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Abstract: Early identification of potato leaf diseases is crucial to maximise crop production while sustaining global food security. While deep
learning has transformed agricultural diagnostics, practical agricultural conditions frequently cause diminished effectiveness with low-
resolution (LR) images. This research presents integrated two-stage architecture to tackle these issues- a novel DRBNet model for image super-
resolution followed by Mobilenet based approach for disease diagnosis. The proposed DRBNet method preserves both temporal and global
information, by incorporating multi-scale bidirectional interactions with identical and reduced features in its architecture. It accomplishes
excellent reconstruction with PSNR scores of 34.05, 32.08, & 31.09 and SSIM scores of 0.98, 0.90, & 0.86 with downscaling of %<2, x4, and
%6, respectively. The MobileNet model accomplishes accurate potato leaf disease identification along with optimized computing efficiency and
fewer parameters by employing depthwise separable convolutions to develop a streamlined feature extraction method. This integrated approach
performs noticeably better than contemporary architectures, based on research findings. The suggested integrated approach obtains impressive
classification accuracies of 99.73%, 99.56%, and 99.37%, for x2, x4, & x6 LR downscale factors. This integrated model provides a flexible,
versatile method for potato health monitoring in realistic smart agricultural situations, by maintaining exceptional precision even at lower
resolutions.

Key Word: potato leaf disease detection, kernel-based feature aggregation, multi-scale interactions, bilateral attention, depthwise separable
convolutions.

I. INTRODUCTION

Potato (Solanum tuberosum) is the third most important crop around the globe for human consumption, trailing only rice
and wheat. Grown in more than 150 nations, it provides more than a billion people with their main source of energy and is essential
to the economic stability of developing nations [1]. In the modern era, growing urbanization, climate change, soil erosion, and
inadequate investment have diminished crop cultivation in various regions, affecting the sector's productivity and growth potential
[2]. These elements, along with various plant diseases brought on by bacteria, fungus, viruses, etc., have a profound influence on
the yield and standard of the crop. Potato crops are extremely vulnerable to foliar infections, particularly early blight and late blight
diseases, which can cause high yield losses of 40% to 60% despite being resilient [3].

Successful diagnosis and prompt treatment of crop diseases depend on precise disease detection. Conventional physical
examination of crops for disease detection by professionals is time-consuming, sluggish, and susceptible to individual oversight[4].
Current developments in Al models for smart agriculture have greatly improved the diagnosis of pathologies in potato crops.
Specifically, CNNs and attention-based models like EfficientPNet[5] and MobOca-Net[6] have demonstrated remarkable success
with accuracy levels higher than 97% for benchmark datasets. Even though early models struggled to identify visually similar
symptoms, latest study stresses on sophisticated design concepts for enhanced diagnostic precision. While generative models were
used to develop the "Al-PotatoGuard" algorithm [7] for accurate early blight and scab recognition, a hierarchical CNN (HDLCNN)
[8] approach was employed to boost diagnostic efficiency. Metaheuristic algorithms, like Binary Waterwheel and Greylag Goose
Optimizers [9] [10] were utilised to enhance the disease detection networks to attain prediction accuracy above 99%. Moreover,
CNNs were integrated with Long Short-Term Memory (LSTM) sections [11] to outperform conventional techniques in the
evaluation of potato leaf disease .

The use of ensemble techniques to investigate disease identification in a range of datasets has grown in prominence. Novel
techniques incorporating ResNet, MobileNet, and Inception [12] [13] were created to achieve high accuracy of 99.24%. A
pioneering mixed-precision learning [14] was also applied to enhance these outcomes. Lightweight frameworks concentrated on
spatial-channel attention, such as MobOca-Net [6] and EfficientPNet [5], were introduced to retain excellent precision while
reducing computational overhead for practical application.

Nevertheless, intricate assessment of leaf diseases that extends beyond fundamental categorization is becoming more
prevalent. Customised results leveraging techniques such as SHAP and LIME [15] were assessed for recognizing various potato
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leaf diseases with high accuracy. An innovative dual-phase method for identifying potato diseases [16] was also presented to boost
diagnostic efficiency. Furthermore, improved DenseNet and ResNet models [17] identified a wide range of hazards, such as fungus,
viruses, and pests. Together, these developments demonstrate the necessity of reliable, high-resolution pattern identification in
potato pathology.

Nevertheless, there are significant challenges to deploy these models in practical agricultural environment. Low-resolution
(LR) input images, which are often produced by realistic field circumstances such as fog, rain, or hardware constraints, mask
important diagnostic attributes[18]. Some subtle diagnostic features needed for precise classification are frequently obscured by
these deteriorated images. Improving convergence and classification accuracy are two significant benefits of increasing image
resolution. [19]. The incorporation of Super-Resolution (SR) methods into automated agricultural diagnostics has been accelerated
by these advantages. Recent advancements in deep learning and processing capacity, specifically with CNN, have significantly
enhanced the effectiveness of SR techniques. Several older models, such SRCNN [20] and FSRCNN [21], fared noticeably better
than contemporary models that used CNN networks based on various feature map sizes and depth. Several computer vision
approaches were incorporated into these SR models to enhance and improve the reconstruction of high-quality SR images.
Similarly, ResNet evolved into SRResNet, while DenseNet [22] evolved into SRDenseNet, wherein the attributes of previous
levels were transmitted to subsequent layers. Additionally, regression-based computer vision techniques were additionally
employed by SR models notably DRRN [23] and CARN [24] to recursively exploit the same segment to enhance SR efficiency.

Above mentioned algorithms use one of the 2 strategies 1) architecture with encoder & decoder, or 2) architecture using
same feature size. The models using encoder-decoder architecture extract reduced feature size from input image and then
interpolate these features to the increased size image. This approach is able to preserve global relationship but spatial details are
degraded in the output. Conversely, an architecture with the same feature size [25] can retain temporal information, but the
reconstructed output loses global relationship.

This study offers an efficient approach for restoring diagnostic integrity in challenging situations, building on the seminal
research of Yamamoto et al., who brought Super-Resolution (SR) approach to plant pathology. This research introduces an
integrated DRBNet deep learning model in order to close the gap between low-quality field images and high-precision disease
diagnosis. The proposed DRBNet methodology incorporates a backbone of same feature size architecture augmented by several
reduced feature size encoder decoder architecture. Unlike existing encoder decoder architecture which extracts every feature
individually and interact in a forward direction our proposed method allows continuous interaction of details in various features at
multi scale stage in both the forward and backward direction. This innovative configuration is capable of preserving both the global
and temporal information in the output.

Il. MATERIAL AND METHODS

Material

The proposed model is developed and validated using the PlantVillage[26] potato leaf dataset, a well-known standard
dataset in botanical pathology. The 2,152 RGB photographs in the dataset have been organized into three separate classes: Early
Blight (1,000 photographs), Late Blight (1,000 photographs), and Healthy (152 photographs). A sample of each of these classes is
depicted in Figure 1. Each photograph has been edited and scaled from their initial measurements to a predetermined size of 256
x 256 pixels with the objective to ensure that the model is consistent and stable. This standardization aids in ensuring that disease
attributes are obtained uniformly from numerous samples.

B

Fig 1(a) Healthy class Fig 1(b) Early Blight class Fig 1(a) Late blight class

Methodology

The suggested classification framework combines a Mobilenet inspired deep learning system with a Super-Resolution (SR)
enhancement phase to detect potato leaf diseases from low-quality inputs as shown in Figure 2. The novel SR model permits
continuous interaction of details in different features at multi-scale stages in the forward and backward directions simultaneously,
in order to preserve both the global and temporal information in the output, in contrast to traditional systems that extract each
feature separately and interact in a forward direction.
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Figure 2 Proposed integrated DRBNet framework

Super Resolution based on DRBNet (Network of Diverse Resolution Block) architecture

As depicted in the Figure 3, the proposed method employs an ensemble of recursive residual structures to iteratively
decompose the signal, simplifying the overall learning process and allowing for the formation of very deep networks. The
suggested architecture allows preserving both the global and temporal information in the detailed Super Resolution (SR) image
for the potato leaf dataset. Various component of the Diverse Resolution Block has following characteristics:
1) Diverse resolution branches from which global and temporal attributes are synthesised
2) These attributes from diverse resolution branches are consolidated using KBFA module
3) Bilateral Attention block to emphasise on informative insights in temporal and channel dimension
4) The features can be upscaled or downscaled using residual transformation blocks
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Structure
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Figure 3 Schematic of DRBNet

Diverse Resolution Block (DRB)
The extracted feature in various contemporary CNN design are generally processed as follows:
1) Each level maintains a consistent feature representation size
2) Efficient sparse encoding is achieved by carefully shrinking the extracted feature representation size
3) From this effective sparse encoding, an in-depth representation of the input image is rigorously reconstructed

Optometry research has established that neurons within the primary visual cortex respond to visual fields of varying
sizes[27], to process them efficiently. To mimic this biological principle, CNN needs to implement an equivalent means for
acquiring vector representation that are extracted from input field with diverse resolution [28]. This principle is employed in the
proposed Diverse Resolution Block architecture, which preserves both temporal and global attributes in the high-resolution output
produced from sparse input. The central path in DRB is responsible for preserving temporal attributes in large resolution features
throughout whole architecture, while the secondary path retains the global attributes from smaller resolution features. The image
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super resolution framework employing DRB architecture is illustrated in Figure 3.Various elements of the Diverse Resolution
Block are detailed as follows:

Kernel-Based Feature Aggregation (KBFA) Block
Optometry research has established that the neurons in the visual cortex can vary size of their receptive field in response

to sensory input signals [29]. Therefore, CNN must adopt an equivalent means to acquire and consolidate such Diverse Resolution

features in order to optimize their effectiveness. While concatenation and summation are frequently utilised techniques for this

purpose, the proposed methodology transcends their restricted learning capability [29] by introducing a novel Kernel-Based

Feature Aggregation Block.

This module uses merge and adopt function to continuously acquire and consolidate the incoming Diverse Resolution features-

1)The merge function initially adds corresponding element of diverse resolution of incoming features. Following the addition,
global average pooling is employed to obtain embeddings. These embeddings are then reduced dimensionally using 1x1
convolution layer. Subsequently, these embeddings in different streams are passed through a 1x1 convolution layer in order to
interpolate them to the initial features size (e1, €2, €3).

2)The adopt function processes the incoming diverse resolution features using these embeddings (e, €2, €3). A softmax layer is
used to create attention vectors (ai, az, as) from these inputs embedding (es, 2, €3) from multiple streams. These attention vectors
are then applied to the incoming diverse resolution features and subsequently their corresponding components are added to
obtain the final output.
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Figure 4 Kernel-Based Feature Aggregation Block

Thus, KBFA facilitates collaboration amongst attributes from diverse resolution features in different paths of the DRB,
consolidating temporal attributes from the central path with global attributes from the secondary path.

Bilateral attention Block

Unlike the KBFA block, which integrates the attributes across different paths of the DRB, the bilateral attention block
enhances propagation of more informative insights deeper into the architecture. It is inspired by developments in fundamental
vision methods [30] that leverage attention frameworks. It incorporates both channel and temporal attention mechanism [31] to
emphasize on desirable attributes, in order to propagate them further. The attention mechanism along the temporal and channel
aspects of input features in Bilateral Attention block accomplishes this feature propagation of more informative insights.

|
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Figure 5 Bilateral Attention Block
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Residual Transformation Block

The architecture incorporates a residual path to enhance its capability to learn complex relationships. Max pooling is
employed in the downscaling block to reduce dimensionality, whereas bicubic interpolation is utilized in the upscaling block to
increase the input dimensions. These blocks are utilised by secondary paths in DRB to have diverse resolution of incoming features.
While the downscaling block decreases the dimension of incoming attributes by a factor of two, the upscaling block enlarges the

dimension of attributes by a factor of two. In order to accomplish downscaling or upscaling by a factor of 4, two successive blocks
of downscale or upscale are used, respectively.
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Figure 6(a) Residual Transformation Block for Downscaling
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Figure 6(b) Residual Transformation Block for Upscaling

Classification of Potato leaf disease

The Figure 7 depicts sequential architecture of the model, which emphasises hierarchical analysis of features, guarantees
the identification of minor disease patterns from input sample images. The classification model employs Depthwise Separable
Convolutions rather than regular convolutions, which drastically lowers the number of parameters. The network may learn intricate
features due to this design, such as the white mold related to late blight or the decaying patches evident of early blight disease. A
Global Average Pooling layer is deployed after every convolutional phase. This process improves the temporal consistency and

computational performance of the model by downsampling the feature maps while retaining exclusively the most relevant
attributes.
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Figure 7 MobileNet architecture

Experimentation

Image super resolution is an approach which utilizes the input I & to generate the corresponding lxr, whose relationship is
defined by a degradation mapping(M) [32]
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Lg = M(yg;s) = Q(Uyr ® b) Ls +1) -3
where blur, scale, noise, and compression quality are denoted by b, s, 1, and Q [33].
The paramount objective of image super resolution is to design a model with relationship (R) such that
Isg = R(g;s) +n —4
where Isr is the approximate HR image(l1r), generated by the model [34].

Image super resolution is an ill posed problem as multiple HR images can have the identical degraded LR image which is
addressed by utilizing prior knowledge about image statistics.

The Potato leaf images in PlantVillage dataset is divided into training, validation, and testing sets using a stratified 8:1:1
split in order to assess performance robustly. The SR model adopts the Adam optimiser with a 0.0001 learning rate and MAE as
the loss function using a batch size of 8 across 500 training epochs, while the classification model leverages accuracy as a standard
performance indicator to assess the effectiveness of the potato leaf pathology detection system after applying categorical cross-
entropy loss to measure the dispersion across predicted results and actual labels. The loss and accuracy curves for the super-
resolution model and the combined SR-classification model while training and validation, with various scale factors are shown in
Figure 8.
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Fig 8(a) Loss curve of DRBNet for x2, x4, & x6 scale factor
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Fig 8(b) Accuracy and Loss curve of MobileNet for x2, x4 & x 6 scale

I11. RESULT AND DISCUSSION
Performance evaluation of DRBNet
The results are studied with qualitative and quantitative evaluation metrics. An analysis of LR images, the associated
ground truth, and corresponding SR images with scale factors of x2, x4, & x6 is shown in the Figure 9. A close look shows that
the generated SR image is explicit and precise, indicating that the suggested method works effectively at producing high-quality
images from LR inputs.

Ground Truth

LR Image SR Image

x2
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Figure 9 Visualization of potato leaf images for x2, x4, & %6 scale factors (top to bottom)

Detailed investigation demonstrates that our model outperforms the state-of-the-art models, as shown in Table 3.

Model No. of parameters x2 input size x4 input size X6 input size

(in Millions) (PSNR/ SSIM) (PSNR/ SSIM) (PSNR/ SSIM)

DRBNEet (Proposed SR) 44.3 34.05/0.9806 32.08/0.9027 31.09/0.8630
TSRNet (2025)[35] 2.25 30.31/0.9192 28.78/0.8731 27.72/0.7638
ASFERN-SR(2024)[18] 2.16 33.37/0.9673 31.51/0.8962 30.63/0.8331
EWSCNN(2023)[36] 0.15 30.21/0.9024 28.56/0.8512 27.27/0.7415
DBPN(2018)[37] 4.97 29.32/0.9029 28.37/0.8585 26.64/0.7431
CARN(2018) [24] 1.6 28.86/0.9065 27.67/0.8621 25.43/0.7518
SRCNN(2014) [38] 0.057 26.89/0.8553 25.53/0.7961 23.67/0.7252

Table 3 PSNR & SSIM comparison table for multiple models

The proposed super-resolution (SR) model consistently reconstructs high-quality potato leaf Isg images closely matching
the original high-resolution images, achieving high Peak Signal-to-Noise Ratio (PSNR) values of 34.05, 32.08, and 31.09, at
scaling factors of x2, x4, and x6, respectively. In addition, the model produces consistent structural details and texture in the output
Isr images, as indicated by high Structural Similarity Index (SSIM) values of 0.98, 0.90, and 0.86 for the same scaling factors.
Together, these results exhibit that the proposed DRBNet model in creates visually convincing and useful potato leaf images,
which makes them effective for subsequent agricultural disease identification tasks where image quality is essential.

Performance evaluation of Mobilenet Classification model

The assessment of the utilised classification model across various scale factors is shown in Table 4. The table reveals that
the independent MobileNet model obtains accuracies higher than 97% on I r. Nevertheless, the accuracy climbs to over 99% when
employing the proposed integrated approach, resulting in an improved efficiency of about 2%. Moreover, the outcomes reveal that
by obtaining more precise disease traits our combined method typically excels multiple advanced models.

No. of parameters Classification Classification Classification
Model - Of pare Accuracy in % for Accuracy in % for Accuracy in % for
(in Millions)

scale factor x2 scale factor x4 scale factor x6
Proposed methodology 50.4 99.73 99.56 99.37
DLVTNet(2025) [39] 1.05 98.52 96.61 93.68
ASFERN (2024) [18] 4.79 99.06 98.84 98.37
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MobileNetv4(2024) [40] 9.2 97.24 96.85 94.11
Eanet(2022) [41] 6.1 96.32 94.36 92.27
Gmlp(2021) [42] 19 96.73 94.93 93.74

VGG16(2015) [43] 14 95.85 94.61 92.28

Table 4 Comparison of classification accuracy for various scale factors

IV. CONCLUSION

The study addresses a frequent constraint of identifying potato leaf diseases in field-based agricultural monitoring from
degraded low-resolution photographs. An integrated deep learning system that combines a reliable classification model with a
Super-Resolution (SR) phase is proposed and validated. This study shows that the suggested approach considerably reduces the
diagnostic risks related to low image quality. The recommended DRBNet successfully allows constant exchange of various features
at multi-scale stages in both the forward and backward directions, in order to retain both the global and temporal attributes in the
output. This enhancement is validated by high PSNR values of 34.05, 32.08, and 31.09 across scaling factors of x2, x4, & x6,
respectively.

A MobileNet-based classifier is then used to precisely identify the detailed SR image. The independent classification model
is exceptionally successful for disease detection on low-resolution (LR) images. Nevertheless, the inclusion of the DRBNet SR
stage boosted the accuracy to 99.73%, 99.56%, and 99.37% for scaling factors of x2, x4, & x6, respectively. Although this study
employs the input images in controlled settings to diagnose potato disease, the underlying framework is inherently adaptable. The
proposed approach can be conceptually expanded to a variety of other crops and diseases due to its modular design.

Future studies will concentrate on practical assessments across different lighting and environmental settings to enhance
generalization of disease detection. Furthermore, the suggested method can be optimized for real-time deployment on mobile
farming equipment. In the end, this two-phase strategy offers a scalable approach for real-time precision agriculture and sustainable
crop management by bridging the gap between laboratory performance and practical implementation.
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