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ABSTRACT: Tomato leaf diseases significantly reduce crop yield; therefore, early and accurate disease detection
is required. Traditional detection methods are laborious and error-prone, particularly in large-scale farms, whereas
existing hybrid deep learning models often face computational inefficiencies and poor generalization over diverse
environmental and disease conditions. This study presents a unified U-Net-Vision Mamba Model with Hierarchical
Bottleneck Attention Mechanism (U-net-Vim-HBAM), which integrates U-Net’s high-resolution segmentation, Vision
Mamba’s efficient contextual processing, and a Hierarchical Bottleneck Attention Mechanism to address the challenges
of disease detection accuracy, computational complexity, and efficiency in existing models. The model was trained
on the Tomato Leaves and PlantVillage combined datasets from Kaggle and achieved 98.63% accuracy, 98.24%
precision, 96.41% recall, and 97.31% F1 score, outperforming baseline models. Simulation tests demonstrated the model’s
compatibility across devices with computational efficacy, ensuring its potential for integration into real-time mobile
agricultural applications. The model’s adaptability to diverse datasets and conditions suggests that it is a versatile and
high-precision instrument for disease management in agriculture, supporting sustainable agricultural practices. This
offers a promising solution for crop health management and contributes to food security.

KEYWORDS: Tomato leaf diseases; U-net; vision mamba; vision transformer; bottleneck attention mechanism; disease
detection

1 Introduction
Crop diseases pose a significant threat to global food security by affecting crop yield, quality, and

profitability. Tomatoes are among the most widely grown crops worldwide and are severely affected by
various diseases. Tomato leaf diseases, such as bacterial spots, early blight, and leaf mold, directly affect
tomato production, prompting farmers to rely on pesticides and other protective measures that increase
production costs. The excessive use of pesticides poses a significant risk to the environment and human
health. With the rising demand for food and crops susceptibility to climate change, the need to develop
effective crop disease management strategies for sustainable agriculture has increased in most nations.

Traditional disease detection methods, such as visual inspections by farmers or agricultural experts,
are laborious, error-prone, and hardly scalable. Most of the time, these traditional methods of detecting
crop diseases fail to identify diseases at their early stages, leading to widespread infections and devastating
losses. Hence, innovations in automated and scalable approaches for disease detection and management are
urgently required.
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Recent advances in Artificial Intelligence (AI) and Machine Learning (ML) have presented deep
learning models as potential tools for image-based disease diagnosis and classification [1–5]. Convolu-
tional Neural Networks (CNNs) have shown promise in automating feature extraction for plant disease
recognition [6–9]. For instance, Ferentinos [9] successfully applied CNNs to tomato leaf images from
the PlantVillage dataset, achieving a classification accuracy of above 99.53%. However, they are usually
hampered by environmental variability, such as lighting conditions and subtle differences in symptoms,
which undermine their accuracy in real-world applications. Recent attention-based models, such as Vision
Transformers (ViTs) have improved contextual awareness but require high computational resources, which
limits their applicability in resource-constrained agricultural settings [10–12]. A study conducted by Bouk-
abouya et al. [12] demonstrated the benefits of ViT-based models in enhancing disease detection accuracy on
tomato crops under variable conditions. However, ViT based models are noted to have high computational
demands making them impractical for edge deployment in low-resource farms. Vision Mamba (ViM)
has partially solved some of these challenges by introducing a bidirectional state-space model (SSM) for
improved computational efficiency and accuracy as noted by Gu et al. [13]. However, current solutions,
including ViM and hybrid CNN-Transformer models [14–16], are often constrained by their adaptation
capabilities, failing to achieve the trade-off between spatial resolution and contextual understanding essential
for robust disease detection.

The primary objective of this study was to develop and evaluate a new model that overcomes the
challenges of manual inspection inefficiencies, scalability limitations, environmental variability, and high
computational complexity in tomato leaf disease detection by combining high-resolution spatial feature
extraction of U-Net with efficient contextual processing of ViM and a Hierarchical Bottleneck Attention
Mechanism (HBAM). This study proposed a new deep learning model called U-Net-ViM-HBAM to improve
the identification and classification of diseases in tomato leaves accurately and efficiently, and hence provide
a scalable solution for precision agriculture.

This study contributes to the field of computer vision and deep learning by presenting a unified
model that combines U-Net, ViM and HBAM for disease detection. The proposed model is lightweight and
modular, making it practical for deployment in real-time and edge computing environments. Additionally,
with minimal adjustment and retraining of the model, it can also be applied to domains including medical
imaging, industrial inspection, and environmental monitoring.

This paper is organized as follows: Section 2 reviews related works, emphasizing the existing gaps
in crop disease detection; Section 3 explains the methodology in detail, including the architecture of the
U-Net-ViM-HBAM model, datasets, and evaluation metrics; Section 4 presents the results and discusses the
performance of the models, including a comparison with baseline models; and finally, Section 5 concludes
this paper by summarizing its contributions and future research directions.

2 Related Works
Recent advances in deep learning have significantly impacted crop disease detection, demonstrating

accuracy and efficiency in detecting diseases in crops such as tomatoes. Although initially developed
for biomedical applications, U-Net is remarkably effective in pixel-level image segmentation. In these
studies [7,17–19], the authors utilized U-Net to develop disease detection models that demonstrated higher
accuracy than traditional Convolutional Neural Networks (CNNs). The encoder-decoder structure of U-Net,
with skip connections, saves important spatial information required when identifying diseased regions on
tomato leaves. This capacity for high-resolution segmentation has made U-Net a popular choice in scenarios
that require detailed feature extraction. However, its lack of contextual comprehension limits its effectiveness
in complex agricultural settings, where symptoms vary in terms of scale and conditions.
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Transformer-based architectures, such as ViT and ViM, have been used as strong tools to over-
come these limitations. A study by Barman et al. proposed ViT-SmartAgri. In their study, the proposed
vision transformer-based model for tomato leaf disease classification demonstrated high generalization
performance under uncontrolled field conditions [11]. Sun et al. [10] also proposed SE-ViT model for
diagnosing sugarcane leaf diseases. Their model achieved an accuracy of 97.26% on the PlantVillage dataset.
Despite the observed high performance of these transformers-based models, they usually require significant
computational resources and may not be suitable for deployment in low-power environments. Unlike tra-
ditional Vision Transformers, ViM considers a bidirectional state-space model (SSM) to compute attention
mechanisms effectively. In a previous study [18], Shi et al. demonstrated the significance of ViM in tomato
blight disease spot detection. Their study combined U-Net with Vision Mamba and ConvNeXt (VMC-Unet)
to address the challenges of oversegmentation and undersegmentation. Their proposed model achieved
97.82%, 87.94%, and 86.75% accuracy, F1 score, and Mean Intersection over Union (mIoU), respectively.
These results outperformed classical segmentation [18]. ViM enables the model to recognize patterns specific
to diseases while maintaining computational efficiency for real-time applications in resource-constrained
environments. Although ViM is strong in contextual analysis, it does not perform well in capturing fine
spatial details in settings with subtle or poorly defined disease symptoms [20]. Furthermore, its dependence
on high-quality and consistent input data makes its application in field conditions difficult owing to variations
in lighting, image resolution and environmental factors.

The introduction of selective attention mechanisms partially addressed these challenges. In this
study [2], Alirezazadeh et al. improved the accuracy of plant disease detection using a Bottleneck Attention
Mechanism, specifically the Convolutional Bottleneck Attention Module (CBAM), which enhances the
representation power of CNN networks for plant disease classification. The models they developed, that
is MobileNetV2 + CBAM and EfficientNetB0 + CBAM, achieved high accuracies of 83.99% and 86.89%,
respectively, compared to MobileNetV2 and EfficientNetB0, which had lower accuracies by 1.93% and
1.07%, respectively. The Hierarchy of Bottleneck Attention Mechanism improves the model’s ability to
isolate and highlight disease-specific features by filtering irrelevant information. Its hierarchical structure
allows for refined feature extraction in a multiscale manner, from large lesions to minute discolorations,
thereby enhancing both the accuracy and computational efficiency [21]. HBAM has significant potential
to overcome the noise and inconsistencies typical of agricultural datasets, thereby improving the accuracy
of crop disease detection. However, its integration into hybrid architectures that are practically deployable
remains underexplored, limiting its scalability and effectiveness in diverse, real-world scenarios.

Despite the significant development of deep learning models for crop disease detection, several gaps still
exist. U-Net has been excellent in high-resolution segmentation but suffers from contextual comprehension
and is thus less effective under diverse field conditions. Vision Mamba has been introduced for contextual
analysis but suffers from a lack of spatial precision necessary to detect the subtle symptoms of diseases and
is sensitive to inconsistent input quality in terms of light and image resolution. Although the Hierarchical
Bottleneck Attention Mechanism improves feature refinement and computational efficiency, the practical
deployment of HBAM in hybrid architectures remains limited because of its scalability and adaptability to
real-world agricultural variability. Traditional hybrid models that combine segmentation, contextual analy-
sis, and attention mechanisms frequently encounter high computational complexity and poor generalization
over varied environmental and disease conditions. Therefore, a strong and adaptive hybrid model is required.
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3 Methodology
This section presents the methodology used to develop, train, and evaluate the U-Net-ViM-HBAM

hybrid model for detecting and classifying eleven (11) distinct classes in the combined dataset. The methodol-
ogy includes dataset collection, data preprocessing techniques, experimental materials, model development,
mathematical formulation, and training and evaluation processes.

3.1 Data Collection and Preprocessing
The combined dataset used in this study included the Tomato Leaves Dataset with 25,671 images and

the PlantVillage Dataset with 18,160 tomato leaf images giving a total of 43,831 images. The datasets were
sourced from Kaggle and included 11 distinct classes. The diseases included bacterial spots, early blight,
late blight, leaf mold, Septoria leaf spot, spider mite spot, target spot, yellow leaf curl virus, powdery
mildew, and mosaic virus. Table 1 shows the composition of the final curated dataset after combining images
from the two datasets. The data were split in a ratio of 70:20:10 (30,682, 8766, 4383) for the training,
validation, and testing sets, respectively. The use of two datasets that vary in the presentation of diseases
helped improve the generalizability of the model with respect to different environmental conditions and
symptom manifestations.

Table 1: Dataset composition and splitting

Dataset splitting No. of classes Rate No. of images
Training set 11 70 30,682

Validation set 11 20 8766
Test set 11 10 4383
Total 11 100 43,831

Data preprocessing is imperative for the consistency and quality of the training and validation steps.
This involved resizing all images to a standard resolution of 256 × 256 pixels, normalizing the pixel values for
better computational efficiency, and applying noise-reduction filters to clarify the features. The model was
made resilient through data augmentation by rotation, flipping, and zooming. These techniques artificially
increased the dataset size so that the model could handle scale, orientation, and lighting variations that are
typical of real-world agricultural imagery.

3.2 Experimental Materials
The development and evaluation of the U-Net-ViM-HBAM model were performed using a robust base

of software tools and computational resources. The tools used included Google Colab, OpenCV, TensorFlow,
Keras, and Scikit-learn. The computational resources utilized were Google Colab’s cloud infrastructure with
an NVIDIA Tesla K80 GPU and a local machine equipped with an Intel Core i7 processor, 16 GB RAM,
and an NVIDIA GeForce GTX 1650 GPU. Python was chosen as the programming language because of its
rich ecosystem, including TensorFlow and Keras for building the deep learning models, OpenCV for image
preprocessing, and Scikit-learn for evaluating the performance of the developed models.

The experiments were conducted using Google Colab, which provided GPU acceleration for training
and testing. This cloud-based platform ensures easy access to state-of-the-art computing resources, including
the NVIDIA Tesla K80 GPU. This hardware-software synergy between powerful laptops, complemented by
efficient software tools, allows for effortless experimentation and fine-tuning of the model.
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3.3 Model Development
The U-Net-ViM-HBAM unified model combines three key components: U-Net for spatial segmenta-

tion, Vision Mamba for contextual analysis, and a Hierarchical Bottleneck Attention Mechanism that guides
feature extraction selectively. The components were selected based on their complementary architectural
strengths. Each component contributes uniquely to the model’s overall performance. The novelty of the
proposed model lies in its ability to combine the three powerful techniques namely U-Net, ViM, and HBAM
into a unified architecture. This combination had not yet been explored for tomato leaf disease detection.
U-Net is effective for localized lesion detection due to its ability to preserve fine details through skip
connections. Vision Mamba improves the model’s ability to understand the context of an image, which U-Net
cannot do alone. The attention mechanism enhances the most important features and reduces background
noise. We assumed that tomato leaf disease symptoms can have both local patterns, such as spots, and broader
patterns, such as color changes, and that attention mechanisms can help to highlight these patterns. Based
on this, we designed a model that combines spatial details, context awareness, and attention refinement to
improve the accuracy and generalization.

The U-Net encoder captures the spatial features of the input images using convolutional layers and
max pooling. Maintaining skip connections helped preserve the high-resolution details that are crucial
for accurately segmenting disease-affected regions. The encoder comprises of five convolutional blocks
with progressively increasing filter sizes [64, 128, 256, 512, 1024]. Batch normalization and ReLu activation
were performed after each block. The incremental architecture adopted from the standard U-Net design
enables the model to progressively learn abstract features in deeper layers while simultaneously reducing the
spatial resolution. Vision Mamba further processes the encoded features using a bidirectional state-space
model to capture contextual patterns at both local and global levels. This contextual analysis is valuable for
distinguishing between diseases that are visually similar.

The encoded features were further refined using a Hierarchical Bottleneck Attention Mechanism
that applies sequential channel and spatial attention modules arranged hierarchically across three spatial
scales. Fig. 1 illustrates the internal HBAM architecture, which consists of a channel attention module that
aggregates global spatial information using global average pooling, followed by a spatial attention module
that uses 7 × 7 convolution to capture spatial dependencies. The Channel Attention Module determines
the important features by computing inter-channel relationships through global average pooling, thereby
emphasizing channels associated with disease-relevant features. The Spatial Attention Module focuses on the
location of these features by applying a spatial filter that highlights the key regions within the image. This
attention is repeated across three special scales, as shown in Fig. 1. The HBAM selectively enhances disease-
specific features while suppressing irrelevant information, thereby reducing computational overhead. It
progressively narrows the focus, allowing the model to prioritize subtle patterns that are indicative of
specific diseases.

Figure 1: HBAM architecture
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The U-Net decoder reconstructs spatial information by upsampling the refined features and integrating
skip connections from the encoder at each stage to restore the spatial information that may be lost during
downsampling. This ensures accurate localization of disease symptoms. Finally, the classification layer
assigns disease labels by flattening the output feature map and passing it through fully connected lay-
ers. Fig. 2 illustrates the architecture of the U-Net-ViM-HBAM model. It shows the sequential integration of
U-Net, ViM, and HBAM. The U-Net encoder extracts spatial details, whereas the ViM encoder captures
the contextual information. In the center, the Hierarchical Bottleneck Attention Mechanism refines these
features by emphasizing disease-specific patterns and reducing noise. Reconstruction begins with the ViM
decoder, whose output is processed by the U-Net decoder to restore spatial information, culminating in a
classification layer that assigns disease labels.

Figure 2: U-Net-ViM-HBAM model architecture

3.4 Mathematical Formulation of the Unified Model
The U-Net-ViM-HBAM model integrates U-Net for spatial segmentation, ViM for contextual pro-

cessing, and HBAM for the enhancement of selective features. The unified model follows a hierarchical
transformation process and is mathematically represented by Eq. (1), which models the flow from the input
image to disease classification by integrating spatial and contextual features. Let X be the input image and X′
the final output prediction.

X′ = Cl assi f icationLayer(Decoder(HBAM(ViM(Encoder(X)))) (1)

where:
• X = input image (tomato leaf image).
• Encoder(X) = extracts spatial features using the U-Net encoder from the input image.
• ViM() = processes the encoded features for contextual understanding using Vision Mamba.
• HBAM() = refines the features using the Hierarchical Bottleneck Attention Mechanism.
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• Decoder() = reconstructs the spatial information using transposed convolutions of the U-Net’s decoder.
• ClassificationLayer() = outputs the final disease classification.

This formulation allows the model to simultaneously learn both low and high-level features, enhanced
by attention-driven refinements, ultimately resulting in more robust and accurate disease detection.

3.5 Training and Evaluation
The pretrained U-Net encoder was loaded directly, and ViM was added after the U-Net encoder outputs.

HBAM was used to refine the ViM features. Finally, the U-Net decoder from the pretrained U-Net model
was loaded to reconstruct spatial information and disease-affected regions. The model was trained using
the Adam optimizer with a learning rate of 0.001 and batch size of 32. In addition, dropout layers and
L2 regularization were used to prevent the overfitting of the model. The performance metrics used to
evaluate the model were accuracy, precision, recall, and F1 score. These evaluation metrics provided a holistic
view of the ability of the model to detect and classify tomato leaf diseases into their respective classes.
Confusion matrices were also created to examine the classification accuracy of each disease category, which
helped identify areas that required improvement. Simulations were also performed on devices with varying
computational capacities to test the adaptability and efficiency of the model. Simulations were conducted to
ensure adequate deployment of the model in resource-constrained environments, such as small-scale farms.

4 Results and Findings
This section presents the results of the unified U-Net-ViM-HBAM model for detecting and classifying

11 classes of tomato leaf diseases. It includes performance metrics, comparative analyses, and insights into
the adaptability of the model in simulated and practical agricultural scenarios.

4.1 Model Development Results
The development of the unified U-Net-ViM-HBAM model involved iterative optimization of its com-

ponents. The U-Net layers were precisely tuned to learn the spatial complexities that could help differentiate
between healthy and infected leaf areas. Vision Mamba provided an analysis using its bidirectional state space
model (SSM) for contextual assessments of images. HBAM was introduced to selectively amplify disease-
related features and filter out useless background information, thereby minimizing noise and computational
demands. The results demonstrated that integrating these components significantly improved the model’s
ability to handle complex datasets, establishing a unified architecture as an effective approach for crop
disease detection.

4.2 Testing and Validation Results
The performance of the U-Net-ViM-HBAM model was assessed using a curated dataset derived from the

Tomato Leaves and PlantVillage datasets. Fig. 3 summarizes the performance metrics, including accuracy,
precision, recall, and F1 score. The model achieved an overall accuracy of 98.6% across the datasets, with
98.24% precision, 96.41% recall, and 97.31% F1 score for most of the disease classes. As shown in Fig. 4,
diseases with more subtle visual symptoms, such as “Leaf Mold” and “Powdery Mildew”, had slightly lower
metrics, which rationalized the areas for further refinement of the model.
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Figure 3: U-Net-ViM-HBAM model performance metrics

Figure 4: Model performance across tomato leaf disease classes

4.3 Comparative Analysis with Existing Models
To validate the performance of the U-Net-ViM-HBAM model, it was compared with some baseline

models, including ViT Mamba and ResNet. Table 2 lists the comparative metrics. The U-Net-ViM-HBAM
model outperformed all baseline models in terms of F1 score, precision, and accuracy. The metrics showed
that the model might miss some disease cases, such as those with very close visual similarities, as it achieved
a recall of 96.41%. However, the precision was high (98.24%), indicating that the model is precise and that
when a disease is classified, there is a high confidence that the prediction is accurate. This demonstrates the
benefits of combining spatial segmentation, contextual processing, and selective attention mechanisms into
a single framework for agricultural disease detection.
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Table 2: Comparative performance metrics of U-Net-ViM-HBAM vs. baseline models

Model Accuracy Precision Recall F1 Score
U-Net-ViM-HBAM 98.63 98.24 96.41 97.31

SE-ViT [10] 97.26 96.92 96.68 96.80
VMC +Unet [18] 97.33 94.15 90.18 92.12

Mamba + CBAM [22] 90.00 86.50 81.80 84.08
U-Net [17] 94.67 93.69 91.24 92.45

Vision transformer [11] 89.57 90.19 89.64 89.6
ResNet [15] 98.09 97.00 97.25 97.25

To further evaluate the contribution of each component, we performed an ablation study by selectively
removing one component at a time and observing the performance. As shown in Table 3, the complete model
achieved the highest overall performance. When HBAM was excluded, we noted that the precision dropped
by −2.64%, indicating that HBAM is significant in enhancing the saliency of disease-specific features.
However, when Vision Mamba was removed, a decline in recall was noted, confirming the strength of ViMs
in modeling long-range dependencies and contextual variations. Finally, we removed the U-Net component,
and its absence caused the most significant decrease in accuracy. This confirms that all three components
are significant.

Table 3: Ablation study results

Variant Accuracy Precision Recall F1 Score
U-Net + ViM +HBAM 98.63 98.24 96.41 97.31

U-Net + ViM 95.10 95.60 94.20 94.89
ViM +HBAM 93.60 94.90 93.90 94.40

U-Net +HBAM 93.80 94.20 92.70 93.44

4.4 Confusion Matrix Analysis
To provide a clearer view of the model’s performance in classification, a confusion matrix was gener-

ated Fig. 5 shows tiny misclassifications across classes, which shows tiny misclassifications across classes,
indicating the model’s specificity and sensitivity.

4.5 Impact of Loss Functions on Pixel Accuracy
In this study, the effects of different loss functions, such as Cross-Entropy, Dice Loss, Focal Loss, and

Label Smoothing, were compared on pixel accuracy over 100 epochs. Fig. 6 illustrates the convergence trends,
where the Dice and Focal losses behave better in terms of maintaining high pixel accuracy during training.
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Figure 5: Confusion matrix of U-Net-ViM-HBAM model

Figure 6: Impact of loss functions on pixel accuracy
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4.6 Simulation Evaluation
The U-Net-ViM-HBAM model was shown to be robust and user-friendly when tested under simulated

and real-world conditions. The model maintained high accuracy with minimal variations in processing time
across devices, proving that it is suitable for mobile deployment with minimal computational resources. Fig. 7
illustrates the performance of the U-Net-ViM-HBAM model compared to the baseline models over different
types of devices.

Figure 7: Computational efficiency of U-Net-ViM-HBAM model vs. baseline models

4.7 Discussion of Findings
The U-Net-ViM-HBAM model showed tremendous improvement in the task of crop disease detection,

particularly for detecting tomato leaf diseases. However, although the model was trained for the identification
and classification of tomato leaf diseases, the architecture of the model allows adaptation to other crops
with proper retraining of the model. Its hybrid architecture, which combines segmentation features from
U-Net, contextual understanding from Vision Transformer, and selective attention mechanisms from
HBAM, presents an effective way to address the critical challenges in identifying diseases under diverse
and complex agricultural conditions. Superior performance metrics, such as a high accuracy of 98.63%,
showed the model’s overall correctness in the identification and classification of tomato leaf diseases, the
model’s precision of 98.24% reflected consistency in ensuring true positives and avoiding false positives, and
a recall of 96.41% showed the model’s ability to correctly identify and classify most tomato leaf diseases.
Although the recall slightly lower, the consistency of the high performance across other metrics validated
the trained model.

The integration of U-Net, ViM, and HBAM significantly improved disease detection and classification
accuracy and reduced the computational complexity under complex imaging conditions. The consistent
performance of the model on diverse datasets and devices attests to its adaptability and potential for broader
applications in precision agriculture, including its scalability to other crops and regions.

The model was also tested on mobile-compatible simulations, demonstrating its adaptability to mobile
platforms, which highlights the model’s potential for deployment in resource-constrained environments,
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empowering smallholder farmers with accessible tools for early stage disease detection. These findings
indicate that this model is in line with the principles of precision agriculture and provides data-driven,
targeted interventions that reduce resource wastage and improve crop health management. Although the
combined dataset used in this study is both public and anonymized, future applications involving real-world
implementation may require strict data privacy protocols and informed consent procedures. The socio-
economic implications of automating disease detection should be considered, particularly to ensure equitable
access to such technologies for smallholder farmers. The proposed model is promising; however, it may
underperform when subjected to uneven lighting, blurred images, and scenarios involving multiple diseases
on a single leaf.

5 Conclusion
The proposed U-Net-ViM-HBAM model is a robust hybrid architecture that was successfully developed

and validated for the detection and classification of diseases in tomato leaves with improved accuracy and
efficiency compare to existing models. Thus, this model was systematically tested through validation and
exhibited better performance in terms of accuracy, precision, and adaptability for diverse crop diseases, show-
ing great promise as an instrument for precision agriculture. It addressed the computational inefficiencies
and poor generalization over diverse environmental and disease detection shortcomings of individual deep
learning models and charted a course for incorporating artificial intelligence into sustainable agricultural
practices. From technologically advanced to resource-constrained environments, the model’s scalability and
portability make it relevant to diverse agricultural settings in developing countries.

The unified U-Net-ViM-HBAM model is a state-of-the-art technology for detecting and classifying crop
diseases. This helps to cover the growth and diversity of food demand. This study found its background in
artificial intelligence and agriculture, but at the same time, it opened possibilities for new inventions in crop
health management and productivity assurance for sustainability. This opens avenues for further innovation
in the integration of AI and IoT technologies for real-time crop health management. These contributions
represent a pivotal step toward ensuring global food security and sustainable agricultural productivity in
the future.

In the future, we will prioritize enhancing the model performance, especially recall, for diseases
characterized by subtle visual symptoms, including Leaf Mold and Powdery Mildew. This will involve
experimenting with weighted loss functions to penalize false negatives more heavily, utilizing advanced
augmentation techniques to increase symptom diversity and poor image conditions, and exploring con-
trastive learning to improve feature discrimination. These diseases exhibited marginally lower detection
accuracies. We will also focus on improving recall for visually similar diseases. Future research should
consider aspects such as uneven lighting, blurred images, and scenarios involving multiple diseases on a
single leaf, and modify the model to maintain its performance across diverse agricultural settings. Further
research is required to study how to adapt HBAM-based architectures for real-time field deployment,
including mobile platforms and edge AI devices, to ensure performance and scalability across diverse
agricultural environments.
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