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Abstract

Accurate recognition of medicinal plant diseases is important for maintaining plant health and product
quality. Although existing deep learning approaches have achieved high classification accuracy, most
formulate disease recognition as a flat multiclass problem without explicitly supervising species-related
and disease-related representations. This study proposes a Species-Aware Hierarchical Network (SAH-
Net) to investigate the integration of these representations within a unified classification framework.
SAH-Net employs an ImageNet-pretrained EfficientNet-BO backbone with two query-based attention
branches for species-aware and disease-aware feature extraction, followed by adaptive gated
hierarchical fusion. The model jointly performs three-class species recognition, seven-class
disease/condition recognition, and 12-class species—condition classification. Experiments were
conducted on 2,547 images of Kalanchoe pinnata, Azadirachta indica, and Ocimum tenuiflorum, using a
stratified 70:15:15 training, validation, and test split. On the 383-image test subset, SAH-Net achieved
100% accuracy and macro Fl-score across all three tasks, with an AUC of 1.000 for each final
classification category. Explainability visualizations provided qualitative insights into the model's
spatial attention patterns. SAH-Net required 6.019 million parameters and 0.893 GFLOPs, achieving
138.29 images/s using MPS acceleration on an Apple M5 Pro MacBook Pro. Although the results
demonstrate the feasibility of hierarchical learning, external validation remains necessary to establish
generalization beyond the evaluated acquisition conditions.
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1. Introduction exhibiting antimicrobial, antioxidant, anti-inflammatory,
and other biological activities[2,3]. However, preserving
the medicinal value of these plants requires maintaining
both plant health and the quality of harvested material.
Foliar diseases can adversely affect plant growth,
productivity, and quality, making timely disease
management an important component of sustainable

Medicinal plants represent an important natural
source of bioactive compounds and continue to contribute
to traditional medicine, pharmaceutical development, and
healthcare applications [1,2]. Their therapeutic importance
is closely associated with phytochemical constituents
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medicinal plant cultivation [4]. This consideration is
particularly relevant for Kalanchoe pinnata, Azadirachta
indica (Neem), and Ocimum tenuiflorum (Tulsi), which have
been associated with different therapeutic applications [5-
7]. Consequently, accurate recognition of both plant species
and their corresponding health conditions is important for
medicinal plant management.

Leaves provide a convenient visual source for
automated plant analysis because they are commonly
available and contain useful information related to shape,
venation, texture, and color [8]. Nevertheless, manual
identification can become difficult when different
medicinal species exhibit similar morphological
characteristics or when disease symptoms share
comparable patterns of discoloration, lesions, and texture
variation. Mukherjee et al. [9], for example, demonstrated
the feasibility of simultaneously recognizing medicinal leaf
species and maturity levels using computer vision,
obtaining approximately 99% classification accuracy for
Neem, Tulsi, and Kalmegh. Earlier feature-based
approaches relied heavily on manually extracted
characteristics [10,11], whereas the emergence of deep
learning has enabled discriminative representations to be
learned directly from leaf images with considerably less
dependence on handcrafted feature engineering [8].

Transfer learning and convolutional neural networks
(CNNs) have subsequently become dominant approaches
for medicinal leaf recognition. Sachar and Kumar [12]
combined MobileNetV2, InceptionV3, and ResNet50
through ensemble learning and achieved 99.66% test
accuracy, while their three- and five-fold validation
experiments produced approximately 99.94% average
accuracy. Tiwari et al. [13] investigated multiclass leaf
classification involving 22 categories and obtained 97.69%
average test accuracy together with 98.68% cross-
validation accuracy. Machine learning approaches have
also been investigated specifically for medicinal leaf
disease diagnosis; Meenakshi [14] combined adaptive
enhancement, segmentation, handcrafted features, and
modified logistic regression for disease identification.
Meanwhile, modified CNN architectures such as
AousethNet achieved 99.89% accuracy for medicinal leaf
identification [15]. These findings collectively demonstrate
the considerable improvement obtained when learned
visual representations replace or complement conventional
feature engineering.

More recent studies have concentrated on transfer
learning, attention mechanisms, multi-scale feature
extraction, and joint learning. Kayaalp [16] evaluated seven

pretrained deep learning architectures for medicinal plant
type and disease classification and reported a highest test
accuracy of 98.69% using DenseNetl121. Spatial and
channel-related information has also received increasing
attention. Azadnia et al. [17] utilized visual characteristics
and attention-oriented deep representations for medicinal
and poisonous plant classification, whereas Dey et al. [18]
compared multiple CNN architectures on 5,878 images
from 30 medicinal plants. Lightweight recognition has
similarly been explored using MobileNet [19], while
transfer-learning frameworks based on InceptionV3,
ResNet, and VGG architectures have demonstrated their
effectiveness in plant disease recognition [20]. For early-
stage disease diagnosis, Kini et al. [21] investigated
pretrained convolutional networks, and modified transfer-
learning strategies have also been developed for potato [22]
and tea leaf diseases [23].

Attention and multi-task learning have further
changed the manner in which medicinal leaf features are
represented. Sharma and Vardhan [24] proposed AELGNet
by integrating local and global representations with
attention, obtaining 99.71% accuracy, 99.80% precision,
99.75% recall, and 99.77% Fl-score. Their MT]JNet
framework [25] subsequently demonstrated the potential
of multi-task learning, reporting 99.71% accuracy and
99.58% Fl-score. Hybrid CNN designs incorporating
Squeeze-and-Excitation mechanisms have also been
explored for medicinal plant identification [26]. Other
investigations have combined CNN feature extraction with
optimized conventional classifiers [27], while optimized
deep architectures have been developed for disease
recognition in other crops [28]. These developments
indicate a gradual transition from conventional flat CNN
classification toward architectures capable of emphasizing
complementary visual information.

Despite these advances, plant disease classification
remains affected by differences in acquisition conditions,
disease appearance, background characteristics, and inter-
class similarity [29,30]. Recent reviews consequently
emphasize the importance of robust visual representation
learning for practical disease recognition [31]. Vision
Transformers (ViTs) provide an additional mechanism for
capturing long-range spatial relationships [32], and hybrid
CNN-Transformer architectures have increasingly been
investigated to combine convolutional locality with global
contextual modeling [33]. At the same time, explainable
artificial intelligence has become important for examining
whether high predictive performance is supported by
meaningful image evidence [34]. LIME [35], Grad-CAM
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[36], and feature-space visualization approaches such as t-
SNE [37] have therefore been increasingly adopted to
investigate model decisions rather than relying exclusively
on classification metrics.

For medicinal leaf disease classification specifically,
Leelavathi and Kalamani [38] introduced a framework
involving multi-scale feature extraction, optimized feature
selection, and an attention-based dilated DenseNet. More
recently, Ahmmed et al. [39] proposed LSeTNet for the
same three medicinal species considered in the present
study. Their CNN-Transformer model achieved 99.72%
accuracy, a macro Fl-score of 1.00, and an AUC of 1.00
across 12 classes while requiring 9.38 million parameters
and 2.50 GFLOPs. Five-fold cross-validation resulted in
99.74 £ 0.14% accuracy, while external validation
produced 99.42% accuracy. The corresponding medicinal
leaf disease dataset provides 2,547 original images
representing healthy and diseased conditions of
Kalanchoe, Neem, and Tulsi [40].

Although existing deep learning approaches have
achieved high classification accuracy in medicinal plant
disease recognition, most studies consider plant species
and disease conditions as combined categories within a flat
multiclass classification framework. These approaches
have demonstrated their effectiveness in identifying
different medicinal plant diseases. However, the explicit
learning  of  species-related and  disease-related
characteristics through separate supervisory objectives
remains comparatively less explored. Previous studies
have demonstrated the potential of multi-task learning for
extracting complementary plant characteristics [25].
Nevertheless, the integration of species-aware and disease-
aware representations through a hierarchical learning
mechanism requires further investigation. In this regard,
hierarchical learning offers an alternative approach for
incorporating species and disease information at different
levels of the classification process, without assuming that
conventional flat classification models are insufficient for
achieving high predictive performance.

Considering these aspects, this study proposes a
Species-Aware Hierarchical Network (SAH-Net) for
medicinal plant disease recognition. The proposed
framework employs an ImageNet-pretrained EfficientNet-
B0 backbone to extract shared visual features, followed by
two query-based attention branches for learning species-
aware and disease-aware representations. These
representations are subsequently combined through an
adaptive gated hierarchical fusion mechanism to perform
the final species—condition classification. =~ Unlike

conventional flat classification approaches, SAH-Net

incorporates three interconnected learning objectives

comprising  species  recognition, disease/condition
recognition, and final species—-condition diagnosis.

Through this hierarchical learning strategy, the present

study investigates the feasibility of explicitly incorporating

species-related and disease-related information into a

unified classification framework.

The major contributions of this study are summarized
as follows:

e A species-aware hierarchical learning framework,
termed SAH-Net, is proposed to jointly model three-
class species recognition, seven-class disease/condition
recognition, and 12-class species—condition diagnosis
rather than treating medicinal leaf diagnosis exclusively
as a flat multiclass classification problem.

e Two query-based attention branches are introduced to
explicitly learn species-related and disease-related
representations from a shared feature space, followed
by an adaptive gated hierarchical fusion mechanism
that integrates their complementary information for
final classification.

o The hierarchical decision process is examined through
species attention, disease attention, and Grad-CAM,
providing visual evidence at different levels of the
proposed architecture rather than explaining only the
final prediction.

e The performance of SAH-Net is examined from
different aspects, including classification, ROC-AUC,
model explanation, and computational cost. On the 383
test images, the model obtained 100% accuracy using
6.019 million parameters and 0.893 GFLOPs.

2. Materials and Methods
2.1. Dataset Description

A total of 2,547 images covering three medicinal
plants were considered in this work: Kalanchoe pinnata
(PatharKuchi), Azadirachta indica (Neem), and Ocimum
tenuiflorum (Tulsi). The leaf samples originated from fields
and household medicinal gardens located in Senbag
Upazila, Noakhali, Bangladesh, and image acquisition was
carried out in August 2025. A 50 MP Honor 200
smartphone was used to photograph the leaves under
daylight conditions. The acquired images had a resolution
of 4000 x 3000 pixels. Instead of maintaining a fixed camera
position, photographs were taken at varying distances and
viewing angles. Therefore, differences in leaf orientation,
illumination, and surrounding background are present
among the images. The disease identification and labeling
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process was conducted under the supervision of the
Upazila Agriculture Officer, Senbag, and the assigned
labels were verified on 19 October 2025. The complete
dataset is publicly available through Mendeley Data [40].

The dataset contains 12 classes representing healthy
leaves and different disease or symptom conditions
associated with the three medicinal plant species. For
Kalanchoe pinnata, the dataset contains Healthy, Web Blight,
Yellow, and Yellow Blight classes, comprising a total of 839
images. Similarly, Azadirachta indica is represented by
Healthy, Leaf Spot, Web Blight, and Yellow classes with
885 images, whereas Ocimum tenuiflorum contains Healthy,
Downy Mildew, Web Blight, and Yellow Spot classes with
a total of 823 images. Thus, the dataset provides both
species-level and disease-level information, which is
particularly suitable for the hierarchical learning strategy
considered in this study. Unlike conventional flat
classification, where each species—condition combination is
treated as an independent class, the available labels allow
the images to be represented simultaneously according to
plant species, disease condition, and their final species—
condition category. The detailed class-wise distribution of
the dataset is presented in Table 1 and samples of the
dataset are shown in Figure 1.

2.2. Dataset Preparation and Experimental Split

All images were resized to 224 x 224 pixels before
being provided to the model, while the original images
were retained without modification. A stratified 70:15:15
split was applied to the dataset. Accordingly, 1,782 images
were used for training, 382 for validation, and 383 for
testing. The class proportions were maintained during the
splitting process, and these subsets were kept unchanged
for all experiments. The training, validation, and test
subsets were mutually exclusive, ensuring that each image
was assigned to only one subset. Duplicate-image
verification across the three subsets confirmed that no
identical images were shared between training, validation,
and testing.

During training, random horizontal flipping (p = 0.5),
rotation of up to +15° and color jitter were applied. The
brightness and contrast factors were set to 0.15, while 0.10
was used for saturation. These augmentation operations
were not applied to the validation and test images. Finally,
the images were converted into tensors and normalized
according to the ImageNet mean and standard deviation.
A random seed of 42 was maintained throughout the
experiments.

Table 1. Class-wise distribution of the medicinal plant leaf dataset.

Number of images

Plant species Class

Kalanchoe pinnata (PatharKuchi) Healthy
Web Blight
Yellow
Yellow Blight

Subtotal

Azadirachta indica (Neem) Healthy
Neem Leaf Spot
Web Blight
Yellow

Subtotal

Ocimum tenuiflorum (Tulsi) Healthy
Downy Mildew
Web Blight
Yellow Spot

Subtotal

Total 12 classes

209
213
204
213
839
244
211
205
225
885
213
200
205
205
823

2,547
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Figure 1. Representative samples of the medicinal plant leaf dataset.

2.3. Proposed SAH-Net Architecture

This study proposes a Species-Aware Hierarchical
Network (SAH-Net) for medicinal plant disease
recognition by explicitly incorporating the relationship
between plant species and disease characteristics into the
learning process. Unlike conventional flat classification,
where each species—condition combination is learned
directly as an independent class, SAH-Net decomposes the
learning process into species-aware and disease-aware
representations and subsequently integrates them for final
classification. The overall architecture consists of four
major components: a shared visual feature encoder, two
parallel attention branches, an adaptive gated hierarchical
fusion module, and a final species—condition classifier.

Given an input leaf image I, the shared encoder first
generates a common feature representation F. Two

independent attention branches then transform F into a
species-aware embedding z; and a disease-aware
embedding z;. These representations are additionally
supervised through separate species and disease
classification heads. Subsequently, an adaptive gating
mechanism determines the relative contribution of the two
representations and generates a fused hierarchical
representation z;, which is used to predict the final species—
condition class. Therefore, the overall processing flow can
be summarized as
I_)F_){Zs' Zd}_)zf_)j;'

where § denotes the final prediction among the 12 species—
condition categories. The individual components of SAH-
Net are described in the following subsections, while the
complete architecture is illustrated in Figure 2.
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Figure 2. Architecture of proposed model: SAH-Net.

2.3.1. Shared Visual Feature Encoder

Given an input leaf image I € R3*?24¥22¢ SAH-Net
first extracts a common visual representation using an
ImageNet-pretrained EfficientNet-BO backbone. The
original classification layer of EfficientNet-B0 is removed,
allowing its convolutional layers to operate as a shared
feature encoder for the hierarchical learning tasks. The
feature extraction process can be expressed as

F=ED),
where E(-) represents the shared EfficientNet-B0O encoder
and F € R'?80HXW denotes the resulting high-level feature
map. Importantly, the spatial dimensions of F are retained
at this stage instead of directly applying global pooling,
enabling the subsequent attention branches to operate over
spatial feature tokens.

The extracted feature map F is shared between two
independent branches designed to learn species-aware and
disease-aware representations. This shared encoding
strategy provides both branches with the same underlying
visual information while allowing each branch to specialize
according to its respective supervision. Consequently,
species-related morphological characteristics and disease-
related visual patterns can be learned separately before
being adaptively combined for the final species—condition
classification.

2.3.2. Species-Aware and Disease-Aware Attention
Branches

The shared feature map obtained from the
EfficientNet-B0O encoder is forwarded to two independent
attention branches to learn species-related and disease-
related information separately. Although both branches
receive the same feature map F, their parameters are
independently optimized through their corresponding
supervision. The species-aware branch focuses on
morphological characteristics associated with the three
plant species, whereas the disease-aware branch learns
visual patterns related to the seven disease or health
conditions considered in this study.

For attention-based representation learning, the
spatial feature map is first converted into a sequence of N =
H X Wfeature tokens and projected from 1280 channels to
a 256-dimensional embedding space. Let the projected
token sequence be represented by

X = P(Flatten(F)), X € RV*4,

where P(-) denotes the linear projection and d = 256
is the embedding dimension. Each branch contains a
learnable query vector q € R™¢, which attends to the
spatial tokens through an eight-head attention mechanism.
The attention operation can be expressed as

a = MHA(q, X, X),

where MHA denotes multi-head attention, with the
learnable query serving as the query and the projected
spatial tokens acting as the keys and values. This operation
enables each branch to aggregate spatial information
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according to the representation required by its respective
task.

The attended representation is subsequently refined
using residual normalization followed by a feed-forward
network consisting of two linear transformations with
GELU activation and dropout. This process produces the
species-aware embedding z;and disease-aware embedding
z4, respectively. The two embeddings are therefore derived
from a common visual feature space but learn different
task-specific characteristics before hierarchical fusion.

2.3.3. Species and Disease Auxiliary Classification

The species-aware and disease-aware embeddings are
independently  supervised through two auxiliary
classification heads. The species branch predicts three plant
species, whereas the disease branch predicts seven disease
or health conditions. The seven disease/condition
categories comprise Healthy, Web Blight, Yellow, Yellow
Blight, Leaf Spot, Downy Mildew, and Yellow Spot. These
categories are derived from the original 12 species—
condition classes by grouping identical condition labels
across different plant species. Specifically, Healthy and
Web Blight are shared across all three species, while Yellow
occurs in both Kalanchoe pinnata and Azadirachta indica.
Yellow Blight is associated with Kalanchoe pinnata, Leaf
Spot with Azadirachta indica, and Downy Mildew and
Yellow Spot with Ocimum tenuiflorum. Accordingly, each of
the 12 species—condition classes is mapped to one species
label and one disease/condition label, enabling separate
supervision of the two hierarchical classification tasks.

Given the learned embeddings (z_s) and (z_d), the
corresponding classification outputs are obtained as

[5)5 = CS(ZS)' J?d = Cd(zd)']

where (C¢()) and (C4(-)) denote the species and
disease classifiers, respectively.

These auxiliary classification outputs provide direct
supervision to the two attention branches, encouraging
them to preserve information relevant to their assigned
hierarchical tasks rather than relying solely on the final 12-
class objective. The resulting task-specific embeddings are
subsequently forwarded to the adaptive gated fusion
module for joint representation learning.

2.3.4. Adaptive Gated Hierarchical Fusion

Following task-specific representation learning, the
species-aware and disease-aware embeddings are
integrated through an adaptive gated hierarchical fusion
module. Instead of directly concatenating the two
representations for classification, SAH-Net learns a gating
vector that controls their relative contribution. The two

embeddings are first concatenated and transformed to
obtain the gate:
9 = 0(6((z;: zaD)),

where G (-) represents the gating network, [-;-]denotes
concatenation, and ois the sigmoid activation function. The
fused representation is subsequently computed as

2z =90z +(1-9)Oz

where © represents element-wise multiplication.

The gating mechanism therefore allows the network
to adaptively balance species- and disease-related
information at the feature level rather than assigning a
fixed contribution to either representation. The resulting
fused feature is further refined through a nonlinear
transformation before being forwarded to the final
classification stage.

2.3.5. Final Species—Condition Classification

The fused hierarchical representation z; is used to
perform the final classification across the 12 species—
condition categories. Before classification, the fused
representation is passed through a fully connected layer
that reduces its dimensionality from 256 to 128, followed
by GELU activation and dropout. The resulting feature
vector is then mapped to the final class logits as

9= (7).

where C¢(-) denotes the final classification head and
9 € R'?represents the logits corresponding to the 12
species—condition classes.

In this manner, the final prediction is derived from the
adaptively integrated species- and disease-aware
information rather than directly from the shared backbone
features. This completes the hierarchical processing
pipeline of SAH-Net from shared visual feature extraction
to species—condition recognition.

Unlike conventional EfficientNet-B0O-based
classification, which directly maps extracted features to the
final class labels, SAH-Net incorporates explicit species-
level and disease-level through two
independently parameterized attention branches with
task-specific supervision. These branches are designed to
capture complementary representations, which are
subsequently integrated through adaptive gated
hierarchical fusion for the final species-condition
diagnosis. The principal architectural contribution
therefore lies in the explicit hierarchical formulation of the
classification problem rather than relying solely on
conventional flat classification. Nevertheless, the present
study does not include controlled baseline or ablation
experiments to quantify the individual contributions of the
attention branches and fusion mechanism. Accordingly,

supervision
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their independent effects on classification performance
cannot be established from the current results and require
further investigation.

2.4. Hierarchical Multi-Task Learning Objective

SAH-Net is trained using a hierarchical multi-task
learning objective  that species
recognition, disease recognition, and final species—-
condition  classification. =~ Cross-entropy  loss is
independently computed for the three prediction tasks and
can be expressed as

[£s = CE(@s,y,), Ld = CE(d,y,), Lf = CE®,yf),]
where (y;), (¥4), and (yf) denote the ground-truth
species, disease, and final species—condition labels,
respectively. The three losses are jointly optimized using
the weighted objective
[Ltotal = AL + AL, + Af’,“:f’]

where (), (4;), and (Af) control the contribution of
the individual tasks. In the present experiments, these
weights were heuristically assigned as 0.2, 0.3, and 0.5,
respectively, based on the relative importance of the three
classification objectives. The highest weight was assigned
to the final 12-class species—condition classification task,
which represents the primary diagnostic objective. A
relatively higher weight was assigned to disease/condition
recognition than to species recognition to emphasize
disease-related characteristics while maintaining explicit
species-level supervision. These weights reflect the
intended task priorities rather than an experimentally
optimized weighting configuration.

The joint objective enables the shared encoder and
task-specific attention branches to be optimized within a
single end-to-end learning framework. Consequently, the
auxiliary tasks guide the network toward learning the
intended hierarchical representations, while the final
classification loss optimizes their combined representation
for species—condition recognition.

jointly  supervises

2.5. Experimental Setup

All experiments were conducted using Python 3.13.13
and PyTorch 2.13.0, together with torchvision 0.28.0 and
timm 1.0.28. The experiments were performed on a
MacBook Pro equipped with an Apple M5 Pro chip with 18
CPU cores and 64 GB of unified memory, while model
training was accelerated through the Apple Metal
Performance Shaders (MPS) backend. A fixed random seed
of 42 was maintained throughout the experimental
pipeline to improve the reproducibility of the experiments.

SAH-Net was initialized using an ImageNet-
pretrained EfficientNet-BO backbone and optimized using

AdamW with an initial learning rate of 1 x 10™* and a
weight decay of 1 x 10™*. A batch size of 16 was used, and
the model was trained for a maximum of 50 epochs. The
learning rate was adaptively reduced by a factor of 0.5
when the validation loss did not improve for two
consecutive epochs.

Model selection was based on the total validation loss,
with the checkpoint corresponding to the lowest validation
loss retained as the best-performing model. Early stopping
with a patience of seven epochs was additionally employed
to terminate the training process when no further
improvement in the validation loss was observed.
Following completion of the training process, the best
checkpoint was restored and evaluated on the held-out test
subset to obtain the final performance results.

The classification performance was evaluated using
accuracy, precision, recall, and F1-score. In addition to the
overall classification accuracy, macro-averaged precision,
recall, and Fl-score were computed to assign equal
importance to each disease class irrespective of the number
of samples available in individual classes. A confusion
matrix was further generated to provide a class-wise
assessment of the predictions and identify possible
misclassification patterns among visually similar disease
categories. These evaluation measures were calculated
exclusively on the held-out test subset using the best model
checkpoint selected based on the validation loss.

3. Results and Discussion
3.1. Training and Validation Performance

Figure 3 presents the learning behaviour of SAH-Net
during training. The initial training loss was 1.23, which
decreased considerably during the first few epochs. The
validation loss followed the same trend, decreasing from
0.53 to less than 0.1 during the early stage of training.
Subsequently, only small variations were observed, and
the loss values remained close to zero for most of the
remaining epochs. This shows that most of the learning
occurred during the early epochs, after which the model
reached a stable state.

For the final 12-class task, the training accuracy
increased from approximately 54% in the first epoch to
above 94% in the second epoch. During the same two
epochs, the validation accuracy improved from
approximately 92% to above 98%. The rapid increase in
accuracy is consistent with the reduction observed in the
loss values. After the initial epochs, both training and
validation accuracies remained high with relatively small
variations until the training process was completed.
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Thereafter, both curves rapidly approached 100% and
remained almost stable for the remaining epochs.
Although minor variations can be observed in both curves,
no persistent reduction in the validation accuracy was
recorded as the training progressed. These results are
consistent with the loss behaviour presented in Figure 3(a)
and demonstrate that the proposed model was able to learn
the discriminative characteristics of the medicinal leaf
images within a relatively small number of epochs.
Another important observation from Figure 3 is the
small difference between the training and validation
curves after convergence. The validation loss did not show

(a) Training and validation loss

a progressive increase when the training loss approached
zero, while the validation accuracy remained comparable
to the training accuracy. This indicates that the
optimization of SAH-Net remained stable during the later
stages of training. The obtained convergence can be
attributed to the joint optimization of the species,
disease/condition, and final species-condition classification
objectives, through which the shared representation is
simultaneously guided by different levels of supervisory
information. The generalization capability of the trained
model is further examined on the independent test set in
the subsequent section.

(b) Final 12-class classification accuracy
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Figure 3. Training and validation performance of the proposed SAH-Net: (a) training and validation loss and (b) training and
validation accuracy for the final 12-class species-condition classification task.

3.2. Hierarchical Classification Performance

The classification performance of the proposed SAH-
Net was further evaluated at the three hierarchical levels,
namely species recognition, disease/condition recognition,
and final species-condition diagnosis. As presented in
Table 2, the model achieved an accuracy of 1.000 for all
three classification tasks on the independent test set
comprising 383 images. Similarly, the macro precision,
macro recall, macro Fl-score, and weighted F1-score
reached 1.000 at each hierarchical level. These results
indicate that the learned representations were sufficiently
discriminative not only for distinguishing the three
medicinal plant species but also for identifying the seven
disease/condition categories and their corresponding 12
species-condition combinations.

The class-wise performance of the final diagnostic task
is further illustrated through the confusion matrix in Figure
4. All 383 test images were correctly assigned to their
respective classes, with no misclassification observed
among any of the 12 species-condition categories. The
diagonal entries ranged from 30 correctly classified

samples for Kalanchoe Yellow, Neem Web Blight, and
Tulsi Downy Mildew to 37 samples for Neem Healthy,
reflecting the variation in class-wise test support. More
importantly, all off-diagonal entries remained zero,
demonstrating that the performance was consistently
maintained across the complete set of classes rather than
being dominated by classes containing a relatively larger
number of samples.

The perfect classification performance across the three
hierarchical tasks may be partly attributed to the visually
distinguishable characteristics of the medicinal plant
species and their associated disease conditions. Inspection
of the dataset samples suggests noticeable differences in
leaf morphology, discoloration, lesion patterns, and
disease symptoms, which may have facilitated
discrimination among the evaluated classes. Furthermore,
the training, validation, and test images originated from
the same dataset and acquisition context, potentially
limiting the variability encountered during evaluation.
Although the species-aware and disease-aware branches,
together with gated hierarchical fusion, supported accurate
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classification of all 383 test images, their individual
contributions cannot be established from these results
alone. Therefore, the achieved performance should be
interpreted within the evaluated test partition rather than
as evidence of equivalent performance under different

acquisition conditions or real-world field environments.
External validation using more heterogeneous datasets
would be necessary to establish the generalization
capability of SAH-Net.

Table 2. Hierarchical classification performance of SAH-Net

Task Classes Testsamples Accuracy Macro Precision Macro Recall MacroF1 Weighted F1
Species recognition 3 383 1.0 1.0 1.0 1.0 1.0
Disease/condition recognition 7 383 1.0 1.0 1.0 1.0 1.0
Final species-condition diagnosis 12 383 1.0 1.0 1.0 1.0 1.0

Kalanchoe Web Blight

Kalanchoe Yellow

Kalanchoe Yellow Blight

Neem Healthy

Neem Spot

True class

Neem Web Blight

Neem Yellow

Tulsi Downy Mildew

Tulsi Healthy

Tulsi Web Blight

Tulsi Yellow Spot

35

30

25

~N
S

Number of samples

-
&

Predicted class

Figure 4. Confusion matrix for the final 12-class diagnosis.

3.3 ROC and AUC Analysis

The discriminative capability of the proposed SAH-
Net was further examined using receiver operating
characteristic (ROC) analysis for the final species-condition
classification task. Figure 5 presents the one-versus-rest
ROC curves for all 12 classes together with the macro- and
micro-average curves. The proposed model achieved an
AUC of 1.000 for each individual class, while both the
macro-average and micro-average AUC also reached 1.000.
The ROC curves are concentrated at the upper-left
boundary of the plot and remain substantially above the
diagonal random-classifier reference, indicating complete
separation between the positive and negative samples
within the evaluated test set.

The consistency of the class-wise AUC values is
particularly important considering that the final

classification task combines three medicinal plant species
with different disease and health conditions. No reduction
in discriminative performance was observed for classes
sharing similar disease terminology across species, such as
Web Blight, or for visually related leaf conditions.
Furthermore, the agreement between the macro- and
micro-average AUC values indicates that the observed
performance was maintained across classes despite the
differences in their test sample frequencies. These findings
are consistent with the confusion-matrix results presented
in Figure 4 and further demonstrate the strong
discriminative capability of the learned species-condition
representations on the present test dataset.
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Figure 5. Class-wise ROC curves of SAH-Net for the 12 species-
condition categories.

3.4 Explainability Analysis

To further examine the decision-making behavior of
the proposed SAH-Net, the learned attention patterns were
visualized at different stages of the hierarchical
classification process. Figure 6 presents three illustrative
diseased leaf samples, namely Kalanchoe Yellow Blight,
Neem Spot, and Tulsi Downy Mildew, together with their
corresponding species-attention, disease-attention, and
Grad-CAM visualizations. These examples were selected
to include one diseased sample from each medicinal plant
species and to examine the attention patterns associated
with different disease manifestations. The selected samples
provide a qualitative illustration of the model's attention
behavior rather than a comprehensive assessment across
all 12 species—condition categories.

The species-attention maps presented in Figure 6
show that the highlighted regions vary across the three
examined leaf images. In the Kalanchoe Yellow Blight
sample, higher attention is concentrated around the
discolored and damaged portion of the leaf. For Neem
Spot, the attention is primarily localized within the central
region of the leaf, whereas the Tulsi Downy Mildew
sample shows a comparatively broader attention
distribution across the leaf surface. Similar spatial patterns
can be observed in the disease-attention maps, where the
highlighted regions largely overlap with those identified
by the species-attention branch. For all three illustrated
samples, both auxiliary branches produced the correct
predictions with reported confidence values of 1.000. These
observations suggest that the two branches assign greater
attention to selected leaf regions, although the similarity

between their attention maps does not independently
establish that they learn distinct visual characteristics.

The Grad-CAM visualizations further illustrate the
spatial activation patterns associated with the final species—
condition predictions. For Kalanchoe Yellow Blight, the
major activation region overlaps with the visibly damaged
portion of the leaf, while the Neem Spot sample shows
stronger activation around the central leaf region
containing visible symptoms. In the Tulsi Downy Mildew
sample, the activation is more prominent toward the lower
portion of the leaf and extends beyond the regions
highlighted by the auxiliary attention branches. These
differences illustrate that the spatial emphasis associated
with the final classification output is not necessarily
identical to that of the species-aware and disease-aware
attention branches.

Overall, the explainability results provide a
qualitative illustration of the spatial regions highlighted by
SAH-Net for the three selected samples. Although several
highlighted regions correspond to visible disease-related
characteristics, these observations should not be
interpreted as evidence of consistent attention behavior or
reliable interpretability across the complete dataset.
Moreover, visual correspondence between attention maps
and disease symptoms does not establish a causal
relationship between the highlighted regions and the
predicted classes. A more comprehensive evaluation
involving additional samples from all species—condition
categories and quantitative assessment of explanation
consistency would be necessary to establish the reliability
and generalizability of the observed attention patterns.

Original image Species attention Disease attention Grad-CAM

g1 1¢

Kalanchoe (1.000) Yellow Blight (1.000) Confidence: 1.000

4 | 1

Neem (1.000) Spot (1.000) Confidence: 1.000

Kalanchoe Yellow Blight

Neem Spot

Tulsi Downy Mildew

Tulsi (1.000) Downy Mildew (1.000)

Figure 6. Explainability analysis of SAH-Net using species
attention, disease attention, and Grad-CAM.
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3.5. Computational Efficiency

In addition to classification performance, the
computational characteristics of SAH-Net were evaluated
to examine the resource requirements of the proposed
architecture. As presented in Table 3, SAH-Net contains
6.019 million parameters and requires 0.447 GMACs,
corresponding to approximately 0.893 GFLOPs for a single
forward pass. The trained model occupies only 23.25 MB of
storage, indicating that the incorporation of the species-
aware and disease-aware attention branches together with
the gated hierarchical fusion mechanism does not result in
an excessively large model.

The inference performance of SAH-Net was further
evaluated using the CPU and Apple Metal Performance
Shaders (MPS) on a MacBook Pro equipped with an Apple
M5 Pro processor. The model achieved an average
inference latency of 194.00 ms per image on the CPU,
corresponding to a throughput of 5.15 images/s. When
evaluated using MPS acceleration, the inference latency
decreased to 7.231 ms per image, with a corresponding
throughput of 138.29 images/s. These results indicate that
SAH-Net can achieve comparatively faster inference using
hardware acceleration within the evaluated computing
environment. However, the reported latency and
throughput values are specific to the MacBook Pro/Apple
M5 Pro hardware and software configuration used in this
study. Therefore, these measurements should not be
interpreted as  device-independent  deployment
performance, as inference efficiency may vary across
different processors, hardware accelerators, and
deployment environments. Further
alternative computing platforms, including resource-
constrained devices, would be necessary to establish the
practical deployment efficiency of the proposed model.

evaluation on

Table 3. Computational profile of the proposed SAH-Net.

Metric SAH-Net
Parameters 6.019 M

MACs 0.447 GMACs
FLOPs 0.893 GFLOPs
Checkpoint size 23.25 MB

CPU latency 194.00 ms/image
CPU throughput 5.15 images/s
MPS latency 7.231 ms/image
MPS throughput 138.29 FPS

3.6. Comparison with Existing Studies

To further position the performance of SAH-Net, the
obtained results were compared with representative
studies on medicinal plant leaf identification and disease
classification, as summarized in Table 4. Tiwari et al.[13]
developed a deep neural network for the classification of
22 medicinal plant categories and reported an average test
accuracy of 97.69% on unseen images, together with a five-
fold cross-validation accuracy of 98.68%. Similarly,
Kayaalp [16] employed several pretrained deep learning
architectures for medicinal plant type and disease
classification and obtained a test accuracy of 98.69% using
DenseNet121 across ten categories. These studies
demonstrate the effectiveness of conventional deep CNN
architectures; however, the plant species and disease
information are generally handled within a flat
classification framework.

More recently, Leelavathi and Kalamani [38]
introduced an optimization-based A-DADenseNet
framework for medicinal plant leaf disease classification
using preprocessing, feature selection, and attention-based
classification. Their proposed framework reported an
overall accuracy of 89.14%. Reddy et al. [41] proposed
BiFPNet for medicinal leaf identification by integrating
EfficientNet-BO with bidirectional feature-pyramid fusion.
The model was evaluated on 12,813 images from 98
medicinal plant species and achieved an accuracy of 97%,
while Grad-CAM was incorporated to improve the
interpretability of the predictions. Although this study
considers a substantially larger number of species, its
primary objective is species identification rather than joint
species and disease recognition.

Among the existing studies, LSeTNet provides the
closest comparison with the present work because it
considers the same three medicinal plants, namely
Kalanchoe, Neem, and Tulsi, across 12 disease-related
classes. Ahmmed et al.[39] reported an accuracy of 99.72%,
macro F1-score of 1.00, and AUC of 1.00 using a lightweight
CNN-Transformer architecture with Squeeze-and-
Excitation modules. The model contains 9.38 million
parameters and requires 2.50 GFLOPs. Furthermore, five-
fold cross-validation resulted in an average accuracy of
99.74 + 0.14%, and additional external validation was
performed on the BD-MediLeaves dataset.

In comparison, the proposed SAH-Net achieved 100%
accuracy, macro precision, macro recall, and macro F1-
score on the independent 383-image test subset while
requiring 6.019 million parameters and 0.893 GFLOPs.
Unlike the existing approaches, SAH-Net explicitly
decomposes the learning process into species-aware and



Impact in Agriculture 2026, 2, 6

13 of 16

disease-aware representations and subsequently integrates
them through adaptive gated hierarchical fusion. The
proposed framework therefore differs not only in its
classification performance but also in the manner through
which species morphology and disease-related visual
information are incorporated into the final diagnosis.
Furthermore, the use of species attention, disease attention,
and Grad-CAM provides multiple levels of visual
interpretation corresponding to the hierarchical structure
of the network.

Nevertheless, the numerical values in Table 4 should
not be interpreted as a direct ranking of the models because
the studies employ different datasets, class definitions,

data partitions, and evaluation protocols. This
consideration is particularly important when comparing
SAH-Net with LSeTNet. Although SAH-Net achieved a
slightly higher accuracy on the present test partition with
lower computational complexity, LSeTNet additionally
employed five-fold cross-validation and external
validation, providing stronger evidence regarding
performance stability across different data partitions and
datasets. Therefore, the principal contribution of SAH-Net
should be viewed in terms of its species-aware hierarchical
learning strategy, compact computational profile, and
architecture-specific interpretability, rather than solely the

difference in classification accuracy.

Table 4. Comparison of SAH-Net with existing medicinal plant leaf classification studies.

Accuracy (%) XAl Main characteristic

Study Task / classes Method
Tiwari et al. (2022) Medicinal plant leaf Deep neural
[13] classification, 22 categories network
Kayaalp (2024) Plant type and disease DenseNet121
[16] classification, 10 categories

Leelavathi & Medicinal leaf disease HZKHO-A-
Kalamani (2025) classification DADenseNet
(38]

Ahmmed et al. Kalanchoe, Neem and Tulsi, LSeTNet
(2026) [39] 12 classes

Reddy et al. (2026) Medicinal species BiFPNet

[41] identification, 98 classes

Proposed SAH- Kalanchoe, Neem and Tulsi, Species-aware

Net 12 species-condition classes

hierarchical learning

97.69 No Five-fold CV and independent
testing
98.69 No Pretrained CNN-based
classification
89.14 Attention Optimized feature selection
mechanism and classification
99.72 Grad-CAM, LIME, t- Lightweight CNN-
SNE Transformer; external
validation
97.00 Grad-CAM Large-scale medicinal species
identification
100.00 Species attention, Explicit species/disease

disease attention,
Grad-CAM

learning with gated
hierarchical fusion

4. Conclusion

This study proposed SAH-Net, a species-aware
hierarchical deep learning framework for medicinal plant
disease recognition. Unlike conventional flat classification
approaches, the proposed model explicitly learns species-
related and disease-related visual representations through
two independent query-based attention branches and
subsequently integrates them using an adaptive gated
hierarchical fusion mechanism. The network was
evaluated on 2,547 medicinal leaf images representing
Kalanchoe pinnata, Azadirachta indica, and Ocimum
tenuiflorum across 12 species-condition classes. On the
independent test subset of 383 images, SAH-Net achieved
an accuracy, macro precision, macro recall, macro F1-score,
and weighted Fl-score of 1.000 for species recognition,
disease/condition recognition, and final species-condition
diagnosis. The class-wise ROC analysis further produced

an AUC of 1.000 for all 12 classes, with both macro- and
micro-average AUCs reaching 1.000.

In addition to predictive performance, the proposed
model maintained a relatively compact computational
profile with 6.019 million parameters, 0.447 GMACs, and
0.893 GFLOPs, while the trained checkpoint required only
23.25 MB of storage. The model achieved an inference
latency of 7.231 ms/image on MPS, corresponding to 138.29
FPS, whereas CPU inference required 194.00 ms/image.
The explainability analysis further showed that the species-
attention and disease-attention branches concentrated on
discriminative leaf regions, while Grad-CAM provided
information regarding the areas
contributing to the final species-condition prediction.
These findings demonstrate that hierarchical supervision
can be effectively incorporated into medicinal leaf disease
recognition without introducing excessive computational

complementary

complexity.
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Although the proposed SAH-Net achieved promising
results, certain limitations of the present study need to be
considered. First, the experimental evaluation was limited
to three medicinal plant species and 12 species—condition
classes. Therefore, the effectiveness of the proposed model
for identifying other medicinal plants and disease
conditions remains to be investigated. Another important
limitation is that all images used for training, validation,
and testing were obtained from the same dataset and
acquisition context. Although the dataset was divided into
mutually exclusive subsets, the images may still share
similar characteristics in terms of illumination,
background, camera settings, and environmental
conditions. Consequently, the 100% classification accuracy
achieved on the 383 test images does not necessarily
indicate that the proposed model will maintain similar
performance when evaluated on images collected under
different field conditions. Factors such as variations in
lighting, disease severity, image quality, and background
complexity may influence the recognition performance of
SAH-Net in real-world environments. Furthermore, the
performance of SAH-Net under natural canopy conditions,
including overlapping leaves, partial occlusions, and
complex vegetation backgrounds, has not been
independently evaluated in the present study.

Therefore, further evaluation using independently
collected datasets from different geographical locations
and acquisition conditions is required to establish the
generalization capability of the proposed model. In future
work, we intend to extend the present study by
incorporating additional medicinal plant species and
disease categories, evaluating the model using more
diverse field images, and investigating its implementation
on mobile and edge devices for practical medicinal plant
disease recognition.
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