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ARTICLE INFO ABSTRACT

Dataset link: https://doi.org/10.5281/zenodo.1 Early and accurate identification of paddy leaf diseases is crucial for timely intervention and effective crop
8334503 management. Although deep learning based approaches have demonstrated strong performance in paddy leaf
Keywords: disease classification, they often struggle to capture the diverse multiscale symptom patterns of diseases,
Paddy leaf disease classification resulting in the misclassification of challenging samples. Moreover, the high computational cost of deep
Feature pyramid network learning based models remains a significant limitation. To address these challenges, this study proposes a
Knowledge distillation novel Haar wavelet-guided deep Feature Pyramid Network (FPN) model. In the proposed framework, deep
Haar wavelet-guided deep learning features are extracted using a backbone network, and a FPN is employed to capture multiscale disease

symptoms. In parallel, Haar wavelet features are extracted to provide complementary texture cues that are
not explicitly modelled by deep features. Guided by these wavelet features, a gating-based dynamic feature
selection module is then utilised to identify image-specific FPN features, which are subsequently used for
classification. In the second phase of the study, a lightweight variant of the proposed model is developed
using a knowledge distillation technique, achieving high classification accuracy while substantially reducing
the number of parameters and FLOPs. In addition, a new benchmark dataset, named NP-LankaPaddy, is
constructed to address the limited availability of datasets representing Sri Lankan paddy leaf disease conditions.
Experimental results demonstrate that both the proposed approach and its lightweight variant outperform state-
of-the-art methods across four benchmark datasets, achieving notably high accuracies of 98.04% and 97.84%,
respectively, on the well known Paddy Doctor dataset. The source code and dataset supporting this study are
openly available at https://doi.org/10.5281/zenodo.18334503.

1. Introduction affecting germination and seedling development (Pan et al., 2023; Xie

et al., 2025). Consequently, accurate and timely disease identification

Rice, the staple food for more than half of the world’s population, is essential for effective crop management. Despite this importance,

plays a vital role in global food security, with Asia remaining the current practices still rely heavily on manual visual inspection by ex-

dominant region for both its production and consumption (Food and perts, which is time-consuming, subjective, and prone to inconsistency,
Agriculture Organization of the United Nations (FAO), 2025). However, thereby limiting timely intervention and large-scale monitoring.

Sri Lanka represents a critical case study, where paddy cultivation
occupies approximately 29% of total cultivated land and supports
millions of farming households (Department of Agriculture, Sri Lanka,
2024). Paddy farming has a long history in the country and is organised
around the Maha and Yala cultivation seasons. Common diseases such
as rice blast, brown spot, bacterial leaf streak, and sheath blight signif-
icantly affect production (Department of Agriculture, Sri Lanka, 2025).

paddy diseases pose a significant threat to agricultural sustainability
by reducing both yield quantity and grain quality. The occurrence and
severity of these diseases are influenced by multiple factors, including
climatic conditions, water availability, nutrient management, humidity,
and farming practices (Ranasinghe et al., 2022). In addition, environ-
mental stresses, particularly temperature variations such as cold stress
during early growth stages, further complicate disease manifestation by
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Although numerous automated disease recognition systems have been
developed in other regions, their direct applicability to Sri Lanka re-
mains limited due to region-specific climatic conditions, environmental
variability, and differences in disease manifestation (Yugander et al.,
2015). Furthermore, real-world field conditions introduce additional
challenges, including complex backgrounds, varying illumination, oc-
clusions, and noise. Early-stage disease symptoms often appear as subtle
variations in colour, texture, and intensity, making accurate detection
particularly challenging.

Over the past decade, a wide range of automated computational
methods have been developed for detecting paddy leaf diseases, as sum-
marised in Table 1. Early approaches predominantly relied on hand-
crafted texture and statistical descriptors (Pothen and Pai, 2020; Singh
et al., 2023; Kaviya and Selvakumar, 2023). In addition, features based
on colour, shape, and lesion geometry have been explored (Chawathe
and Sudarshan, 2020), often in conjunction with segmentation tech-
niques to isolate regions of interest from complex backgrounds (Dubey
and Choubey, 2025; Bharanidharan et al., 2023). Although these meth-
ods are computationally efficient and interpretable, they depend heav-
ily on manual feature engineering and exhibit limited generalisation
across varying field conditions.

With the advancement of deep learning, convolutional neural net-
works (CNNs) have emerged as the dominant approach for paddy
disease classification due to their ability to automatically learn hier-
archical feature representations from raw images (Mahadevan et al.,
2024; Ritharson et al., 2024; Krishnamoorthy et al., 2021; Prottasha
et al., 2022). To mitigate the challenge of limited labelled data, transfer
learning has been widely adopted (Rahman et al., 2020; Petchiammal
and Murugan, 2025; Padhi et al., 2024). In addition, attention mecha-
nisms (Al-Gaashani et al.,, 2023) have been introduced to emphasise
discriminative regions, while multimodal frameworks incorporating
thermal imaging have been explored to improve robustness under vary-
ing environmental conditions (Padhi et al., 2025). Despite achieving
high classification accuracy, these approaches exhibit several limita-
tions. Deep architectures rely on repeated downsampling operations,
which lead to the loss of fine-grained spatial details that are essential
for detecting early-stage symptoms and subtle lesion patterns. Fur-
thermore, pretrained models are typically optimised for general object
recognition tasks and fail to capture domain-specific characteristics
such as multiscale symptom variations and subtle texture and colour
differences.

A few recent studies have explored hybrid and efficiency-oriented
approaches to address the limitations of deep-learning and handcrafted
feature methodologies. Hybrid models combined handcrafted and deep
features (Vandana and Vinod, 2025; Uddin and Joolee, 2024) to im-
prove feature representation; however, simple feature concatenation
often introduces redundancy, increases computational cost, and fails
to effectively model feature complementarity. Lightweight architec-
tures (Subbarayudu and Kubendiran, 2025; Aggarwal et al., 2024;
Padhi et al.,, 2024) have been proposed to facilitate deployment on
resource-constrained devices; however, their reduced representational
capacity constrains their ability to effectively capture complex mul-
tiscale disease patterns. Similarly, model compression techniques, in-
cluding structured pruning (Zhu et al., 2022; Kumar et al., 2025) and
knowledge distillation (Luo et al., 2023; Cai et al.,, 2024), improve
efficiency but can discard critical features. In knowledge distillation,
transferring knowledge between highly similar or identical teacher and
student models is not optimal, as it limits the diversity and richness
of the learned representations, whereas heterogeneous teacher-student
configurations provide more informative supervisory signals. Moreover,
many existing models are trained on controlled datasets with simple
backgrounds, limiting their robustness in real-world field environments
(Yugander et al., 2015).

Despite significant progress, existing approaches exhibit three key
limitations: an inability to effectively model multiscale disease patterns,
high computational complexity that hinders real-world deployment,
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Fig. 1. Illustration of multiscale disease symptoms on rice leaves. From left
column to right column: (a) rice blast, (b) brown spot, (c) sheath blight and
(d) leaf streak.

and limited robustness under diverse field conditions. The primary
limitation arises from the presence of multiscale symptoms, as illus-
trated in Fig. 1, where disease patterns vary substantially in size, shape,
colour, and intensity across different disease types and stages of pro-
gression. Such variability makes it difficult to consistently distinguish
between diseases, even for experienced experts. Although this challenge
is fundamental, most existing approaches lack effective mechanisms
to explicitly model multiscale characteristics. Evidence from related
domains highlights the importance of multiscale and discriminative
feature representations for capturing subtle patterns (Li et al., 2026;
Jiang et al., 2025). In addition, existing approaches often prioritise
classification accuracy without adequately addressing computational
efficiency, which is critical for real-world deployment. Lightweight
and efficient models are essential for implementation on resource-
constrained devices commonly used in agricultural settings; however,
many high-performing models remain computationally intensive. Fur-
thermore, most existing methods are developed and evaluated using
images captured under controlled conditions, such as detached leaves
with uniform backgrounds, which do not accurately reflect real field
environments. As a result, these models often exhibit degraded perfor-
mance when applied to practical scenarios characterised by complex
backgrounds, varying illumination, and occlusions.

This study aims to address these limitations by proposing a novel
hybrid architectural framework. The proposed approach integrates a
Feature Pyramid Network (FPN) within a HydraNet (Shazeer et al.,
2018)-inspired architecture to facilitate accurate disease recognition
in the presence of multiscale symptoms. The proposed Haar wavelet-
guided FPN model enables multiple parallel branches to process multi-
scale features through adaptive feature selection, dynamically selecting
and emphasising the most relevant feature representations based on the
input, thereby allowing the model to specialise in recognising disease
symptoms with varying sizes and visual characteristics. Unlike conven-
tional gating strategies in existing HydraNet models, which primarily
rely on spatial features, the proposed approach employs a wavelet-
based gating mechanism. This mechanism facilitates the exploitation
of complementary frequency-domain information, which is crucial for
capturing subtle texture variations and complex multiscale disease
patterns.

Although the proposed Haar wavelet-guided FPN model achieves
outstanding disease recognition accuracy on publicly available datasets,
its computational cost remains relatively high. To mitigate this lim-
itation, this study develops a lightweight and computationally effi-
cient model through a knowledge distillation framework while pre-
serving comparable performance. This strategy achieves a favourable
balance between accuracy and efficiency, enabling deployment on
resource-constrained devices.
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Table 1
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Comparative analysis of paddy disease classification approaches over the past five years. The table is intended to provide a general summary of existing methods
and reported performance trends in the literature rather than a strict benchmark comparison, as the studies were conducted under different experimental settings.
H.C. denotes handcrafted features, Deep indicates deep learning based features, and Hybrid represents combined feature approaches. Pub refers to publicly
available datasets, #cls indicates the number of disease classes, #img denotes the number of images, RLD indicates Rice Leaf Diseases, RLDD indicates Rice
Leaf Diseases Dataset, RLDIS indicates Rice Leaf Disease Image Samples, RV3 indicates Rice Leaf 5 diseases, RDID indicates Rice Diseases Image Dataset and NG

indicates information not reported in the original publication.

Approach Year Feature type Dataset Parameters (M) Accuracy (%)
H.C Deep Hybrid Pub Name #cls #img
Pothen and Pai (2020) 2020 Vv - - v RLD (UCD 3 120 NG 94.60
Jiang et al. (2020) 2020 - v - X NG 4 NG 0.6 96.80
Li et al. (2020) 2020 - v - X Hunan Rice 3 5320 8.0 98.26
Rahman et al. (2020) 2020 - v - v NG 10 1426 0.8 93.33
Prottasha et al. (2022) 2021 - v - X NG 11 1677 3.5 96.30
Bari et al. (2021) 2021 - v - X NG 3 2400 NG 99.17
Swathika et al. (2021) 2021 - v - X NG 1 3081 NG 69.90
Sowmyalakshmi et al. (2021) 2021 - v - v RLD (UCD) 3 120 44.7 94.20
Krishnamoorthy et al. (2021) 2021 - v - X NG 3 5200 55.9 95.67
Ganesan and Chinnappan (2022) 2022 - v - v RLDIS (Mendely) 4 5932 33.0 90.00
Latif et al. (2022) 2022 - v - v RiceLeafsv3 (Kaggle) 5 2730 143.7 96.08
Lu et al. (2022) 2022 - v - X NG 5 NG 1.0 99.35
Yakkundimath et al. (2022) 2022 - v - X UAS Dharwad 24 1200 138.4 92.24
Al-Gaashani et al. (2023) 2023 - v - X RDID (Kaggle) 4 400 28.6 98.71
Ahad et al. (2023) 2023 - v - X NG 9 900 97.2 97.62
Zeng et al. (2023) 2023 - v - X RLD (Kaggle)+ RLDIS (Mendely) 4 10241 42.6 95.57
Benita et al. (2023) 2023 - v - v RLDIS (Mendely) 6 2710 NG 89.83
Singh et al. (2023) 2023 - - X NG 1 NG NG 99.10
Jiang et al. (2023) 2023 - v - X NG 4 805 86.0 92.00
Zhou et al. (2023) 2023 - v - X NG 5 1353 20.8 99.40
Hasan et al. (2023) 2023 - v - X NG 3 2700 3.9 97.90
v Dhan-Shomadhan (Mendely) 4 1106 3.9 88.30
v RLDIS (Mendely) 4 5932 3.9 92.70
Kaviya and Selvakumar (2023) 2023 v - - v NG 4 2092 NG 95.34
Kumar et al. (2023) 2023 - v - v RLDIS (Mendely) 4 5932 48.0 99.55
v RLD (UCD 3 120 48.0 97.05
Salamai et al. (2023) 2023 - v - v Paddy Doctor 10 10407 60.0 98.74
Petchiammal et al. (2023) 2023 - v - v Paddy Doctor 13 16225 21.8 97.50
Dubey and Choubey (2024) 2024 - v - X Plant Village 4 NG NG 94.23
Kaur et al. (2024) 2024 - v - v RV3 6 2710 138.4 97.50
Waghmare (2024) 2024 - v - v RV3 6 2710 60.4 95.03
Kumar et al. (2024) 2024 - v - v Paddy Doctor 13 16225 60.0 94.90
Padhi et al. (2024) 2024 - v - v Paddy Doctor 10 23916 19.5 96.91
Jithya et al. (2024) 2024 - v - v Paddy Doctor(Kaggle) 10 13876 20.0 99.94
Ritharson et al. (2024) 2024 - v - X RLDIS (Mendely) 9 5932 138.4 99.70
Alsakar et al. (2024) 2024 v - - v RLDIS (Mendely) 4 5932 NG 99.53
X NG 5 2800 NG 99.40
v RLDD (Mendeley) 3 4684 NG 99.10
Jain and Kumar (2024) 2024 - v - X Paddy Doctor (Kaggle) 10 NG 25.6 98.03
Pandi et al. (2024) 2024 - v - v RLD (UCD 3 120 NG 96.70
Uddin and Joolee (2024) 2024 v v v v Paddy Doctor 13 16225 55.9 98.52
Padhi et al. (2025) 2025 - v - v RLDIS (Mendely) 4 5932 41.0 99.43
Petchiammal and Murugan (2025) 2025 - v - v RLDIS (Mendely) 4 5932 8.1 97.60
Kumar and Sakthivel (2025) 2025 - v - v RLDD (Kaggle) 6 2627 143.7 97.60
Bala Ayyappan et al. (2025) 2025 - v - v Paddy Doctor (Kaggle) 10 10407 8.1 97.50
Wu et al. (2025) 2025 - v - v Paddy Doctor (Kaggle) 10 13876 0.4 97.98
Subbarayudu and Kubendiran (2025) 2025 - v - v Paddy Doctor (Kaggle) 10 13876 8.1 98.50
Rakshit et al. (2025) 2025 - v - v RLDIS (Mendely) 4 5932 138.4 99.97
Navaneetha et al. (2025) 2025 - v - v RLDIS (Mendely) 4 5932 NG 99.84
Vijayakumar et al. (2025) 2025 - v - v Paddy Doctor 13 16225 60 96.80

This study introduces NP-LankaPaddy, a novel benchmark dataset
for paddy leaf disease recognition, constructed using image samples
collected from the Northern region of Sri Lanka. Although several
public datasets exist, their applicability to the Sri Lankan context is
limited, as disease manifestations are always region-specific. In contrast
to most existing datasets, NP-LankaPaddy comprises in-field images
capturing paddy leaf disease symptoms across diverse growth stages
and environmental conditions.

The key contributions of this work are summarised as follows:

1. A novel Haar wavelet-guided FPN architecture is proposed for
paddy leaf disease recognition, enabling effective capture of
disease characteristics in the presence of multiscale symptoms.

2. A new benchmark dataset is introduced for the recognition
of four paddy leaf diseases. To the best of our knowledge,

this represents the first publicly available paddy leaf disease
classification dataset collected in the Sri Lankan context.

3. The proposed approach demonstrates state-of-the-art classifica-
tion performance on four publicly available benchmark datasets,
while exhibiting better computational efficiency compared to
existing methods.

2. Materials and methods

This study proposes a hybrid feature based model for paddy dis-
ease classification. A novel Feature Pyramid Network based HydraNet
architecture integrated with an adaptive wavelet gating framework is
designed to address the challenge of multiscale lesion manifestations.
As illustrated in Fig. 2, deep features are extracted at multiple spatial
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Fig. 2. Overall all architecture of the proposed model. Deep features are extracted at multiple spatial scales from different depths of the EfficientNetV2-M
backbone and refined through nine parallel branches. In parallel, a single-level 2D discrete Haar wavelet transform decomposes the input image into multiple
subbands, which are further processed by convolutional layers to obtain learnable, disease-aware gating features. These features dynamically guide the selection

and fusion of branch outputs.

Fig. 3. Symptoms of four common paddy diseases (left to right): Brown spot —
circular to oval brown lesions with dark brown to purplish black margins; Rice
blast — spindle shaped leaf lesions with white/ashy centre with dark brown
to reddish brown margin; Leaf streak — linear, light-brown lesions between
veins; Sheath blight — elliptical or irregular with a white/grey centre and a
distinct brown to dark brown margin.

scales from different depths of the EfficientNetV2-M backbone to cap-
ture disease symptoms of varying sizes. These features are subsequently
refined by a FPN and distributed into multiple parallel branches, each
representing a distinct scale of deep representation. In parallel, a single
level two dimensional discrete Haar wavelet transform is applied to
decompose the input image into multiple subbands, which are further
processed by convolutional layers to obtain learnable disease aware
gating features. As the Haar wavelet subbands preserve localised inten-
sity variations and abrupt spatial transitions, which are critical cues for
early stage disease symptoms, they provide complementary information

to the deep features. Finally, these wavelet based gating features dy-
namically guide the selection and fusion of the branch outputs. In the
second phase of the proposed methodology, a lightweight version of the
proposed model is developed using a knowledge distillation framework.

The following subsections of the methodology describe the newly
constructed NP-LankaPaddy dataset and other benchmark datasets,
the proposed network architecture, the training procedures employed,
the knowledge distillation framework, the implementation details, and
the evaluation metrics and experimental protocols used to assess the
performance of the proposed model.

2.1. Datasets

To comprehensively evaluate the classification performance and
generalisation capability of the proposed framework, experiments were
conducted using the NP-LankaPaddy dataset together with four publicly
available benchmark datasets. These datasets differ substantially in
terms of disease categories, acquisition environments, dataset size,
and visual complexity, thereby enabling a rigorous evaluation under
both controlled and real-world cultivation conditions. Consequently,
the experiments effectively demonstrate the generalisation capability
and robustness of the proposed approach.

2.1.1. NP-LankaPaddy dataset

Although several benchmark datasets exist for paddy leaf disease
classification, they mainly comprise images from India and other South
Asian countries and do not reflect Sri Lankan cultivation conditions.
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Fig. 4. Diversity and generalisability of the NP-LankaPaddy dataset. Images
were captured under varying weather conditions, from different viewing
angles, and with diverse background settings.

Existing datasets (Tjikoa, 2022; Shah et al., 2017; Saputra, 2022) also
predominantly rely on laboratory settings with white backgrounds,
limiting their ability to capture real field visual variability. Since dis-
ease manifestations are strongly influenced by regional factors such as
climate, soil, rice cultivar, and farming practices (de S. Seneviratne and
Jeyanandarajah, 2004), a Sri Lankan paddy leaf disease dataset with
natural backgrounds is essential for developing reliable and practical
recognition systems.

In this study, a new benchmark dataset, termed the NP-LankaPaddy
dataset, was constructed for the classification of four major paddy
leaf diseases prevalent in Sri Lanka: Brown spot, rice blast, sheath
blight, and leaf streak. There is limited availability of publicly acces-
sible datasets representing paddy leaf diseases under Sri Lankan field
conditions. The proposed dataset addresses this gap by including four
major disease categories relevant to the local context. Consequently,
it provides a useful resource for advancing research in Sri Lanka and
other paddy growing regions with similar disease distributions.

As illustrated in Fig. 3, brown spot is characterised by circular
to oval brown lesions on young leaves and coleoptiles, typically sur-
rounded by dark brown to purplish black margins. Seedlings often
exhibit reddish-brown discolouration of varying sizes, which may ul-
timately result in chalky and discoloured grains. Rice blast is identified
by spindle shaped leaf lesions with water soaked lesions with white cen-
tres and green margin, which can progress to neck rot and white/ashy
centre with dark brown to reddish brown margin. Leaf streak manifests
as small, linear, light-brown lesions between veins, often appearing
translucent under light and humid conditions, and can ultimately lead
to leaf browning and plant death. Sheath blight initial symptoms appear
as small, oval to irregular, white/grey or water-soaked lesions on the
leaf sheath, as the disease progresses, the lesion centre gradually turns
whitish to light grey, while the margins become irregular and brown.

In the NP-LankaPaddy dataset, images were collected across the two
major paddy growing seasons in Sri Lanka, namely the Maha season and
the Yala season. Paddy leaf samples were acquired directly from culti-
vation fields in four major districts of the Northern Province: Jaffna,
Mannar, Kilinochchi, and Mullaitivu. The dataset comprises images
from multiple paddy cultivars in these regions, including Aattakkari,
Bg406, Bg360, and Bg300. All images were captured under natural
field conditions using mobile phone cameras rather than professional
imaging equipment, in order to reflect realistic and practical deploy-
ment scenarios. As illustrated in Fig. 4, the NP-LankaPaddy dataset is
highly diverse, encompassing images captured from varied viewing an-
gles under different lighting conditions, with diverse backgrounds and
environmental variations, and without artificial filtering or alterations,
thereby reflecting real-world field conditions.

As summarised in Table 2, a total of 2002 images were collected,
of which 1400 images (70%) were allocated for training, while the
remaining images were reserved for testing. All images were manually
annotated by trained personnel with expertise in plant pathology from
the Department of Agricultural Biology, Faculty of Agriculture, Uni-
versity of Jaffna, Sri Lanka. The dataset was annotated at the disease
class level based on established diagnostic characteristics under field
conditions and includes both clear and complex symptom variations
with overlapping features.

Computers and Electronics in Agriculture 250 (2026) 111960

Table 2
Composition and characteristics of the NP-LankaPaddy dataset.

Dataset characteristic Description

Dataset name NP-LankaPaddy
Total number of images 2002

Image resolution (pixels) 768 x 1024
Number of disease classes 4

Brown spot 575 images (Train: 402, Test: 173)
Leaf streak 610 images (Train: 427, Test: 183)
Rice blast 512 images (Train: 358, Test: 154)

Sheath blight
Image acquisition setting
Paddy growing seasons
Data collection regions

305 images (Train: 213, Test: 92)

In-field (natural cultivation conditions)

Maha (1667 images), Yala (335 images)

Jaffna, Mannar, Kilinochchi, Mullaitivu in Nothern
Province

Aattakkari, Bg406, Bg360, Bg300

Illumination, viewing angles, and background clutter
Manual annotation under the supervision of
agricultural officers

Cropping, and resizing

iPhone 14, Galaxy A54
https://doi.org/10.5281/zenodo.18334503

Rice cultivars
Image variability factors
Annotation methodology

Preprocessing steps
Image capture devices
Dataset link

2.1.2. Publicly available benchmark datasets

In addition to the newly constructed NP-LankaPaddy dataset, the
proposed framework was further evaluated on four publicly available
benchmark datasets, namely the UCI-Rice Leaf Diseases dataset (Shah
et al., 2017), Mendeley-Rice Leaf Disease Image Samples dataset (Sethy,
2024), RiceLeafsv3 dataset (Tjikoa, 2022), and Paddy Doctor dataset
(Petchiammal et al., 2022).

UCI-Rice Leaf Diseases Dataset: The UCI rice leaf diseases dataset
(Shah et al., 2017) is a small-scale multiclass classification benchmark
comprising 120 images captured under controlled conditions against
a uniform white background. It contains three disease categories: bac-
terial leaf blight, brown spot, and leaf smut. For model training and
evaluation, the dataset is divided into 70% training and 30% testing
subsets. To enhance generalisation and compensate for the limited
dataset size, data augmentation techniques are applied during training.

Mendeley-Rice Leaf Disease Image Samples Dataset: The Mende-
ley Rice Leaf Disease Image Samples dataset (Sethy, 2024) is a widely
used benchmark for high-precision paddy disease classification and
has been adopted in numerous comparative studies. It comprises 5932
images spanning four disease categories: bacterial blight, blast, brown
spot, and tungro. Although the images exhibit some background vari-
ation, the overall diversity remains limited compared with in-field
datasets. For this study, the dataset is partitioned into 70% training
and 30% testing subsets to evaluate classification performance.

RiceLeafsv3: The RiceLeafsv3 dataset (Tjikoa, 2022) is utilised to
assess the generalisation capability of the proposed framework across
multiple paddy leaf disease categories. It comprises 2710 images or-
ganised into predefined training and validation subsets, captured under
controlled conditions against a uniform white background. The dataset
includes six classes: bacterial leaf blight, brown spot, healthy, leaf blast,
leaf scald, and narrow brown spot. In this study, the original split
provided by the authors is adopted without modification, where the
training subset is used for model learning and the validation subset for
testing, ensuring a fair and consistent evaluation protocol aligned with
prior work.

Paddy Doctor: The Paddy Doctor dataset (Petchiammal et al.,
2022) constitutes the most challenging benchmark employed in this
study, comprising 13 paddy disease categories collected under real-
world in-field conditions. It includes a total of 16,225 labelled paddy
leaf images spanning the following classes: bacterial Leaf Blight, bac-
terial Leaf Streak, bacterial panicle blight, black stem borer, blast,
brown spot, downy mildew, hispa, leaf roller, tungro, white stem borer,
yellow stem borer, and normal. These categories exhibit consider-
able variability in symptom manifestation, illumination conditions, and
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background clutter. This study utilises the paddy-doctor-diseases-small-
split version of the dataset, which provides a predefined training-testing
partition. The training set comprises 12,980 images (80%), while the
remaining 3245 images (20%) are reserved for testing. As the dataset
is pre-partitioned, the original split is directly adopted to ensure fair
and reproducible evaluation and to enable consistent comparison with
existing studies that employ the same dataset configuration.

2.2. Architecture of the proposed model

The proposed Haar wavelet-guided FPN paddy disease classification
model as shown in Fig. 2, comprises three main modules: (i) a Fea-
ture Pyramid Network for extracting and fusing rich multiscale spatial
representations; (ii) a Haar wavelet-based feature extraction module
for capturing discriminative frequency-domain information; and (iii)
a HydraNet-inspired gating mechanism that dynamically selects the
most informative deep feature pathways based on the characteristics of
the input images. Collectively, these components facilitate robust and
context-aware feature fusion, effectively addressing challenges such as
scale variation, texture diversity, and real in-field imaging conditions
in paddy leaf disease recognition.

2.2.1. Feature pyramid network module

Conventional CNN-based paddy disease classification approaches
typically rely on deep features extracted at a single spatial resolution,
often from the final convolutional layer, which limits their ability to
capture disease symptoms occurring at multiple scales. In paddy leaf
images, visual manifestations such as lesions, streaks, and discoloura-
tions vary from fine-grained spots to large infected regions. Further-
more, successive downsampling operations in deep networks reduce
spatial resolution, frequently causing the loss of critical fine-grained
details that are essential for accurate and early disease recognition. To
address these limitations, a Feature Pyramid Network (FPN) module is
integrated into the proposed approach.

The proposed FPN module constructs a hierarchical multiscale fea-
ture representation that preserves fine-grained local details as well as
broader contextual information, thereby enabling the network to jointly
model small lesion patterns and large-scale disease regions through
feature fusion across multiple spatial resolutions. As shown in Fig. 2,
the proposed FPN module exploits low-level feature maps to capture
fine-grained cues such as small lesions and sharp disease boundaries,
while higher-level maps encode semantically rich representations that
model broader contextual patterns, including extensive discolouration
and advanced disease spread.

EfficientNetV2-M (Tan and Le, 2021) is selected as the backbone of
the FPN module due to its favourable balance between computational
efficiency and representational capacity. The proposed FPN module
employs bottom up and top down pathways with lateral connections
to facilitate effective multiscale feature integration. The bottom up
pathway corresponds to the standard feed forward operations of the
EfficientNetV2-M backbone, producing a hierarchy of feature maps
with increasing semantic richness and decreasing spatial resolution.
In this pathway, feature maps are extracted from key stages of the
backbone, denoted as C; to C; in Fig. 2, to capture a broad spectrum of
information, ranging from low level texture and edge details in shallow
layers to high level semantic representations in deeper layers. These
multi depth features provide a comprehensive characterisation of paddy
leaf disease patterns across different abstraction levels.

The top down pathway of the proposed FPN upsamples higher level,
semantically rich feature maps and fuses them with corresponding
lower level feature maps through lateral connections. This pathway is
crucial for enhancing sensitivity to small lesions and subtle discoloura-
tions on paddy leaves. Prior to feature fusion, a 1 x 1 convolution
with 512 filters is applied along the lateral (horizontal) connections
to align channel dimensions, ensuring compatibility for element-wise
addition while preserving both local and global contextual information.
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In the EfficientNetV2-M backbone, feature maps extracted at different
stages exhibit progressively increasing strides with respect to the in-
put image resolution (H, W), resulting in feature representations of
size (H/s;,W/s;). To achieve spatial alignment during fusion, each
coarser feature map is upsampled according to the stride ratio between
adjacent pyramid levels. In addition, channel attention is consistently
applied to both the lateral feature maps and the top-down upsampled
features prior to fusion, thereby enabling adaptive recalibration of
feature responses across both pathways. This dual-path attention mech-
anism strengthens the representation of fine-grained colour variations
and small lesion patterns in paddy leaves, leading to more effective
multiscale disease classification. The proposed top-down fusion process
is therefore formulated as:

P, =.A(C,)+A(Upsample(P,+1,S’A_—’;‘)), @

where A(-) denotes channel attention, which emphasises informative
channels and suppresses less relevant ones. C; is the backbone feature
at level /, P, is the fused feature map, and s, represents the stride.
Upsample(.) resizes P, by Y’SL‘ to match the spatial resolution of level
I for element-wise fusion.

In the proposed FPN module, a Convolution Batch Normalisation
(CB) block is applied after the feature fusion stage, as illustrated in Fig.
2. This block enhances feature discrimination by sequentially integrat-
ing separable convolution, batch normalisation, and ReLU activation.
The separable convolution enables efficient spatial and channel-wise
feature refinement of the fused multiscale representations while re-
ducing computational complexity. Batch normalisation stabilises the
fused feature distributions and facilitates reliable training, while the
ReLU activation enhances discriminative disease-related patterns. At
the end of the CB block, a Global Average Pooling layer is employed to
aggregate spatial information across each feature map, compressing the
refined multiscale features into a compact 1 x 1 x 512 representation.

The proposed FPN model produces nine outputs, each with a dimen-
sionality of 1 x 1 x 512, representing multilevel, multiscale features of
the input image derived from different pyramid levels.

2.2.2. Haar wavelet-based feature extraction module

In the proposed approach, Haar wavelet-based features are ex-
tracted and utilised as complementary frequency-domain cues to guide
the FPN-based deep features through an adaptive HydraNet-based gat-
ing mechanism. These Haar wavelet-based features complement the
deep FPN representations by capturing frequency-domain and localised
texture information that is not explicitly modelled by conventional con-
volutional feature hierarchies. While FPN-based deep features primarily
learn spatial-domain representations with increasing semantic abstrac-
tion across multiple scales, they may overlook subtle high-frequency
patterns that are crucial for discriminating fine-grained visual varia-
tions in paddy leaf disease classification.

The proposed Haar wavelet-based feature extraction module oper-
ates directly on the raw input image and generates the gating vector
used in the HydraNet-based gating mechanism. Wavelet features of-
fer a joint spatial frequency representation that explicitly separates
low- and high-frequency components while preserving spatial local-
ity (Mallat, 1989). High-frequency sub-bands capture abrupt intensity
changes, sharp edges, and fine-grained texture variations associated
with small lesions and early-stage disease symptoms, whereas low-
frequency components encode smooth intensity variations and coarse
structural patterns corresponding to larger infected regions and ad-
vanced disease progression. This complementary frequency decompo-
sition renders wavelet features well suited for guiding branch selection
in multiscale architectures.

In the proposed module, the input image is decomposed using
a single-level two-dimensional discrete Haar wavelet transform. For
each colour channel, this decomposition produces four sub-bands as
shown in Fig. 5 one low-frequency approximation (LL) and three high-
frequency detail components (LH, HL, and HH). In a two-dimensional
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Fig. 5. Illustration of the single-level 2D discrete Haar wavelet decomposition
showing four sub-bands for Red colour channel: LL (approximation), and LH,
HL, HH (horizontal, vertical, and diagonal detail components).

discrete wavelet transform, the LL sub-band captures low-frequency
approximation information representing global structure, while the
LH, HL, and HH sub-bands encode high-frequency directional details
corresponding to horizontal, vertical, and diagonal intensity variations,
respectively. In the proposed module, these sub-bands are stacked to
form a frequency-aware representation of size % X % X 12, where H
and W denote the original image dimensions.

As described in Mallat (1989), the one-level two-dimensional dis-
crete Haar wavelet decomposition of an image channel I(x, y) can be
expressed as follows:

LL=( *¢y*¢,) 12,
LH = * ¢y xyy) |2,
HL=( xy, x¢,) |2,
HH = *y, xy,) |2,

@

where * denotes convolution, ¢ and y are the Haar scaling (low-pass)
and wavelet (high-pass) functions, respectively, and | 2 represents
downsampling by a factor of two along each spatial dimension.

In the implementation, wavelet decomposition is integrated as a
learnable operation within the network rather than using a fixed con-
figuration. Symmetric padding is applied to preserve edge continuity
and reduce boundary artefacts, while a stride of two maintains multi-
scale feature representation through downsampling. The computational
overhead introduced by the proposed learnable wavelet decomposition
is negligible, since the decomposition operation is lightweight and im-
plemented using efficient convolutional operations within the network.
Rather than directly utilising the raw wavelet coefficients as gating
features, the proposed module learns disease-aware representations
through trainable transformations. To further enhance adaptability,
two trainable scalar parameters, « and f, are introduced to modulate
the contribution of different frequency components as follows:

-~ a-W,, k=LL,
Wk = (3)
B-W,, ke {LHHL,HH},

where W, denotes the Haar wavelet sub-bands and W, represents the
modulated coefficients. The parameter a controls the contribution of
low-frequency structural information, while g regulates high-frequency
detail responses associated with lesion boundaries and fine texture
variations. Both parameters are initialised to 1.0 and optimised through
backpropagation, enabling the gating mechanism to dynamically adapt
to disease characteristics of varying scale.

In place of directly utilising the extracted features, the proposed
framework further refines the frequency-aware representations through
a lightweight convolutional sub-network. This sub-network transforms
the fixed wavelet responses into learnable, disease-aware features.
Specifically, the stacked wavelet sub-bands of dimension £ x ¥ x12 are
processed by successive convolution batch normalisation ReLU blocks,
interleaved with max-pooling operations. These stages progressively re-
duce the spatial resolution while increasing the channel dimensionality,
enabling the aggregation of local frequency responses into compact and
discriminative global representations. Finally, global average pooling is
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Fig. 6. Illustration of the HydraNet-inspired dynamic feature selection mod-
ule. EfficientNetV2-M serves as the stem, while multilevel, multiscale features
generated by the FPN constitute the branches. Wavelet features are employed
to guide the gating mechanism for adaptive branch selection.

applied to condense the refined wavelet feature maps into a compact
1 x 1 x 512 gating vector.

2.2.3. Gating based dynamic feature selection module

In the proposed model, FPN features are extracted from multiple
depths and spatial scales to capture a broad range of semantic and
structural cues. However, the relevance of these multiscale features is
not uniform across all paddy leaf images, as disease symptoms vary
significantly in size, texture, severity, and spatial distribution. For ex-
ample, early-stage diseases may manifest as small, fine-grained lesions,
whereas advanced infections often appear as large discoloured regions.
To address this challenge, a gating-based dynamic feature selection
mechanism is introduced to adaptively determine the importance of
each FPN branch on a per-image basis. Haar wavelet-based features,
extracted in parallel, serve as guidance signals for this gating process by
providing explicit frequency-domain information that reflects the dom-
inant texture and scale characteristics of the input image. By utilising
these complementary cues, the gating mechanism selectively empha-
sises the most relevant FPN branch features while suppressing less
informative ones, thereby enhancing discrimination of diverse disease
patterns and improving robustness under varying field conditions.

The proposed gating-based feature selection module is inspired by
the conceptual design of HydraNet, while adopting a distinct architec-
tural formulation. Similar to HydraNet, the proposed module comprises
four conceptual components: a stem, branches, a gate, and a combiner
as shown in Fig. 6. In this architecture, EfficientNetV2-M serves as the
stem, providing a shared backbone for feature extraction. Unlike the
parallel network pathways employed in conventional HydraNet, the
branches in the proposed module correspond to multilevel, multiscale
feature representations generated by the FPN. Specifically, features
extracted at nine pyramid levels are treated as independent feature
branches.

The gate unit of the proposed dynamic feature selection module first
takes the learnable Haar wavelet features as a feature vector, which can
be represented as follows:

G e RVS12. )
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Fig. 7. Overview of the proposed Haar wavelet-guided FPN knowledge distillation framework. EfficientNetV2-M based Haar wavelet-guided FPN is employed as
the teacher model, while EfficientNet-BO based Haar wavelet-guided FPN serves as the student model.

This vector represents the global spatial frequency characteristics of
the input image, capturing the relative presence of coarse structural
patterns and fine-grained texture variations associated with multiscale
disease symptoms. The gating vector G is subsequently passed through
a fully connected layer with softmax activation to compute normalised
importance scores for each FPN branch as follows:

a = softmax(W,G +b,), a€R’, 6]

where W, and b, denote the learnable weight matrix and bias term, re-
spectively. Each element «; represents the relative importance assigned
to the ith FPN branch for a given input image.

To reduce redundancy and enhance discriminative focus, only the
top k branches with the highest importance scores are retained as
follows:

{iy,ip, ..., 0} = top_k(a, k), 6)

where k is a predefined constant specifying the number of dominant
branches selected for feature fusion and is determined experimentally.

Finally, the combiner of the proposed module aggregates the se-
lected branch features through weighted summation as follows:

Fzza"/ ’F‘I/’

Jj=1

)

where F; denotes the feature vector corresponding to the jth se-
lected FPN branch. This adaptive fusion mechanism dynamically em-
phasises features from the most relevant spatial scales based on the
wavelet-informed gating scores. By integrating wavelet-informed gating
with dynamic branch selection, the proposed architecture establishes a
context-aware feature fusion pipeline in which spatial frequency infor-
mation explicitly guides the utilisation of multilevel spatial representa-
tions. This design enables robust discrimination of paddy leaf disease
patterns across multiscale symptoms under real in-field conditions.

After the combiner, the aggregated adaptively fused features F are
forwarded to the classification head, which consists of three fully con-
nected layers with 256, 128, and 4 neurons, respectively, interleaved
with ReLU activation and dropout layers.

2.2.4. Loss function and training strategy

In this study, paddy disease recognition is formulated as a multiclass
image classification task. To balance adaptation and stability, the final
convolutional layers of the backbone are fine tuned while the early
layers are frozen. The proposed model is trained in an end to end
manner using the sparse categorical cross entropy loss (Lgcg), defined
as follows:

N
Lscg = —% 21, log (P,-,yi) , (8)
P

where N denotes the number of training samples, y; represents the
ground-truth class label of the ith sample, and p; ,, corresponds to the
predicted probability of the correct class. To address class imbalance
and enhance generalisation performance, the training dataset is bal-
anced using class-wise data augmentation. Augmentation techniques,
including rotation, width and height shifts, zooming, and horizontal
and vertical flipping, introduce realistic variations in scale, orienta-
tion, and appearance, thereby improving classification accuracy and
reducing overfitting. An early stopping strategy based on validation
loss is employed to ensure stable training, and the model parame-
ters corresponding to the highest validation accuracy are retained for
evaluation.

2.3. Lightweight model development using knowledge distillation

Although the proposed Haar wavelet-guided FPN model achieves
outstanding accuracy, it incurs high computational complexity due to
the use of the EfficientNetV2-M backbone. Therefore, in the subsequent
phase of the methodology, a lightweight model is developed using a
knowledge distillation technique (Song et al., 2023).

In the proposed approach, knowledge is transferred from a com-
putationally intensive teacher model employing the EfficientNetV2-M
backbone to a lightweight student model employing the EfficientNetBO
backbone. As illustrated in Fig. 7, both the teacher and student models
have similar architectures, comprising an FPN feature extraction mod-
ule with multiple branches, a Haar wavelet based feature extraction
module, a gating based dynamic feature selection module, a feature
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combiner, and a classification head. The teacher model is first trained
on the training dataset, and the same dataset is subsequently used to
train the student model during knowledge distillation.

The proposed knowledge transfer mechanism utilises softened prob-
ability distributions obtained from the teacher model’s classification
layer, which encode rich inter-class relationships that are crucial for
discriminating subtle variations in disease symptoms. For example,
when processing a brown spot image, the teacher model produces
a probability distribution P7 = [0.5,0.2,0.1,0.2] across the four dis-
ease classes: brown spot, sheath blight, leaf streak, and rice blast,
respectively. These softened probabilities capture semantic similarities
and ambiguities among disease classes that cannot be represented by
conventional one-hot encoding schemes.

Let z; and zg denote the logits produced by the teacher and student
models, respectively, and let y represent the ground-truth labels. Let
Nass denote the number of classes, and = be the temperature parame-
ter that controls the softness of the predicted probability distributions.
The temperature-scaled (softened) class probabilities are computed as

exp(zkv,-/r)

Pi(i) = softmax(%")_ = 5 , ke(T,S}, (C)]

;V:ia“ exp(zy;/7)
where i denotes the class index, and i € {1,2,..., Ngjae}-

During the distillation process, the input paddy leaf images x are
simultaneously fed into the fine-tuned teacher model and the student
model, producing the softened probability distributions P}. and P,
respectively. The student model is optimised using a composite knowl-
edge distillation loss (Lg ) that combines the cross-entropy loss (L)
with the ground-truth labels and the Kullback-Leibler (KL) divergence
between the teacher and student predictions as follows:

Lxp=0-a)LepPs.y) +ar? Ly (P5 ] PY), (10)

Nelass

LepPgy) =— y; log(Pg ), a1

i=1
where y; denotes the one-hot encoded ground-truth label for the ith
class. The Kullback-Leibler divergence term is expressed as:

Nclass P
Lx (PP = Y Pflog < o ) a2

The temperat‘urle parameterSrJ controls the smoothness of the pre-
dicted probability distributions, thereby facilitating the transfer of
richer inter-class relationships, while the balancing coefficient « reg-
ulates the relative contribution of the soft teacher supervision during
training. Based on empirical evaluation, the balancing coefficient « is
set to 0.3 and the temperature parameter 7 is set to 4, as these values
provide an effective trade-off between knowledge transfer efficiency
and classification performance.

2.4. Implementation details

The proposed approach was implemented in Python using the Ten-
sorFlow deep learning library and evaluated on an NVIDIA Tesla T4
GPU with 16GB of dedicated memory. During training, the early
layers of the backbone network are frozen to retain low-level visual
features, while the final 15 layers are unfrozen to adapt higher-level
semantic representations to the target domain. The teacher model is
fine-tuned using the Adam optimiser with a learning rate of 5 x 1075.
In contrast, the student model is trained exclusively under the knowl-
edge distillation framework with a higher learning rate of 1 x 10~* to
promote efficient transfer of softened knowledge from the teacher. All
input images are resized to 224 x 224 during both the training and
testing phases. During the knowledge distillation process, the top three
branches, as defined in Eq. (6), are selected based on experimental
results. Training is performed with a batch size of 32 for up to 100
epochs using sparse categorical cross-entropy in conjunction with the
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distillation loss, and early stopping is employed to mitigate overfitting
by retaining the model weights corresponding to the best validation
accuracy. The code of this work is publicly available at https://github.
com/tharmini/paddy-leaf-diseases-classification.git.

2.5. Evaluation metrics and experimental protocols
The multiclass classification performance of the proposed paddy

leaf disease recognition approach is measured using the following
evaluation metrics:

Accuracy = TP+TN 13)
TP+TN+FP+FN
Precision = _Irer 14
TP+ FP
Recall = _TIr (15)
TP+ FN

Precision x Recall
Fy score =2 Precision + Recall (16)
where TP, TN, FP, and FN represent the number of true positives,
true negatives, false positives, and false negatives, respectively.

The performance of the proposed approach is compared with state-
of-the-art deep feature based (Ritharson et al., 2024; Padhi et al.,
2025; Sowmyalakshmi et al., 2021; Latif et al., 2022; Kumar et al.,
2023; Petchiammal et al., 2023; Kaur et al., 2024; Waghmare, 2024;
Kumar et al.,, 2024; Pandi et al., 2024; Petchiammal and Murugan,
2025; Navaneetha et al., 2025; Vijayakumar et al., 2025; Aggarwal
et al., 2024; Nanda et al., 2025) and hand-crafted feature based (Pothen
and Pai, 2020; Benita et al., 2023; Alsakar et al., 2024; Mekha and
Teeyasuksaet, 2021) methods using their reported results. Although
several other approaches have also been applied to these datasets, they
are excluded from this comparison because they either do not consider
all disease classes within a dataset or are not evaluated on the complete
test set. In addition, to evaluate the generalisation capability of the
proposed model, the model trained on the NP-LankaPaddy dataset was
tested on the Paddy Doctor dataset, which contains three common
disease classes. Moreover, all ablation experiments were conducted by
training the models on the training set of the NP-LankaPaddy dataset
and evaluating them on the corresponding test set.

3. Experimental results
3.1. Performance comparison with state-of-the-art methods

The classification performance of the proposed Haar wavelet-guided
FPN model and its lightweight variant, referred to as the Haar wavelet-
guided FPN architecture with Knowledge Distillation (KD), is evaluated
on the test sets of four benchmark datasets as well as our newly
construed NP-LankaPaddy dataset.

As summarised in Table 3, the proposed Haar wavelet-guided FPN
model achieves superior or competitive classification accuracy across
all evaluated datasets. Furthermore, its knowledge-distilled variant
demonstrates outstanding classification performance while utilising
significantly fewer parameters. Notably, on controlled environment
datasets such as the UCI-Rice Leaf Diseases dataset and RiceLeafsv3,
where images are captured against uniform white backgrounds, the
knowledge distillation variant of the proposed model achieves ac-
curacies of 97.22% and 97.24%, respectively, demonstrating robust
discriminative capability under controlled image acquisition condi-
tions. In addition, both the proposed model and its KD variant achieve
100% classification accuracy on the Mendeley-Rice Leaf Disease Image
dataset. Furthermore, on the more challenging Paddy Doctor dataset,
the proposed wavelet-guided FPN model and its KD variant attain
accuracies of 98.04% and 97.84%, respectively.

In addition to its strong classification performance, the knowledge
distillation variant of the proposed Haar wavelet-guided FPN model


https://github.com/tharmini/paddy-leaf-diseases-classification.git
https://github.com/tharmini/paddy-leaf-diseases-classification.git
https://github.com/tharmini/paddy-leaf-diseases-classification.git

K. Tharmini et al.

Table 3
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Classification and computational efficiency comparison on benchmark datasets. The reported results of previous approaches are adopted for this comparison.
#Params denotes the number of model parameters, and N/M indicates values not mentioned in the original publications.

Dataset Approach Year #Params (M) FLOPs (G) Accuracy (%)

SVM + HOG (Pothen and Pai, 2020) 2020 N/M N/M 94.60
Pretrained DenseNet (Chen et al., 2020) 2020 25 8.7 92.22
UCIL-Rice leaf Random Forest (Mekha and Teeyasuksaet, 2021) 2021 N/M N/M 69.44
diseases (Shah Res.NetV2 (Sowmyalakshmi et al., 2021) 2021 44.7 16.7 94.20
et al, 2017) Vision Transformer - RDTNet (Kumar et al., 2023) 2023 N/M N/M 97.05
’ CNN + Decision Tree (Pandi et al., 2024) 2024 N/M N/M 96.70
Proposed Haar wavelet-guided FPN model 2026 56.5 16.2 97.22
Proposed Haar wavelet-guided FPN with KD model 2026 7.0 5.3 97.22
Vision Transformer - RDTNet (Kumar et al., 2023) 2023 N/M N/M 99.54
Custom VGG16 (Ritharson et al., 2024) 2024 138.4 30.9 99.70
LBP + Colour Correlogram + SVM (Alsakar et al., 2024) 2024 N/M N/M 99.14
Mendeley-Rice leaf EfficientNetB3 (Aggarwal et al., 2024) 2024 12 2 99.00
disease image ResNet50 (Rakshit et al., 2025) 2025 138.4 30.9 99.97
(Sethy, 2024) KLD-CNN (Navaneetha et al., 2025) 2025 N/M N/M 99.84
’ Darknet53 + SVM (Padhi et al., 2025) 2025 N/M N/M 99.43
DenseNet121 (Petchiammal and Murugan, 2025) 2025 8.1 5.7 97.60

Proposed Haar wavelet-guided FPN model 2026 56.5 16.2 100.00

Proposed Haar wavelet-guided FPN with KD model 2026 7.0 5.3 100.00
VGG19 (Latif et al., 2022) 2022 143.7 39.2 96.08
Random Forest (Benita et al., 2023) 2023 N/M N/M 89.83
. . VGG16 (Kaur et al., 2024) 2024 138.4 30.9 97.50
Ricel.eafsv3 (Tjikoa, 2022) ResNet152V2 (Waghmare, 2024) 2024 60.4 22.4 95.03
Proposed Haar wavelet-guided FPN model 2026 56.5 16.2 97.61
Proposed Haar wavelet-guided FPN with KD model 2026 7.0 5.3 97.24
ResNet34 (Petchiammal et al., 2023) 2023 21.8 7.4 97.50
AlexNet (Kumar et al., 2024) 2024 60 1.4 94.90
. MobileNetV4 (Nanda et al., 2025) 2025 3.8 0.4 97.83
Paddy Doctor (Petchiammal et al., 2022) ResNet152 (Vijayakumar et al., 2025) 2025 60 22,6 96.80
Proposed Haar wavelet-guided FPN model 2026 56.5 16.2 98.04
Proposed Haar wavelet-guided FPN with KD model 2026 7.0 5.3 97.84
. Proposed Haar wavelet-guided FPN model 2026 56.5 16.2 95.18
NP-Lanka Paddy (Ours) (Tharmini et al., 2026) Proposed Haar wavelet-guided FPN with KD model 2026 7.0 5.3 95.02

demonstrates competitive computational efficiency. As shown in Table
3, the model comprises 7 million parameters and requires 5.3 GFLOPs.
Furthermore, the model achieves an average inference time of 82.60 ms
per image (12.1 FPS). These results indicate a favourable trade-off
between model complexity and classification performance.

The class-wise and average performance of the proposed Haar
wavelet-guided FPN model and its knowledge distillation variant on
the NP-LankaPaddy dataset are reported in Table 4. The results indicate
that the KD variant achieves comparable performance across all classes
while maintaining lower computational cost. The dataset exhibits mod-
erate class imbalance; however, this is mitigated through data augmen-
tation during training. Despite this imbalance, the class-wise results
in Table 4 show consistent performance across all categories, with
minority classes achieving comparable Fl-scores. This indicates that
the model does not exhibit bias towards majority classes and maintains
balanced predictive capability.

Furthermore, during cross-dataset validation, the model achieved an
accuracy of 98.05% on the three shared classes without any fine-tuning,
demonstrating strong generalisation capability across datasets despite
variations in data distribution. Although a comprehensive evaluation
across all datasets is constrained by differences in class categories, these
results highlight the robustness and generalisability of the proposed
approach.

3.2. Ablation studies

In this study, a comprehensive ablation analysis was conducted to
justify the design choices of the proposed model and to validate its
parameters.
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3.2.1. Component analysis

The proposed Haar wavelet-guided FPN model comprises several
key components, including an EfficientNetV2-M backbone, a Haar
wavelet based feature extraction module, a Feature Pyramid Network
(FPN), a Convolution Batch Normalisation (CB) block, and a wavelet
gating based dynamic feature selection module. To validate the ne-
cessity and effectiveness of these components, an ablation study was
conducted, and the corresponding results are summarised in Table 5.

The EfficientNetV2-M model demonstrates strong baseline perfor-
mance, whereas the Haar wavelet feature-based model alone is less
effective, indicating that wavelet features in isolation are insufficient
for reliable classification. Incorporating the FPN into the baseline en-
hances performance, highlighting the importance of multi-scale feature
aggregation in capturing disease patterns of varying sizes. Further
improvements are achieved by integrating the proposed wavelet-guided
gating mechanism with the FPN, which emphasises the most relevant
multiscale features through adaptive selection. Finally, the inclusion
of the CB block leads to the best overall performance 95.18%, indi-
cating that additional feature refinement enhances the discriminative
capability of the model. Overall, these results demonstrate that each
component contributes progressively, with the wavelet-guided gating
mechanism playing a key role in improving classification effectiveness.

3.2.2. Effectiveness of the proposed wavelet-guided gating mechanism

To evaluate the effectiveness of the proposed wavelet-guided gating
mechanism, a comparative analysis was conducted against standard
attention-based feature weighting methods, including the Squeeze-and-
Excitation (SE) Block and CBAM (Convolutional Block Attention Mod-
ule), within the same FPN-based framework. As presented in Table
6, the proposed wavelet-guided gating mechanism achieves superior
performance compared to these conventional attention modules. Un-
like SE and CBAM, which derive attention weights solely from deep
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Table 4
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Class-wise performance of the proposed model on the NP-LankaPaddy dataset. Abbreviations are defined as P: Precision, R: Recall,

and F1: F1-Score.

Disease Class Model P (%) R (%) F1 (%)
Rice blast Haar wavelet-guided FPN 96.84 99.35 98.08
Haar wavelet-guided FPN with KD model 98.03 96.75 97.39
Leaf streak Haar wavelet-guided FPN model 94.57 95.08 94.82
Haar wavelet-guided FPN with KD model 95.03 93.99 94.51
Brown spot Haar wavelet-guided FPN model 92.40 91.33 91.86
P Haar wavelet-guided FPN with KD model 90.11 94.74 92.37
. Haar wavelet-guided FPN model 98.88 95.65 97.24
Sheath blight Haar wavelet-guided FPN with KD model 100 94.57 97.21
Average Haar wavelet-guided FPN model 95.67 95.35 95.50
g Haar wavelet-guided FPN with KD model 95.79 95.01 95.37
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(b) Precision-recall curves.

Fig. 8. Confusion matrix (top) and class-wise precision-recall curves (bottom)
of the proposed Haar wavelet-guided FPN student model with knowledge
distillation evaluated on the NP-LankaPaddy dataset. Here, RB, BS, LS, and
SB denote Rice blast, Brown spot, Leaf streak, and Sheath blight, respectively.
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Table 5

Component-wise evaluation of the proposed architecture under various
configurations, comparing the contributions of the baseline model (Efficient-
NetV2-M), the wavelet-based model, the Feature Pyramid Network (FPN), the
wavelet gating module, and the Convolution Batch Normalisation (CB) block.

Model Baseline ~ Wavelet FPN  Wavelet CB block  Accuracy (%)
variant gating

1 v X X X X 92.19

2 X v X X X 82.56

3 v X v X X 92.69

4 v v v v X 94.68

5 v v v v v 95.18

Table 6

Comparison of different feature attention and gating strategies integrated
within the proposed FPN-based framework for multiscale feature selection and
fusion.

Feature enhancement strategy Accuracy (%)

Direct concatenation (No Enhancement) 92.69
SE Block 92.29
CBAM 94.02
Wavelet-guided Gating (Proposed) 94.68

feature representations, the proposed approach utilises wavelet-based
frequency-domain features to guide the gating process. This enables ex-
plicit modelling of disease-relevant texture patterns and multiscale le-
sion characteristics, thereby facilitating more informative and context-
aware branch selection. The results demonstrate that incorporating
frequency-aware guidance improves the selection and emphasis of the
most discriminative multiscale features, leading to enhanced classifica-
tion performance over conventional attention-based approaches.

3.2.3. Placement of channel attention in FPN

In the proposed FPN module, channel attention is applied between
feature maps to enhance feature representations. To validate the ef-
fectiveness of channel attention placement within the FPN module,
an ablation study was conducted, and the corresponding results are
presented in Table 7. Based on the results, it can be clearly observed
that incorporating channel attention within the FPN improves the
overall performance. Furthermore, applying channel attention to both
the lateral and top-down pathways jointly yields better performance
than applying attention to either pathway individually, achieving an
overall accuracy of 95.18%. These results confirm that dual-path chan-
nel attention is most effective for capturing fine-grained lesion patterns
and colour variations, and is therefore adopted in the proposed model.

3.2.4. Evaluation of wavelet decomposition configurations

The impact of Haar wavelet decomposition settings, including
padding strategy, stride configuration, and learnable parameters, is
analysed in Table 8. The results show that symmetric padding com-
bined with stride two and trainable parameters («,f) achieves the
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Table 7
Effect of channel attention placement within the top-down and lateral path-
ways of the Feature Pyramid Network.
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Table 10
Performance comparison of the proposed model under different dynamic
branch selection settings.

Attention configuration Accuracy (%)

Branch Configuration Accuracy (%)

Without attention 94.52
Top-down attention only 94.68
Lateral attention only 94.85
Combined attention (Lateral + Top-down) 95.18
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Fig. 9. Evolution of the learnable wavelet parameters « (LL) and f# (LH, HL,
HH) across training epochs, demonstrating their dynamic adaptation during
optimisation.

Table 8

Effect of wavelet decomposition settings on model performance. Sym denotes
symmetric padding, while Zero denotes zero padding; S represents the stride
value; and Train indicates whether the parameters (a, #) are trainable.

Sym Zero S=1 S=2 Train Accuracy (%)
v X X v X 93.52
v X X 4 v 95.18
X v X v v 94.51
v X v X v 93.52
Table 9

Performance comparison of EfficientNet backbone models. #Params denotes
the number of model parameters.

Backbone #Params (M) Accuracy (%)
EfficientNetBO 7.0 94.02
EfficientNetB1 9.5 93.20
EfficientNetV2B1 10.0 93.36
EfficientNetV2B2 11.8 93.02
EfficientNetV2B3 16.1 92.85
EfficientNetV2-M 56.5 95.18
EfficientNetV2-L 121.2 92.70

highest accuracy of 95.18%, indicating effective boundary preservation
and multiscale feature representation. In contrast, zero padding and the
exclusion of learnable parameters or stride two reduce the performance
to 94.51% and 93.52%, respectively. As illustrated in Fig. 9, « and f re-
main close to unity while adapting dynamically during training, where
a exhibits a slight increasing trend that emphasises low-frequency
global structural information, whereas g shows a slight decreasing
trend, indicating comparatively lower emphasis on high-frequency
texture details and lesion boundaries. The complementary adaptation
of « and f suggests that the model effectively balances global and fine-
grained information during optimisation, thereby supporting robust
multiscale feature representation.
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Single branch (K = 1) 92.69
Dual branches (K = 2) 92.73
Triple branches (K = 3) 95.18
Quad branches (K = 4) 91.19
Five branches (K = 5) 92.52
Six branches (K = 6) 94.35

Table 11
Hyperparameter tuning results for learning rate and batch size.

Parameter Value Accuracy (%)
0.0001 94.18
Learning rate 0.0005 95.18
0.00001 93.36
16 94.02
Batch size 32 95.18
64 92.52

3.2.5. Comparison of backbone models

To achieve an optimal balance between classification accuracy and
computational efficiency, several EfficientNet backbone models were
evaluated within the same experimental setup, and the results are
presented in Table 9. The findings show that lighter models such as Ef-
ficientNetBO achieve competitive performance (94.02%) with relatively
fewer parameters, while increasing model complexity does not consis-
tently lead to improved accuracy. Among all variants, EfficientNetV2-M
achieves the highest accuracy of 95.18%, demonstrating its superior
capability in capturing complex disease patterns. In contrast, larger
models such as EfficientNetV2-L exhibit reduced performance despite
significantly higher parameter counts, indicating potential overfitting
and reduced generalisation. Based on these results, EfficientNetV2-M
is selected as the backbone for the proposed framework due to its
favourable trade-off between accuracy and model complexity.

3.2.6. Selection of dynamic branches

The performance of the proposed approach also depends on the
selection of the top-K feature pyramid branches. To analyse the ef-
fectiveness of the proposed approach under different K values, an
additional experiment was conducted, and the results are presented in
Table 10. The results show that a single branch achieves an accuracy
of 92.69%, whereas the highest accuracy of 95.18% is obtained when
three branches (k = 3) are selected, indicating an effective balance
between multiscale feature representation and discriminative capabil-
ity. Configurations with a larger number of branches result in reduced
performance, which can be attributed to increased feature redundancy
and diminished selection efficiency. Although a slight improvement is
observed at k = 6, the performance remains lower than that of the k = 3
configuration.

3.2.7. Effect of hyperparameters on model performance

To evaluate the sensitivity of the proposed approach, an addi-
tional ablation study was conducted by varying the learning rates and
batch sizes, and the corresponding results are presented in Table 11.
The experimental results indicate that a moderate learning rate of
0.0005 achieves the most stable and effective optimisation performance
by avoiding both slow convergence and unstable parameter updates.
Similarly, a batch size of 32 provides the best balance between gener-
alisation capability and training stability, whereas smaller and larger
batch sizes result in comparatively lower performance.
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Table 12

Comparison of lightweight backbone models for knowledge distillation based
model development. The accuracies reported under Haar Wavelet-FPN corre-
spond to the performance of each backbone when used in the proposed model,
while those under Haar Wavelet-FPN w/KD represent the performance of the
same backbones when trained as student models during knowledge distillation
and w/o KD indicates without knowledge distillation.

Backbone Params (M) Accuracy (%) of Haar Wavelet-FPN

w/0 KD w/ KD
EfficientNetB1 9.5 93.20 93.52
EfficientNetV2B1 10.0 93.36 94.02
EfficientNetBO 7.0 94.02 95.02

3.2.8. Compression of backbone models for knowledge distillation

In the second phase of the methodology, a lightweight variant of
the proposed model was developed using the knowledge distillation
technique (Beyer et al., 2022). For the KD variant, several lightweight
backbone architectures were trained and evaluated, and the experi-
mental results are presented in Table 12. During KD training of this
ablation experiment, EfficientNetV2-M serves as the teacher model to
guide the learning process. Based on the experimental results, Efficient-
NetBO was selected as the backbone for the KD variant, achieving an
accuracy of 95.02% while maintaining a lightweight design with only 7
million parameters. From Table 12, it is also observed that knowledge
distillation improves the classification performance of all three models
compared to their corresponding baseline versions within the proposed
Haar wavelet-guided FPN model architecture.

3.2.9. Selection of knowledge distillation hyperparameters

The effectiveness of the knowledge distillation process is strongly
influenced by the selection of key hyperparameters: the temperature
parameter (r) and the loss-balancing coefficient (a), as defined in
Eq. (10). An ablation study was conducted to analyse their impact,
and the results are presented as tuning curves in Fig. 10. To reduce
computational complexity, hyperparameters were tuned sequentially
by first optimising r while fixing a, followed by tuning a with the
optimal 7.

The results show that classification accuracy increases with = up
to a moderate value and then declines, with the best performance
achieved at = = 4. Lower temperature values result in overly sharp
probability distributions, limiting the transfer of soft knowledge, while
higher values introduce excessive smoothing, reducing discriminative
capability. Similarly, the parameter « controls the balance between
ground-truth supervision and distillation guidance. The results indicate
that « = 0.3 achieves the highest accuracy, while larger values lead to
performance degradation due to over-reliance on the distillation loss.
Based on these observations, z = 4 and « = 0.3 provide an optimal
trade-off, resulting in the best classification performance.

3.2.10. Effectiveness of knowledge distillation technique

In this study, a lightweight variant of the Haar wavelet-guided FPN
model was developed using the knowledge distillation technique (Beyer
et al., 2022). During training, an EfficientNetV2-M based model served
as the teacher to guide the learning process of an EfficientNetBO
based student model. To demonstrate the effectiveness of the knowl-
edge distillation technique, an ablation study was conducted. First,
the proposed Haar wavelet-guided FPN model was trained using Ef-
ficientNetBO as the baseline. Subsequently, the EfficientNetBO based
model was trained as a student model using knowledge distillation,
guided by an EfficientNetV2-M based teacher model. The classification
performance of these two models was compared across each benchmark
dataset. Based on the experimental results presented in Table 13,
it is evident that training the baseline model using the knowledge
distillation technique leads to improved performance.
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Fig. 10. Hyperparameter tuning results illustrating the impact of temperature
(z) and the loss-balancing coefficient («) on accuracy. The bottom x-axis
represents variations in temperature (r) while keeping « = 0.5 fixed, whereas
the top x-axis represents variations in a with the temperature fixed at = = 4.

Table 13

Performance Comparison of EfficientNetBO student backbone with and without
Knowledge Distillation in the Haar wavelet-guided FPN framework across
multiple datasets. # Classes denotes number of classes in the datase and
#Images denotes total number of images in the dataset.

Dataset #Classes #Images Accuracy (%)

w/o KD w/KD
NP-LankaPaddy 4 2002 94.02 95.02
RiceLeafsv3 6 2710 95.21 97.24
Paddy Doctor 13 16225 96.76 97.84
UCI-Rice leaf diseases 3 120 94.44 97.22
Mendeley-Rice leaf disease 4 5932 100 100

image samples

4. Discussion

This study presents a novel model for paddy leaf disease classifi-
cation. The proposed Haar wavelet-guided FPN architecture addresses
the challenge of capturing multiscale disease symptoms. Unlike conven-
tional deep learning approaches that rely on a single inference pathway,
the proposed architecture dynamically selects and routes features based
on the characteristics of each input image, enabling more effective
handling of disease symptoms that vary in scale, texture, and severity.
As shown in Fig. 11, the proposed Haar wavelet-guided FPN model
successfully captures challenging disease patterns through the image-
specific dynamic feature selection mechanism, whereas conventional
CNNs fail to predict the correct classes.

As illustrated in Fig. 12, the feature visualisations provide further
evidence of the effectiveness of the proposed multiscale feature fusion
strategy. The different FPN levels capture complementary informa-
tion across multiple scales through the top-down pathway. High-level
features capture broader semantic regions corresponding to disease-
affected areas, while mid-level features emphasise localised lesion pat-
terns. In contrast, lower-level features retain fine-grained textures and
subtle discolourations that are critical for early disease detection. This
hierarchical representation demonstrates how the proposed framework
effectively integrates global contextual information with detailed local
features, thereby improving its capability to distinguish visually similar
disease patterns.

In addition to achieving outstanding accuracy, the computational
efficiency of the proposed model is further enhanced by developing
a lightweight variant using a knowledge distillation strategy. This ap-
proach reduces the parameter count by approximately 89% and lowers
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Fig. 11. Comparison of predicted labels and class activation heatmaps gener-
ated by the conventional EfficientNetBO and the proposed Haar wavelet-guided
FPN model (which also uses EfficientNetBO as the backbone). The first row
shows the raw input images with ground-truth labels. The second row presents
the predicted labels and corresponding heatmaps produced by EfficientNetBO.
The last row illustrates the predicted labels and corresponding heatmaps
obtained using the proposed Haar wavelet-guided FPN model.

the GFLOPs by nearly 68%, resulting in a substantially more efficient
model.

The development of a benchmark dataset collected within the Sri
Lankan context represents another notable contribution of this work,
as no prior initiative has specifically addressed the challenges faced
by Sri Lankan farmers. Since the dataset and the code associated with
this work are publicly available, they are expected to encourage future
researchers working in this domain.

Based on the experimental results, brown spot disease is more
challenging to classify than the other classes due to its high intra-
class variability in lesion shape, size, and spatial distribution across
different paddy varieties and growth conditions. The confusion matrix
and precision—recall curves presented in Fig. 8 show that brown spot
and leaf streak exhibit comparatively lower accuracy and average preci-
sion due to minor misclassifications and reduced precision consistency
across varying recall levels. These observations highlight the difficulty
in discriminating diseases with overlapping visual patterns. The Grad-
CAM visualisations in Fig. 13 suggest that these errors arise from
overlapping visual characteristics. While leaf streak typically presents
elongated yellowish lesions, the model sometimes focuses on localised
high-intensity brown regions instead of capturing the full elongated
structure, leading to confusion with brown spot. This indicates that
capturing global structural information is essential for distinguishing
diseases with subtle visual differences. However, the heatmaps reveal
that the model does not always effectively capture this global structure,
suggesting that further improvement in global feature representation is
required for more robust classification.

Despite its strong performance, the proposed framework has a few
limitations. The integration of wavelet-guided gating and multiscale
feature fusion introduces additional computational overhead compared
to conventional lightweight CNN architectures. Although this overhead
is substantially mitigated through model compression, further optimi-
sation is required for deployment on ultra-low-power edge devices. In
addition, the current framework assumes a single disease per image and
does not explicitly address scenarios where multiple diseases co-occur
on the same leaf, which is common in real-world agricultural environ-
ments. Furthermore, the high intra-class variability observed in certain
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Fig. 12. Visualisation of multi-scale feature representations extracted from
different levels of the FPN. Each row shows the input image (left), followed by
the feature responses from the high-level (P7, as denoted in Fig. 2), mid-level
(P4), and low-level (P2) layers, illustrating how features at different levels
capture distinct disease-related patterns.

Fig. 13. Misclassified samples with corresponding Grad-CAM heatmaps. The
first row shows a brown spot sample misclassified as leaf streak, while the
second row shows a leaf streak sample misclassified as brown spot . The
heatmaps indicate that the model focuses on localised lesion regions with
overlapping visual characteristics.

diseases, such as brown spot across different paddy varieties, remains a
challenging factor. Future work will focus on lightweight architectural
refinement, multilabel disease recognition, and improved robustness
to environmental variations. In particular, lightweight backbone net-
works such as MobileNetV4 will be explored within the proposed
framework to further investigate their effectiveness for efficient paddy
disease recognition, especially in terms of classification performance,
computational complexity, and real-time deployment capability.

5. Conclusion

This study presents a novel adaptation of the Haar wavelet guided
FPN framework that integrates Haar wavelet-guided feature gating and
knowledge distillation to achieve an effective balance between classi-
fication accuracy and computational efficiency for paddy leaf disease
classification. The proposed architecture demonstrates strong and con-
sistent performance across multiple benchmarks, including the newly
introduced NP-LankaPaddy dataset and established public datasets,
highlighting its robustness under both controlled and real world field
conditions. Adaptive feature selection through wavelet-guided gating
enables dynamic prioritisation of multilevel features, while knowledge
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distillation facilitates an approximately 89% reduction in model com-
plexity without compromising the performance. These results confirm
the framework’s suitability for deployment on resource constrained
agricultural platforms. Future work will explore further architectural
optimisation using lightweight components and extend the framework
to multi disease and multilabel classification scenarios, addressing real
world cases where multiple diseases may co-occur on a single leaf
through the use of advanced multilabel learning strategies and enriched
annotated datasets.
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