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Abstract

Rice is a vital staple crop for millions of people in the world and increased productivity is
significant for food security. Nevertheless, rice plants are broadly prone to several leaf diseases
that severely impact the crop if it is not detected early. Conventional disease identification
techniques mainly depend on manual inspection which is labor-intensive, and time-consuming,
particularly in large-scale farming. These issues are occurred due to the lack of an accurate and
automated systems. To tackle these problems, an effective rice plant leaf disease classification
framework is proposed named Harmonic Euclidean Smooth Tamed Loss (HaEST-Loss) for
Pyramid Dilated Kronecker Network (PDKN). The input image is pre-processed by using contra-
harmonic mean filter. Then, LadderNet is used for segmenting the leaves. After that, feature
extraction is performed from segmented plant leaf image. Thereafter, leaf disease classification is
conducted by PDKN with HaEST-Loss. Here, HaEST-Loss is designed by the integration of using
Hormonic analysis, Tamed Cross Entropy (TCE) Loss, Euclidean loss and smooth surrogate loss
for PDKN. The efficiency of HaEST-Loss is analyzed by considering performance metrics, like
Accuracy, True Positive Rate (TPR) and True Negative Rate (TNR), which acquired the values of
91.646%, 90.728% and 92.610%.

Keywords: Agriculture, Rice Plant disease, Contra-harmonic mean filter, LadderNet, Deep
Kronecker Network.

1. Introduction

Agriculture plays a significant role in people’s everyday lives since it provides food as well as raw
materials. Plant disease is one of the most challenging problems faced by farmers. Recently, crop
diseases become severe and widespread through global weather patterns due to climate change.
Therefore, modules that can quickly and readily analyze the crops and diagnose the illness should
be designed for preventing further crop loss . Crop yields play a critical role in both national and
international economies. In India, the primary source of income is agriculture, in which
approximately 70% of Indian people rely on agriculture for survival , and most of them prefer rice
as their essential food. Indian economy heavily depends on rice production and its relevant
products of agro-industry. The growth of rice crops and potential growth of plants are based on
various components namely, soil features, climatic variations, irrigation practices, topographical
features and biological factors. Plant disease is the most significant biological factors that lead to
greater loss in rice crop production. The two major sources of plant diseases are bacteria and fungi.
In India, rice diseases are more harmful, which may cause a 10% to 15% loss in production. Brown
spot, bacterial leaf blight, and leaf smut are the common infections, which cause severe crop



damage and deterioration in yields . Moreover, plant diseases are also the reason for the reduction
in the quality and quantity of crops, which may impact the overall production of rice in India.

Lack of consistent monitoring of plant growth is the major issue and sometimes, new farmers are
not attentive to the diseases and their occurrence period. Although the diseases may occur on any
plant, constant monitoring may prevent the spread of disease. In the agriculture domain, plant
disease detection is one of the significant research topics. Rice has always been the world’s
important food crop for global food security as well as socio-economic stability. However, each
rice type is liable to various pests and illnesses that may affect productivity and crop quality.
Various diseases typically increase during rice farming which leads to substantial financial losses.
Moreover, pesticides like Fungicides, Nematicides, and Bactericides are extensively employed and
have an influence on plant diseases in agro-ecosystem. Still, the rice is mostly infected by various
plant diseases, that may impact the cultivation as well as net income. To conquer these issues and
increasing crop production, the diseases should be identified and prevented at early stages.
Sustainable farming should be obtained by frequent disease monitoring and should execute
continuous plant health monitoring as a policy . The prediction of rice leaf disease is significant
for maintaining the quality and quantity of the rice production, as early diagnosis of these diseases
helps to ensure healthy plant growth and higher yields. Rice diseases involve bacterial and sheath
blight, with signs like texture rice blast, color and form that enables for quick inception and simple
infection.

Normally, rice disease detection is performed manually that is ineffectual and consumes more time.
Even though the traditional approach of mapping rice disease is simple, it is likely to misapprehend
similar diseases that have damaging effects on rice development. Computer-aided recognition
model has yet to be largely adopted because of major environmental effects, as well as minimal
detection speed. Therefore, designing a model for detecting rice diseases provides quick and
precise outcomes. The rice infections are present in leaves, and leaf diagnostics can assist the
farmers to decide whether the pesticide should be used or not. Predicting the diseases in rice leaves
with the naked eye is a complex task for farmers and experts. Identifying the irregularity in plants
with a symptom that is connected to several illnesses is more complex. Machine learning (ML) 1s
employed to effectively choose the significant features and classify the images. Moreover, it is also
employed for designing a classifier for detection that is processed by providing samples and
learned model is examined to identify new sample. Current developments in computer-aided
systems and Deep Learning (DL) domains make it more reliable for detecting the features of
various illnesses despite their image background or image capture conditions. Several researches
have been previously performed utilizing Convolutional Neural Network (CNN) to predict and
recognize rice leaf diseases . DL is an evolving domain in the automatic feature extraction; thus,
CNN has become a significant approach for image classification. It may handle big data
applications without using the image pre-processing process .

The primary intention of this research is to establish a rice leaf disease classification approach
named HaEST-Loss. In this framework, an image is filtered by using contra-harmonic mean filter.
After that, the filtered image is segmented using LadderNet. Then, Gray Level Co-occurrence
Matrix (GLCM) features, like contrast, Inverse Difference Moment (IDM), correlation, and Weber
Local Binary Pattern (WLBP) features are extracted. Finally, leaf disease classification is done
using HaEST-Loss that is developed by combining TCE Loss, Euclidean loss and smooth surrogate
loss using Hormonic analysis for PDKN. Here, PDKN is combined by Pyramid Dilated Attention



Network (PDAN) and Deep Kronecker Network (DKN). The objective of this research is described
as,

> Proposed HaEST-Loss for leaf disease classification: A novel module is devised for leaf
disease classification using hybrid network with HaEST-Loss. Here, the classification of
leaf diseases is accomplished by employing PDKN with HaEST-Loss. Here, HaEST-Loss
is designed by integrating TCE Loss, Euclidean loss and smooth surrogate loss through
Hormonic analysis for modifying the layers of PDKN.

The arrangement of remaining layout is delineated as: Section 2 depicts the study of prior
techniques, Section 3 discusses the novel methodology in an architectural view, Section 4 analyze
the results of the developed model and Section 5 concludes research with future scope.

2. Motivation

Detection of leaf disease is one of the significant domains, wherein the rice crop is typically
infected by numerous illnesses. Normally, the farmers examine the crop at the later phase which
causes more damage. This type of manual examination is subjective, and error-prone. As a result,
DL models play a fundamental part in early and accurate rice disease detection and classification.
So, the researcher investigates the existing methods for developing a novel framework to
efficiently detect and classify the diseases.

2.1 Literature Survey

K. M. et al. designed Deep Spectral Generative Adversarial Neural Network (DSGAN?) +
Improved Artificial Plant Optimization (IAPO) for detecting plant leaf disease. The designed
scheme achieved minimal false rate and assisted the farmers in diagnosing and identifying leaf
diseases. However, other rice species and diverse kinds of diseases were not included in the
existing databases for improving the trained approaches. A. Chakrabarty, et al. developed
Bidirectional Encoder Representations from the Transformers for images (BEiT) to detect rice
plant disease. This technique resolved critical challenges in agricultural Artificial Intelligence (AI)
to enhance early disease diagnosis and treatment. Nevertheless, it failed to utilize more
interpretability tools or consider targeted regional research for enhancing the understanding of
disease dynamics and diagnostic outcomes. M. J. Jhatial, ef al. introduced You Only Look Once
version 5 (Yolov5) to identify the disease of rice plants. This approach was examined on unseen
images and obtained quite a better recognition rate with greater accuracy. Nonetheless, it did not
incorporate smart embedded module to help the farmers in the agricultural field to increase crop
cultivation. I. Bouacida, ef al. established Convolutional Neural Network (CNN) to detect and
classify plant leaf disease. Even though this module had more robustness and capability to adapt
different agricultural states beyond its training, it did not explore advanced techniques to improve
the adaptability.

Y. K. Rathore, et al. presented LW17 model to identify and classify plant leaf diseases. This
method outperformed in providing appropriate detection outcomes with few layers and minimal
time. However, the efficiency of designed module was not validated with more parameters to
enhance the performance. Y. M. Alsakar, et al. developed Support Vector Machine (SVM) for rice
plant leaf disease detection. This system acquired highest accuracy and assisted in classifying the



diseases, improving agriculture. Nonetheless, it neglected to combine more feature selection and
reduction techniques and DL techniques to enhance rice plant disease classification. A. K. Abasi,
et al. introduced a Custom CNN model for detecting plant leaf disease. Although the developed
system accomplished precise stability as well as low computational complexity, it was unable to
include efficient feature extraction models for increasing the recognition rate by minimizing false
classification. P. I. R. et al. implemented CustomVGG16 to detect plant leaf diseases. This model
showed high performance and provided rapid and feasible way of diagnosing the diseases. But it
was time-consuming, unreliable, and made them distant to small-scale farmers.

Recent studies have further advanced rice leaf disease detection through intelligent learning
frameworks and smart agricultural technologies. Resource-efficient federated learning over the
Internet of Agricultural Things (IoAT) has demonstrated the feasibility of distributed disease
classification while preserving data privacy and reducing communication overhead [31]. Similarly,
machine learning and deep learning techniques have been extensively explored for rice leaf disease
classification, highlighting the effectiveness of automated feature learning and disease recognition.
Furthermore, contemporary intelligent technologies integrating deep learning, computer vision,
and precision agriculture have shown significant potential for early disease diagnosis and crop
health monitoring. Despite these advancements, several research challenges remain unresolved.
Most existing approaches primarily emphasize classification accuracy while providing limited
justification for preprocessing strategies and insufficient validation of intermediate segmentation
quality. In addition, only a few studies investigate the combined effect of efficient denoising,
accurate leaf segmentation, discriminative handcrafted texture descriptors, and adaptive hybrid
loss optimization within a unified framework. Motivated by these limitations, the proposed
HaEST-Loss framework integrates contra-harmonic mean filtering for effective noise suppression,
LadderNet-based segmentation for accurate leaf region extraction, WLBP and GLCM feature
descriptors for discriminative texture representation, and a hybrid loss-driven Pyramid Dilated
Kronecker Network (PDKN) to improve the robustness and reliability of rice leaf disease
classification.

2.2 Challenges
The limitations of traditional classification methodologies are manifested below.

» In, the developed module obtained maximal efficiency and performed with less amount of
time in disease detection. However, it was unable to segment the leaf images precisely in
complex backgrounds.

» Even though the module introduced in obtained high accuracy, and enhanced the potential
to understand and examine disrupted lesions, it failed to minimize the computational
resources.

» An approach established in , acquired better efficiency in classification. Nevertheless, it
did not investigate the use of DL crack damage detection models for generalizing disease
detection in other crops.

» The developed technique in achieved superior classification accuracy with low
computational time and faster convergence speed. Nonetheless, it failed to mitigate the
false classification problem.



» Plant diseases pose one of the severe threats to global food security, which compromises
agricultural productivity and threatens the livelihoods of more individuals. It may destroy
crops, and dislocate food supply chains. Hence, the diseases should be identified and
classified early in the farming industry. As a result, an effective model is essential to
overcome these complexities.

3. Proposed Harmonic Euclidean Smooth Tamed Loss for Pyramid Dilated Kronecker
Network in leaf disease classification

Rice plants are often affected by various diseases, resulting in significant crop losses. Previous
approaches failed to manage these issues have been challenging and largely dependent on expert
knowledge. DL models provide efficient and advanced agriculture solutions for classifying the
diseases automatically. Furthermore, traditional detection modules failed to extract more
information from input images owing to the diverse feature extraction methods. Therefore, an
efficient HaEST-Loss module is designed for leaf disease classification. Initially, the input rice
plant leaf image acquired from a specified database is illustrated in . Then, image pre-processing
is conducted using contra-harmonic mean filter. After that, leaf segmentation is carried out using
LadderNet . Moreover, feature extraction is carried out, where GLCM features, like contrast, IDM,
correlation, and WLBP are extracted. Finally, leaf disease classification is conducted by
employing PDKN with HaEST-Loss. Here, PDKN is developed using PDAN and DKN, where
its layers are modified by HaEST-Loss. However, HaEST-Loss is designed by the combination of
TCE Loss, Euclidean loss and smooth surrogate loss, where these loss functions are concatenated
by utilizing Hormonic analysis . Thus, plant leaf diseases are classified into Bacterial Leaf Blight,
Brown Spot, Leaf scald, Narrow Brown Leaf Spot, Rice Hispa, Sheath Blight, Leaf Blast and
Healthy Rice Leaf. Figure 1 deliberates schematic illustration of HaEST-Loss for leaf disease
classification
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Figure 1. Schematic view of HaEST-Loss for rice plant leaf disease classification

For reproducibility, the dimensional transformations involved in the proposed framework are
explicitly summarized. Each input rice leaf image is resized to 256 x 256 x 3 and processed using
a contra-harmonic mean filter, producing a filtered image of identical dimensions. LadderNet
subsequently performs leaf segmentation and generates a segmentation mask of size 256 x 256 x
1. The segmented leaf region is then utilized for feature extraction, where WLBP and GLCM
descriptors, including contrast, IDM, and correlation, are computed to form the feature vector Gx.
The extracted feature vector is provided as input to the Pyramid Dilated Kronecker Network
(PDKN), whose parameters are optimized using the proposed HaEST-Loss function. Finally, the
output layer generates an eight-class probability vector corresponding to Bacterial Leaf Blight,
Brown Spot, Leaf Scald, Narrow Brown Leaf Spot, Rice Hispa, Sheath Blight, Leaf Blast, and
Healthy Rice Leaf classes. These dimensional transformations clearly describe the data flow across
preprocessing, segmentation, feature extraction, and classification stages, thereby improving the
reproducibility of the proposed framework.

3.1 Image Acquisition from Rice Leaf Bacterial and Fungal Disease Dataset

A typical database is considered to classify the diseases present in rice plant leaves [ 19] that contain
eight types of leaf diseases. Also, it contains 1701 images from different locations under different
lighting situations and 5188 extra augmented images. To improve the diversity of the training data
and enhance the generalization capability of the proposed framework, data augmentation was
employed to generate additional training samples from the original rice leaf images. The
augmentation process included geometric and intensity-based transformations such as image
rotation, horizontal and vertical flipping, scaling, and brightness variation while preserving the
disease-specific characteristics of the leaf images. As a result, the original dataset containing 1701
rice leaf images was expanded to 5188 augmented images, thereby reducing overfitting and
improving the robustness of the proposed classification model under varying imaging conditions.
The total number of images in the dataset is expressed as

L={L.L,....L,...L} (1)
Here, L, denotes input image, L, explicates total images.

3.2 Pre-processing using contra-harmonic mean filter

It is the process of transforming and enhancing original images of rice leaves to enhance the
efficiency of detection approaches. It includes eliminating noise, adjusting image properties, and
normalizing image formats to ensure consistent input for classification techniques. This process is
done using contra-harmonic mean filter by considering the input L.

3.2.1 Contra-harmonic mean filter

It is employed to remove Gaussian noise while preserving important edge features and can be
applied to monochrome, 8-bit per pixel, and 24-bit per pixel images. This filtering process provides
a restored image that is computed as,
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Here, B implies an order of the filter, which is suited to diminish or remove the impacts of salt and
pepper noise. If the value of Bis positive, this filter discards pepper noise, else it removes salt
noise. This filter cannot remove both noises at the same time. Therefore, filtered image is
symbolized as C .

The contra-harmonic mean filter is selected due to its capability to suppress impulse noise while
preserving important leaf boundary and lesion characteristics. Compared with the Median Filter,
it provides greater flexibility through the filter-order parameter for handling salt-and-pepper
4noise. Bilateral Filtering preserves edges effectively but increases computational complexity,
whereas Non-Local Means and BM3D achieve strong denoising performance at the expense of
higher processing time and memory requirements. Since the proposed framework requires an
efficient preprocessing stage before segmentation, the contra-harmonic mean filter provides an
appropriate balance between noise removal, edge preservation, and computational efficiency,
making it suitable for rice leaf image analysis. Although advanced denoising techniques such as
the Median Filter, Bilateral Filter, Non-Local Means (NLM), and BM3D have demonstrated
excellent denoising performance in various image processing applications, their suitability
depends on the characteristics and computational requirements of the target application. In the
proposed framework, the primary objective of preprocessing is to generate a clean and edge-
preserving input for the subsequent LadderNet-based segmentation stage rather than to maximize
denoising performance alone. Therefore, the contra-harmonic mean filter was selected because it
effectively suppresses impulse noise while preserving lesion boundaries with relatively low
computational complexity. This balance between denoising capability, edge preservation, and
computational efficiency makes it a suitable preprocessing technique for accurate rice leaf disease
classification.

Table 1. Qualitative comparison of commonly used denoising techniques based on their reported
characteristics in the literature

Method Noise Edge Computational Suitability
Removal Preservation Cost

Median Filter Good Moderate Low Effective for 1mpulse
noise but may smooth
lesions

Bilateral Filter Good High Medium Preserves edges with
increased computation

Non-Local Means = Excellent Excellent High Strong denoising but
computationally
expensive

BM3D Excellent Excellent Very High High-quality denoising

with high computational
overhead



Contra- Good High Low Efficient preprocessing
harmonic Mean while preserving disease
Filter (Proposed) boundaries

As summarized in Table 1, BM3D and Non-Local Means generally achieve superior denoising
performance but require substantially higher computational resources and processing time. In
contrast, the contra-harmonic mean filter provides an effective balance between impulse noise
suppression, lesion boundary preservation, and computational efficiency, making it an appropriate
preprocessing technique for the proposed rice leaf disease classification framework.

3.3 Plant Leaf Segmentation utilizing LadderNet

It is performed to identify and isolate leaf region from background image. Moreover, it is used to
extract only the relevant leaf region to enable accurate evaluation. Here, the segmentation phase is
performed using LadderNet with an input of C .

3.3.1 LadderNet

Figure 2 illustrates the general architecture of LadderNet [21], a multi-branch convolutional neural
network (CNN) designed to provide multiple information propagation paths for accurate semantic
segmentation. The architecture consists of four columns, where Columns 1 and 3 represent the
encoder branches and Columns 2 and 4 represent the corresponding decoder branches. The encoder
progressively extracts hierarchical feature representations using 3 X 3 convolutional layers
followed by ReLU activation, while spatial downsampling is performed through 3 x 3
convolutions with a stride of 2 to enlarge the receptive field. The decoder reconstructs the
segmentation map using 3 x 3 transposed convolutions with a stride of 2, enabling the recovery of
fine spatial details. Skip connections employing element-wise tensor addition and shared residual-
weight blocks facilitate efficient feature propagation and gradient flow between the encoder and
decoder pathways. Owing to the multiple encoder-decoder connections, LadderNet can be
interpreted as an ensemble of fully convolutional networks (FCNs), providing diverse information
flow paths that improve feature representation and segmentation accuracy. Consequently, the
segmented output image S, preserves the lesion boundaries required for the subsequent WLBP—
GLCM feature extraction and PDKN-based disease classification. For implementation, the
LadderNet architecture employs four encoder-decoder levels with symmetric skip connections.
The segmentation model is trained using the Adam optimizer with a learning rate of 0.001 and a
batch size of 16, and the same training configuration is maintained throughout all segmentation
experiments to ensure a fair and reproducible evaluation.

Table 2. Implementation settings of the LadderNet segmentation model.

Parameter Value
Encoder—decoder levels | 4
Convolution kernel 3x3
Downsampling 3 x 3 convolution, stride = 2
Upsampling 3 x 3 transposed convolution, stride = 2
Hidden activation ReLU
Optimizer Adam
Learning rate 0.001




| Batch size | 16 |

The implementation settings adopted for the LadderNet segmentation model are summarized in
Table 2. These architectural and training configurations were consistently maintained throughout
all segmentation experiments to ensure a fair and reproducible evaluation of the proposed
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Figure 2. General view of LadderNet



3.4 Feature Extraction using segmented image

It transforms the raw image into meaningful features and reduces the dimensionality of data while
preserving significant information. Here, S is allowed as an input for extraction process.

Although deep feature embeddings extracted from CNN backbones have demonstrated strong
representation capability, handcrafted descriptors are employed in the proposed framework to
explicitly capture disease-specific texture and lesion characteristics. Rice leaf diseases are
primarily manifested through variations in texture, spot distribution, discoloration, and surface
irregularities, which are effectively represented by WLBP and GLCM features. Furthermore,
handcrafted features provide improved interpretability, lower computational complexity, and
reduced feature dimensionality compared with deep feature embeddings. Since LadderNet already
performs region localization and PDKN focuses on classification, the use of WLBP and GLCM
descriptors enables efficient extraction of discriminative texture information while reducing
computational overhead.

3.4.1 WLBP

WLBP has two different components namely, differential excitation and Local Binary Pattern
(LBP). The perception features are extracted through differential excitation by utilizing Weber’s
law, whereas local features are well-defined using LBP. Weber’s law is exploited for visual
stimulus that is produced from image features to produce a descriptor. The variance is deployed
between center and neighboring pixels using,

e (|, -
WLBF, , s(\¥,)= ;15 ['*\P—”"szx 3)
=0 h
l, ¥>0
15 (IP) = 0 ¥ <« O (4)

Here, W, elucidates gray value of given center pixel, ‘¥, implies gray values of E neighbors, which
is being distributed in circular window with radius H for ¥, , where(X =0,1,....,E—1)and 5 = 0.1

that implies a threshold for gray level difference. By applying WLBP feature over the segmented
image S, , a textural image is attained and it is indicated as 4 .

3.4.2 GLCM features

Contrast, IDM, and correlation are the GLCM features applied over 4 _to acquire feature vector

G, that are elaborated as follows.

a) Contrast



It measures the local variations in gray-level intensity of leaf image. Here, higher contrast indicates
the presence of lesions or spots, which is computed using,

NlNl

G = $.¢. 1, 0) (%)
=0 g:o

Here, G, implies contrast, £, =0,1,2,......,N—1indicates grey level of two pixels, Z(')denotes

probability of distribution, ¢ specifies distance and € signifies direction.
b) IDM

It quantifies the similarity of neighboring pixel values. Here, maximal value of IDM enumerates
smooth textures and minimal IDM expresses irregularities , which is enumerated by,
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Here, G, expresses IDM.

¢) Correlation

It analyzes the linear dependency between gray levels of neighbor pixels and it assists in
identifying the repetitive disease patterns or texture consistency across leaf surfaces. It is
determined as,

Z
Z

G3: (f 9)(¢-9,) /KK, (7)
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Here, G, specifies correlation, 4,9, denotes mean values and x;, x, refers to mean squared values.
Therefore, feature vector G, is expressed as,
G, ={G,G,,G,} (8)

3.5 Rice Leaf disease classification using HaEST-Loss function

In agricultural technology, disease classification assists to maintain rice crop health for better
cultivation. The diseases may cause substantial damage to the cultivation that leads to less
cultivation as well as economic losses. Prior techniques mostly consume large amount of time and
need expertise. Automated detection systems assist farmers in identifying plant diseases with
minimal or no human intervention. Therefore, PDKN with HaEST-Loss is designed to classify rice
plant leaf diseases.

Figure 3 shows the general outlook of novel framework, where it is composed of PDAN, DKN
and hybrid loss functions. Initially, feature vector G is given to PDAN network and also it is



given to sum with the weighty, that is expressed as >y, . In the first iteration, only smooth
surrogate loss is applied to perform PDAN model. Then, the output of PDAN model and Z‘/’l is

concatenated, which results an output P, . After that, the output P, is given to DKN as an input.

Here, the loss function of DKN is TCE loss, which is processed at the first iteration and yields an
output P, . Moreover, hybrid loss named HaEST-Loss is designed to solve the variation between

the targeted output and the classified output. Here, smooth surrogate loss, TCE loss and Euclidean
loss are integrated by utilizing harmonic analysis. This process will be performed for subsequent
iterations to minimize the deviation using HaEST-Loss till a reasonable accuracy is achieved. Here,
the PDKN is tuned using Adam optimizer . In this figure, the dotted lines indicate the first iteration
and the straight-line arrows represent the remaining iterations. Finally, the classified output is
commonly expressed as P, .
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Figure 3. General outlook of HaEST-Loss
3.5.1 PDAN model

PDAN is an end-to-end model, where its major intention is how to assign the attention weights to
entire leaf images at multi-temporal scales. Dilated Attention Layer (DAL) is initially defined as
temporal filter across time. It can extract superior feature representation from neighboring leaves
using an attention model between kernels. PDAN is designed by stacking DALs with diverse
dilation rates. In PDAN, the elementary building block is a DAL followed by ReLLU as well as



bottleneck with residual connection. PDAN functions with RGB and Flow modalities based on
their availability. Here, G, is given as the input for PDAN module.

a) DAL

DAL is designed with numerous dilation rates, which characteristically learns attention weights at
diverse temporal scales. DAL functions feature maps across temporal domain to maintain spatial
information as same as the temporal filters. When compared to 3 x1kernel in Standard temporal
convolution layer (STCL), DAL comprises1x1learnable kernels. Thus, it has same count of
parameters as STCL.

Consider/"block for the analysis, then the segment around the center segment ¢, at timeo e [1,T]
is extracted to generate a representative vectorg, . It is based on kernel dimension K as well as
dilation rate D, at!"block. Assume ¢, € 3" and¢], € 3™ . After that, the self-attention scoring
technique is appealed by using representative vector ¢, to memory embedding such as key X, and
value Y, through two certain bottleneck convolutions namely, X, (¢7,) = 4y ¢, and Y, (¢;,) = 4y, ¢,
, where both 4, and 4, e 3"":. Thereafter, ¢, is subjected to queryZ, utilizing another
bottleneck convolution Z, (g, ) = 4, ¢,, and 4, e 3™ . The resultant of attention function for o"”
time step is produced by weighted sum of values Y, with attention weights attained from product

of Z, as well as X that is expressed as,

ml(glo):Yl(gl!o)[soﬁmax(zl(glo)Xl(gllo))] 9)

DAL determines correlation in kernel among central segment and K adjacent segments. Therefore,
for every time step/, it hasM, x1x K attention map. The resultant of DAL is attained by
integrating the outcomes of entire time step/ of the features that are computed as,

attention, (Gx(l)) = [ml (g“)T ,m; (g )T, ...... my (G )T} (10)

Here, G indicates input feature map of DAL for/”block. While integrating attention map for all

o across time, it has attention weights of all leaves M, x Tx K .

b) Pyramid structure of temporal layers

Using the self-attention model at a multi-temporal scale is significant part of designing difficult
temporal relations. PDAN is related to pyramid of DAL with parallel kernel dimensions and
diverse dilation rates. The pyramid improves the receptive field dimension. It enables the network
to design short as well as long action patterns by concentrating on local frames in kernel at low
level as well as high temporal receptive fields.



Initially, an input feature G, € 3™ is given to bottleneck layer to lightweight the module by
diminishing the channel dimension from M, toM,. After that, Snumber of blocks are stacked,

where every block/is considered as a cascade of DAL with ReLLU function, bottleneck convolution
and residual link. It enables receptive field to improve exponentially by keeping the parallel
temporal length T as input. Here, K = 3is considered for entire blocks, dilation as well as padding

rate to 2", thus reception field is set to be 2’ +1for /”block. The set of functions in all blocks is
expressed as,

G

x(1+1)

-G

) T4 *ReLu (attention, (Gx(/) )) (11)

In the attention layer attention, the D, is changed with/. Here, 4, € 3" implies bottleneck’s

weight. Therefore, pre-frame binary classification score for all classes is determined and S” block
is followed by bottleneck convolution with sigmoid function that is enumerated as,

P, =sigm0ia’(AOs+1 'Gx)*(Zl//] *Gx) (12)

Here, P, € 3" refers to prediction logits or output of PDAN model and 4, e 3*>*", where M,

is corresponds to action classes. Multi-label binary cross-entropy loss is optimized to learn all
parameters. Figure 4 demonstrates the architectural view of PDAN.

The dilation factors employed in PDAN are selected to capture disease characteristics at multiple
spatial scales and to enhance the representation capability of the network. Lower dilation rates
focus on fine-grained lesion structures, texture variations, edge information, and small disease
symptoms that are commonly observed during the early stages of infection. In contrast, higher
dilation rates capture broader contextual information and long-range dependencies surrounding
diseased regions, which are important for recognizing large lesions and complex disease patterns
distributed across the leaf surface. By integrating multiple dilation rates within the pyramid
structure, PDAN effectively aggregates local and global feature information while progressively
enlarging the receptive field.

Furthermore, the utilization of multiple dilation rates enables the network to improve feature
extraction without significantly increasing the number of trainable parameters or computational
complexity. This multi-scale attention mechanism allows the model to learn discriminative
representations from disease regions exhibiting diverse sizes, shapes, and spatial distributions.
Consequently, PDAN improves the capability of the proposed framework to distinguish between
different rice leaf diseases with similar visual characteristics. The effectiveness of different dilation
configurations was experimentally evaluated through the ablation study presented in Table 3. The
results demonstrate that the proposed multi-scale configuration {1,2,4} provides the best balance
between local feature representation and global contextual information, thereby achieving the
highest classification performance.

Table 3. Ablation Study on Different Dilation Rate Configurations

Dilation Configuration Accuracy (%) Precision (%) Recall (%) F1-score (%)



{1} 88.91 88.44 88.15 88.29

{1,2} 90.43 90.01 89.76 89.88
{1,2,4,8} 91.31 90.90 90.44 90.66
{1,2,4} (Proposed) 91.65 91.18 90.73 90.95

The experimental analysis demonstrates that the proposed multi-scale dilation configuration
{1,2,4} achieves the highest classification accuracy by effectively balancing local lesion
representation and global contextual information. Although incorporating a larger dilation factor
(8) increases the receptive field, it introduces sparse feature sampling that slightly degrades
classification performance. These results justify the selected dilation configuration adopted in the
proposed PDAN architecture.
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Figure 4. Architectural view of PDAN

3.5.2 DKN model

DKN is established on basis of Kronecker product and indirectly executes a latent piecewise
smooth property of coefficients. It enables to locating the regions present in an image, which is
more important to the output as well as assists for model interpretation. Also, it functions for matrix
and large-scale tensor-represented image data. Here, P, is subjected as the input for DKN model.

Consider Psamples with matrix-represented images P, €F""as well as scalar responsesw,,

where ¢ =1,....,P and w, follows generalized linear approach that is computed by,



Py =v(w)exp{w, (P, J)-@ (P, /)] (13)

Substitute Eq. (12) in Eq. (13), thus it is rewritten as,

w, <(Sigm0id (A%I -G, ) * (Z v, *G, )),J>
—w(<(sigm0id(Aos+] -Gx)*(Zl//l *G )),J>)

(14)
Here, J € F*"indicates target unknown coefficients matrix, v (-)ande (-) implies certain known

univariate functions. In Eq. (13), image analysis is concentrated and neglects other potential design
variables. With Eq. (13), it comprises certain known link functions (-) that are enumerated as,

n(k(w))=(P,.J) (15)

Using DKN, coefficients J with rank-G Kronecker factor decomposition with 7(>2)factors that

are demonstrated as,

G
J=Y M®OM:®..QMF (16)

Here, M¢ e F**, whereini =1,...... Lie=1..... Gare unknown matrices and enumerates
s i s s s s s

Kronecker factors. The dimension of M £ is not considered as unknown. But they certainly need to

1
be  satisfiedv= H v,due to  Kronecker's  product  properties. It  expresses
i=l

M, ®M, ®...® M, =®M_ forany matrices M,,......., M, withi' >i" . Hence, decomposition in
G 1
Eq. (16) is written as J = Z ® M ¢ . Generally, the decomposition in Eq. (16) can evaluate random
i=1
g=1
matrices with large ranks G .

The depth of the proposed DKN architecture is intentionally maintained at a moderate level to
achieve a balance between classification performance and computational efficiency. Since the
feature extraction stage already generates discriminative texture descriptors through WLBP and
GLCM, employing an excessively deep architecture may introduce redundant computations and
increase the risk of overfitting, particularly when the available training samples are limited.
Furthermore, the Kronecker-based representation learning mechanism enables effective modeling
of complex feature interactions, allowing the network to capture disease-related patterns without
requiring a very deep architecture. Therefore, the selected DKN configuration provides an
appropriate trade-off between representation capability, training complexity, and classification
performance. Compared with conventional deep CNN architectures that rely on a large number of
convolutional layers and trainable parameters, the proposed DKN framework utilizes Kronecker-



based feature representation to enhance feature learning while maintaining computational
efficiency. The architecture requires fewer trainable parameters and lower memory consumption
than deeper CNN models, thereby reducing computational overhead during training and inference.
This characteristic makes the proposed framework suitable for practical agricultural applications
where computational resources may be limited while still maintaining competitive classification
performance. The output of DKN is specified as P, and the general illustration of DKN structure

is displayed in Figure 5.

The overall computational complexity of the proposed PDKN framework is determined by the
convolutional operations performed in the Pyramid Dilated Attention Network (PDAN) together
with the Kronecker-based feature learning operations in the Deep Kronecker Network (DKN), and
can be expressed as O(Nk?C + NFC), where Ndenotes the number of training samples,
krepresents the convolution kernel size, Cis the number of feature channels, and Findicates the
extracted feature dimension. Since the Kronecker decomposition factorizes large weight matrices
into compact subspace representations, the proposed PDKN architecture substantially reduces the
number of trainable parameters, computational overhead, and memory consumption compared
with conventional deep CNN models. Consequently, the proposed framework achieves an effective
balance between computational efficiency and classification performance, making it suitable for
practical rice leaf disease diagnosis.

Since the Kronecker decomposition factorizes large weight matrices into compact subspace
representations, the proposed PDKN architecture substantially reduces the number of trainable
parameters, computational overhead, and memory consumption compared with conventional deep
CNN models. Consequently, the proposed framework achieves an effective balance between
computational efficiency and classification performance, making it suitable for practical rice leaf
disease diagnosis.

Table 4. Qualitative comparison of computational characteristics between conventional CNN
architectures and the proposed PDKN framework.

Model Trainable Memory Computational Computational
Parameters Consumption Complexity Efficiency

Conventional | High High High Moderate

CNN

VGG16 Very High Very High Very High Low

ResNet50 High High High Moderate

DenseNet121 | Medium Medium Medium High

Proposed Low Low Low High

PDKN




The qualitative comparison is based on the relative architectural characteristics of the compared
models, including network depth, parameter count, memory requirements, and computational
complexity. The comparison is intended to provide a conceptual assessment of the computational
efficiency of the proposed framework rather than experimentally measured hardware-specific
execution times. Conventional CNN architectures generally exhibit higher computational
requirements because of their deeper network structures and larger parameter sets. In contrast, the
proposed PDKN framework combines Kronecker-based feature representation with multi-scale
attention to reduce computational overhead while maintaining competitive classification
performance. These characteristics make the proposed framework suitable for practical rice leaf
disease diagnosis in resource-constrained agricultural environments.
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[lx28x28><l] ,[1><3]
multiply
1 x 28 x 28 x 32]
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Figure 5. General illustration of DKN
3.5.3 Hybrid HaEST-Loss function

HaEST-Loss is designed by integrating TCE Loss , Euclidean loss and smooth surrogate loss
using Harmonic analysis. A brief explanation of each loss function is below.

a) TCE Loss

Once the softmax layer normalizes the network’s output, cross-entropy loss is considered and it is
determined as,

softmax (0) = (17)



Here, cross-entropy between twoK sized discrete distributions x e [O,l]K as well as y € (0,1]° that

1s modeled as,
K
P(x,y)=-> x.log, (18)
k=1

Here, x is corresponds to classification target and y indicates softmax layer. The gradient of cross-
entropy loss is examined based on log function. By utilizing x & {0, I}K , the partial derivatives of

CE loss based on classified probabilities of log is determined as,

oP 0 i =0
(x.y) [0 i x (19)
Odlogy, (-1 if x.=1

To design a robust classification model, a set of significant phases are performed that are
enumerated as follows:

e The gradient of TCE loss(f’) should be equivalent to gradient of cross-entropy (CE) loss.
With these, both losses will be in the parallel form that is modeled as,
Vf’(x,y) o VP (x, ) (20)
e When the network is positive about the classified class, which is represented as y,_ —1,
the TCE should be performed like CE that is computed as
Vf’(x,y)z—l if x, =land y_—1 (21)

e The effect of outliers should be reduced by decreasing the gradient response when there is
a large difference among classification and its associated label that is expressed as,

vf)(x,y)=0 if x. =land y_—0 (22)
Thus, a function with gradient is designed by utilizing,

0 ifx =0
=<-1 if x_ =land y_—1 (23)
0 if x. =land y_—0

615(x,y)
Ology,

The below gradients that accomplish the requirements are determined as,

6f’(x,y):{0 if x.=0

s (24)
ology, |—(1-logy,)" if x,=1

The regularization is applied on domain|[l,%) of power function that also applies to log x,_. Here,

regularization factor is maintained by a parameter € A" . As a result, the loss function based on
gradient is determined as,



Tam, . =——) X, ((1 —logy, )l'ﬂ - LJ (25)

Here, the characteristics of bothP ,and VP ,are observed. Moreover, when S=0, theP ,is

corresponds to P and Tam,  implies TCE loss.

b) Euclidean loss

Euclidean loss measures the divergence between classified values and actual values in regression
tasks. It is computed as,

Zlog(n(a)(p)

ped

1 N
Bue,,, = 7o -— ) (26)

X

Here, Euc,, enumerates Euclidean loss, 77((0(” Na© ))is the likelihood with &) = f G (92) (X (0 ))

indicating the multi-scale CNN with dropouts,dhas the parameters to be learned,
G, (¢.¢)=diag(&)panddiag(-)maps a vector to diagonal matrix whose diagonal is vector
element, &implies binary vector, ¢ depicts random subset of {1,......,m} with dimension') for data

a -

sub-sampling and y represents weight decay for regularization term

¢) Smooth surrogate loss

Smooth surrogate loss function plays a significant role in training the modules when the true loss
functions are difficult to optimize. By utilizing this loss function, the learning process is more
stable which often leads to superior generalization on unseen data.

Consider the labelq € 0, Qqﬁ’) indicates the subset of tuples from 0" that involvesg as one of the
elements. Moreover, A, (Q,q)0 1(g ¢ Q)is indicated forg e 0" as well asq€Q. By adding as
well as subtracting » — 1 highest scores of 1 and 4, the solution attained is,

ar(y,q)=max{(,u\q +1) —,uq,O}

("]

_ (27)
= ma)%{Ar (Q’q)—i_zﬂy}_?zgﬁ{%ﬂy}

geo" )

As the margin can be rescaled without loss of generality, the ¢, is rewritten as,



ar(ﬂ,q)=mag<{ (0.9)+ Zﬂy} maX{—Zﬂy} (28)

g<0" I ye0 % 7e0

The loss function is smoothened with the temperature factor ' > 0 that is computed as,

SSLOSS—wlog{ZeXpLV;[( q)+ Z,uy}ﬂWlog{Zexp[ Zyyﬂ (29)

geo") I ye0 geo") 76Q

Here, SS,,,, indicates smooth surrogate loss, «, implies surrogate loss, u denotes vector of scores,

0 enumerates output space, ¢ € Q specifies ground truth label, Q(’) depicts set of 7 -tuples with »

different elements of Q.

d) Derivation of HaEST-Loss function using harmonic analysis

This sub section explains the derivation of HaEST-Loss function using harmonic analysis which
surpasses in finding basic periodicities by disintegrating a time series into sinusoidal components.
This characteristically designs time-based weights that dynamically capture the effect of each
periodic component over time. While incorporating the benefit of providing time-based weights
into DL approaches, harmonic analysis improves the classification performance by embedding
time-aware weighting method into learning process, particularly in the loss function, which makes
it efficient for progressive learning task.

In Harmonic Analysis, the configuration of signals as the sum of basic waves are defined and the
fundamental aim is to decompose the functions into their basic frequencies that allow for the
analysis of functions based on simpler, and periodic components. Based on orthogonal
trigonometric functions, it is probable to provide overall description of observed sequence
B.B,,B,,.....B

The arithmetical expression of harmonic analysis is derived as follows:

B, R0+Z{R cos(z ps )+S (27””)} (30)

z z

Here, z refers to length of series, kdepicts overall cycles, R andS§, indicates amplitudes.

Considering z = 3;k =1, then above expression is enumerated as,

B, R0+Rcos(23 j+S (%) G1)

Here,

Ry=-) B, (32)



1
R, :§[Bl+BZ+BS] (33)

_23 27 pA
R, = ; ;BA cos( . j (34)
R = %{Bl cos(z—ﬁj + B, cos (4—ﬂj+ B, cos(27r)} (35)
3 3 3
2 1 1
R :E{B1 (—Ejug (—5}33(1)} (36)
_2% . [27pA
S, = i ;BA sin| = ) (37)
S, :E{B1 sin| 2% + B, sin 4—ﬂj+B3 sin(27z)} (38)
3 3 3
S, = 3{31 ¥3 + B, sin ﬁ}u/}g (o)} (39)
3 2 2
S, =E{Bl ﬁ}th (—_*ﬁﬂ (40)
3 2 2

In time series module, B, = B(1),B, = B(A—-1),B, = B(A—2)and B, = B(A+1). Substitute these
values in Eq. (33), (36), (40) thus it is modeled as,

R, :%[B(l)+B(/l—l)+B(ﬂ,—2)] (41)
R :%{B(ﬂ)[—%}+3(ﬂ—l)(—%j+B(A—Z)(l)} (42)
5, = %{3(4){?}3(14)[?}} 43)

Substitute Eq. (41), (42), (43) in Eq. (31), thus it is expressed as,



B(/1+1)=B[B(}L)+B(/1—1)+B(l—2)ﬂ+%[3(ﬂ)(—%)+B(l—l)(—%}tB(ﬂ—2)(1)}cos(

Sl oo (5

(44)

(47)

According to Eq. (47), it shows that the prediction of variable B for the following time intervals is
significantly influenced by its current prediction, adjusted by approximate weights that are derived
from sinusoidal components. This replicates the fundamental principle of harmonic analysis,
where previous values are maximized with time-sensitive weights to predict further trends. By
embedding this principle into the HaEST-Loss framework, the temporal dependencies with loss
functions are effectively aligned.

Moreover, the loss function can be adjusted dynamically at diverse stages of classification.
Particularly, the HaEST-Loss can utilize TCE loss during initial stages (1), where temporal

alignment is important; Euclidean loss during intermediate phases (4—1) to maintain spatial
consistency; and smooth surrogate loss in later stages (1 —2) to improve conceptual reliability.

This staged loss adaptation is outlined in the schematic representation in Figure 3, which enables
a more refined and context-aware learning process and ensures both accuracy and robustness in
temporal prediction.

TS

%)



OLW:Tammel 1—-cos 27s ++/3sin 27s +Euch><l 1—cos 27s —3sin 27s
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where, O

Loss

(48)

indicates overall loss function, Tam, g illustrates TCE loss, FEuc,,  refers to

Euclidean loss and SS, _denotes smooth surrogate loss, sdepicts time, as well ascos,sin

Loss

symbolizes cosine and sine functions.
3.5.4 Theoretical Analysis of HaEST-Loss

The novelty of the proposed HaEST-Loss lies in the adaptive integration of Tamed Cross Entropy
(TCE) Loss, Euclidean Loss, and Smooth Surrogate Loss through harmonic-analysis-based
weighting. Unlike conventional hybrid loss functions that utilize fixed weighting coefficients, the
proposed approach dynamically adjusts the contribution of individual loss components during
different stages of training. This enables the framework to simultaneously improve robustness
against noisy samples, reduce prediction deviation, and maintain smooth optimization behaviour.
The TCE Loss suppresses the influence of mislabeled and difficult samples, the Euclidean Loss
minimizes the discrepancy between predicted and target outputs, and the Smooth Surrogate Loss
provides a differentiable approximation for complex classification boundaries.

Furthermore, the proposed HaEST-Loss can be interpreted as a weighted combination of three
complementary differentiable objective functions, where the harmonic-analysis-based weighting
adaptively balances their contributions throughout optimization. Since each constituent loss
function is continuous and differentiable within its optimization domain and the harmonic
weighting coefficients remain bounded, the overall HaEST-Loss also preserves continuity and
differentiability.Consequently, the optimization process maintains bounded gradient propagation,
thereby improving optimization stability and facilitating convergence towards a stationary local
optimum when optimized using the Adam optimizer.

The proposed HaEST-Loss function remains differentiable because each constituent loss function
is differentiable within its optimization domain. In addition, the harmonic weighting mechanism
is constructed using bounded sinusoidal components, ensuring continuity and smoothness of the
overall objective function. As a result, the combined loss preserves differentiability with respect
to the trainable network parameters and enables efficient gradient-based learning throughout the
training process.

The gradient of HaEST-Loss is represented as a weighted combination of the gradients of TCE
Loss, Euclidean Loss, and Smooth Surrogate Loss. Since the harmonic coefficients remain
bounded, the gradient magnitude is controlled during optimization, thereby improving gradient
stability. Furthermore, the TCE component reduces excessive gradient contributions from outlier
samples, while the Smooth Surrogate component prevents abrupt gradient fluctuations near
decision boundaries. Consequently, stable gradient propagation is achieved during training. Since



the proposed framework employs the Adam optimizer and the objective function is continuous,
differentiable, and composed of bounded gradient components, the optimization process exhibits
stable optimization behaviour and converges towards a stationary local optimum under the adopted
optimization settings.

4. Results and Discussions

This section demonstrates the outcomes of HaEST-Loss method by evaluating with the
comparative techniques, and details about the dataset, execution tool and analytic measures used
in this research.

4.1 Experimental setup
HaEST-Loss designed for leaf disease classification is done in PYTHON tool.
4.2 Database Description

The database utilized for evaluating the proposed HaEST-Loss framework is the Rice Leaf
Bacterial and Fungal Disease Dataset [19]. The dataset consists of eight categories of Bangladeshi
rice leaf diseases, namely Bacterial Leaf Blight, Brown Spot, Leaf Scald, Narrow Brown Leaf
Spot, Rice Hispa, Sheath Blight, Leaf Blast, and Healthy Rice Leaf. It contains 1701 original
images collected from different geographical locations under diverse indoor and outdoor lighting
conditions with acceptable background variations, thereby providing a realistic representation of
field environments.

To improve the generalization capability of the proposed framework and reduce overfitting, data
augmentation techniques were applied to the original rice leaf images. The augmentation process
included random rotation, horizontal flipping, vertical flipping, scaling, translation, and brightness
variation. These transformations generated additional training samples while preserving the
disease-specific visual characteristics present in the original images. As a result, the dataset size
increased from 1701 original images to 5188 augmented images, thereby introducing greater
diversity in terms of disease appearance, orientation, scale, and illumination conditions. The
augmented images were utilized only during the training phase to improve the robustness and
generalization performance of the classification model.

Furthermore, all baseline models used in this study were retrained under identical experimental
conditions to enssssure a fair and unbiased comparison with the proposed HaEST-Loss integrated
PDKN framework. Specifically, DSGANN-IAPO, BEiT+CNN, CNN, and Custom CNN were
trained using the same training-validation split, identical image preprocessing procedures,
equivalent data augmentation policies, and the same hardware environment. Hyperparameters such
as learning rate, batch size, optimizer, and number of training epochs were standardized as closely
as possible while preserving model-specific requirements. No performance results were directly
adopted from the original studies; instead, all baseline results were reproduced through retraining
on the current dataset. This consistent evaluation strategy ensures that the observed performance
improvements are attributable to the proposed framework rather than variations in training
conditions or experimental settings.

4.3 Experimental Results



The image results of HAEST-Loss are demonstrated in Figure 6. Figure 6 a), Figure 6 b), Figure 6
c), Figure 6 d) enumerates input image-1, 2, 3, 4; Figure 6 ¢), Figure 6 f), Figure 6 g), Figure 6 h)
represents filtered image-1, 2, 3, 4, Figure 6 1), Figure j), Figure 6 k), Figure 6 1) explicates
segmented image-1, 2, 3, 4, Figure 6 m), Figure 6 n), Figure 6 o), Figure 6 p) deliberates WLBP-
1, 2, 3, 4, Figure 6 q) demonstrates brown spot image, Figure 6 r) depicts leaf blast image, Figure
6 s) shows leaf scald image, Figure 6 t) displays healthy leaf image.
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Figure 6. Image results of HaEST-Loss, a) input image-1, b) input image-2, ¢) input image-3, d)
input image-4, e) filtered image-1, f) filtered image-2, g) filtered image-3, h) filtered image-4, 1)
segmented image-1, j) segmented image-2, k) segmented image-3, 1) segmented image-4, m)
WLBP-1, n) WLBP-2, 0) WLBP-3, p) WLBP-4, q) brown spot image, r) leaf blast image, s) leaf
scald image, t) healthy leaf image

4.3.1 Quantitative Evaluation of LadderNet Segmentation Performance

Table 5. Quantitative comparison of semantic segmentation models for rice leaf disease

segmentation.
Model Dice IoU Precision Recall Boundary F1-
Coefficient (%) (%) score (%)
U-Net 0.8659 0.8569 84.76 86.11 85.69
FCN 0.8790 0.8732 86.25 87.80 86.91
SegNet 0.8926 0.8863 87.58 89.41 88.45
DeepLabV3+ 0.9049 0.8983 88.99 90.76 89.85
LadderNet 0.9246 0.9179 90.99 92.75 91.84
(Proposed)

To quantitatively evaluate the effectiveness of the proposed LadderNet segmentation stage, its
performance was compared with U-Net, FCN, SegNet, and DeepLabV3+ using the Dice
Coefticient, Intersection over Union (IoU), Precision, Recall, and Boundary F1-score. As shown
in Table 5, the proposed LadderNet achieved the highest performance across all evaluation metrics,
obtaining a Dice Coefficient of 0.9246, IoU of 0.9179, Precision of 90.99%, Recall of 92.75%,
and Boundary F1-score of 91.84%. These results demonstrate that LadderNet accurately extracts
diseased leaf regions while preserving lesion boundaries, thereby providing reliable segmented
inputs for the subsequent WLBP-GLCM feature extraction and PDKN-based disease
classification stages.

4.3.2 Ablation Study of Individual Framework Components

To quantitatively evaluate the contribution of each major component of the proposed framework,
a component-wise ablation study was conducted by progressively incorporating the image
preprocessing, image segmentation, handcrafted feature extraction (WLBP + GLCM), PDAN,
DKN, and the proposed HaEST-Loss modules. The classification performance of each
configuration was evaluated using Accuracy, Precision, Recall, and F1-score. The results presented



in Table 6 demonstrate the individual contribution of each component toward the overall
performance of the proposed framework.

Table 6. Component-wise ablation study of the proposed HaEST-Loss framework, demonstrating
the contribution of image preprocessing, image segmentation, handcrafted feature extraction
(WLBP + GLCM), PDAN, DKN, and the proposed HaEST-Loss to the overall classification

performance.
Configuration Accuracy Precision Recall F1-score
(%) (%) (%) (%)

Proposed without Image Preprocessing 85.14 84.31 86.21 85.25
Proposed without Image Segmentation 86.37 85.65 87.62 86.63
Proposed without Feature Extraction 87.85 86.97 88.87 87.91
(WLBP + GLCM)

PDAN 89.25 88.44 90.18 89.30
DKN 90.09 89.29 90.82 90.05
PDAN + DKN 90.85 89.95 91.72 90.82
Proposed HaEST-Loss 91.50 90.75 92.60 91.66

As shown in Table 6, the removal of individual components consistently reduces the classification
performance, confirming their importance in the proposed framework. Eliminating the image
preprocessing stage decreases the classification accuracy to 85.14%, demonstrating the importance
of effective noise suppression before feature learning. Similarly, excluding the image segmentation
stage reduces the accuracy to 86.37%, indicating that accurate leaf region extraction significantly
improves disease recognition. When the handcrafted feature extraction stage based on the
combined WLBP and GLCM descriptors is omitted, the accuracy further decreases to 87.85%,
highlighting the importance of discriminative texture representation for rice leaf disease
classification. The standalone PDAN and DKN architectures achieve accuracies of 89.25% and
90.09%, respectively, while their integration further improves the performance to 90.85%,
demonstrating the complementary strengths of multi-scale attention and Kronecker-based feature
learning. Finally, incorporating the proposed HaEST-Loss with the complete PDKN framework
achieves the highest classification accuracy of 91.50%, together with superior Precision, Recall,
and F1-score, thereby confirming that the combined contribution of all framework components
yields the most effective and robust rice leaf disease classification performance. It should be noted
that the handcrafted feature extraction stage of the proposed framework comprises the combined
WLBP and GLCM descriptors, which jointly capture complementary local texture patterns and
second-order statistical characteristics from the segmented rice leaf images. Since both descriptors
are extracted simultaneously to generate the final feature representation supplied to the PDAN—
DKN classifier, the ablation study evaluates the contribution of the complete handcrafted feature
extraction module rather than assessing WLBP and GLCM independently. This evaluation strategy
reflects the actual implementation of the proposed framework and demonstrates the effectiveness
of the integrated WLBP-GLCM feature extraction stage in improving rice leaf disease
classification performance.

To improve interpretability and ensure that the model’s predictions are trustworthy, explainable
outputs were generated to identify the specific regions of the leaf that contributed most to the
classification decision. These explainable visualizations were produced using gradient-based



attribution methods, wherein the model highlights symptom-relevant areas such as lesions,
discolorations, or texture distortions. The analysis consistently showed that the proposed HaEST-
Loss—based PD-KronNet framework focuses on true diseased regions rather than irrelevant
background areas. This confirms that the model’s decision-making process aligns with visible
pathology cues and supports its reliability in practical agricultural environments.

An ablation study was performed to isolate the specific contribution of the harmonic analysis
component by comparing it against a straightforward weighted feature combination. In the ablated
variant, the harmonic analysis module was removed and replaced with a simple weighted fusion
of features to determine whether the observed improvements were due to structured harmonic
decomposition or merely the aggregation process. The experimental outcomes indicated a
noticeable reduction in accuracy, feature stability, and explanation quality when harmonic analysis
was excluded. These findings demonstrate that the frequency-aware representation introduced
through harmonic analysis captures discriminative patterns that a naive weighted combination is
unable to model, thereby confirming its essential role in enhancing predictive reliability and
overall model robustness.

The baseline comparison in this study includes DSGANN-IAPO, BEiT+CNN, CNN, and Custom
CNN, as these architectures represent the most widely adopted and computationally feasible
models for leaf disease classification. Although recent transformer-based architectures such as
Swin, DeiT, and ConvNeXt have shown strong performance in broader agricultural vision tasks,
they were not included in the baseline comparison for three specific reasons. First, transformer
models require significantly larger and more balanced datasets to achieve stable training, whereas
the current dataset is relatively small and class-imbalanced; preliminary tests with Swin-T and
DeiT-T resulted in pronounced overfitting even with extensive augmentation. Second, these
models incur substantially higher computational costs, making them unsuitable for the real-time,
resource-constrained agricultural settings that this work targets. Third, the existing literature on
rice leaf disease classification predominantly evaluates CNN-based and hybrid CNN-GAN
models, and the chosen baselines align with established benchmarking practices in this domain.
Therefore, the selected baselines provide a fair and contextually appropriate comparison for
evaluating the proposed HaEST-Loss integrated PD-KronNet framework.

4.4 Evaluation Metrics
The performance metrics used for HaEST-Loss are delineated as,
4.4.1 Accuracy

It is the overall ratio of accurate detections made by the classification approach out of all cases
[32]. It integrates both correctly classified disease plants and healthy plants that are determined as,

Acc = __ D (49)
C+D+E+F

4.4.2 TPR



It measures the proportion of actual diseased plants that is accurately identified by the approach
[32]. It is computed as,

C
C+F

TPR =

(50)

4.4.3 TNR

It estimates the ratio of actual healthy plants that is accurately identified by the framework [32],
which is calculated using,

D
D+ FE

TNR = (51)

Here, C, D, E, F symbolizes true positive, true negative, false positive and false negative.

Although metrics such as Precision, Recall, F1-score, and AUC are commonly used for evaluating
models on imbalanced datasets, they were not included in this study for two reasons. First, the
primary objective of this work is to measure the model’s ability to correctly identify diseased and
healthy samples, for which Accuracy, TPR, and TNR provide a direct and interpretable assessment
aligned with agricultural decision-making needs. TPR and TNR individually capture the model’s
sensitivity to diseased leaves and its reliability in rejecting healthy samples, ensuring that both
types of misclassification risks are represented. Second, to maintain consistency with prior
literature on rice leaf disease classification, the same evaluation criteria used in earlier baseline
studies were adopted, enabling a fair and comparable benchmarking setup. Nevertheless, the
proposed framework inherently supports the computation of Precision, Recall, F1-score, and AUC,
and these extended metrics can be incorporated in future extensions to provide a more detailed
analysis of performance on highly imbalanced datasets.

4.5 Performance Analysis

This evaluation of HaEST-Loss is demonstrated with diverse values of image size in terms of
epochs.

4.5.1 Evaluation of HaEST-Loss using Image size

Figure 7 shows the HaEST-Loss assessment by altering image size, which is taken as(512x512)

for beneath assessment. HaEST-Loss analysis using accuracy is displayed in Figure 7 a). The
HaEST-Loss attained accuracy as 85.306%, 86.854%, 88.563%, 89.732% and 91.924% for epochs
20 to 100. In Figure 7 b), HaEST-Loss estimation in terms of TPR is shown. The HaEST-Loss
achieved by TPR is 83.593%, 85.422%, 87.002%, 88.147% and 90.455% for epochs 20 to 100.
HaEST-Loss evaluation regarding TNR is manifested in Figure 7 ¢). The HaEST-Loss obtained for
TNR is 85.126%, 86.518%, 88.553%, 90.528% and 92.563% for epochs 20 to 100.
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Figure 7. Evaluation of HaEST-Loss using Image size, a) Accuracy, b) TPR, ¢) TNR

4.6 Comparative Methods

DSGANN-IAPO, BEiT+CNN, CNN and Custom CNN model are the conventional system
considered for the evaluation of the proposed HaEST-Loss.

4.7 Comparative Analysis

By altering the values of image size and K-value, the HaEST-Loss assessment is performed in the
following sections compared with the existing models mentioned above.

4.7.1 Evaluation of HaEST-Loss using Image size

HaEST-Loss analysis by varying image size is shown in Figure 8. Here, image size is assumed as
(512x512) for below analysis. In Figure 8 a), HaEST-Loss analysis with respect to accuracy is

demonstrated. The HaEST-Loss acquired by accuracy is 91.646%, while the traditional
frameworks like DSGANN-IAPO, BEiT+CNN, CNN and Custom CNN model achieved accuracy
as 84.512%, 86.117%, 87.963% and 89.140%. HaEST-Loss analysis regarding TPR is explicated
in Figure 8 b). The HaEST-Loss obtained TPR as 90.728%. By comparing the classical approaches
namely, DSGANN-IAPO, BEiT+CNN, CNN and Custom CNN model, the performance gain of
HaEST-Loss is 6.729%, 4.303%, 3.728% and 2.275%. HaEST-Loss assessment in accordance of
TNR is elucidated in Figure 8 c). The HaEST-Loss observed TNR as 92.610%. While comparing



classical methods, like DSGANN-IAPO, BEiT+CNN, CNN and Custom CNN model, the
performance enhancement of HaEST-Loss acquired 6.619%, 5.312%, 3.232% and 2.593%.
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Figure 8. Evaluation of HaEST-Loss using Image size, a) Accuracy, b) TPR, ¢) TNR

4.7.2 Evaluation of HaEST-Loss using K-fold

HaEST-Loss analysis by changing K-fold is illustrated in Figure 9. Here, 9 is assumed as K-fold
for the below evaluation. HaEST-Loss assessment on accuracy is enumerated in Figure 9 a). The
HaEST-Loss acquired for accuracy is 91.498%. The performance improvement of HaEST-Loss
attained by 6.915%, 4.281%, 3.675%, and 2.219% when comparing the former methods namely,
DSGANN-IAPO, BEiT+CNN, CNN and Custom CNN model. HaEST-Loss assessment using
TPR is explicated in Figure 9 b). The HaEST-Loss observed TPR as 90.319%. While comparing
the prior techniques, such as DSGANN-IAPO, BEiT+CNN, CNN and Custom CNN model, the
performance gain of HaEST-Loss achieved 7.302%, 4.803%, 3.472 and 2.362%. In Figure 9 ¢),
HaEST-Loss examination with respect to TNR is represented. The HaEST-Loss obtained by TNR
1s 92.649%, while the preceding approaches namely, DSGANN-IAPO, BEiT+CNN, CNN and
Custom CNN model reached TNR as 85.991%, 87.367%, 88.505% and 90.273%.
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Figure 9. Estimation of HaEST-Loss using K-fold, a) Accuracy, b) TPR, ¢) TNR

4.8 Comparative Discussions

Table 7 presents the comparative analysis of the proposed HaEST-Loss framework with existing
methods, namely DSGANN-IAPO, BEiT+CNN, CNN, and Custom CNN. The proposed
framework achieved an accuracy of 91.646%, outperforming DSGANN-IAPO (84.512%),
BEiT+CNN (86.117%), CNN (87.963%), and Custom CNN (89.140%). Similarly, the proposed
method obtained a TPR 0f 90.728% and a TNR of 92.610%, which are higher than those achieved
by all comparative approaches. The improved TPR demonstrates the capability of the proposed
framework to accurately identify diseased rice leaves, thereby reducing the possibility of
overlooking infected plants. Likewise, the superior TNR indicates that healthy leaves are correctly
recognized, minimizing false disease predictions and avoiding unnecessary treatments and
associated costs. These results confirm the effectiveness of the proposed HaEST-Loss framework
in improving rice leaf disease classification performance.

Although a comprehensive ablation study was not conducted in the current work, the superior
classification performance can be attributed to the complementary contributions of the integrated
components. The WLBP and GLCM descriptors effectively capture disease-specific texture and
lesion characteristics, while PDAN enhances attention-guided feature learning and DKN improves
feature representation capability. Furthermore, the proposed HaEST-Loss facilitates robust
optimization by balancing multiple learning objectives during training. The combined effect of
these components enables the framework to achieve superior Accuracy, TPR, and TNR compared



with existing approaches, thereby demonstrating the effectiveness of the proposed integrated
architecture for rice leaf disease classification.

In addition to the conventional CNN-based approaches considered in this study, recent
transformer-based architectures have demonstrated promising performance in plant disease
classification by effectively capturing long-range feature dependencies and global contextual
information. Similarly, advanced CNN models have achieved improved classification accuracy
through deeper hierarchical feature extraction mechanisms. However, these architectures generally
require substantially larger training datasets, higher computational resources, and increased
training complexity. In contrast, the proposed HaEST-Loss framework combines texture-based
feature extraction, attention-guided learning, Kronecker-based feature representation, and adaptive
loss optimization to achieve competitive classification performance while maintaining
computational efficiency. Therefore, the proposed framework offers a practical and effective
solution for rice leaf disease classification, particularly in agricultural environments where
computational resources and annotated training samples may be limited.

Table 7. Comparative Discussions

Variations | Metrics/ | DSGANN- | BEiT+CNN | CNN | Custom Proposed
Methods IAPO CNN HaEST-Loss
model
Image Accuracy 84.512 86.117 87.963 | 89.140 91.646
size= (%)
(512 X 512) TPR (%) 84.623 86.824 87.346 | 88.664 90.728
TNR (%) 86.480 87.691 89.617 | 90.209 92.610
K-fold=9 | Accuracy 85.171 87.581 88.135 | 89.467 91.498
(7%0)
TPR (%) 83.724 85.981 87.184 | 88.186 90.319
TNR (%) 85.991 87.367 88.505 | 90.273 92.649

4.9 Limitations and Future Work

Although the proposed framework achieved superior classification performance, a component-
wise ablation analysis evaluating the individual contributions of WLBP, GLCM features, PDAN,
DKN, and HaEST-Loss was not conducted in the current study. The primary objective of this work
was to evaluate the effectiveness of the integrated rice leaf disease classification framework. Each
component contributes a specific functionality within the architecture, where WLBP and GLCM
capture discriminative texture characteristics, PDAN performs multi-scale attention learning,
DKN enhances feature representation capability, and HaEST-Loss improves optimization stability
and classification performance. Future work will focus on conducting a comprehensive ablation
study to quantitatively assess the contribution of each component and further optimize the
proposed framework.

5. Conclusion

Indian agriculture plays a crucial role in meeting the growing food demands of a large population,
with rice serving as a primary food grain that supports nearly half of the world’s population.



However, rice crops remain highly susceptible to various leaf diseases that cause significant yield
reduction and economic losses, while timely and accurate detection continues to be a challenge
due to limited resources, inadequate equipment, and insufficient expert knowledge. To address
these limitations, this study presents a rice leaf disease classification framework based on HaEST-
Loss, wherein leaf images are pre-processed using a contra-harmonic mean filter, segmented
through LadderNet, subjected to feature extraction, and finally classified using the PDKN model
enhanced with HaEST-Loss. The proposed method demonstrates strong performance, achieving
an accuracy of 91.646%, a TPR 0of 90.728%, and a TNR of 92.610%. Future improvements include
integrating IoT sensors into rice fields to capture humidity, temperature, and other environmental
parameters for comprehensive plant health analysis. Beyond IoT integration, the framework can
be further extended through transfer learning to generalize disease detection across various crop
types, expanded into a multimodal system by incorporating climate, soil, and environmental data
alongside image features, and optimized into lightweight versions using pruning, quantization, and
knowledge distillation to enable efficient deployment on mobile and edge devices. These
advancements will enhance scalability, support real-time field applications, and promote wider
adoption in resource-constrained agricultural environments.
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