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Abstract: Nightshade crops (Solanaceae) face significant yield threats from phenotypically similar foliar diseases that
can be difficult to distinguish during the early stages of infection. Accurate and timely disease identification is therefore
essential for reducing crop losses, improving disease management, and supporting sustainable agricultural practices.
While Convolutional Neural Networks (CNNs) have demonstrated strong performance in image-based plant disease
classification due to their ability to extract spatial and local features, they may have limitations in capturing long-range
dependencies and global contextual relationships within leaf images. These limitations become particularly important
when disease symptoms exhibit subtle differences in texture, color, shape, and lesion distribution or when images are
captured against complex field backgrounds. To address these challenges, we propose Nightshade-SWIN, an optimized
deep learning framework based on the Swin Transformer architecture. The proposed framework utilizes a hierarchical
shifted-window self-attention mechanism to effectively capture both minute lesion textures and global leaf morphology.
By progressively learning multi-scale representations, Nightshade-SWIN can identify discriminative pathological
characteristics while maintaining computational efficiency. The model was evaluated on a curated dataset of 5,000 multi-
crop images collected under variable field conditions, including differences in illumination, background complexity, leaf
orientation, and disease severity. Experimental results demonstrate that Nightshade-SWIN achieves a peak classification
accuracy of 94.6%, outperforming ResNet50 and EfficientNet-BO0 by 4.9% and 3.4%, respectively. These results indicate
the effectiveness of transformer-based feature learning for distinguishing visually similar foliar diseases. Furthermore,
interpretability analysis using LIME and Grad-CAM confirms that the model primarily focuses on biologically relevant
pathological regions, such as lesions, discoloration, spots, and infected leaf areas. This enhances the transparency and
reliability of the proposed framework and supports its potential application in precision agriculture, automated crop
monitoring, and early disease diagnosis.

Keywords: Nightshade Crops, Leaf Disease Detection, SWIN-Transformer, Grad-CAM and LIME, Deep Learning

L INTRODUCTION

Nightshade crops, belonging to the Solanaceae family—most notably tomato (Solanum Lycopersicon), brinjal (Solanum
melongena), and pepper (Capsicum annuum)—are cornerstones of global dietary diversity and agricultural economies.
Despite their importance, these species are highly susceptible to a spectrum of devastating foliar pathogens, including
Early Blight, Late Blight, Bacterial Spot, and various Leaf Curl viruses. If left unmanaged, these diseases propagate
rapidly, resulting in significant biomass reduction and catastrophic economic losses for both small-scale and industrial
farmers.

Traditionally, disease monitoring has relied on manual visual inspection. However, this approach is inherently subjective,
labour-intensive, and lacks the scalability required for modern precision agriculture. While the advent of Deep Learning
(DL) has revolutionized automated diagnosis, early efforts primarily utilized Convolutional Neural Networks (CNNs).
Although CNNs are effective at extracting local spatial hierarchies, their inductive bias toward locality often prevents
them from capturing the long-range dependencies and global contextual relationships necessary for distinguishing
between phenotypically similar diseases in complex field environments.

To overcome these architectural constraints, the computer vision community has transitioned toward Vision Transformers

(ViTs). Among these, the Swin Transformer represents a significant advancement. By implementing a hierarchical
architecture with a shifted-window mechanism, the Swin Transformer enables the integration of fine-grained lesion
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textures with broader global leaf patterns, all while maintaining superior computational efficiency compared to original
global-attention ViTs.

This study systematically investigates the efficacy of the Swin Transformer’s hierarchical attention mechanism for multi-
crop disease classification. Unlike existing studies that rely on "sanitized" datasets, this research utilizes a curated dataset
encompassing real-field variables, including fluctuating illumination, background clutter (soil/weeds), and varying stages
of disease severity. The primary contributions of this work include:

1) A robust comparative analysis against state-of-the-art CNNs and hybrid ViTs under consistent environmental
variables.

2) A detailed assessment of computational feasibility (inference time and memory overhead) for edge-device
deployment.

3) The application of Local Interpretable Model-agnostic Explanations (LIME) to validate the biological relevance
of the model’s decision-making process.

The remainder of this paper is organized as follows: Section 2 reviews the related literature survey, Section 3 details the
methodology and mathematical framework; Section 4 presents the experimental setup and results, Section 5 covers the
Discussion and explainability, and concludes the study in Section 6. The overall research workflow is illustrated in Figure
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Figure 1. Workflow of a research paper.

1L LITERATURE SURVEY

Agriculture remains the economic backbone of many nations, but the mounting pressure of population growth
necessitates a shift toward technology-driven productivity. In horticulture, the vulnerability of crops to various pathogens,
exacerbated by complex environmental condition has sparked interest in automated diagnostic tools. Early research in
this domain relied heavily on traditional machine learning and standard Convolutional Neural Networks (CNNs). While
CNNs, such as AlexNet and GoogleNet, achieved benchmark accuracies near 99% on laboratory datasets like
PlantVillage [26], they often struggle to generalize to real-field conditions due to their localized receptive fields.

2.1. Evolution Toward Hybrid and Vision Transformer (ViT) Architectures

To address the limitations of CNNss, researchers have introduced hybrid models and Vision Transformers (ViTs). Thakur
et al. [1] developed PlantXViT, a hybrid ViT-CNN model that leverages convolutional blocks for edge deployment while
maintaining high accuracy across apple and rice datasets. Similarly, [2] demonstrated that ViTs outperform CNN
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baselines in identifying subtle visual differences in pathological markers by modeling both local lesion details and global

context.

Crop Name
Apple,
Maize, Rice
[1]

Multiple (55
classes) [2]
Wheat,
Coffee, Rice
(3]

Multiple
(noisy data)
(4]

Apple,
Tomato [5]

Tomato [6]

Tomato [7]

Tomato,
Pepper, Rice
(8]

Brinjal,
Tomato [9]

Tomato [10]

Multi-crop
[11]

Apple [12]

Tomato [13]

Sugarcane
[14]
Multi-class
(38)[15]

Various [16]

Tomato,
Potato [17]

Tomato,
Maize,
Pepper [18]

© 1JARCCE

Table 1. Crop-wise implemented algorithm for the disease detection.

Algorithm

PlantXViT
(ViT + CNN)

Multiple ViT
variants
PMVT
(lightweight
ViT)

GreenViT

Multi-scale
CNN +
Compact ViT
Pruned &
Quantized ViT
Multi-
granularity
ViT

TLMViT
(Transfer
Learning +
ViT)

ViT +
color/texture
enhancement
EfficientNetV2
+ SWIN
Transformer
ResCNN +
SWIN
Transformer
ConvViT
(Hybrid CNN
+ ViT)
AlexNet,
GoogleNet
(CNN
baseline)

ViT model

SWIN
Transformer

Survey on
SWIN

ViTaL
(lightweight
ViT)

ViT (~0.69M
params)

This work is licensed under a Creative Commons Attribution 4.0 International License

Advantages

High accuracy (up to 98.3), explainable
(Grad-CAM, LIME), edge deployable,
SOTA outperformer

Superior to CNNs on fine-grained diseases,
better global+localmodeling

Lightweight (~0.98M), mobile deployment,

strong generalization

Robust in noisy/real-field settings, strong
class discrimination

Handles scale wvariation, textures, high
accuracy

Mobile-friendly, 90 + accuracy, binary
classification

Handles lighting/background noise, minimal
preprocessing, high precision

Robust across crops, fewer samples needed

Early disease detection, ~93 balanced

accuracy

Ensemble boosts accuracy (2-3), handles
scale/orientation
Domain consistent
datasets

adaptation, across

Fast convergence, high accuracy (96.94),
low compute

High accuracy in lab (~99), benchmark for
future work

4-6 better than ResNet/MobileNet, extends
ViT to non-fruit crops

98.7 accuracy, hierarchical feature learning,
scalable

Thorough benchmarking in
Agri/Med/Remote sensing, speed- accuracy
tradeoff

Raspberry Pi deployable, ~92 accuracy, fast
inference

Outperforms MobileViT, optimized for
embedded devices, 99+ accuracy

Remark

Not clear on generalizability to
new crops

High computational cost tradeoff

Slightly lower accuracy (85-94)

Limited crop/dataset info
Computational complexity not

discussed

Focused only on tomato, limited
classes

Narrow crop/disease scope

Transfer learning may not
generalize to all scenarios

Needs augmentation to overcome
lighting issues

More computational overhead

Complexity of training hybrid
architecture

Evaluated on single crop

Not tested on real-field data

Evaluation scope was narrow

Larger model, may not be optimal
for edge

Review only, not novel
implementation

Trade-off in depth/complexity

Limited explanation capabilities
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Crop Name  Algorithm Advantages Remark
i + - . . .
PlanFVlllage CNN+ GPT 98.1 accuracy, contextual explanation via High resource needs, language
(Various) 4o GPT-40 model integration overhead
[19] (Multimodal)
. Hybrid CNN +  Strong performance, scalability, . . .
Multiple [20] ViT explainability Dataset bias, training complexity
Still typically lags behind larger
Low-latency inference suitable for on-device ViTs or strong ConyNets on -
ImageNet o . . . . absolute accuracy if compute is
MobileViT apps, Retains spatial inductive bias helpful )
[21] . . abundant., careful tuning of
for small lesion localization. . .
patch/block sizes for fine lesion
details.
ImageNet, Best when strict hardware constraints exist
CIFAR-10 ViTaL Good for prototyping on-device inferenc; less accurate than larger ViTs /
CIFAR-100 prototyping SWIN in noisy field conditions.
[23] and farmer-facing apps.
Specifically optimized for leaf imagery and Shghtlly larger kerr}els and added
. LT . attention modules increase
Coftee, rice, field variability, Demonstrated mobile-app . .
PMVT o compute Gains are task-specific;
wheat [24] deployment and generalization across wheat,
. transfer to other crops needs
coffee, and rice. S
validation.
Larger ConvNeXt variants can be
heavy for edge devices; requires
ImageNet Strong off-the-shelf accuracy and fast model selection/pruning for
P S]g ConvNeXt-V2  inference with optimized convolutional mobile,

kernels,

Not inherently designed for

token/patch attention (but hybrid
strategies exist).

Further advancements in hybrid design include the work of [5], who merged multi-scale CNN modules with compact
ViT blocks to handle complex leaf textures. [11] proposed a residual CNN-Swin hybrid framework, showing that
combining the inductive bias of convolutions with the attention mechanisms of transformers facilitates smoother domain
adaptation from laboratory to field images. The advantages and limitations of the existing algorithm are summarized in
Table 1.

2.2. Lightweight and Edge-Optimized Frameworks

A significant portion of recent literature focuses on "on-device" intelligence for precision agriculture. PMVT [3, 23] and
ViTaL [17, 22] represent the move toward lightweight transformers optimized for Raspberry Pi and mobile hardware.
These models typically employ inverted residuals, large kernels (e.g., 7x7), and attention modules like CBAM to maintain
performance with parameter counts under 1M. Similarly, Rao & Pandey [6] utilized pruning and quantization to deploy
tomato-specific ViTs on smartphones, achieving over 90% accuracy.

2.3. The Swin Transformer and Hierarchical Feature Learning

The Swin Transformer (Shifted Window Transformer) has emerged as a particularly potent architecture for plant
pathology due to its hierarchical nature. Smith & Wang [15] provided the first large-scale application of Swin
Transformers in this field, confirming that the shifted-window design effectively captures multi-scale disease features.
Recent surveys [16, 20] highlight that Swin-based models offer a superior speed-accuracy trade-off compared to global-
attention ViTs. Furthermore, ensemble approaches combining EfficientNetV2 with Swin Transformers [10] have
demonstrated significant gains in detecting diseases that manifest with varying scales and orientations.

2.4. Research Gap and Motivation
Despite the aforementioned advancements, several critical gaps persist:
1) Contextual Deficiency: Most models are validated on "clean" datasets (e.g., PlantVillage), failing to address the
background clutter and illumination variance of real-field nightshade cultivation.
2) Multi-Crop Variability: There is a lack of frameworks specifically optimized for the Solanaceae family, where
diseases like Early Blight appear phenotypically similar across different species (tomato vs. potato).
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Trustworthiness vs. Efficiency: Lightweight models for edge deployment often sacrifice interpretability (XAI), which is
crucial for agricultural adoption.

This study addresses these gaps by proposing an optimized Swin-Transformer framework that utilizes hierarchical
shifted-window attention to improve classification robustness in diverse agricultural environments while providing
LIME-based visual explanations for stakeholders.

I11. METHODOLOGY AND MATHEMATICAL FRAMEWORK

3.1. The Nightshade-SWIN Architecture

The core of the proposed framework is Shifted Window Multi-Head Self-Attention (SW-MSA). Given an input feature
map XERPW*C, the feature map is divided into MxM local windows. Query, Key, and Value matrices are obtained as
Q=XWq K=XWg and V=XWy. The attention within each window is calculated as Attention(Q, K, V) =

Softmax(QK/sqrt(d)). In consecutive blocks, the windows are shifted by (%;%), enabling communication between

neighboring windows. Global self-attention has O((HW)?) complexity, whereas window-based attention requires
O(HWM?) which is approximately linear O(HW) when the window size is fixed.

3.2. Hierarchical Feature Representation
To handle multi-crop variability, the model processes images through four distinct stages:
1) Patch Partitioning: The input image (224 x 224) is divided into 4 x 4 patches.
2) Linear Embedding: Patches are projected into a C-dimensional space.

. ) . . . . o . M M, . .
3) Shifted Windowing: To capture inter-window context, the window partitions are shifted (7 ; 7) in successive layers.

This ensures that information from lesion edges (fine-grained) is integrated with the overall leaf structure (global
context). Unlike standard Vision Transformers that look at the whole leaf at once (which is computationally
expensive), the Swin block uses:
a) W-MSA (Window Multi-head Self-Attention): Attention is calculated only within local windows. This is
where the model identifies small, local lesions like Bacterial Spots.
b) SW-MSA (Shifted Window Multi-head Self-Attention): In the next layer, the windows are shifted. This allows
the model to "bridge" the borders between windows, which is crucial for identifying spreading diseases like
Late Blight.
4) Patch Merging (Hierarchical Design): As the image moves deeper into the network, neighboring patches are
merged. This reduces the resolution but increases the feature depth.
a) Stage 1 & 2: Focus on fine-grained lesion textures (Early Blight rings).
b) Stage 3 & 4: Focus on global leaf morphology (Leaf Curl Virus distortions).
5) Classification Head: The final global features are passed through a Layer Normalization and a Linear layer to
output the probability of the five categories: Healthy, Early Blight, Late Blight, Bacterial Spot, and Leaf Curl Virus.

By using this hierarchical approach, the Nightshade-SWIN model can effectively distinguish between diseases that look
similar at a distance but have very different textures when viewed closely.

Iv. EXPERIMENTAL SETUP & RESULTS

The proposed model was implemented using Python 3.9 with the PyTorch deep learning framework due to its flexibility
and strong support for transformer-based architectures. The training and evaluation were conducted on a workstation
equipped with an NVIDIA GeForce RTX 3060 GPU (12 GB VRAM) with CUDA acceleration enabled, ensuring
efficient computation and faster model convergence.

4.1. Data Augmentation for Field Robustness

The proposed framework utilizes a curated dataset of approximately 5,000 high-resolution leaf images specifically
targeting the Solanaceae (nightshade) family. Images were sourced from a combination of in-situ field visits, agricultural
research archives, and verified open-source repositories to ensure environmental diversity [26]. The entire dataset divided
into 80% training, 10% testing and 10% validation. To maintain high diagnostic standards, all samples were manually
annotated by agricultural experts into five primary pathological categories:

Healthy Leaf: Characterized by uniform chlorophyll distribution, absence of necrotic lesions, and structural integrity
(Figure
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Fige 2.Healh Lef.
Early Blight (Alternaria solani): Identified by small, dark brown concentric "target-like" rings, typically manifesting first
in senescent lower foliage (Figure 3).

Figure 3. Early blight.

Late Blight (Phytophthora infestans): Characterized by rapidly expanding water-soaked lesions and white, downy fungal
growth on the leaf underside during high-humidity conditions (Figure 4).

Figure 4. Late Blight. v

Bacterial Spot (Xanthomonas spp.): Noted for small, dark, water-soaked spots surrounded by chlorotic halos, often
leading to a "shot-hole" appearance or leaf tearing (Figure 5)
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Leaf Curl Virus: Diagnosed by distinctive upward or downward leaf rolling, stunted vegetative growth, and significant
vein thickening (Figure 6).

Figure 6. Leaf curl virus.

4.1.1. Preprocessing and Stochastic Data Augmentation
To mitigate the risk of overfitting and enhance the model’s generalization across variable field conditions, a robust data
augmentation pipeline was implemented. This ensures that the Nightshade-SWIN framework remains invariant to changes
in orientation, scale, and lighting. The augmentation suite included:
1) Geometric Transformations: Random rotations ($\pm 30"\circ$), horizontal/vertical flipping, and scaling (zoom
range of 0.8 to 1.2) to simulate varying drone and handheld camera perspectives.
2) Photometric Adjustments: Dynamic brightness and contrast shifts to mimic fluctuating solar illumination in real-
field environments.
3) Noise Injection: Application of Gaussian noise to simulate sensor-based artifacts and environmental
interference.
Post-augmentation, the dataset was balanced via oversampling of minority classes to prevent categorical bias. Finally, all
images were resized to (224 x 224) pixels and normalized to align with the hierarchical input requirements of the Swin
Transformer architecture.

4.2. Class wise Disease Identification of the Nightshade-SWIN
The dataset was divided into training, testing, and validation sets. The disease-wise evaluation metrics, including
precision, recall, and F1-score, along with the confusion matrix for the proposed Nightshade-SWIN model, are presented
in Table 2.

Table 2. Confusion Matrix.

Bacterial

Actual \ Predicted Healthy Early Blight Late Blight Spot Leaf Curl
Healthy 96 1 1 1 1

Early Blight 1 95 2 1 1

Late Blight 1 1 94 2 2
Bacterial Spot 1 1 1 94 3

Leaf Curl Virus 1 1 2 2 94
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Table 3 presents the class-wise prediction results for the identified diseases.

Table 3. Class wise Prediction.

Class Precision Recall F1-score
Healthy Leaf 96.00% 96.00% 96.00%
Early Blight 95.96% 95.00% 95.48%
Late Blight 94.00% 94.00% 94.00%
Bacterial Spot 94.00% 94.00% 94.00%
Leaf Curl Virus 93.07% 94.00% 93.53%
Macro Average 93.08% 93.2% 93.5%

4.3. Overall Performance Comparison

Analysing the performance of the Nightshade-SWIN model involves looking at how specific hyperparameter choices
directly impact its ability to identify complex leaf diseases in real-world agricultural settings. The paper details a strategic
selection of these parameters to ensure stable training and high generalization.

4.3.1. Training Implementation and Hyperparameter Optimization

To ensure robust model training and reproducibility, the dataset was partitioned into training, validation, and testing sets
with an 80: 10: 10 ratio, respectively. The Nightshade-SWIN framework was implemented using the PyTorch library and
trained on a system equipped with an NVIDIA RTX 30-series GPU. The training process utilized the following optimized
hyperparameter configuration:

1) Batch Size (32): A batch size of 32 was selected to balance stochastic gradient estimation and GPU memory
utilization. This moderate batch size is particularly effective for the Swin Transformer’s hierarchical window
mechanism, facilitating stable gradient updates without memory bottlenecks.

2) Training Duration (50 Epochs): The model was trained for 50 epochs. Empirical monitoring of the validation loss
curve indicated that the model achieved convergence by the 45th epoch. To prevent overfitting, an Early Stopping
mechanism with a patience of 5 epochs was implemented, ensuring the weights were saved at the point of optimal
generalization.

3) Loss Function (Cross-Entropy Loss): Given the multi-class nature of the leaf disease classification task (spanning
various pathogens across tomato, potato, and brinjal), Cross-Entropy Loss was employed. This function penalizes
deviations from the true categorical distribution, compelling the model to increase the probability of the correct
disease class

1000 Comparative Performance of Disease Classification Models

Percentage (%)
3
=)

87.5

85.0

825

ResNet50 EfficientNet-BO Nightshade-SWIN
Model Architecture

Figure 7. Model Comparison chart.

4) Optimizer (Adam): The Adam optimizer was selected for its adaptive learning rate properties. It effectively handles
the sparse gradients often encountered in attention-based architectures, leading to faster convergence compared to
standard Stochastic Gradient Descent (SGD).

5) Learning Rate Schedule (Cosine Annealing): To refine the global feature weights, a Cosine Annealing scheduler
was utilized. This strategy allows for a high initial learning rate to explore the loss landscape, followed by a smooth,
non-linear decay to fine-tune the feature representations in the final stages of training.
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The integration of these settings resulted in a stable training trajectory, high generalization performance across multiple
crop species, and resilience against overfitting—making the framework viable for deployment in fluctuating real-world
agricultural environments.

We benchmarked Nightshade-SWIN against state-of-the-art (SOTA) models. Our model demonstrated superior
sensitivity (Recall) for diseases with subtle early-stage symptoms.

Table 4. Comparative Performance of Disease Classification Models.

Model Accuracy (%) Precision (%) Recall (%) F1-score (%)
ResNet50 89.7 88.5 87.3 87.9
EfficientNet-BO 91.2 90.1 89.6 89.8
Nightshade-SWIN 94.6 93.8 93.2 93.5

The Accuracy, precision, recall, and f1-score display in Table 4. The result shows that the nightshade-SWIN gives good
accuracy compared to ResNet50 and EfficientNet-B0. The performance analysis chart is displayed in Figure 7.

6) Performance Leadership: The chart clearly shows that the Nightshade-SWIN model consistently outperforms both
ResNet50 and EfficientNet-B0. The jump in Accuracy to 94.6% is visually distinct, demonstrating the effectiveness
of the shifted-window attention mechanism.

7) Metric Consistency: Unlike ResNet50, which shows a noticeable drop in Recall compared to its Accuracy, the
proposed framework maintains a very tight range between all four metrics. This indicates a highly balanced model
that is equally good at avoiding false positives and false negatives.

8) Significance for Field Application: By setting the y-axis starting at 80%, the visualization emphasizes the "marginal
gain," which is critical in real-world agricultural settings where a 3-5% increase in accuracy can prevent significant
crop loss across large-scale farms.

V. DISCUSSION & EXPLAINABILITY

5.1. Interpretability via Grad-CAM and LIME

To validate the decision-making process of the Swin Transformer, we utilized two complementary Explainable Al (XAI)
techniques: Grad-CAM (Gradient-weighted Class Activation Mapping) and LIME (Local Interpretable Model-agnostic
Explanations).

A. Early Blight (Pathological Focus: Concentric Rings) Early Blight (Alternaria solani) is characterized by "target-like"
necrotic lesions. Grad-CAM Analysis: The heatmaps show high-intensity activation specifically localized on the centre
of the dark brown concentric rings. This confirms that the model’s shifted-window attention mechanism is effectively
capturing the hierarchical texture of the fungal growth.

LIME Analysis: By segmenting the image into super pixels, LIME highlights that the primary features contributing to
the "Early Blight" classification are the edges of these rings, ignoring the healthy green tissue around them.

B. Leaf Curl Virus (Pathological Focus: Morphological Deformity): Unlike fungal spots, Leaf Curl Virus affects the
overall structure of the leaf.

1) Grad-CAM Analysis: The activation maps demonstrate high intensity along the curled leaf margins and thickened
veins. This is a significant finding, as it proves the model is not merely relying on color changes
(yellowing/chlorosis) but is actually responding to the morphological deformations (twisting and vein distortion)
characteristic of viral infections.

2) LIME Analysis: LIME identifies the "shape" of the leaf edge as the most influential feature, confirming that the
model captures the structural "stunting" of the nightshade plant.

5.2. Computational Trade-offs

The adoption of the Nightshade-SWIN framework involves a strategic balance between model depth, parameter density,
and operational speed. While the Base variant (SWIN-B) possesses a substantial parameter count of approximately 88M,
its architectural advantages justify the resource requirements through superior convergence rates and feature extraction.

1) Convergence and Training Efficiency
Unlike standard Vision Transformers (ViTs) that compute global attention leading to O(n?) complexity, the hierarchical
design of Nightshade-SWIN limits attention to local windows. This localized focus allows the model to reach optimal
weights significantly faster. In our experiments, Nightshade-SWIN achieved convergence in fewer epochs than standard
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ViTs, reducing the overall energy footprint of the training phase.

2) The SWIN-Tiny Variant for Edge Deployment
For practical application in precision agriculture, where hardware is often constrained (e.g., mobile phones or Raspberry
Pi systems), we evaluated the SWIN-Tiny (SWIN-T) variant.
a) Inference Latency: SWIN-T achieves an average inference time of ~45ms per image. This allows for real-time
video stream processing on mobile devices, enabling farmers to scan crops in the field instantly.
b) Memory Footprint: By reducing the number of blocks and embedding dimensions, the Tiny variant maintains a
high accuracy (within 1-2% of the Base model) while being significantly more memory-efficient.
9
3) Quantitative Complexity Analysis
To justify the "Optimized" claim in the title, we compared the computational cost (FLOPs) and inference speed.

Table 5. Scalability analysis of the Nightshade-SWIN across different hardware.

Variant Parameters (M) FLOPs (G) Inference Time (ms) Nightshade Accuracy (%)
SWIN-Tiny 28.5 4.5 45 92.4
SWIN-Base 88 15.4 110 94.6

By providing this trade-off analysis, the paper addresses a major "Research Gap": the transition from high-end server-
based Al to field-deployable solutions. We demonstrate that the Nightshade-SWIN architecture is scalable—offering the
Base model for high-precision laboratory analysis and the Tiny variant for rapid, on-site diagnostics.

The computational trade-off analysis between the SWIN-Tiny and SWIN-Base variants provides critical insights into the
scalability of the Nightshade-SWIN framework.

Maodel Complenity (Params & FLOPs) Inference Speed vs. Accuracy

. Parematars (M) = Accuscy (S0
- RO i3]

wracy (%

Ao

Complexity Metrics (M G}

%
SWIN-Tiny SWIN-Base SWIN-Tiny SWIN-Base

Figure 8. Computational Trade off.

The visualization generated below illustrates the relationship between model complexity (Parameters and FLOPs),
inference latency, and the resulting classification accuracy in Figure 8.
1) The SWIN-Base variant utilizes significantly more parameters (88.0M) and computational FLOPs (15.4G)
compared to the SWIN-Tiny variant (28.5M params, 4.5G FLOPs).
2) While the complexity increases by nearly 300%, the gain in accuracy is a more modest 2.2% (from 92.4% to
94.6%). This indicates that for many practical field applications, the Tiny variant offers a much higher
"performance-per-watt" or "accuracy-per-parameter” ratio.
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3) Field Level (Mobile/Drone): The SWIN-Tiny variant is the recommended choice. Its low latency allows for

i

mmediate on-device diagnosis with only a marginal trade-off in accuracy.

4) Research/Regional Analysis: The SWIN-Base variant is preferred when maximum diagnostic precision is required
and computational resources are abundant.
This visualization effectively demonstrates that the proposed framework is not just a single model, but a scalable
architecture capable of adapting to the specific hardware constraints of the agricultural environment.

VL CONCLUSION

This study proposes a robust Swin-Transformer framework tailored for the complex task of nightshade disease
classification. By leveraging shifted-window attention, we overcome the limitations of local-only feature extraction in
CNNs. The high accuracy in real-field conditions validates the potential of hierarchical transformers for the next
generation of automated agricultural monitoring systems.
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