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Abstract

Accurate identification of medicinal plant leaves is crucial for their effective and safe utilization in traditional and
modern medicine. Despite transfer learning's widespread application in medicinal leaf classification, the impact
of fine-tuning different lightweight convolutional neural network (CNN) architectures with a unique fine-tuning
strategy (without the use of specific hyper-parameter) is still not well understood. This study evaluated three
lightweight CNN architectures: MobileNetV2, MobileNetV4 Conv Small and ShuffleNetV2. Each model was
trained using a dataset of medicinal leaves from India comprising 5,627 images spanning 56 species. Initial
training involved transfer learning utilizing ImageNet pre-trained weights, followed by fine-tuning within the
identical experimental framework. Evaluation metrics included Accuracy, Macro Precision, Macro Recall, Macro
Fl-score, Cohen's Kappa and Macro AUC. Fine-tuning consistently boosted the performance of all three
architectures while maintaining resource efficiency. The best-performing model was MobileNetV4 Conv Small,
improving in accuracy from 92.85% (transfer learning) to 96.42% and in macro F1-score from 92.86% (transfer
learning) to 96.23% (fine tuning). While ShuffleNetV2 had the lowest baseline performance during transfer
learning, fine-tuning resulted in the largest improvement, matching the classification performance of
MobileNetV4 Conv Small with fewer parameters and lower GPU memory consumption. Further assessment of
model size, inference speed, throughput and memory consumption indicated the suitability of lightweight CNNs
for resource-limited applications. This study illustrates that architecture-specific fine-tuning improves the
performance of lightweight CNNs for medicinal leaf classification. The confusion matrix and Grad-CAM
visualizations confirmed that the models effectively generated reliable predictions by focusing on critical leaf
regions.
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1. Introduction computational resources allowing their use in a

Due to their medicinal properties and diverse
bioactive components, medicinal plants have
traditionally served as crucial elements of healthcare
and still hold significant importance in modern
medicine [1,2]. Species identification is critical for
their safe and effective utilization as India possesses
rich variety of therapeutic species used in Ayurveda
and Siddha systems of medicine. Manual
identification relying on experts to visually examine
distinguishing characteristics can be slow and
challenging when different species have similar
features. Thus, automated image identification has
gained considerable interest for boosting both
accuracy and efficiency [3]. Recent deep learning
progressions have dramatically advanced plant
image identification. Convolutional neural networks
(CNNs), which are combined with transfer learning,
have achieved an outstanding classification
performance by fine-tuning pretrained models for
specific classification issues [4, 11]. Notably,
lightweight deep learning designs have attracted
increasing attention. These layouts offer similar
levels of predictive performance but run with less
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mobile and edge-based environment [12, 13, 14].
Explainable artificial intelligence (XAI) approaches
i.e., Grad-CAM, SHAP or LIME also further
improved the interpretability of deep learning
models by illustrating image regions influencing
predictions of the given input [13,14,15,16].
Regardless of outstanding progress achieved in deep
learning based medicinal plant identification
problems, research gaps still exist. Several studies
only concentrate on the maximization of the
classification accuracy, giving limited consideration
to how different lightweight models respond toward
fine-tuning. Likewise, the relatively small number
of medicinal plant datasets comprising only little
classes restrains the assessment of model scalability
and  generalization  capability. = Comparable
evaluations using a plethora of lightweight transfer
learning architectures in medical leaf identification
considering uniform experimental conditions are
also limited. Similarly, the recently introduced
MobileNetV4 architecture needs to be largely
explored, thus its possibility of utilization in
classifying medicinal species remains unexplored.
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Explainable artificial intelligence techniques have
furthermore gained in importance in computer
vision but still few studies connect lightweight
transfer learning models with methods for
explainability in medicinal leaf classification.
Motivated by the mentioned problems, this article
explores the effects of architecture-specific fine-
tuning on three lightweight convolutional neural
networks: MobileNetV2, MobileNetV4 Conv Small
and ShuffleNetV2. To this aim the experiments used
5,627 images of 56 Indian leaves. Each layout was
individually subjected to an evaluation of both
transfer learning and subsequent refining through
fine-tuning under uniform experimental settings.
Aside from classification performance, the models
were compared in terms of their computational
efficiencies: parameter count, model size, inference
time, throughput and GPU memory consumption.
Furthermore, Grad-CAM outputs were utilized to
explore regions influencing model predictions and
to improve interpretability for the developed
framework.

The major contributions of the current article can be
concluded as follows:

1. A comparative study on MobileNetV2,
MobileNetV4 Conv Small and
ShuffleNetV2 in Indian medicinal leaf
identification

2. A study to determine the effects of
architecture-specific fine-tuning on three
lightweight transfer learning models by
subjecting them to the same experimental
setup.

3. Abroad evaluation of a 56-class medicinal
leaf dataset which comprises 5,627 images
alongside an analysis of predictability
performance and computational efficiency.

4. An explainability analysis with Grad-CAM
that provides qualitative insight into the
prediction behavior of the explored
lightweight architectures.

2. Related Work

2.1 Medicinal Leaf Classification Using Deep
Learning

Deep learning has become effective method for
medicinal leaves classification as it discovers
discriminate visual features directly from leaf
images automatically, reducing the dependency on
manually designed feature extraction methods. A
new systematic assessment by Mulugeta et al [8]
describes the fast growing adoption of deep learning
in  medicinal plants recognition but also
acknowledges problem of diversity on datasets,
range of species cover and evaluation methods.
Dileep and Pournami developed the AyurLeaf
dataset, 40 medicinal plant species collected from
Kerala and showed that a CNN-based classification
scheme was effective [17]. Roopashree and Anitha
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introduced DeepHerb dataset which involved 40
species of medicinal Indian herb species on which
transfer learning approach has been applied using
existing deep learning models [18]. Reddy et al.
have investigated into comparison of transfer-
learning  models VGG16, Xception and
EfficientNetV2 on their medicinal leaves classifying
task [19], whereas Karwa et al. have evaluated
contemporary  deep-learning  models  such
MobileNetV3-Large, EfficientNetB3, YOLOvlIn
and Vision Transformer to carry out medicinal
leaves classification [20]. Furthermore, Gautam et
al. presented a lightweight fusion of attention &
lightweight convolutional neural network [12],
whereas Kavitha et al. and Praveena et al [21]
showcased the utility of using deep learning within
the realm of real-time medicinal leaves
identification as well as in aiding to choose
medicinal usage of leaves effectively [22].
Collectively, these studies are demonstration of deep
learning which has enhanced the medicinal leaves
classification. However, dataset; diversity of the
species; imaging situation; evaluation methods still
hinder the direct comparison of findings from
studies [8].

2.2 Transfer Learning and Fine-Tuning
Approaches

Transfer learning has the most adopted strategy for
image classification that include restricted label
dataset. In the recent past, the researchers have
found that fine-tuning pretrained model result into
better generalization into the tasks, increasing their
classification performance [23, 25].Among these
research works was Ayumi et al. 's, which directly
addressed comparison among models built on
transfer learning with and without prior fine-tuning,
thus showing that fine-tuning was outperforming
those involving only feature-extraction methods
with MobileNetV2 reaching at the maximum
performance [26]. Similarly, Kiflie et al. 's work on
reviewing some CNN models built via transfer
learning to study the question related to plant
identification reported an essential accuracy
increase achieved by means of retraining regardless
how different models were [27]. In addition, Hajam
et al [28] in their paper, developed an ensemble
framework by combining transfer learning and fine-
tuning. It showed improvements on robustness
including a more precise classification when
juxtaposed to independent pretrained models.In
summary, what this research indicated that with the
use of transfer learning further enhancement is
possible which fine-tune and tune deep learning is
allowed to adopt the specific image characters of to
give enhanced outcome.

2.3 Lightweight Deep Learning Architectures
Lightweight convolutional neural networks (CNNs)
have gained considerable attention in plant image
classification owing to their ability to achieve a
balance between classification accuracy and

Page: 808



Accurate and Efficient Indian Medicinal Leaf Classification Using Lightweight Deep Learning
Architectures: A Comparative Study of the Impact of Fine-Tuning

computational efficiency, thereby allowing for
deployment on resource-constrained devices.
Recently, lightweight architectures such as
MobileNet, ShuffleNet, EfficientNet, SqueezeNet
and GhostNet have been investigated for medicinal
plant and leaf classification [9, 10, 23, 29-31].
Several studies aimed to propose lightweight models
for medicinal plant classification. Authors in [32]
developed a lightweight CNN model named as
Ayur-PlantNet that achieve impressive accuracy
with reduced computational complexity. Authors in
[33] proposed AELGNet model for medicinal leaf
classification by incorporating attention
mechanisms, achieving higher accuracy along with
the compact architecture using local and global
features. Similarly, authors in [12] proposed a
lightweight feature-fusion framework for medicinal
leaf classification. Comparative studies have also
demonstrated the effectiveness of lightweight
CNNs. The authors in [31] employed MobileNetV3
for transfer learning to build a computationally
efficient medicinal plant recognition system. The
authors in [10] conducted a study to compare the
performance of  MobileNetV2,  ShuffleNet,
EfficientNetBO and SqueezeNet models, revealing
that ShuffleNet outperforms the MobileNetV2,
EfficientNetBO and SqueezeNet models when
dealing with varied datasets. There is a need for the
lightweight models to be evaluated by computation
efficiency such as memory consumption and Flops
in addition to accuracy is stated in [23].

Despite these advances, few studies conducted
comprehensive comparative evaluations involving
several state-of-the-art CNN architectures for
medicinal leaf classification. The studies compare a
few models using different environmental
conditions or propose one lightweight model.
Therefore, the relative performance of modern
lightweight CNNs, in particular, remain poorly
understood for medicinal plant image classification
therefore there lies a need for comparative
evaluations as is performed in this study.

2.4 Explainable Artificial Intelligence for
Medicinal Leaf Classification

In deep learning, Explainable Artificial Intelligence
(XAI) is vital for understanding model predictions
and for raising transparency to increase the
confidence of researchers in the classification.
Through the highlighting of specific positions and
aspects related to the classification tasks, in an effort
to explain the behavior of developed models. In
[34], the author integrated Grad-CAM and SHAP
into a web-based medicinal plant identification
system, leveraging these methods for visualizing the
decision-making process of the CNN- and
transformer-based models. Ahmmed et al [35]
employed Grad-CAM, LIME and t-SNE techniques
within their lightweight hybrid CNN-Transformer
architecture to provide visual and feature-level
explanations for disease diagnosis and medicinal
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leaf classification tasks. In a similar vein, Kiflie
fused knowledge distillation with a lightweight
MobileNetV2 model and leveraged LIME to
enhance the interpretability of student model while
maintaining high classification accuracy [13].
Khandaker et al [36] utilized LIME to explain
model predictions for medicinal plant recognition.
Recently, N. S. et al [37] proposed a multimodal
CNN-(Transformer)-based framework for the
classification of Indian medicinal leaves. They also
employed XAI methods for interpreting the results
of single and multimodal classifiers using Grad-
CAM and LIME respectively.

While XAI is gaining importance in herbal plant
research, its application generally lags when
compared to the vast adoption of deep learning
techniques. Hence, there is a clear imperative for
more research aiming at enhancing the
interpretability of deep learning models, thereby
fostering improved transparency and reliability of
automated medicinal leaf classification systems.
Table 1 briefly summarizes recent studies for
medicinal leaf classification, including reference,
dataset or region, number of classes, models used,
lightweight model adoption, transfer learning or
fine-tuning, Explainable Al (XAI) and classification
accuracy.

Table 1. Summary of Representative Studies on
Medicinal Leaf Classification
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2.5. Research Gap and Motivation
While significant success has been achieved in
medicine plant as well as medicine leaf area
classification it suffers from the few of following
shortcomings are as described below:

1. The data sets used by different
researchers vary in content, size and
experimental procedure. Thus the
results  obtained by  different
researchers might not be comparable
directly.

2. Use of Transfer learning technique and
fine tuning has shown greater success
rates in classification problems but
comparison between the different
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lightweight architecture in same
experiment conditions have not been
carried out for medicine leaf whose
number of classes is moderately large.
3. Different version architectures based
on MobileNet have found greater
acceptance while the use of ShuffleNet
architecture has been largely ignored.
Also the latest introduced
MobileNetV4 needs to be largely
explored for medicine leaf
classification.
4. Explainable techniques namely Grad-
CAM, SHAP and LIME are being
used in image analysis for plants. But
their uses for medicinal leaf models
are limited.
Therefore, to bridge the mentioned gap this papers
main motive is to study the effect of fine tuning for
three lightweight architecture MobileNetV2,
MobileNetV4 Conv small and ShuffleNetV2 with
56 class Indian medicine leaf data set and compare
them across the parameters using same experimental
setup for classification accuracy and time and to
evaluate their computational time complexity. We
also use Grad CAM to explain the results of the
model to shed light on their prediction performance.
3. Materials and Methods
3.1 Data acquisition and pre-processing
The experiment is conducted by training the neural
network models listed later on a set of 56 Indian
medicine leaf species with a total of 5627 labelled
images as described in [38]. This image dataset,
similar to most real-word plant image collections, is
characterized by image inequality across leaf
classes. Stratified sampling method was considered
for constructing three data sets: training data,
validation data and test data in the ratio of 70%, 15%
and 15% consequently. Thus, we reserved 3949
images, 839images and 839 images for training,
validation and testing respectively.

All the input images used for training with fine
tuning were scaled along x-axis and y-axis to (224 x
224) pixels to fit the input format of transfer learning
models during runtime; subsequently, we changed
the colour format into RGB to use them effectively
for transfer learning, after converting into numpy
array (tensor); thus, we converted all the pixel values
to (0,1). The pixel values were further scaled using
the mean and standard deviation of images available
on ImageNet as our baseline was ImageNet.

Some sample images of the selected categories of
Indian medicinal plants can be viewed in Figure 1,
while the class distribution is shown in Figure 2.
From Figure 2 we can infer that the data set is
slightly imbalanced.
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Fig. 1 Representative leaf sample images from the
dataset

Class Distrbution of Medicinal Leaf Dataset

Fig 2: Class Distribution of Medicinal Leaves

3.2 Lightweight Deep Learning Architectures
We investigated the effect of fine tunning for three
lightweight Convolutional Neural Network (CNN)
namely, MobileNetV2, MobileNetV4 Conv Small
and ShuffleNetV2. These model were selected
because they provide a Dbalance between
classification accuracy while having less
computational cost and thus can be integrated into
resource-constrained devices at the edge of the
network.

3.2.1 MobileNetV2

It was proposed by Sandler et al [39]. It is a
lightweight CNN for mobile and embedded vision.
It builds on MobileNetV1 with inverted residual
blocks and linear bottlenecks for improved feature
representation at low computational cost. Each
block has a pointwise expansion layer, a depthwise
convolution for spatial features and a pointwise
projection layer to compress maps. Residual
connections are used when dimensions match.
MobileNetV2 uses depthwise separable
convolutions plus inverted residuals and linear
bottlenecks to deliver competitive classification
with few parameters and low complexity, suitable
for resource-efficient image tasks.

3.2.2  MobileNetV4 Conv Small

Recent version MobileNetV4 is proposed by Qin et
al [40]. Previous generation MobileNet models
focus on computational complexity, while the V4
was optimized from classification accuracy,
inference latency and resource used perspectives
with hardware-aware method. The novelty of the
models is a redesigned building block called
Universal Inverted Bottleneck (UIB) with further
extended bottleneck, where the depthwise
convolution with adjustable kernel size can be
enabled for more flexibility. Hardwareaware Neural
Architecture Search (NAS) is employed to
efficiently search for well-behaved blocks. In this
study, one of their models called MobileNetV4
Conv Small is chosen, has around 3.8 million
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parameters and needs approximately 0.2 billions
multiply adds for forward and backward pass, which
is a great fit for the medical leaf classification task
on  resource-constrained  devices.  Another
motivation was that V4 is proposed recently and has
not been implemented often so this study tested the
potential of this architecture.

3.2.3 ShuffleNetV2

It was roposed by Ma et al [41]. It enhances practical
inference speed by considering hardware efficiency
alongside computational complexity. It adheres to
design guidelines minimizing memory access cost
through  improved parallelism. The core
ShuffleNetV2 element uses a channel split: one
branch for light convolutions, the other an identity
path. Outputs merge and channel shuffle ensures
efficient information exchange between channel
groups. ShuffleNetV2 reduces previous excessive
group convolutions and multi-branch complexity,
making inference faster with competitive
classification. All of them make it beneficial for
efficient medicinal leaf classification.

3.3 Methodology Workflow

The overall workflow of this study is in Figure 3.
Dataset preparation and splitting in a stratified
fashion for the training, validation and test were
performed for all classes with a fixed random seed
used to maintain class distribution across splits.
Train, validation and test images are then pre-
processed, including resizing and normalization.
After data preparation, three lightweight CNNs
(MobileNetV2, MobileNetV4 Conv Small and
ShuffleNetV2) are used for classification. Stage one
involves initial transfer learning: keeping pretrained
feature extraction layers and only training a newly
added classification head for the Medicinal leaf task.
Baseline transfer learning model performance is

evaluated using validation and test datasets.
Dataset

Spiit into Train/ Test/ Validation
Train Set
Erepocesshy Validation Set Test Set
Resize, Normalize
Initial Training of Models ( =
il z il 5 - P 5
ShuffleNetV2 ) Resize, Normalize
Initial Model Preprocessing:
Evaluation Resize, Normalize
Fine-tuning ( MobileNetv2
MobileNetV4, ShuffieNetv2 )
Final Model

Evaluation
Fig 3. Overview of the methodology adopted for
medicinal leaf classification in this study.
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In stage two, fine-tuning is conducted by unfreezing
selected deeper layers of each architecture, while
keeping the parameters of earlier layers frozen. This
enables the models to learn more specific, high-level
feature representations of medicinal leaf images
while retaining the broad visual knowledge acquired
from large-scale image datasets. Various
Performance metrics were used to determine the
effect of fine-tuning on classification. The best fine-
tuned models were further analysed through their
confusion matrices and with Grad-CAM to establish
their strengths and weaknesses on individual class
levels.

3.4 Experimental Setup

3.4.1 Transfer Learning Strategy

The ImageNet-1K dataset provided rich visual
representation learning opportunities to transfer
learning models. The convolutional backbone
architectures, MobileNetV2, MobileNetV4 Conv
Small and ShuffleNetV2 served as base models
during transfer learning for medicinal leaf
classification. The original classification head was
removed and replaced with a new classification head
with a newly added fully connected layer
corresponding to the medicinal leaf dataset
(featuring 56 classes) to each network. At this point,
all feature extracting layers which were present up
till this stage remained unfrozen, with only the
newly installed classification head being made
trainable on the medicinal leaf dataset. The
classification heads were to undergo parameter
updates exclusively, such that the pretrained
parameters of the backbone could remain preserved
as they were originally obtained from ImageNet.
Validation Macro Fl-score was selected as the
performance metric for learning-rate scheduling,
checkpoint monitoring and model selection. During
model selection, the checkpoint having the highest
validation Macro Fl-score was selected; it would
undergo fine-tuning as an unfreezable network and
will be retrained with appropriate configuration for
weights.

4.4.2  Fine-Tuning Strategy

Deep transfer learning models which were
previously trained on the medicinal leaf dataset as a
newly trained classification head along with original
ImageNet classification backbone; they were further
adjusted to a higher and more specific level for
medicinal leaf classification specifically by
unfreezing selected deeper layers of each
architecture beyond the simple transfer learning
which did not even involve retraining the backbone
for medicinal leaf classification and training them as
fine-tuned neural networks with the preserved
ImageNet and pretrained medicinal leaf data. This
approach permits networks to safeguard knowledge
gathered from the prior learning stage and further
finetune the upper feature layers of the network
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according to the feature sets within pictures of
medicinal plants.

Once again the stratified division was applied,
70:15:15 training, validation and testing split, where
it would be possible, throughout all the
experimentation, thus to permit a more fair and
reliable comparison between deep transfer learning
and deep fine-tuning. The unfrozen layers are only
limited to a certain number of layers but exclude the
early layers whilst retraining with the classification
layer in all subsequent passes while updating fine-
tuned training. Moreover, batch normalization
statistics have been frozen so as to make for more
steady training while at the same time mitigating the
potential risks of model overfitting.

The performance indicator Macro validation F1
score determines the learning rates of the models,
when model checkpoints are set and whether the
models pass beyond certain checks of performance
or not. Again, at checkpoints which have obtained
the maximum Macro Validation F1-score was once
more chosen. The architectures of each of the
models along with the specifics of the training
process about each architecture are provided in
tabular form (see table 2) The number of layers
which were unfrozen for each model along with the
range of learning rates is displayed too.

Table 2. Fine-Tuning Configuration of the
Evaluated Lightweight Models

Model Unfroze | Learning Weig
n Rate ht
Layers Decay
MobileNet | Final 1 x10* 1 X
V2 four 1073
feature
blocks +
classifie

r
MobileNet | Deeper |1 x 107 |1 x
V4  Conv | feature (backbone), | 10™*
Small blocks + [ 2 x 10
classifie | (classifier)
r

ShuffleNet | Stage3, | 8 x| 1%
V2 Stage4, | 10%(Stage3) | 1073
Conv5 + |, 2 X
classifie | 1075(Stage
r 4), 2 X
10-%(Stage
5), 2 x
107#(classifi
er)

4.4.3  Hyperparameter Configuration

To acquire an impartial comparison between these
selected light architectures without having any side
effect from factors other than the architecture itself,
a common set of hyperparameters was used as
widely as possible. Parameters such as image input
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size, batch size, optimizer to be used and its
configurations, no. Of Epochs and checkpoint
selection method were the same for every models in
the experiments. There are distinct optimizer
settings which were utilized in this study during the
stage deep transfer learning and deep fine-tuning for
models in respectively order in terms of differences
between the goals of two tasks and how exactly that
affects the learning process during the training.
Table 3 presented in its entirety the list of
hyperparameters for both stages.

Table 3. Experimental Hyperparameter
Configuration
Paramet | Transfer Fine-Tuning
er Learning
Input 224 x 224 224 x 224
image
size
Batch 64 64
size
Optimiz | AdamW AdamW
er
Maximu | 100 100
m
epochs
Loss Cross-Entropy Cross-Entropy
function | Loss Loss
Learning | ReduceLROnPla | ReduceLROnPla
-rate teau teau
schedule
r
Model Validation Validation
selection | Macro Fl-score | Macro F1-score
criterion
Early 6 10
stopping
patience

3.5 Evaluation and Explainability Methods

3.5.1 Evaluation Metrics

In this stage, both transfer learning and fine-tuning
models were evaluated according to different
assessment metrics, such as Accuracy, Precision,
Recall, Macro F1-score, Cohen 's Kappa and Macro
AUC. These metrics collectively offer a thorough
understanding into the performance of the models
concerning the task of medicinal leaf classification
with multiple classes [42].

The metric of Accuracy measured how well models
can label classes accurately. Precision helped in
assessing the credibility of predicted class labels and
Recall in assessing the capacity of models in
discovering all positive cases in each label. The F1-
score which considered the effect of both false
positives and false negatives was also computed for
models and was a harmonic mean of Precision and
Recall. Specifically, Macro F1 score was used as it
takes a considerate average of all the class-wise F1
scores due to the nature of present dataset. This
results in the fact that all the leaf types were given
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equal consideration irrespective of the number of
samples in them. Cohen's Kappa was also
determined for every model to find the agreement
between actual and predicted class labels by
ignoring agreements which could most probably
happen by chance [43]. Moreover, to find out the
discriminative power from each model under test
during the present analysis Macro AUC has also
been calculated additionally for all the tested
models.

In the process of fine-tuning or transfer learning
processes (mentioned in previous stages), the
learning rate scheduling, model checkpointing and
model selection was primary ruled by the validation
Macro F1 score. Furthermore, the analysis of
performance per class was achieved by analysis of
confusion matrices.

3.5.2 Explainability Analysis Using Grad-CAM
The proposed leaf-classification framework based
on various lightweight models were enhanced on its
overall interpretation by Grad-CAM. A novel
Gradient-weighted Class Activation Mapping
(Grad-CAM) technique capable of generating visual
explanations was invented by Selvaraju et. al [44]. It
helped in identifying the key regions of an Image
that were found to be involved at the time of
predictions hence allowing a deeper understanding
into reasoning and working of the applied
lightweight architectures (CNN's).

4. Results and Discussion

4.1 Transfer Learning Performance

The initial transfer learning results of the three
networks during step 1 of transfer learning are
tabulated in Table 4. The networks have obtained
excellent image retrieval.

Table 4. Initial Transfer Learning Performance of
the Evaluated Lightweight Architectures.

Model | Ma | Acc | Ka | Mac | Ma | Ma
cro | urac | pp | ro cro | cro
F1 |y a Prec | Re | AU
(% | (%) ision | cal | C

) (%) |1

(%

)
Mobile | 90. | 89.8 | 0.8 | 91.0 | 90. | 0.9
NetV2 (31 |7 967 | 1 22 | 98
6
Mobile | 92. | 92.8 | 0.9 | 93.5 | 92. | 0.9
NetV4 |86 | 5 271 | 8 63 | 99
0
Shuffle | 87. | 87.6 | 0.8 | 88.7 | 87. | 0.9
Netv2 [ 71 |0 736 | 6 84 | 96
6

MobileNetV4 Conv Small gave the best baseline
performance of the different architectures, achieving
the highest Macro F1-score (92.86%), Accuracy
(92.85%), Cohen' s Kappa (0.9271), Macro
Precision (93.58%) and Macro ROC-AUC (0.9990).
The excellent performance of MobileNetV4 Conv
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Small indicates that the pretrained feature
representations were successfully able to recognise
subtle differences between species without the deep
layers needing to adapt in the slightest.
MobileNetV2 also performed well and achieved a
Macro F1 score 0f 90.31% and Accuracy of 89.87%.
It gave a consistently high Macro Precision
(91.01%) and Macro Recall (90.22%) and was able
to classify the dataset well purely using the newly
trained head. Even though ShuffleNetV2 gave the
lowest scores across these models, the performance
of the model as measured with the Macro F1 score
of 87.71% and Accuracy of 87.60% were
comparable to the other architectures. This showed
considering the small relatively less number of
parameters that it could still develop a good level of
representation of the unique features during transfer
learning. An observation common across all these
architectures was their performance relative to the
Macro ROC-AUC, that were high in values larger
than 0.99 which reflected the fact that each model
was sufficiently separate the various species of
medicinal leaves even in cases when its accuracy
might not be as high. All transfer learning models
provided good basis for later on evaluating
performance further during architecture specific
finene-tuning.

4.2 Fine-Tuning Performance

The performance of each of the three lightweight
architectures is summarised in Table 5 following
architecture-specific fine-tuning. By tuning these
selected deeper layers, the networks became well
suited to the visual context of the dataset and each
achieved a high classification performance under all
evaluation metrics.

Table 5. Fine Tuning Performance of the Evaluated
Lightweight Architectures.

Model | Ma | Acc | Ka | Mac | Ma | Ma
cro | urac | pp | ro cro | cro
F1 |y a Prec | Re | AU
(% | (%) ision | cal | C

) (%) |1

(%

)
Mobile | 94. | 942 | 09 | 948 [ 94. | 0.9
NetV2 |47 | 8 417 | 6 41 99
7
Mobile | 96. | 96.4 | 0.9 | 96.6 | 96. | 0.9
NetV4 (23 |2 635 | 4 25 199
Conv 6

Small

Shuffle | 96. | 96.1 | 0.9 | 964 | 96. | 0.9
NetV2 [ 16 |9 611 |0 23 |99
7
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Among all the architectures measured MobileNetV4
Conv Small gave the best result out of all of them
when fine-tuned. The architecture achieved the
highest Macro F1 score of 96.23% as well as 96.42%
accuracy, also providing the highest Cohen's Kappa
score of 0.9635 and Macro Precision of 96.64%.
This reflected that during fine-tuning features had
updated to be best suited to discern subtle
differences in the morphology among the species of
medicinal  leaves.  ShuffleNetV2  performed
surprisingly comparable to MobileNetV4 Conv
Small when considering the significant differences
arising from having a smaller architecture, having
only half of the parameters of the former, while
achieving values of approximately 96.16% in Macro
F1 score, 96.19% in Accuracy and 96.40% in Macro
Precision.  This reflected how adequately
lightweight models having small numbers of
parameters have great potential for recognition if
they are adequately adapted to suit the architecture
specifically for the required task. MobileNetV2
however maintained its ability of classifying well on
the dataset, giving a Macro FI score of 94.47% and
an Accuracy score of 94.28%. Its Macro Precision
(94.86%), Macro Recall (94.41%) and Cohen's
Kappa (0.9417) values also displayed the ability of
the model predict reliably. Another remarkable
result was given by the other two fine-tuned models
which too had ROC-AUC value approximately 1.0
which reiterated the conclusion made earlier about
the excellent ability to distinguish different species
of medicinal leaves for all models after fine tuning
has made them more discriminative.

4.3 Comparative Analysis of Transfer Learning
and Fine-Tuning

Figures 4 and 5 indicate the change in performance
exhibited by the three lightweight architectures after
finetuning. While all models gained higher

performance when the layers for feature extraction
were modified, the increase was variable between
the architectures which suggested that how effective
fine-tuning can be depends
architecture.

heavily on the

Macro F1

[

Mom:NetVZ M°°"°Nj"“ Conv snufﬂe:etvz

Small
N 90.31 > 92.86 > 87.71 '
I Y e I |
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Figure 4. Effect of Fine tuning on Test Macro-F1 of
the evaluated models

Accuracy
[
i v v

MobileNetv4 Conv
mall

MobileNetv2 ShuffieNetv2

Transfer Learning > 89.87 > 9285 > 87.60

Fine Tuning | 9428 > 96.42 | 96.19

Difference b +3.57 = +8.59

)

Figure 5. Effect of Fine tuning on Test accuracy of
the evaluated models

Of all the studied models ShuffleNetV2 has showed
the greatest rise in performance. It has gained 8.59
point in Accuracy and 8.45 points in Macro F1
score. Such a dramatic rise suggests that pretrained
representations of transfer learning are not sufficient
for covering all of the discriminant features of the
medicinal leaves dataset. Adapting deeper layers of
the model to the target domain would largely
improve the model efficiency at distinguishing
similar appearing species.

MobileNetV2 has reacted well to fine-tuning too.
Model has improved its performance by 4.41 point
in Accuracy scoring and by 4.16 point in Macro F1
score. Rise is not as drastic and dramatic as in
ShuffleNetV2, but still shows that refining the
higher level feature representations of the model can
lead to more reliable classification results among 56
categories of medicinal leaves.

MobileNetV4 Conv Small showed the slightest rise
among studied models - 3.57 point rise in Accuracy
and 3.37 point rise in Macro F1 score. This,
however, is due to the initially good performance of
the model even with just transfer learning done. If
the pretrained model has already shown the topmost
performance, there is just not much left to improve
on. Even with slight improvements given to it by
fine-tuning, MobileNetV4 Conv Small still has
performed the strongest among all studied model
architectures!

In summary of the results shown in Table 4 and
Table 5, it is clear there are two major take-away
lessons about lightweight transfer learning. Firstly,
every model, regardless of being finetuned, has
shown improved classification results. Secondly, the
level of improvement was dependable on the initial
pretrained model performance level with medicinal
leaves recognition task. Models that performed
worse, gained more from the fine-tuning that was
done to them. Models that came to perform great
with just transfer learning done to them and came to
have small improvements after fine-tuning.

4.4 Computational Efficiency Analysis

1JDDT Volume 16 Issue 67s 2026

Beyond classification results, the practical
applications of deep learning models also consider
their resource requirements. Following results in
Table 6 show the parameter count, model size,
inference time, throughput and GPU memory
consumption for each lightweight transfer learning
model, assisting decision-makers with additional
deployment criteria.

Table 6. Computational Efficiency Comparison of
Fine-Tuned Models

Model | Para | M | Infer | Throu | GP
meter | od | ence ghput | U
s(M) |el Time | (imag | Me
Siz | (ms/i | es/s) mor
e mage y
M ) M
B) B)
Mobile | 2.30 9.0 | 28.01 | 35.71 | 438.
NetV2 0 60
Mobile | 2.56 9.9 | 25.16 | 39.75 | 249.
NetV4 9 49
Conv
Small
Shuffle | 1.31 5.1 |26.10 | 38.32 | 188.
NetV2 9 48

ShuffleNetV2 was the most compact model by far -
1.31 million trainable parameters, by replacing only
model' s original ImageNet classification layer with
the 56 classification layer. It also produced the
smallest model size - of 5.19 Megabits and
consumed the least GPU memory while inference -
of 188.48 Megabits. Despite its small size,
ShuffleNetV2 has provided inference speed similar
to other models while showing strong classification
rates!

MobileNetV4 Conv Small is slightly larger by
parameters and size, but it has won on fastest
inference period and throughput. It provides
inference speed of 25.16 millisecond per image and
throughput of 39.75 image per second. Overall, it
means that MobileNetV4 Conv Small manages to
find a great balance of predictive accuracy and
computation that needs to be invested in the learning
for all of its features.

MobileNetV2 consumed the highest GPU memory
of 438.60 megabites, yet still performed similarly in
inference by time of its MobileNet family models. It
had the lowest throughput of all three architectures
too. But it was not too slow either; and since
MobileNetV2 still showed accurate results, it is a
possible selection for applications when there are
sufficient computational resources to use.

In summary - three architectures use their
parameters differently to obtain different types of
advantages. ShuffleNeV2 would be used if there
were limited resources for training/prediction. It is
suitable, since it has the smallest size. Yet a good
balance between the computational power used and
resources should favour MobileNetV4 Conv Small,
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to show strong prediction efficiency through
efficient model inference.

4.5 Error Analysis and Explainability

4.5.1 Confusion Matrix Analysis

While the evaluation metrics reported in the
previous sections give an idea about the overall
performance of the model, a fine idea about the
confusion in recognition of individual classes are
given by confusion matrices. Confusions matrix of
the fine-tuned MobilenetV4 Conv Small model on
all testing samples (refer to Figure 6) is shown
below.

Figure 6. Confusion Matrix of the Fine-Tuned
MobileNetV4 Conv Small Model

Almost all predictions are clustered in the main
diagonal which means the majority of the testing
images are assigned to actual classes. The instances
which fall in categories different from their actual
are few in counts. They can be found spread between
many classes suggesting random confusion in case
of 56 medicinal plants. This is consistent with its
high Accuracy, 96.42% and high Marco F1 score
96.23%, as previously depicted.

Most of the leaves are recogized with little to no
confusions in it, whereas instances of a plant being
misrecognized are in most cases equal to once or
twice in count than being a confusion of a particular
pair of plants. Among the medicinal plant leaves
taken up, Tecoma proves to be the most challenging
(only 6 of 10 test image were recogizized). Recall
rates are lower only for Nelavembu, Ginger and
Curry, whereas Guava being misrecgonized in few
cases. Therefore, the scattering of error depicts the
model doesn not face a systematic confusion but
only when few cases of medicinal plant leaves
appear visually similar to each other.

Collectively, the confusion matrix depicts
representations are learned by the fine-tuned
MobilenetV4 Conv Small which distinguishes
clearly between medicinal plant leaves with
remaining minor confusions associated with only
few medicinal plants. Although the previous
sections give an exact idea of recognition, it can be
visualized more clearly here only certain leaves
suffer from misrecognition in particular classes.

1JDDT Volume 16 Issue 67s 2026

Further, analysis of the activation patterns shows the
reasoning behind the network's prediction.

4.5.2 Grad-CAM Visualizations

To show how the network makes predictions, two
correctly and one incorrectly predicted leaf class
examples are shown in Figure 7.

[High-confidence correct] GT. Padri | Pred: Padri (0.996) | 2nd: Honge (0.000)
Ground Truth - Grad-CAM

Image Predicted - Grad-CAM
x

| 209: Ginger (0.001)
Ground Truth - Grad-CAM

g high-conf] GT: Tulsi | P

ntana (0.486) | 2nd: Tecoma (0.116)
ad-CAM Ground Truth - Grad-CAM

i

Figure 7. Grad-CAM visualizations generated by
the fine-tuned MobileNetV4 Conv Small model
The leaf varieties include Padri and Insulin
(accurately classified) and Tulsi (incorrectly
identified as Lantana). In the successful cases, only
the leaf region in the image contains activation
maps, showing nearly no attention paid to the
surrounding background. The highlighted regions
mostly encompass clear structural characteristics
evident in the images, like leaf shape, venation and
texture, indicating a strong influence on the
network's prediction. The close correlation between
activation patterns of the predicted and ground
classes suggests that the network is capable of
learning stable visual representations.

Additional information on decision making by the
network is provided by sample analysis of Tulsi.
Even with an incorrect prediction, the activation
map is seen clustered to the leaf not having its
attention fully being diverted over background as
observed above with some class being randomly
recognized or misrecognized suggesting that error of
prediction was not created due to improper
localization, but with commonality in leaf
morphology of both Tulsi and predicted class. Also,
the difference between activation maps of predicted
and ground with each passing layer suggests how
change in feature representations leads in changing
the decision while predicting leaf categories.

Taken together, the Grad CAM visualisations shows
that the model relied on bio-relevant leaf features to
generate predictions. Even for the misclassified
example the network paid attention towards the
important areas of the image allowing for
interpretation of the proposed classification
framework.

5. Discussion
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Based on the results, fine-tuning of the pre-trained
models increased the performance of all three
lightweight CNN models for medicinal leaf
classification. Even though MobileNetV4 Conv
Small performed best with transfer learning alone,
each model benefited from fine-tuning its features
for this task as it learnt fine-grained differences in
leaf species; MobileNetV4 Conv Small had better
fine-tuning but improvement in ShuffleNetV2 was
greater in between stages. Pre-trained ImageNet
features provide a good starting-point for image
classification task, further fine-tuning improved
results. MobileNetV4 Conv Small gave the highest
overall validation accuracy and macro F1 scores
after fine-tuning. Therefore, MobileNetV4 Conv
Small had better task specific features as its features
were extracted well. ShuffleNetV2 performed worse
than other two networks in the first stage but showed
huge improvements over the second training stage,
although with higher number of epochs. With fine-
tuning, MobileNetV2 performs near to the accuracy
of MobileNetV4 Conv Small and its updated
features with the changes in parameters (e.g.
learning rate) gives good results with fine-tuning.
Therefore, fine-tuning helps all three neural
networks alike, although some show rapid
improvement whereas others take more time or
training.

As indicated by the computations, using lightweight
CNN models can be effective in this scenario. Using
the highest accuracy with minimum inference times
gives MobileNetV4 Conv Small better efficiency
over the other networks. With lowest number of
parameters using the lowest model size consuming
minimal GPU memory, ShuffleNetV2 has an
advantage over the two MobileNet models if
resource scarcity is a limiting constraint. These all
are valid findings thus depending on the purpose one
can use either of them for maximum accuracy of
minimum price to pay and still get good results. The
qualitative findings include confusion matrix and
Grad-CAM visualizations. As seen in the confusion
matrix most of the predictions with only a small
number of incorrect predictions lie on the prediction
path. Grad-CAM shows that model makes
predictions on relevant parts of image leaving out
the background details. Hence transfer-learning
along with fine-tuning is an effective way of
improvement of the lightweight CNNs performance
retaining their properties of light weight and faster
execution times (speed). Along with MobileNetV4
being accurate and efficient, ShuffleNetV2 retains
its lightweight nature and can be effective especially
when computational resources (memory is a
constraint) becomes an issue.
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