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ABSTRACT 

 Given the dire threat of extinction facing many plant species, biodiversity conservation 

is essential; especially medicinal plants. People’s awareness on alternative medicine makes 

them use therapeutic herbs with the guidance of herbalists. Integrating contemporary 

technology methods with conventional herbal knowledge will ultimately improve the 

therapeutic system to a larger degree. A CoExtensive model based on Multi-Scale deep parallel 

Convolution Neural Network is proposed which categorizes the medicinal leaf and enlightens 

the user on its attributes like therapeutic qualities, particularly concerning the illness it is 

intended to treat. This multi-scale approach boosts performance in tasks like object detection, 

image segmentation, and classification by analyzing the data at different levels of detail 

simultaneously. Traditional methods involve resizing the herbal image data which loses 

information or using separate CNNs for each scale which can be computationally expensive. 

The proposed architecture CoENet is developed to balance efficiency and network complexity. 

A comprehensive evaluation of the proposed methodology upon testing on the 'Medicinal Leaf 

Dataset' yields an accuracy of 99.73% and the ‘Mepco Tropic Leaf Dataset yields an accuracy 

of 97.2% and compared with pre-trained deep CNN architectures VGG19, InceptionV3, 

Xception to show the supremacy of the proposed approach of leaf classification.  

Keywords: Medicinal Plant Leaf, Coextensive, Multi-scale deep parallel CNN, Classification 

accuracy. 
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1. INTRODUCTION 

Medicinal plants have served as a cornerstone of healthcare for millennia, offering 

natural remedies for various types of ailments. Even before the introduction of allopathy 

among people, medicinal plants have been proven to be the only source of remedy to cure all 

types of diseases. Now-a-days people tend to be interested in organic and natural forms of 

living, leading to the increase in herbal therapies and the integration of plant-derived 

compounds into pharmaceutical drugs and it is proven to be more effective. However, the safe 

and effective utilization of these natural resources has its roots in the accurate identification of 

the underlying plant species. Traditional methods of plant identification often rely on the 

expertise of botanists, can be time-consuming, require extensive training [1], and expertise [6].  

Recently many studies contribute to advancing the field of plant identification and offer 

valuable insights into the application of deep learning for agricultural and botanical purposes, 

potentially revolutionizing herb classification methodologies [2]. By analyzing the image at 

different scales concurrently, the Multi-Scale Parallel Deep (MP-DCNN) architecture captures 

a richer and more comprehensive set of features [19]. MP-DCNN potentially requires less 

preprocessing as it can analyze information at different scales within its architecture but has 

its downfall in network complexity. The proposed model CoENet is developed to address these 

by using MP-DCNN for its architectural base and the repetitive use of basic layers of 

Convolution networks (ConvNet) such as Convolution and pooling layers along with the use 

of Fully Connected [FC] layers which thereby reduces the network complexity.  

The first section of this paper provides an introduction to Medicinal Leaf Classification. The 

second section includes relevant works on Medicinal Leaf classification; the third section 

contains methodology; the fourth section analyzes the model's performance; and a conclusion 

in section five. 

2. BACKGROUND STUDY 

Deep learning (DL) is explored in papers [4], [5] as a potential solution due to its ability 

to learn complex patterns from data. Existing plant leaf classification models often sacrifice 

compactness [7] for high accuracy. DeepPlantNet, a novel deep learning architecture with 

specific design choices, demonstrates superior performance across different classification 

schemes (eight-class and three-class) compared to existing models [8]. Usage of Deep Transfer 
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Learning leverages the challenge of data scarcity and helps to overcome it [9]. HTSD (High-

Level Triangle Shape Descriptor), a deep learning model utilizing convolutional and fully 

connected layers, effectively learns robust and discriminative features directly from leaf 

images, leads to higher classification accuracy [10].  

Transfer learning facilitates knowledge transfer from diverse pre-trained models and federated 

averaging aggregates updates for better generalization. FTL (Federated Transfer Learning) is 

tested on a rice-leaf disease dataset, demonstrating higher accuracy compared to traditional 

machine learning and federated learning approaches. Analysis is carried out on both balanced 

and unbalanced data distributions [11]. Multiscale parallel deep CNNs show promise for 

improved plant leaf classification, addressing both species and disease identification. This 

tackles the limitations of traditional methods that struggle with differentiating diseases and 

species due to variations in scale and location. This architecture utilizes multiple parallel 

streams to analyze leaf images at different scales, enabling the model to capture both global 

and local features of the leaf [3]. Convolutional Neural Networks (CNNs) have emerged as the 

leading method for achieving high accuracy in leaf classification, surpassing traditional 

approaches on the Flavia dataset [12]. 

Successful development of such automated systems such as the Ayurleaf model could have 

significant benefits in facilitating proper identification and utilization of medicinal plants. 

Ayurleaf utilizes a Convolutional Neural Network (CNN) to automatically classify medicinal 

plants based on leaf image physical constituents [13].  Accurate identification of maize leaf 

diseases is crucial for optimal crop yield, but traditional methods are time-consuming and 

require expertise. Here, deep convolutional neural networks (CNNs) are adopted as a potential 

solution [14]. The use of rough sets could lead to efficient classification with reduced reliance 

on complex feature engineering. Applying rough sets might enable accurate classification 

while potentially reducing the need for complex feature engineering techniques compared to 

traditional methods [15]. Soybean crops are susceptible to various leaf diseases, impacting 

overall yield. Traditional plant leaf classification methods require expertise and are time-

consuming. Deep learning offers a promising alternative for automated and accurate 

classification based on analyzing image features [16], [17].  

Traditional plant leaf classification methods often struggle with distinguishing fine-grained 

differences between closely related species. The features from different pre-trained CNN 

models are combined to improve classification performance at both the genus and species level 
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[18]. The challenges of plant identification while combining dataset images from various 

sources, often lead to imbalanced class distributions where some species are vastly over-

represented compared to others. To address the class imbalance issue, oversampling, under-

sampling, and transfer learning techniques within a convolutional neural network (CNN) 

classifier are employed [19]. Acquiring and labeling large datasets can be expensive and time-

consuming, especially in biological research.  Deep low-shot learning, is a technique for 

training accurate models with limited training data [20]. This research purports to focus on 

computer vision methods for Ayurvedic plant recognition, based on its title and distribution 

locations. The utilization of "feature extraction methods" suggests the study investigates the 

method by which computer algorithms can identify relevant aspects from images of these 

plants [21, 22]. It probably contrasts multiple methods of extraction, evaluating their efficacy, 

and accuracy in identifying Ayurvedic medicinal herbs. The establishment of automated tools 

or systems that help in the recognition of therapeutic plants could profit significantly from this 

research, which may have significant implications for researchers and practitioners of 

Ayurvedic medicine. These approaches can make the model highly complex too. Due to its 

ability to analyze data at many sizes within its architecture, MP-DCNN may require less 

preprocessing; however, this is offset by the network's complexity. The proposed model 

CoENet utilizes the structure of MP-DCNN which reduces preprocessing requirements and the 

network is less complex because of the involvement of CNN CNN-based feature extraction 

approach. 

3. MATERIALS AND METHODOLOGY 

3.1 Dataset  

Our proposed architecture CoENet is trained using the Medicinal Leaf Dataset and Mepco 

tropic Leaf dataset. The Medicinal Leaf Dataset contains 30 classes of Medicinal leaves which 

have localities all around Asia, have a total of 1855 images, each having 1600x1200 pixels, 

and some samples are shown in Fig 1. The Medicinal leaves in this dataset were captured using 

a Mobile camera (Model: Samsung s9+) [1]. The Mepco tropic Leaf dataset contains 50 classes 

which have its locality around the foothills of the Western Ghats in Tamil Nadu. It has a total 

of 3777 images and some samples are shown in Fig 2. These images were captured using 

mobile cameras and they are of different sizes [21]. The split for training-testing is 80-20% for 

both datasets. 

Journal of Beijing Institute of Fashion Technology || ISSN : 1001-0564 || https://bjfzxyxb.cn/

VOLUME 22 : ISSUE 9 (SEPTEMBER) - 2026 || Page No:4



            (a)                              (b)                     (c)                             (d)                          (e)   

Fig.1: Samples of Medicinal Leaf Dataset (a) Trigonella foenum-graecum (Fenugreek) 
(b) Punica granatum (Pomegranate) (c) Santalum album (Sandalwood) (d) Syzygium 

cumini(Jamun) (e) Syzygium jambose(Rose apple) 

              

 

 

            (a)                         (b)                         (c)                        (d)                              (e)   

Fig.2:   Samples of Mepco Tropic Leaf Dataset (a) Avaram (b) Holy Basil (c ) Ivy Gourd 
(d) Nalta Jute (e) Spiderwisp 

3.2 Methodology 

The research uses a deep learning technique for the automated identification of therapeutic 

herbs. Architectures like InceptionV3, Xception, and VGG16 are used in architectural study. 

3.2.1. VGG16: 

VGG16 consists of 16 layers. VGGNet is constructed with five sets of (3 × 3) kernel-

based convolution layers. After every convolution layer, Rectified Linear Unit activation 

function is used, and to reduce spatial dimension, max pooling works on 2 × 2 kernels. At the 

end softmax layer of dimension 1x1x1000 is preceded by three fully connected layers of size 

4096 units. The model is trained on the medicinal leaf dataset and the architecture is shown in 

Fig 3. 
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Fig.3: VGG 16 Architecture 

3.2.2. InceptionV3 and Xception: 

 The Inception Network V3 learns intricate patterns with fewer parameters. The 

inception modules concatenate their outputs after performing parallel convolutions at various 

spatial scales. It efficiently captures both local and global characteristics, enabling the network 

to concurrently learn rich representations at multiple scales. InceptionV3 uses a variety of 

pooling techniques, such as average and standard max pooling, to downsample feature maps 

and capture spatial information at multiple scales. Depthwise separable convolution in 

inception architecture, splits the conventional convolution operation into two distinct 

operations such as depthwise convolution and pointwise convolution, differentiates it from 

Xception architecture which typically uses input images resized to a fixed size, often 299x299 

pixels, with standard mean normalization. Depthwise convolution creates a series of 

intermediate feature maps by applying a single filter to each input channel. The intermediate 

feature maps are then combined using pointwise convolution, which applies a 1x1 convolution 

over all channels. The Inception V3 architecture shown in Fig.4 and the Xception model shown 

in Fig.5 are trained using both datasets.  
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Fig.4: Inception V3 architecture 

 

 

 

Fig.5: Xception Architecture 
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3.2.3. CoENet 

In the proposed architecture CoENet – CoExtensive Neural Network, the input image 

is resized to three different sizes and fed to three branches of the architecture which has sets of 

convolution and pooling layers and culminate with concatenation layers for combining those 

three branches’ outputs. The proposed architecture is shown in Fig 6. The first branch has the 

convolutional layer of filter size 3x3 at first followed by a series of filters of size 1x1, 3 x3, 

and 3 pooling layers of kernel size 2x2. The image of size 128x128x3 is fed to the second 

branch which has the filter size of 5x5 which is then followed by a series of filters of  size 1x1, 

3x3, and 5 pooling layers of kernel size 2x2. The image of size 256x256x3 is fed to the third 

branch which has the filter size of 7x7 which is then followed by a series of convolutional 

layers of filter size 1x1, 3x3, and 7 pooling layers of kernel size 2x2. The output of all the three 

branches is concatenated and fed to a series of convolutional layers, max pooling (MP) layers 

and FC layers. 

A. Resizing 

 

  Before feeding the images into the convolutional layers, the architecture resizes each 

image to a standard size of 64x64, 128x128, and 256x256 pixels. As the number of operations 

increases with the number of pixels, processing, and training can be accelerated with smaller 

images. Typically, CNNs expect inputs of a fixed size. Resizing ensures all images conform 

to this requirement, simplifying the network architecture.  

B.Data augmentation 

 A common challenge in the classification of images is having a relatively small dataset. 

The size of the dataset is essentially increased by augmentation. It is done by flipping and 

rotating the original images to create more images. More examples are given to the model to 

learn from, which improves generalization on unseen data. This makes the model less prone to 

overfitting on the specific training data and more likely to perform well on new, unseen leaf 

images. An augmentation factor of 10 is used to increase the number of images to avoid 

overfitting. 
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C.Convolution 

The size of the filters on the first, second, and third branches is 3x3, 5x5, and 7x7, 

respectively to locate characteristics and patterns within the image. A batch normalization 

(BN) layer and a ReLU layer come after each convolutional layer. CNNs frequently employ 

the BN technique to increase training speed and stability. It brings the outputs of the previous 

convolutional layer into a common range by standardizing them (by subtracting the mean and 

dividing by the standard deviation of the batch). This prevents problems like exploding or 

vanishing gradients and speeds up the network's learning process. Compared to the 3x3 

convolution, the convolutional layer with the 5x5 filter size enables the network to capture 

features over a greater region of the image, possibly recognizing more complex patterns. 

Similar to this, a 7x7 filter is employed to find even larger and complex features in the image. 

 

Fig.6: CoENet architecture 
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D.Max Pooling: 

Max pooling selects the maximum value from a specific area of the feature map. As a 

result, the network becomes more efficient by having fewer parameters and calculations. 

Pooling layers downsample the feature maps, therefore reducing the dimensionality of the data. 

Max pooling helps the model to recognize features regardless of their small positional shifts 

This is because it chooses the most significant value inside a small area, and even small feature 

movements won't alter this maximum value. This makes the model more robust to variations 

in the input data. 

E.Pointwise Convolution: 

The number of channels in the feature maps is decreased while retaining spatial 

information by using point-wise convolution. In this architecture, point-wise convolution is 

applied after the initial convolutional layers. Even though a 1x1 convolution has a small 

receptive field, it introduces additional non-linearity to the network through activation 

functions. By reducing the number of parameters, 1x1 convolutions can function as a 

regularization technique to stop overfitting. The network gains non-linearity when 1x1 

convolutions are followed by non-linear activation functions (such as ReLU), which enables 

the network to learn complex relationships between features. 

F. Concatenation: 

Concatenation is a possible approach, where the feature maps from each resized image 

would be stacked together, creating a deeper feature map with a combined depth. As a result, 

the network might be able to learn features from different image resolutions in the same layer. 

The objective of the concatenation layer is to combine the features that have been extracted 

from various neural network branches or paths. In this architecture, feature maps from three 

distinct paths are combined by concatenation. The network can learn complementary 

representations that might not be picked up by individual routes alone by merging feature maps 

from several paths. Concatenation effectively raises the feature maps' 

dimensionality, providing the ensuing layers with richer and more diverse information. This 

can boost the model's overall performance and increase its ability to depict 

complex relationships within the data.  
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G. Fully Connected layers: 

 

  Classification is carried out using fully connected layers using the flattened output from 

the convolutional layer. They discover relationships between the corresponding leaf classes 

and the extracted features. The dropout of 0.25, and 0.2 respectively is introduced between 

each FC layer, and finally, Softmax classifier classifies the output.  

 

4. RESULTS AND DISCUSSION 

 The purpose of this section is to discuss how well a proposed CoENet model can 

classify the medicinal leaves both datasets with high accuracy.  

4.1. Data Collection 

 We have evaluated our model on two datasets. It began with a small number of classes 

and progressed to a larger number of classes. The Medicinal Leaf Dataset has thirty classes 

that contain 1,855 samples of medicinal leaves in which 1484 images are used for training and 

371 images for testing. The Mepco tropic leaf dataset has fifty classes and consists of 3777 

images of which 3021 images are used for training and 756 images are used for testing. By 

using augmentation, the imbalance between the training and testing data is resolved and 

CoENet is trained with an augmentation factor of 10 on both datasets. After augmentation, the 

total number of images in the Medicinal Leaf Dataset is 20405 and in Mepco Tropic Leaf 

Dataset is 41547. 

4.2. Evaluation Metrics 

Accuracy (𝑎𝑐𝑐), recall (𝑟𝑒), precision (𝑝𝑟), and F1-score (𝐹1𝑠𝑐𝑜𝑟𝑒)value are the 
evaluation metrics used.  

                                          𝑎𝑐𝑐 =  
𝑁𝑜. 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑁𝑜. 𝑜𝑓 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
                                              (1) 

                              𝑝𝑟 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 
                                   (2) 

                   

                                     𝑟𝑒 =
்௥௨௘ ௉௢௦௜௧௜௩௘௦

்௥௨௘ ௉௢௦௜௧௜௩௘௦ାி௔௟  ே௘௚௔௧௜௩௘௦
                                                   (3)  
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                             𝐹1𝑠𝑐𝑜𝑟𝑒 = 2 ×  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
                                            (4) 

Confusion Matrix: 

 The confusion matrix shown in Fig. 7 is plotted against the true label and the 

predicted label to verify the model's performance for the Medicinal Leaf Dataset (Dataset 1) 

which contains 30 classes. It shows the accuracy of each class classification and only one 

image from the class Hibiscus Rosa-sinensis was misclassified. The confusion matrix for the 

Mepco Tropic Leaf Dataset (Dataset 2) contains 50 classes and the lowest rate of correct 

classification lies in the Madagascar Periwinkle class. 

 

Fig.7: Proposed Architecture’s Confusion Matrix on Dataset 1 
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ROC curve: 

A Receiver Operating Characteristic curve (ROC) is used to evaluate how successfully 

a model classifies data.  The trade-off between accurately classifying false positive rate and 

true positive rate is plotted on the curve. A ROC curve closer to the top-left corner indicates a 

better-performing model. This indicates that the model has a low false positive rate which 

misinterprets negative cases as positive and a high true positive rate, which accurately 

identifies positive cases. The ROC curve for CoENet, trained on both datasets is shown in 

Fig.8. The medicinal leaf dataset achieves an accuracy of 99.73%, higher than the accuracy of 

the Mepco tropic leaf dataset. Table 1 shows the evaluation metrics and we can observe that 

the proposed architecture CoENet acquires a remarkable accuracy of 99.73% compared to the 

baseline models such as VGG16, Xception, Inception V3, and MP-DCNN.  

 

(a) (b) 

Fig.8: ROC Curve (a) Proposed architecture’s ROC curve on Dataset 1 

(b)Proposed architecture’s ROC curve on Dataset 2 
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Table 1. Comparison of Evaluation metrics between baseline models and CoENet on 
both Datasets. 

Models 

Dataset 
     Medicinal Leaf Mepco tropic Leaf 

A
cc

ur
ac

y 

P
re

ci
si

on
 

R
ec

al
l 

F
1-

S
co

re
 

A
cc

ur
ac

y 

P
re

ci
si

on
 

R
ec

al
l 

F
1-

S
co

re
 

VGG16 93.07 0.93 0.93 0.93 87.76 0.88 0.88 0.88 

Inception 
V3 

95.57 0.96 0.96 0.96 89.27 0.89 0.89 0.89 

Xception 97.5 0.98 0.98 0.98 93.8 0.94 0.94 0.94 

MP-DCNN 
[3] 

- - - - 90.86 - - - 

CoENet 
(Proposed) 

99.73 1.00 1.00 1.00 97.2 0.97 0.97 0.97 

Attribution: 

 The proposed CNN-based architecture CoENet also displays the Threat status, 

Medicinal Values, and the diseases that will be cured by the specific medicinal leaf after its 

identification The threat status of a medicinal leaf is determined by the International Union 

for the Conservation of Nature (IUCN) and has categories like Critically Endangered, 

Endangered, Vulnerable, Least Concern, and Not Extinct. The results of the attributions are 

shown in Fig.9 for the Medicinal Leaf Dataset and Fig.10 for the Mepco Tropic Leaf Dataset. 

 

(a) 

Journal of Beijing Institute of Fashion Technology || ISSN : 1001-0564 || https://bjfzxyxb.cn/

VOLUME 22 : ISSUE 9 (SEPTEMBER) - 2026 || Page No:14



 

(b) 

Fig.9: Attribution results of CoENet on Medicinal Leaf Dataset (a) Amaranthus Viridis 
(b) Ficus Ariculata  

 

(a) 
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Fig.10: Attribution results of CoENet on Mepco tropic Leaf Dataset (a) Holy Basil (b) 
Avaram 
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5. CONCLUSION: 

 In this paper, we presented CoENet- Coextensive Neural Network, a deep learning 

network in which the feature extraction is carried out in three different parallel branches, and 

the results are accumulated to get higher accuracy. CoENet is created especially for 

classifying medicinal plants and displaying their attributes such as Threat status, Medicinal 

Value, and the disease that will be cured by those leaves. To attain remarkable accuracy, our 

research suggests a revolutionary design that makes use of methods like multi-scale parallel 

convolutional neural networks. After extensive testing and analysis, our model achieved an 

astounding 99.73% accuracy on the Medicinal Leaf Dataset and 97.2% accuracy on the 

Mepco Tropic Leaf Dataset.  

 

(b) 
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CoENet performs far better than current state-of-the-art techniques. In comparison with well-

known models such as Inception, VGG16, and Xception, our method shows notable 

enhancements. It also outperforms the MP-DCNN which has 90.86% accuracy on Mepco 

tropic Leaf dataset [3]. The use of augmentation, Pooling layers, and dropout significantly 

increases the model’s accuracy during its development. These findings demonstrate the 

accuracy with which our suggested design can classify medicinal leaves, and they point to the 

wide range of sectors in which it may find use, including pharmacology and botany. The 

effectiveness of CoENet highlights the significance of utilizing advanced deep-learning 

techniques in the field of botanical research and medicinal plant classification. This model 

has a major societal impact in the field of assisted living. In the future, we plan to improve 

and fine-tune our model to tackle various challenges in this domain, which will eventually 

contribute to the progress of identifying and utilizing medicinal plants. 
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