, ResNet, GoogLeNet) [16, 19].

Despite the opportunities of the application of CNNs for plant disease classification, the literature highlights several
inherent dependencies and challenges associated with this task. A key requirement for effective supervised learning
models is the availability of large training datasets. However, the substantial effort needed to construct expert-verified

1 In this paper, we interchangeably use interpretability and explainability
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datasets with manually annotated images represents a significant obstacle to the widespread adoption of CNNs for
disease detection, given the scarcity of robust training datasets and the potential for errors in data labeling [12].

While CNNs have been the dominant approach for image classification tasks, the emergence of transformers has
introduced a promising new paradigm for a wide range of computer vision applications. Introduced in 2020 by a team
of Google researchers, vision transformers (ViT) leverage the core principles of the transformer architecture, which
has demonstrated remarkable success in natural language processing, and apply them to visual data [6]. Regarding
the application of transformers in digital agriculture, the work of Reedha et al. claims to provide the first study on the
potential of vision transformers for classifying weed and crop images from unmanned aerial vehicles (UAVs) [21].
The authors evaluated the performance of two vision transformer models, ViT B-16 and ViT B-32, against state-of-
the-art CNN architectures, such as ResNet and EfficientNet, using a custom dataset with five classes: weed, beet,
off-type beet, parsley, and spinach.

While computer vision-based approaches have shown promising results, the complexity and opacity of deep learn-
ing models can hinder their acceptance and practical application by end-users. To address this challenge, there has
been a growing interest in the field of XAI, which aims to provide transparency and interpretability for AI-powered
systems [1]. Particularly, XAI techniques can play a crucial role in increasing transparency and user trust in com-
puter vision models. By generating explanations such as visual insights, these methods help users understand the
decision-making process of the model, leading to greater confidence in the predictions. XAI techniques like LIME
[22], Grad-CAM [23], and attribution methods like occlusion-based attributions provide valuable insights into the
model’s predictions. LIME creates locally interpretable models to identify the features that contribute significantly
to a particular prediction, using superpixels to segment the input image and determine the most important regions.
Grad-CAM leverages gradient information to highlight the important regions in the input image that drive the model’s
output. Additionally, occlusion-based attribution methods systematically occlude different parts of the input image
and observe the impact on the model’s output, thereby allowing the identification of regions critical for the classifier’s
decision.

Previous research on applying XAI techniques to plant disease classification tasks has been conducted by Wei et al.,
who examined how explainability can be explored in agricultural fruit disease classification [25]. Their work inves-
tigated the use of explainable techniques, such as SmoothGrad, LIME, and GradCAM, to understand if an attention-
based ResNet network can enhance the feature extraction ability of CNN architectures. While all three techniques
provided interesting insights, the authors concluded that GradCAM exhibited the strongest explanatory power, with
LIME being the least explanatory method. Furthermore, the authors found that the attention module, when combined
with the explainability methods, positively influenced the feature extraction process in disease classification tasks.

3. Materials and Methods

This section describes the dataset used in the experiments and the specific design of each conducted experiment.

3.1. Dataset

The PlantVillage dataset is considered one of the first robust training datasets for plant disease detection [11].
Its initial version contains over 54,309 images validated by expert pathologists and divided into 38 classes. This
dataset represents an important step towards defining expert-validated datasets with substantial dimensionality and
distribution. Notably, the version of the dataset used in related studies differs. While the work of Mohanty et al. [16]
utilized the original format of the PlantVillage dataset, Brahimi et al. [2] applied a different version with 14,828
images and nine classes.

This study employs an augmented version of the dataset with 61,486 images and 39 classes. The key difference be-
tween the original dataset and this augmented version is the incorporation of pre-generated augmented data. The data
augmentation process involved applying various random transformations to increase the number of training images
artificially. This approach helped create a more diverse and representative dataset, mitigating the risk of overfitting.
Additionally, the dataset includes a new class for non-crop images. While each class can distinguish both the plant
and the presence or absence of disease, there is a significant imbalance in the data, with some classes having as few as
700 samples and others up to 3,854. Furthermore, an analysis of the data distribution among the different crop species
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revealed a similar imbalance, with a minimum of 700 training samples for raspberry and a maximum of 13,180 total
training samples for tomato. This class and species-level data imbalance was also present in the original dataset, as
noted in [11]. Despite the data imbalance in the target dataset, the experiments were conducted with a data split that
preserved the overall distribution of the dataset.

3.2. Experiment Design

The core experiments of this study focus on the application of XAI techniques to vision-based plant disease clas-
sification. Nonetheless, we conducted the following series of experiments targeting the integration of both inherently
transparent and post-hoc explainability approaches:

• Visual Transparency: In this experiment, we assessed techniques for elucidating the intrinsic decision-making
process within inherently transparent models, such as the k-Nearest Neighbors (kNN). The goal was to un-
derstand how kNN classification works by examining the voting mechanism where the class of a data point is
determined based on the majority class among its k closest neighbors in the feature space.
• Vision Post-hoc Explainability: This experiment investigated the application of advanced post-hoc explain-

ability methods, including LIME, Grad-CAM, and occlusion-based attribution techniques, to interpret the pre-
dictions made by a vision transformer model, specifically ViT B-32, which was trained on the target dataset for
the task of plant disease classification.
• Model Accuracy and Explainability: The third experiment evaluated how explainability varies with high and

low-accurate vision models. For this purpose, using LIME, we compared the explainability characteristics of
the ViT B-32 model against a less accurate configuration of a ResNet-50 model.

4. Results

This section presents an analysis of the results obtained from the conducted experiments.

4.1. Vision Transparency

The kNN algorithm is a simple yet effective classification technique that does not require an explicit model training
process. Instead, it relies on the proximity of the input data to the training samples in the feature space. To understand
the decision-making process of the kNN model, we examined the voting mechanism that determines the class predic-
tion for a given input.

When presented with a plant disease image, the kNN classifier first identifies the k nearest neighbors in the training
set, based on a distance metric (Euclidean distance) in the feature space generated through a feature extraction process
using a ResNet-50 model. The predicted class is then assigned based on the majority vote among these k nearest
neighbors.

Through a custom visualization (see Figure 1), a slider was implemented that allows a user to change the value of k
and see the corresponding change in the voting distribution and the final prediction. For instance, the figure illustrates
the 5 nearest neighbors of a given input instance, showcasing their respective class labels and distance metrics, with
the instance being predicted as label 0 given that label 0 was the majority among the neighbors.

4.2. Visual Explanations

The second set of experiments focused on applying post-hoc explainability techniques to a vision transformer
model, specifically the ViT B-32 architecture, trained on the plant disease classification task. The model decision was
preceded by a cross-validation evaluation of two models: ViT B-32 and ResNet-50. Both models employed transfer
learning with feature extraction, where the initial layers were frozen to leverage pre-trained features, and only the
classifier layers were trained on the plant disease dataset. Given the ViT B-32 model’s outperforming accuracy of
97.6% on the validation set compared to the ResNet-50 model, it was selected for the subsequent explainability
analysis. Since this experiment aimed to compare multiple XAI techniques rather than evaluating model performance,
we present explanations for ViT B-32 (see Figure 2).
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Fig. 1: kNN Slider Visualization.

As stated, the post-hoc explainability methods used in this experiment were LIME, Grad-CAM, and occlusion-
based attribution. Targeting the first instance of the test set, we generated and analyzed the explanations provided by
these techniques to interpret the model’s decision-making process.

The visualization of the top 5 superpixels through LIME (see Figure 2b) highlighted the most salient regions within
the input image that contributed the most to the model’s prediction. In contrast, Grad-CAM (see Figure 2c) and the
occlusion-based attribution technique (see Figure 2d) provided visual heatmaps indicating the areas of the image that
the ViT B-32 model deemed crucial for the classification decision. Specifically, in occlusion-based attributions, the
darker the pixels, the more important that region is for the prediction. While all visualization methods emphasized the
relevance of plant foliage for the classification, there were some differences in the specific regions highlighted by each
approach. Notably, the Grad-CAM and occlusion-based attributions suggested a potential discrepancy, as the Grad-
CAM heatmap did not consider the center of the plant foliage as crucial for the classification, whereas the occlusion
technique deemed this region as one of the most important.

Furthermore, as part of this experiment, we assessed how the visual explanations changed with different class
predictions. Specifically, we applied the post-hoc explainability techniques to the same input image, but with different
target class labels, focusing on the first and fifth classes among the top 5 predictions (see Figure 3). From the resulting

(a) Original Image (b) LIME (c) Grad-CAM (d) Occlusion

Fig. 2: Comparison of XAI techniques (LIME, Grad-CAM, occlusion-based attributions) applied to ViT B-32.



6 Rui Pedro Porfı́rio et al. / Procedia Computer Science 00 (2019) 000–000

explanations, we observed that model accuracy affects the generated explanations, as seen in the differences between
the first and fifth predictions. Given the risk of imperfect explanations [17], future work should validate whether the
best-performing models provide the most reliable explanations by collaborating with expert agronomists.

Fig. 3: Grad-CAM visualization of 1st and 5th classes of top 5 predictions.

4.3. Model Accuracy and Explainability

The third experiment compared the explainability characteristics of the high-performing ViT B-32 model and the
less accurate ResNet-50 model using the LIME technique. Using the best performing ViT B-32 model configuration
(97.6% validation accuracy) and a ResNet-50 model with 92.2% validation accuracy, we generated LIME explanations
for the same test sample and top predicted class, then contrasted the differences in the highlighted salient regions (see
Figure 4). As it can be observed, the LIME explanations for the more accurate ViT B-32 model provided a more
comprehensive and intuitive interpretation of the decision-making process, with the superpixels covering only the
plant foliage. However, the ResNet explanation highlighted the negative impact of plant foliage on the classification.

Therefore, this experiment highlights the relationship between model performance and the quality of generated
explanations. These findings suggest a potential link between accuracy and explainability, as seen in the comparison
between ViT B-32 and ResNet-50. However, this observation is based on a single sample and should not be general-
ized. The current literature poses the concern that the trade-off between performance and explainability is not a binary
decision, but rather a complex issue influenced by multiple factors such as domain characteristics and development re-
sources [5]. Future work should further investigate these interactions through a broader empirical analysis and expert
validation.

(a) ResNet-50 (b) ViT B-32

Fig. 4: Visualization of LIME implementation for worst and best performing settings.

4.4. Integration with Third Party Applications

The XAI techniques outlined in this section hold significant potential for practical integration into third-party
applications or prototypes, enhancing transparency and interpretability in plant disease classification tasks. Farm dig-
ital platforms capable of generating such explanations like AgriUXE, which combine multimodal data with XAI
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techniques, can process plant images, classify diseases using vision-based deep learning models, and generate user-
adaptive visual and textual explanations that clarify the reasoning behind disease classifications [20]. Hence, potential
applications could connect with AgriUXE to retrieve these explanations, which can be tailored to meet the needs of
different stakeholders, including farmers, agronomists, and machine learning experts, by adjusting the explanation
technique (e.g., LIME, Grad-CAM), the explanation output modality (e.g., visual overlays or textual descriptions),
and the presentation to align with their specific mental models.

This practical integration of XAI explanations can make AI-driven predictions more transparent, supporting stake-
holders in understanding the decision-making process and fostering more informed, context-aware decisions in plant
disease management.

5. Conclusions and Future Work

This study presents a comprehensive analysis of applying XAI techniques to a vision classification task involving
plant disease recognition. Through a series of experiments, we focused on assessing not only visual techniques that
could convey the inherent transparency of simple models, but also post-hoc explainability methods that can shed light
on the decision-making process of complex and high-performing vision models.

The kNN slider visualization highlights the intuitive nature of this simple classification model, allowing the user to
directly observe the voting process and its impact on the final prediction. Furthermore, the post-hoc explainability anal-
ysis on the ViT B-32 model, using techniques such as LIME, Grad-CAM, and occlusion-based attribution, revealed
intriguing insights into the model’s decision-making. While the explanations provided by these methods shared some
commonalities in emphasizing the importance of plant foliage and lesions, there were also notable differences in the
specific regions highlighted as crucial for the classification.

Moreover, the comparison between ViT B-32 and ResNet-50 provided insights into model explainability. While
both models achieved significant classification accuracy in the task at hand, LIME explanations for ViT B-32 appeared
more focused on plant lesions. However, this observation is based on limited samples and requires further validation.

As a final consideration, we briefly discussed the potential for integrating XAI explanations into third-party applica-
tions or prototypes, emphasizing their practical value in enhancing the interpretability of plant disease classifications.

Future work will focus on extending these experiments by exploring additional XAI techniques, such as Layer-wise
Relevance Propagation (LRP) or similarity-based explanations, to further analyze and compare their performance in
plant disease classification tasks. In addition, we highlight the potential for developing applications that incorporate
explanation components to further study the transparency of such systems and their impact on user experience in
real-world agricultural scenarios.
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