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Abstract

Early and accurate detection of plant diseases is essential for ensuring food security and
maintaining sustainable agricultural productivity. However, most deep learning models for
plant disease classification rely heavily on large-scale annotated datasets, which are expen-
sive, labor-intensive, and often impractical to obtain in real-world farming environments.
To address this limitation, we propose a unified self-supervised learning (SSL) framework
that leverages unlabeled plant imagery to learn meaningful and transferable visual rep-
resentations. Our method integrates three complementary objectives—Bootstrap Your
Own Latent (BYOL), Masked Image Modeling (MIM), and contrastive learning—within
a ResNet101 backbone, optimized through a hybrid loss function that captures global
alignment, local structure, and instance-level distinction. GPU-based data augmentations
are used to introduce stochasticity and enhance generalization during pretraining. Experi-
mental results on the challenging PlantDoc dataset demonstrate that our model achieves an
accuracy of 77.82%, with macro-averaged precision, recall, and F1-score of 80.00%, 78.24%,
and 77.48%, respectively—on par with or exceeding most state-of-the-art supervised and
self-supervised approaches. Furthermore, when fine-tuned on the PlantVillage dataset, the
pretrained model attains 99.85% accuracy, highlighting its strong cross-domain generaliza-
tion and practical transferability. These findings underscore the potential of self-supervised
learning as a scalable, annotation-efficient, and robust solution for plant disease detection
in real-world agricultural settings, especially where labeled data is scarce or unavailable.

Keywords: plant disease detection; self-supervised learning; BYOL; masked image
modeling; contrastive learning

1. Introduction

Plant diseases are a major threat to global food security, leading to significant reduc-
tions in crop yield and quality. Early and accurate diagnosis is essential to guide timely
interventions, but traditional approaches relying on manual scouting or laboratory test-
ing are often labor-intensive, time-consuming, and inaccessible to farmers in remote or
resource-limited regions. In recent years, deep learning methods have shown promise in
automating plant disease detection through image classification. However, these models
typically depend on large-scale, labeled datasets, which are difficult and expensive to
collect in real-world agricultural contexts due to the need for expert annotation and the
variability of disease expression in field conditions [1]. In this study, we use the term
‘detection’ to refer to disease identification and classification at the image level, rather
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than object localization or bounding box generation. Thus, our model does not perform
region-based object detection but instead categorizes whole images into disease types.

Early methods of plant disease detection employed traditional computer vision tech-
niques using handcrafted features like texture descriptors, color histograms, and shape
metrics, coupled with classical classifiers such as Support Vector Machines (SVMs), decision
trees, and k-nearest neighbors [2]. Although computationally efficient, these techniques
often lacked robustness under varying real-world conditions due to sensitivity to lighting,
occlusion, and background complexity.

The advancement of deep learning, particularly Convolutional Neural Networks
(CNNs), has significantly improved plant disease classification. Models such as ResNet,
DenseNet, and VGGNet facilitated hierarchical feature learning directly from raw image pix-
els, enhancing classification accuracy and robustness [3]. More recently, Transformer-based
models like Vision Transformer (ViT) and Swin Transformer have further demonstrated
strong performance in agricultural image analysis. However, supervised methods continue
to face challenges related to the scarcity of labeled datasets in agriculture, where expert-
labeled data is costly and time-consuming to obtain due to the diversity of crop species,
growth stages, and symptom presentations.

Self-supervised learning (SSL) has emerged as a compelling alternative to mitigate
the reliance on labeled data. Ref. [4] proposed a progressive SSL pipeline for cassava leaf
disease recognition that combined object segmentation and triplet loss with fine-tuned
CNN s, achieving strong performance with limited labeled data. Ref. [5] introduced a
Self-Supervised Vision Transformer (SSVT) that uses patch-based masked reconstruction
and contrastive objectives to model medical disease classification and severity grading.
Ref. [6] developed DINOvV2, a scalable SSL framework based on Vision Transformers,
leveraging a teacher-student distillation setup to extract semantically rich representations
from unlabeled imagery.

Ref. [7] provided a comprehensive review of SSL in the plant pathology domain,
identifying hybrid approaches as the most effective. These methods combine multiple
pretext tasks, such as reconstruction and contrastive learning, to improve feature robustness
and transferability. Supporting this view, refs. [8,9] independently demonstrated that
pairing masked image modeling with contrastive loss on Transformer backbones yields
notable performance gains on large-scale plant disease datasets.

Contrastive methods such as SimCLR [10] and Bootstrap Your Own Latent (BYOL) [11]
have also been applied to agricultural image tasks. SimCLR leverages contrastive loss with
negative sampling to encourage instance-level separation, whereas BYOL, through dual-
network alignment, eliminates the need for negative samples. Despite these advancements,
current SSL techniques typically apply these methods in isolation.

To address these gaps, we propose a unified SSL framework integrating Bootstrap
Your Own Latent (BYOL) for global representation alignment, Masked Image Modeling
(MIM) for spatial feature reconstruction, and contrastive learning for instance-level discrim-
ination. This customized multi-objective strategy is specifically tailored to the challenges
of real-world agricultural imagery, enabling the model to capture global semantics, recon-
struct occluded regions, and distinguish visually similar samples, all without relying on
labeled supervision. The system is built on a ResNet-101 backbone and employs GPU-
accelerated augmentations to generate diverse training views. A hybrid loss function
combines cosine similarity (BYOL), pixel-level and perceptual loss (MIM), and InfoNCE
loss (contrastive learning) into a single optimization objective, supporting robust feature
learning for downstream plant disease classification tasks. Experimental validation on
the challenging PlantDoc dataset [12], known for its noisy, field-captured images, and
transfer learning evaluation on the PlantVillage dataset [13] highlight our model’s robust
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performance and strong cross-domain generalization, confirming the effectiveness of SSL
as a scalable, annotation-efficient, and practical approach for plant disease detection in
diverse agricultural settings.

Our main contributions are as follows:

e  We propose a unified self-supervised framework integrating BYOL, MIM, and con-
trastive learning.

e  We design a hybrid loss function that captures global, local, and instance-level infor-
mation.

e  Weimplement an efficient GPU-based augmentation pipeline for robust representation
learning.

e  We achieve state-of-the-art performance on challenging PlantDoc and Plant Village
datasets without using labels during pretraining.

e  We demonstrate strong generalization via transfer learning and provide interpretability
through Grad-CAM and t-SNE.

2. Methodology
2.1. Overview of the Proposed Framework

As illustrated in Figure 1, the framework begins with stochastic image augmentations,
which produce two views of each input. These are passed through three parallel SSL branches:

e BYOL, where an online encoder learns to predict the projection of a momentum-
updated target encoder;

e  MIM, where masked inputs are reconstructed using a combination of pixel-wise
accuracy and perceptual similarity;

e Contrastive learning, which brings positive pairs closer and pushes negative pairs
apart in the embedding space.

BYOL Framework

= Online Encoder (ResNet-101) Online
— Projection MLP Prediction \
— Prediction MLP
i "/ BYOLLoss
: (Encourages alignment
between online and target
= Target Encoder (EMA of Online Target representations using
Encoder) Projection cosine similarity)
. — Projection MLP +
PU-Based Augmentation ’ MIM Loss
H H . (Guides image
Masked Image Modeling (MIM) reconstruction usinga mix
Randomcrop, ) - of pixel-level (MSE) and
flip, rotation, . Online Prediction perceptual (SSIM)
colorjitter, 2 andom Hasking Reconstruction Output | similarity)
solarization, — Masked Image +
. grayscale, H Contrastive Loss
blur (Encourages instance
' Contrastive Learning discriminalionusing

:  InfoNCE with positive and

Shared Online Encoder [

~Projection MLP —+ Embeddingz i | TotalLoss=1xBYOL+
0.6xMIM + 0.6xContrastive

——— Embeddingz

Figure 1. Overview of the proposed multi-objective self-supervised learning framework for plant
disease detection. The architecture unifies BYOL, MIM, and contrastive learning atop a ResNet-
101 backbone. GPU-based augmentations generate diverse input views to support representation
alignment, masked region reconstruction, and instance-level discrimination. The total training loss is
computed as a weighted sum of the BYOL, MIM, and contrastive objectives. The novelty lies in their
joint optimization within a single architecture, which is not explored in prior works.
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The final loss is a weighted sum of the three objectives, promoting balanced represen-
tation learning across semantic, structural, and discriminative dimensions.

2.2. Model Architecture
2.2.1. Backbone Network and BYOL Framework

We employ ResNet101 [14], pretrained on ImageNet [15], as the visual feature extractor.
The original classification head is replaced with a multilayer perceptron (MLP) projection
head that outputs compact image embeddings. For label-free training, we adopt the
Bootstrap Your Own Latent (BYOL) framework, which comprises two networks: an online
encoder and a target encoder.

The online encoder is trained to predict the output of the target encoder, promoting
representation consistency between two differently augmented views of the same image
(e.g., via cropping, flipping, or blurring). Unlike contrastive learning methods, which rely
on both positive pairs (from the same image) and negative pairs (from different images)
to learn discriminative features, BYOL eliminates the need for negative samples. Instead,
it learns by aligning one augmented view with another, allowing the model to extract
meaningful representations without contrasting examples from different classes.

The target encoder is updated using an exponential moving average (EMA) of the
online encoder’s parameters, which provides a stable learning target throughout training.
The BYOL loss minimizes the cosine distance between the online prediction g and the target
projection z:

Lpyor=2—2 T )
lqll2-[I=1l

This objective enables the model to learn semantically rich and robust features that
are invariant to viewpoint, lighting, and background variations—conditions commonly
encountered in real-world plant imagery.

2.2.2. Masked Image Modeling (MIM)

To enhance the model’s sensitivity to local structure and fine-grained visual patterns,
we incorporate a Masked Image Modeling (MIM) objective inspired by the Masked Au-
toencoder (MAE) framework [16]. During training, a random mask is applied to each input
image, occluding 30-60% of the pixels. The model is then tasked with reconstructing the
original, unmasked image using only the visible regions.

To better suit fine-grained plant imagery, we employ a hybrid reconstruction loss that
combines pixel-level and perceptual fidelity:

Lyviv = «-MSE + (1 —a)-(1—SSIM) a = 0.5 )

Here, mean squared error (MSE) penalizes raw pixel differences, while Structural
Similarity Index Measure (SSIM) encourages the preservation of image structure, including
texture, edges, and contrast. This hybrid loss ensures that reconstructed images maintain
both numerical accuracy and perceptual coherence.

By compelling the model to infer contextual information in masked regions, this MIM
objective promotes learning the underlying statistics of texture, shape, and color. Such
capability is particularly useful in plant disease detection, where symptoms like lesions,
discoloration, or mold often appear in small, localized patches.

2.2.3. Contrastive Learning

To enhance instance-level discrimination, we incorporate a contrastive learning ob-
jective based on the Information Noise-Contrastive Estimation (InfoNCE) loss, originally
introduced by [17] for Contrastive Predictive Coding (CPC). Following adaptations such as
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SimCLR, we apply InfoNCE in the context of image augmentations. This encourages the
model to pull embeddings of similar images closer together while pushing apart those of
dissimilar images within the latent space.

During training, two distinct augmented views x; and x; of the same image are
generated through GPU-based transformations. These views are passed through the shared
online encoder and projection MLP to produce embeddings z; and z;, which together form
a positive pair. The InfoNCE loss is computed as the following:

exp (sim(z;, z]-) /T)
Z)I(V:1 exp(sim(z;j, zy)/T)

=01 3)

EContrastive = -

Here, sim(-) denotes cosine similarity, and T = 0.1 is the temperature parameter that
controls the sharpness of similarity distributions. The denominator aggregates similarities
between z; and all other embeddings z; in the batch, while the numerator captures the
similarity with its positive counterpart z;. The logarithm in the InfoNCE loss stabilizes
optimization by compressing the range of similarity scores, and the negative sign ensures
that higher similarity between z; and z; results in a lower loss value.

This contrastive objective encourages clustering of similar disease instances (e.g.,
different views of the same diseased leaf) while enforcing separation between dissimilar
instances (e.g., different crops or disease types) in the feature space. Such discriminative
structuring is particularly beneficial for fine-grained classification tasks, where subtle visual
differences between plant diseases are common.

2.3. GPU-Based Augmentation Pipeline

To enhance visual diversity and boost generalization, we implement a series of GPU-
accelerated augmentations using the Kornia library [18]. Executing transformations directly
on the GPU reduces data-loading overhead and enables efficient large-batch training.

The augmentation pipeline includes the following transformations:

e Random resized cropping (scale: 60-100%)

Random horizontal flipping (50% probability)
Random rotation (£20 degrees)

Random solarization (threshold = 0.5, 20% probability)
Random grayscale conversion (20% probability)

Color jittering (brightness, contrast, saturation, hue)
Random Gaussian blur (¢ € [0.1, 2.0], 30% probability)

These augmentations are applied stochastically to each image during training, en-

couraging the model to become invariant to common environmental variations such as
lighting, orientation, and background noise. This increased diversity promotes the learning
of more robust and transferable representations, especially when operating on unlabeled,
real-world plant imagery.

2.4. Hybrid Loss Function

To simultaneously capture global semantic features, local structural details, and
instance-level distinctions, we formulate a multi-objective loss function that combines
the contributions of BYOL, MIM, and contrastive learning:

'CTotal = l~O'»CBYOL + O~6"CMIM + 0~6'£C0ntra5tive (4)

Each component contributes uniquely to the representation quality:

e  LpyoL promotes alignment between different views of the same image;
e  Lyv enhances spatial awareness by reconstructing masked regions;
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o Lcontrastive €Ncourages separation between different instances.

This multi-objective fusion ensures that the model not only aligns semantic representa-
tions across augmented views but also retains fine-grained details and learns to distinguish
between visually similar classes. In particular, contrastive learning plays a crucial role in
overcoming the limited semantic scope of MIM, which alone may struggle to capture class
boundaries in the absence of explicit labels.

The final weighting scheme—1.0 (BYOL), 0.6 (MIM), and 0.6 (contrastive)}—was em-
pirically determined to effectively balance semantic generalization, spatial awareness, and
discriminative capacity.

2.5. Optimization Strategy

AdamW optimizer was used with a base learning rate of 1 x 10~*, weight decay of
1 x 107>, and a 10-epoch linear warmup. The learning rate warm-up strategy stabilizes
the initial training phase, mitigating issues arising from overly aggressive updates. Gra-
dient accumulation is employed every two batches to enable larger effective batch sizes
while managing GPU memory efficiently. Mixed-precision training via PyTorch 2.1.0+’s
GradScaler utility further improves computational efficiency. Checkpoints and models are
saved periodically for final downstream evaluation.

2.6. Transfer Learning Evaluation on PlantVillage Dataset

To assess the generalization capability of representations learned through self-
supervised pretraining, we conducted a transfer learning evaluation using the PlantVillage
dataset. Unlike the field-based and visually noisy conditions of the PlantDoc dataset,
PlantVillage comprises high-resolution images captured under controlled lighting, uni-
form backgrounds, and minimal occlusion, providing a complementary benchmark for
cross-domain evaluation.

After pretraining unlabeled PlantDoc images using our proposed SSL framework, the
model was fine-tuned on labeled PlantVillage samples. The model achieved consistently
high classification performance on the PlantVillage dataset, demonstrating that the learned
representations are both robust and transferable. These results underscore the practical
utility of our framework for deployment across diverse agricultural contexts, including
settings where labeled data may be limited or vary in quality.

2.7. Implementation Details

Table 1 summarizes the key hyperparameters, architectural components, and training
configurations used in our experiments. The model was implemented in PyTorch 2.1.0+
and trained on an NVIDIA RTX GPU with mixed precision enabled for memory efficiency.
The full implementation, including training scripts, data loaders, and model checkpoints, is
available at our public GitHub repository: https:/ /github.com/sherryHuan/SSL_BYOL_
MIM_Contrastive/tree/main (accessed on 15 June 2025).

Table 1. Summary of model architecture, training parameters, and augmentation settings.

Category Setting/Description
Backbone Network ResNet-101 (pretrained on ImageNet)
Input Resolution 384 x 384
BYOL Projection Head Linear (2048 — 512) — ReLU — Linear (512 — 256)
BYOL Prediction Head Linear (256 — 512) — ReLU — Linear (512 — 256)

MLP Classifier (used during fine-tuning) Linear (2048 — 512) — ReLU — Linear (512 — 27)
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Table 1. Cont.
Category Setting/Description
Augmentation (GPU) Kornia-based stochastic transforms, applied on GPU
Random Crop (scale) 0.6-1.0
Horizontal Flip p=05
Rotation £20°
Solarization Threshold = 0.5, p = 0.2
Grayscale Conversion p=02
Color Jitter Brightness, contrast, saturation, and hue
Gaussian Blur 0€[01,20],p=03
Normalization (mean/std) Mean = [0.485, 0.456, 0.406]; Std = [0.229, 0.224, 0.225]
Training Configuration
Epochs 90
Batch Size 16
Optimizer AdamW
Learning Rate Warmup from 1 x 1076 to 1 x 10~# over first 10 epochs
Weight Decay 1x107°
Gradient Accumulation Every 2 batches

Mixed Precision

Enabled via torch.cuda.amp

Checkpointing Every 5 epochs
Loss Weights
BYOL Loss 1.0—Cosine similarity between online prediction and target
projection.
0.6—Combine pixel-level differences and perceptual similarity,
MIM Loss balancing mean squared error (MSE) with structural similarity
(SSIM).
C . 0.6—InfoNCE loss with a temperature of T = 0.1 for instance
ontrastive Loss L S
discrimination.

Final Training Loss

L_Total =1.0-L_BYOL + 0.6-L_MIM + 0.6-L_Contrastive

3. Results and Discussion
3.1. Experimental Dataset

We evaluate the proposed self-supervised learning framework on two publicly avail-
able datasets, each offering unique characteristics that test the model’s robustness and
generalization capabilities:

e PlantDoc: This is a challenging real-world dataset consisting of 2598 images spanning
13 plant species and 27 classes, including both diseased and healthy leaf samples.
The images were captured under natural field conditions and exhibit considerable
variability in lighting, background clutter, leaf orientation, and symptom presentation.
The dataset includes crops such as apples, grapes, cotton, and maize, providing a
comprehensive benchmark for assessing model robustness in practical agricultural
scenarios. Example images from the PlantDoc dataset are shown in Figure 2.

e PlantVillage: In contrast, the PlantVillage dataset comprises over 54,000 images repre-
senting 38 classes, including a wide variety of healthy and diseased leaf types. The
images are captured under controlled laboratory conditions with uniform backgrounds
and consistent lighting, making this dataset particularly suitable for evaluating model
generalization in clean, noise-free environments. Example images from the PlantVil-
lage dataset are shown in Figure 3.
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Bell_pepper leaf Blueberry leaf Tomato leaf yellow virus

Figure 2. Samples from the PlantDoc dataset.

Bell pepper leaf Blueberry leaf Tomato leaf yellow virus
Figure 3. Samples from the PlantVillage dataset.

3.2. Evaluation Metrics

To comprehensively assess the effectiveness of the proposed self-supervised learning
framework, we employ a range of widely accepted classification metrics, each capturing a
different aspect of model performance:

e Accuracy: Overall proportion of correct predictions across all classes.

TP + TN
Accuracy (%) = TP T TN £ FP TN 100 ®)

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and
false negatives, respectively.
e Precision: Measures the exactness of the model by computing the proportion of
correctly predicted positive instances out of all predicted positives.
TP
Precision(%) = ™+ < 100 (6)
e  Recall: Also known as sensitivity, it evaluates the model’s ability to identify all actual

positive instances.

Recall(%) = TPTi——PFN x 100 7)

e  Fl-score: The harmonic mean of precision and recall, providing a balanced view of
performance, especially important in imbalanced datasets.
Precision x Recall

F1-Score(%) = 2 x Procision - Recall 100 8)

In addition to these quantitative metrics, we incorporate several qualitative evaluation tools:

e Confusion Matrix: Visualizes the relationship between predicted and actual class
labels, revealing common misclassification patterns and class-wise accuracy.

e Grad-CAM (Gradient-weighted Class Activation Mapping): Provides visual inter-
pretability by highlighting image regions that are most influential in the model’s
decision-making process.
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e t-SNE (t-distributed Stochastic Neighbor Embedding): A dimensionality reduction
technique used to visualize high-dimensional feature embeddings in a two-dimensional
space, enabling inspection of inter-class separability and clustering behavior.

3.3. Performance on PlantDoc
3.3.1. Per-Class Performance

To assess the real-world effectiveness of the proposed self-supervised learning frame-
work, we evaluated the pretrained model on the PlantDoc dataset, which comprises field-
captured images exhibiting high variability in lighting, background complexity, and symp-
tom expression across 27 disease and healthy classes.

Table 2 summarizes the per-class performance metrics, including precision, recall, and
Fl-score. The model demonstrates consistently strong classification results across most
categories. Particularly, it achieves perfect F1-scores (1.0000) in several well-defined classes
such as squash powdery mildew leaf, strawberry leaf, tomato leaf yellow virus, grape
leaf, and grape leaf black rot. This indicates exceptional precision and recall in detecting
these diseases. Additional classes, including raspberry leaf, soyabean leaf, and tomato
septoria leaf spot, also yield high Fl-scores (above 0.88), showing robust classification
even under moderate visual variability. However, performance drops are observed in a
few underrepresented or visually ambiguous categories. For instance, corn gray leaf spot
(F1-score: 0.267) and tomato mold leaf (F1-score: 0.588) were more frequently misclassified.
This is likely due to visual similarity with other leaf conditions or insufficient training
examples in these categories. Moreover, categories like cherry leaf and tomato leaf show
relatively low recall, indicating a tendency to misclassify these instances.

Table 2. Per-class precision, recall, and F1-score on the PlantDoc dataset.

# Class Precision (%) Recall (%) F1-Score (%)
0 Apple Scab Leaf 72.73 80.00 76.19
1 Apple leaf 57.14 88.89 69.57
2 Apple rust leaf 88.89 72.73 80.00
3 Bell_pepper leaf 85.71 75.00 80.00
4 Bell_pepper leaf spot 83.33 100.00 90.91
5 Blueberry leaf 90.00 81.82 85.71
6 Cherry leaf 83.33 50.00 62.50
7 Corn gray leaf spot 18.18 50.00 26.67
8 Corn leaf blight 7143 41.67 52.63
9 Corn rust leaf 81.82 90.00 85.71
10 Peach leaf 100.00 77.78 87.50
11 Potato leaf early blight 62.50 62.50 62.50
12 Potato leaf late blight 62.50 62.50 62.50
13 Raspberry leaf 87.50 100.00 93.33
14 Soyabean leaf 100.00 87.50 93.33
15 Squash powdery mildew leaf 100.00 100.00 100.00
16 Strawberry leaf 100.00 100.00 100.00
17 Tomato early blight leaf 72.73 88.89 80.00
18 Tomato septoria leaf spot 78.57 100.00 88.00
19 Tomato leaf 57.14 50.00 53.33
20 Tomato leaf bacterial spot 83.33 50.00 62.50
21 Tomato leaf late blight 77.78 70.00 73.68
22 Tomato leaf mosaic virus 100.00 50.00 66.67
23 Tomato leaf yellow virus 100.00 100.00 100.00
24 Tomato mold leaf 45.45 83.33 58.82
25 Grape leaf 100.00 100.00 100.00
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Table 2. Cont.
# Class Precision (%) Recall (%) F1-Score (%)
26 Grape leaf black rot 100.00 100.00 100.00
Macro Average 80.00 78.24 77.48

Despite these outliers, the model maintains a macro-averaged precision of 80.00%,
recall of 78.24%, and Fl-score of 77.48%. These results confirm that the proposed self-
supervised learning framework effectively learns robust and discriminative features
from unlabeled field data, making it well-suited for complex, real-world plant disease
detection tasks.

3.3.2. Confusion Matrix Analysis

As shown in Figure 4, the confusion matrix for the PlantDoc test set reveals strong
diagonal dominance, indicating high classification accuracy across most categories. Classes
such as bell pepper leaf spot, strawberry leaf, tomato septoria leaf spot, and grape leaf
black rot exhibit near-perfect separability. Misclassifications occur primarily in visually
similar or underrepresented classes. For instance, apple rust leaf is occasionally confused
with apple leaf and apple scab leaf, while tomato leaf mosaic virus overlaps with related
tomato conditions such as tomato leaf yellow virus. Additionally, harder-to-distinguish
categories like corn gray leaf spot and tomato mold leaf show scattered misclassifications,
likely due to their subtle visual symptoms and smaller sample sizes.
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Figure 4. Confusion matrix of predicted versus actual labels on the PlantDoc test set using the model
trained with BYOL + MIM + contrastive learning. The model shows high accuracy and strong class
separability, with most predictions concentrated along the diagonal.

Overall, the matrix confirms that the model learns meaningful, discriminative features
even under complex, real-world conditions.
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3.3.3. Model Interpretability via Grad-CAM

To assess the interpretability of our self-supervised learning model, we employed
Gradient-weighted Class Activation Mapping (Grad-CAM), which visualizes class-
discriminative regions that influence the model’s predictions. Figure 5 shows two represen-
tative examples: apple rust leaf (top row) and grape leaf black rot (bottom row). Each row
presents the input image, the Grad-CAM heatmap, and the overlay on the original image.

In both cases, the highlighted regions closely correspond to disease symptoms, such as
rust-colored lesions and dark necrotic spots, indicating that the model attends to pathologi-
cally meaningful features rather than background noise. These visualizations enhance the
model’s explainability, a critical factor for real-world applications where human-in-the-loop
decision support and trust in automated systems are essential.

iB
4
o
os

Figure 5. Grad-CAM visualizations show attention maps for apple rust leaf (top) and grape leaf black

Ground Truth: Apple rust leaf

Grad-CAM

Grad-CAM

Prediction: Apple rust leaf

rot (bottom), aligning well with true disease symptoms despite no labeled supervision.

3.4. Comparison with Existing Models

Table 3 presents a comparative analysis of our proposed self-supervised model against
a diverse set of state-of-the-art architectures evaluated on the PlantDoc dataset. Our
framework, which integrates BYOL, MIM, and contrastive learning atop a ResNet-101
backbone, achieves a macro precision of 80.00%, macro recall of 78.24%, and macro F1-score
of 77.48%. These results demonstrate robust performance under real-world agricultural
conditions and position our method among the top-performing models on this benchmark.

Compared to transformer-based models such as Swin Transformer and Vision Trans-
former (ViT), our method achieves higher recall and competitive Fl-scores. The re-
cently proposed Efficient Swin Transformer [19] achieves slightly higher macro preci-
sion (80.14%) and macro Fl-score (78.16%), but with lower recall (76.27%). Importantly,
its confusion matrix reveals a complete failure to classify certain classes—Class 7 (corn
gray leaf spot) records zero true positives, indicating weaker robustness for rare or am-
biguous disease symptoms. In contrast, our model maintains measurable recall on all
classes, including difficult categories, which reflects stronger generalization to challenging,
field-based conditions.

Among convolutional networks, our model outperforms GoogLeNet [20], DenseNet [21],
and MobileNet [22], validating the efficacy of multi-objective self-supervised pretraining
over purely supervised approaches. While lightweight models like ShuffleNet V2 [23]
and MobileViT [24] are efficient in computation, they consistently underperform in key
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evaluation metrics. Our approach also demonstrates favorable results when compared to
domain-specific and hybrid models such as T-CNN (ResNet-101) [25] and ICVT [26].
Despite these models being tailored for interpretability or trained with full supervision,
their performance does not surpass our label-free pretraining pipeline. The superior
generalization and label efficiency of our model demonstrate that carefully designed SSL
pipelines can rival or exceed specialized methods in complex, real-world agricultural tasks.

Table 3. Comparison with existing models on the PlantDoc dataset.

Model Precision (%) Recall (%) F1-Score (%)

Mobilenet [22] 55.24 52.57 53.82

ResNet 67.36 65.34 66.28

GoogLeNet [20] 74.31 69.19 71.61

DenseNet [21] 69.26 66.17 67.61

ShuffleNet V2 [23] 72.28 71.24 71.70

MobileViT [24] 72.55 68.22 70.32

Vision Transformer 54.35 56.77 55.53

Swin Transformer 75.85 69.91 72.76
T-CNN (ResNet-101) [25] 74.44 - -
ICVT [26] 77.23 - -

Efficient Swin Transformer [19] 80.84 76.72 78.16

Ours (BYOL + MIM + Contrastive) 80.00 78.24 77.48

3.5. Ablation Study

We conducted an ablation study to evaluate the individual and combined contri-
butions of BYOL, MIM, and contrastive learning within our self-supervised framework.
Additionally, we benchmarked against prominent self-supervised baselines, including
SimCLR and DINOv2.

As shown in Table 4, BYOL alone surpasses both baselines and the BYOL + MIM
configuration, indicating that while MIM provides structural reconstruction benefits, it
may slightly interfere with BYOL's semantic consistency when applied in isolation. Simi-
larly, the BYOL + Contrastive configuration performs slightly below BYOL + MIM, likely
because contrastive objectives alone, without the complementary structural guidance from
MIM, can overemphasize inter-instance separation at the expense of fine-grained spatial
representations. Nevertheless, the full integration of BYOL, MIM, and contrastive learning
yields the best results, achieving 77.82% classification accuracy, 80.00% macro precision,
78.24% macro recall, and 77.48% macro F1-score. These results demonstrate that while MIM
alone does not significantly improve performance, its contribution becomes more effective
when complemented by contrastive regularization. The combination allows the model to
balance global consistency, local reconstruction, and inter-instance discrimination—critical
components for robust feature learning in visually diverse plant disease datasets.

The comparatively lower performance of SimCLR and DINOV?2 is likely due to their re-
liance on large-scale datasets and architectural sensitivity. SimCLR, which depends heavily
on negative sampling and large batch sizes, may be suboptimal under the moderate size and
noisy conditions of PlantDoc. Similarly, DINOv2, built on Vision Transformers, typically
benefits from extensive data and longer pretraining cycles to reach peak performance.

In contrast, our ResNet-based approach, equipped with GPU-accelerated augmen-
tations and guided by a multi-objective loss, is better suited to real-world agricultural
constraints, enabling efficient learning from unlabeled, field-acquired imagery. These find-
ings validate the effectiveness of our framework in data-scarce, noisy domains and highlight
the importance of integrating diverse SSL signals for robust plant disease recognition.
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Table 4. Ablation results comparing different self-supervised learning configurations on the
PlantDoc dataset.

Method Ao Toedlon Rl TLScon
SimCLR 73.31 74.12 73.25 72.53
DINOv2 73.31 74.55 73.24 72.78
BYOL 74.58 76.70 74.95 74.52
BYOL + Contrastive 74.20 75.90 74.10 72.90
BYOL + MIM 74.58 76.28 74.40 73.17
BYOL + MIM + Contrastive 77.82 80.00 78.24 77.48

3.6. Transferability to PlantVillage
3.6.1. Transfer Performance on PlantVillage

To contextualize the effectiveness of our self-supervised model, we compared its
performance with several notable studies that utilized the PlantVillage dataset for plant
disease classification. These prior efforts span a wide range of strategies, including deep
convolutional architectures, data augmentation, image segmentation, transformer-based
models, and ensemble learning techniques.

Ref. [3] achieved 99.75% accuracy using DenseNet, while ref. [27] proposed a CNN-
based model with multiple loss functions, reaching 98.93%. Ref. [28] used a two-model en-
semble and achieved 99.7%. Ref. [29] combined RGB and segmented inputs with DenseNet,
yielding 98.17%, and ref. [30], one of the earliest contributions, reported 99.31% using
a basic CNN. Ref. [31] reported the highest accuracy of 99.91% through extensive data
augmentation and deeper architecture. Most recently, ref. [32] utilized digital image pre-
processing with a ten-model ensemble to achieve 99.89%. In addition, ref. [33] introduced
an optimized Vision Transformer (ViT) configuration, achieving 99.77% accuracy on the
PlantVillage dataset while maintaining low parameter count and storage requirements.

In comparison, our proposed framework achieves 99.85% accuracy using a single
ResNet-101 backbone pretrained in a self-supervised manner using BYOL, MIM, and
contrastive learning, without requiring any labeled data during pretraining. While our
accuracy is marginally lower than that of refs. [31,32] and higher than the ViT of ref. [33]
and other alternative methods, our approach avoids the complexity and computational
cost associated with data augmentation, transformers, and ensemble techniques. As sum-
marized in Table 5, these results demonstrate that self-supervised learning can achieve
performance on par with state-of-the-art supervised or ensemble methods, while offering
significant advantages in scalability, label efficiency, and practical deployment. This rein-
forces the potential of SSL frameworks in real-world agricultural applications, particularly
in data-scarce environments.

Although the PlantDoc and PlantVillage datasets differ in the number of disease cat-
egories (27 and 38 classes, respectively), the strong transfer performance demonstrates the
strength of our learned representations. Unlike supervised pretraining, self-supervised learn-
ing focuses on extracting generalizable visual patterns such as texture, color, and structural
cues, without being tied to specific class labels. As a result, the backbone pretrained on
unlabeled PlantDoc images is able to adapt effectively to the new class structure of PlantVil-
lage during fine-tuning. The cleaner and less noisy conditions of the PlantVillage dataset
further facilitate rapid adaptation, leading to the observed high classification accuracy. This
result highlights the domain-agnostic nature of self-supervised features and underscores the
practical scalability of the proposed framework across diverse agricultural environments.

While downstream fine-tuning still necessitates labeled data, the self-supervised pre-
training phase enables the model to acquire rich and transferable representations without
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supervision. This substantially reduces the quantity and quality of labeled data required
to achieve strong downstream performance, offering a scalable solution for data-scarce
agricultural applications.

Table 5. Transfer learning comparison on PlantVillage.

Reference Accuracy (%) Contribution

[3] PlantVillage 99.75 Performance evaluation of DenseNet compared to other deep learning models
[27] PlantVillage 98.93 Combined multiple loss functions within a CNN-based framework
[28] PlantVillage 99.70 Developed an ensemble of two distinct deep learning models
[29] PlantVillage 98.17 Integrated DenseNet with both RGB and segmented leaf image inputs
[30] PlantVillage 99.31 Applied a basic deep CNN model for plant disease classification
[31] PlantVillage 99.91 Improved accuracy through extensive augmentation and deeper architecture
[32] PlantVillage 99.89 Utilized image preprocessing with a 10-model ensemble to maximize performance
[33] PlantVillage 99.77 Optimized Vision Transformers with multiscale attention and targeted preprocessing

Proposed (Ours) PlantVillage 99.85 Self-supervised ResNet101 trained with BYOL, MIM, and contrastive learning

3.6.2. Training Dynamics

Figure 6 presents the training and validation curves for loss and accuracy during the
downstream classification on the PlantVillage dataset. The model exhibits rapid conver-
gence, with validation accuracy exceeding 99% within the first few epochs. Both training
and validation losses decrease sharply and stabilize near zero, indicating strong model
fitting and effective generalization.

Notably, the small gap between training and validation accuracy implies minimal over-
fitting, underscoring the robustness of the representations learned during self-supervised
pretraining. These results demonstrate that the combination of BYOL, MIM, and con-
trastive learning enables efficient downstream training, requiring fewer labeled examples
and epochs to reach near-optimal performance in new domains.

Training and Validation Loss

0.8 §
—e— Train Loss

0.7 4 Validation Loss
0.6 4
0.5 4

0.4 1

Loss

0.3 1
0.2 4

0.14
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Training and Validation Accuracy
100.0 4 . — . — %
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—e— Train Accuracy
82.5 4 Validation Accuracy

2 4 6 8 10 12
Epoch
Figure 6. Training and validation loss (top) and accuracy (bottom) curves on the PlantVillage dataset.
The model exhibits rapid convergence and minimal overfitting, reflecting the robustness of the
self-supervised pretraining.
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3.6.3. Feature Space Visualization with t-SNE

To further investigate the quality of the learned representations, we employed t-
Distributed Stochastic Neighbor Embedding (t-SNE) to visualize the high-dimensional
feature space extracted from the PlantVillage dataset. As shown in Figure 7, the self-
supervised model produces well-separated and tightly clustered embeddings for most
disease classes. Categories such as tomato mosaic virus, potato late blight, and grape
black rot form clearly distinguishable clusters, indicating strong intra-class consistency and
inter-class separability.

This structured clustering demonstrates the model’s ability to encode fine-grained
visual cues while maintaining reliable, generalizable representations. It highlights the
effectiveness of SSL pretraining on unlabeled PlantDoc data in producing discriminative
and transferable features across domains.

t-SNE Visualization of PlantVillage Features
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Figure 7. t-SNE visualization of feature embeddings generated by the SSL-pretrained ResNet-101
on the PlantVillage dataset. Each point represents a sample projected into 2D space. The clear
clustering of disease classes illustrates strong semantic structure and discriminative capability of the
learned representations.

4. Conclusions

In this study, we proposed a unified self-supervised learning (SSL) framework that
integrates Bootstrap Your Own Latent (BYOL), Masked Image Modeling (MIM), and
contrastive learning for plant disease detection. Leveraging a ResNet-101 backbone and
GPU-accelerated augmentations, the model effectively learns rich and transferable visual
representations from unlabeled plant imagery, directly addressing the critical challenge of
limited annotated datasets in agriculture.

Through extensive comparisons, ablation studies, and visualization analyses, we
demonstrated the complementary benefits of combining global feature alignment (BYOL),
local structural reconstruction (MIM), and instance-level discrimination (contrastive learn-
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ing). Our results confirm that this multi-objective SSL approach not only reduces re-
liance on labeled data but also achieves high predictive performance in both in-field and
laboratory settings.

While PlantVillage yields near-perfect results due to its clean lab conditions, and
PlantDoc presents moderate in-field variability, we acknowledge the need to evaluate our
method on newer, more challenging large-scale in-field collections.

Future directions include extending this framework to cross-modal SSL using drone or
satellite imagery, exploring domain adaptation across different crop species, and incorpo-
rating explainable Al techniques to support decision-making for farmers and agronomists.
Overall, our findings highlight the practical potential of self-supervised learning in creat-
ing scalable, efficient, and intelligent systems for plant disease diagnostics in real-world,
resource-constrained agricultural environments.
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