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Abstract

Automatic identification of plants, has been a widely explored field for the conservation
of environment. Deep Learning has been extensively used in image recognition tasks due
to its powerful ability to extract features from the given set of images. In this paper, we
have trained Convolutional neural Network models from scratch by first pre-processing the
images using MobileNet’s pre-processing input function to identify the plant species using
leaf images. Four CNN models are discussed at different depths to understand how the
accuracy of identification can be improved and the impact of hyperparameters namely batch
size and number of epochs have on the accuracy of identification. The four models have been
evaluated on two freely available leaf datasets: Flavia and Swedish. To reduce overfitting,
data-augmentation and Early Stopping callback has been applied. The performance of the
proposed CNN model was also compared to SVM, Random Forest and K-Nearest Neighbors
classifiers on both datasets. Maximum accuracies were reported to be 95.35 % and 95.24% on
Flavia and Swedish respectively.

Subject Classification: 68T07.

Keywords: Deep learning, Machine learning, MobileNet, Convolutional neural networks, Pattern
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I. Introduction

Human beings have been utilizing plants for all their essential
needs [1] but most species are at the verge of extinction, which raises a
need to develop an automated plant identification system. Traditional
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methods were time consuming and very complex. Advances in the
field of computer vision show how effectively the machine Learning
techniques can be applied for plant identification at a faster rate, with a
better accuracy and without the need of expert intervention. In literature,
there have been attempts to identify plants using their flowers, stems,
fruits, bark but the most abundantly available plant part, which makes
their identification easier is the Leaf [2]. The leaf image can be captured
by using a camera or a cell phone to be input into the system and its name
and species can be acquired. Different features of a leaf include its shape,
texture, color and venation patterns. Shape of the leaf include the region
based morphological and digital features and contour based features [3].
Texture feature extraction based on grayscale images has been obtained
using Modified Local Binary Patternand wavelets.

Recently, it has been observed that the most sought-after technique in
the field of image recognition is deep learning. It has found applications in
various biological, medical, computer vision and other tasks [4-8].

In this research, we preprocess the augmented input images using
MobileNet’s preprocess input function and then develop and train four
Convolutional Neural Networks (CNN) of increasing number of layers.
After exhaustive experimentation, the final proposed model consists of 5
conv. layers (4 with 64 filters and 1 with 128 filters) +1 softmax. The training,
validation and testing accuracy metrics for different hyperparameters
(number of epochs and batch size) was observed. The performance of deep
learning was also tested against the performance of Machine Learning
classifiers namely Support vector machines (SVM), Random Forest and
K-nearest neighbors(k-NN).

The paper is divided as follows: Section II consists of recent studies
in identification of plants from leaf images. Section III describes the
methodology and Section IV presents the results of the experiments.
Section V concludes the paper and presents future scope in this field.

II. Related Studies

Pattern recognition with Neural Networks has been discussed in
detail in and it has only been evolved in the last decade. The application of
Probabilistic Neural Network was observed in to accurately classify 1800
leaves into 32 classes utilizing 12 features. Deep learning has proven to be
more robustand powerful thus eliminating the need of hand-crafted feature
extraction methods. An excellent example where the leaf vein patterns
were used to classify legumes into 3 different classes was presented in
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where the authors developed 6 different models incrementing the number
of layers to observe the accuracy of the model. They conclude that the use
of deep learning CNN approaches provides an efficient feature extracting
and classification methods. Authors in developed a CNN model from
scratch and tested it against the dataset of 4 classes manually collected by
them.

IIL. Materials and Methods
A. Experimental Setup

The training and testing of the deep CNN models were implemented
using scikit-learn Keras and tensorflow framework which use python
programming language. The training and testing were executed on laptop
with 16GB RAM, using NVIDIA GeForce RTX 3070, GDDR6 @ 8GB
memory.

B. Datasets and Pre-processing

The experiments were conducted on freely available leaf image
datasets namely Flavia and Swedish. Flavia consists of 32 species of leaves
of common plants found in Yangtse Delta in China. Each class has 50-60
images. Swedish dataset consists of 15 species of leaves found between
the Linkoping University and the Swedish Museum of National History.
Each class consists of 75 images. The images were divided into training
set, validation set and testing set.

The number of images per class were increased in training set of
both cases by applying augmentation as a greater number of samples
allow the network to gain better knowledge about the features of
images. This technique is also important as it helps the model to prevent
overfitting. While the images were loaded for training, then again real-
time augmentation was applied using Keras ImageDataGenerator.
These transformations included: featurewise_centre, featurewise_std_
normalization, rotation_range=20, width_shift_range=0.2, height_shift_
range=0.2, horizontal_flip, shear_range=0.2, zoom_range=0.2. Real-time
augmentation is not to increase the number of images but to apply the
above-mentioned transformations in each epoch and then go for training.

C. Architecture of Convolutional Neural Network

Deep Learning is a sub-class of Artificial Intelligence which has been
used for the automatic recognition of objects from images.
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Convolutional Neural networks (ConvNet) consist of multiple
hidden layers that perform feature extraction from an image. The basis of
ConvNet is the convolution layer which extracts high level features from
the images. The number of filters (64 and 128) used in the models perform
the convolution operation. The filter matrix of size 3x3 is slided over the
image matrix to compute the dot product to finally obtain the convolved
feature matrix. Padding is the process of adding pixels to the edge of the
image so as not to lose the bordering image information. Padding is set to
“Same” which calculates and add the required padding to the image to
ensure that output image has the same size as the input image. The stride
value sets the amount of movement between the application of filter and
the input image. The stride value is set to 2 meaning that filter moves
2 pixels right for each horizontal movement and 2 pixels down for each
vertical movement. The activation function used here is Rectified Linear
Unit (Eq.1) which can be places at the end or in between Convolution
layers. It ensures that the output value always lies between 0 and +infinity.

output= max(0,input) ..(Eq.1)

This means that negative values will be 0 and output will be Identity
for all positive values.

Normally we do not want to take all values from the input into the
next layer, but by specifying “MaxPooling” we will only take the Maximum
summarized value of all the values present in the input. The Flatten layer
then converts the output of the convolution layer into a 1D feature vector
which can be input into the fully connected Dense layer. Softmax activation
function (Eq.2) acts as a classifier and converts the feature vector into
vector of probabilities, where the probability of each value is proportional
to the relative scale of each value in the feature vector.

Zl

oy €
o(2)i= —— ..(Eq.2)
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Where, the input vector Z, constitutes values from (z,to z,) which can
take up any real value, which may or may not pose a valid probability
distribution, due to which softmax operation would be necessary.

¢* : the exponential function is applied on the input values.

Z;i ,e” : this is responsible for normalization of the output values so

that all values lie in the range 0 and 1.
K : this is the number of classes in the multi-class classifier.
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D. Construction of Models

Both datasets were first augmented to increase the number of images
to about 160 in each class and then while loading the RGB images, real
time augmentation was applied and images were resized into 224x224.
The images were then preprocessed using pre-processing function used
while developing the MobileNet pretrained CNN model. Four CNN
models of varying depth were developed and tested on both datasets
Flavia and Swedish. Adam Optimizer with learning rate of 0.0001 and
categorical_crossentropy loss function.

Four CNN models of increasing were developed from scratch. These
models are called M1, M2, M3 and M4. M1 consists of 2 Conv layers (filters
64) + 1 softmax. M2 consists of 3 Conv layers (2 with filters 64 and 1 with
filters 128) + 1 softmax. M3 consists of 4 Conv layers (2 with 64 filters and
2 with 128 filters) +1 softmax. M4 consists of 5 conv layers (4 with 64 filters
and 1 with 128 filters) +1 softmax. All conv layers are followed by “relu”
activation and MaxPooling2D layers. The selection of filters was done
using kerastuner and then the best combination of layers and filters were
used in the experiment. Batch size is an important hyperparameter used in
development of CNN models. It refers to the number of training examples

Table 1

Training, validation and Testing accuracies of all models(M1,M2,M3,M4) on
Flavia Dataset

Number
Model Batch Training Validation Testing
Name Size of accuracy Accuracy Accuracy
Epochs
M1 16 60 98.21 78.09 77.67
32 8 98.01 86.51 86.51
64 17 97.86 85.96 80.93
M2 16 81 98.8 94.94 94.88
32 50 97.68 91.01 92.09
64 67 98.56 86.52 86.52
M3 16 14 98.75 92.7 93.02
32 16 99.01 92.13 92.13
64 54 98.07 83.15 84.65
M4 16 22 97.74 94.94 93.95
32 54 97.12 91.57 92.09
64 78 97.87 94.94 95.35
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Table 2

Training, validation and Testing accuracies of all models(M1,M2,M3,M4) on
Swedish Dataset

Model Batch Number Training Validation Testing
Name Size of accuracy Accuracy Accuracy
Epochs
M1 16 34 97.96 78.1 84.17
32 45 95.56 72.38 81.67
64 54 96.37 78.1 75.83
M2 16 27 97.96 89.52 90.83
32 45 96.45 80 79.17
64 54 97.64 88.57 94.17
M3 16 09 95.95 87.62 89.17
32 39 95.9 92.38 94.17
64 47 97.47 88.57 94.17
M4 16 15 97.55 95.24 92.5
32 18 97.55 92.38 93.33
64 58 96.34 83.81 91.67

used in 1 iteration. In our experiments, we have used epoch size 16, 32 and
64. One Epoch refers to one pass over the entire dataset, separates entire
training into different phases. Number of epochs in these experiments is
set to 100, but the Early Stopping callback is applied to ensure that training
stops after there is no improvement in validation loss over 5 consecutive
epochs.

IV. Results and Discussion

Table 1 and Table 2 show the training, validation and testing accuracies
obtained for the models M1, M2, M3, M4 on Datasets Flavia and Swedish
respectively. Maximum validation and testing accuracy on Flavia dataset
was 94.94% and 95.35% and on Swedish dataset it was 95.24% and 94.17%
respectively. It can be observed from the table 1 that on the Flavia dataset
with 32 classes, the Adam optimizer with learning rate 0.0001 correct
allignment shows different behavior for shallow models M1, M2 where
the smaller number of batch size trains for more number of epochs and as
the depth is increased for models M3 and M4 less number of samples in
batch size trains for a smaller number of epochs.

From Table 2 it is also observed that on the Swedish Dataset which
has 15 classes, the behaviour of optimizer is similar across all four depths,
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that is for lower batch size, the training goes on for a smaller number of
epochs.

It is observed that the model M4 shows the maximum validation
accuracy of 95.24% and models M2 and M3 show more testing accuracy
than model M4 which also lays stress on the fact that along with the
depth, the width of the CNN model also plays a vital role in the accurate
classification of the images into their respective classes.

Further, in order to compare the performance of the deep Convolution
Neural Networks to the traditional Machine Learning classifiers, the
augmented image datasets were pre-processed using the pre-process
function from the MobileNet pre-trained model. These images were
then input into the SVM, Random Forest and k-NN classifiers. Out of
the 3 classifiers, k-NN performed the best in both datasets. The testing
accuracies were compared to the proposed CNN model M4 and the
results showed that the deep learning model outperforms the traditional
Machine Learning classifiers
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