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Abstract — Fruit image classification is one of the many
things we can achieve when dealing with an artificial neural
network, as it is very handy in helping many groups in society.
This technology can improve the productivity rate, save a lot of
expenses, and improve the competitivity of the worldwide fruit
producer’s market. We use various technologies such as deep
convolutional neural networks (DCNN) for deep learning which
is the pinnacle of technology (Sharma, 2021). The problem with
DCNNEs is that they require the necessities of high calculation
and capacity assets, thus, deny the utilizations of DCNNs on
asset restricted conditions like programmed reaping robots.
Consequently, we want to pick a lightweight neural network to
accomplish the equilibrium of asset limits and recognition
precision. This paper will dive into the details of the processes
that were done to showcase how the system is able to recognize
fruits with the results.

Keywords — Convolution Neural Network, Fruit
Classification, Artificial Neural Networks (ANN), Convolutional
Neural Networks (CNN), Recurrent Neural Networks (RNN)

I. INTRODUCTION

With the development of cameras, many people now use
them to take pictures for their memories, and some post them
on social media to share with others. In the comments section,
we can see that people are always asking for or searching for
places or names in the photos themselves, and this is where
image classification comes in handy.

With the advent of Artificial Neural Networks (ANN),
Convolutional Neural Networks (CNN) and Recurrent
Neural Networks (RNN), machines have made great
breakthroughs in the field of object detection and scene
classification, especially CNN. Image classification is a
supervised learning problem as well as the extraction of
photographic features. There are many such extraction
techniques, such as Scale-invariant feature transform (SIFT)
(Lowe, 2004), histogram of oriented gradients (HOG) (Dalal
& Triggs, n.d.), Local binary patterns (LBP) (Cheung &
Deng, 2014), Content-Based Image Retrieval (CBIR) (Khan
et al., 2012), etc. When the features of the image are
extracted, the classification will be done by using classifiers
(Sharma et al., 2018). There are two types of image
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classification which are single -label classification, and multi
label classification. The major difference between them is
that single-label classification has only one single label is
present for each image, and the output has only one value or
prediction. Multi-label classification is the opposite and is
widely used in the medical imaging domain, e.g., to detect
multiple diseases by X-rays (Bandyopadhyay, 2022).

CNNs are constructed to imitate the human or animal
brain. Our brain contains 86billions of neurons (Herculano-
Houzel, 2009), and CNNs are built to simulate the neurons in
the brain. CNNs have a wide range of uses, for example in
computer vision (Fang et al., 2020), speech processing (Palaz
et al., 2019), face recognition (Li et al., 2020) and so on. Its
main advantage is that it can identifies relevant features on its
own, without human supervision (Gu et al., 2018). CNN
architecture consists of 3 layers and 2 functions, which are
convolutional layer, pooling layer, activation function, fully
connected layer, and loss functions (Alzubaidi et al., 2021).
There are many fruits in the world and even the same fruit has
different characteristics, for example apple can be divided
into red apple, golden apple and so on. In this paper, we focus
on fruit classification, so that the machine can recognize
which fruit the image is. The dataset we use is Fruits 360 from
Kaggle, it is a dataset with 90380 images of 131 fruits and
vegetables. The methodology is based on the MobileNetV2
architecture. We will use Google Colab to conduct this
experiment. The rest of this paper is organized as follows:
Section 1l Background, Section 1II Algorithms and
Approaches, Section IV Methodology, Section V Results and
Discussion. (Abdo et al., 2022) proposed obstacle avoidance
robot using convolutional Neural Network to predict the
object detected and to find a path of avoidance the detected
object.

A. Literature Review

In the work of Liu et al. (Liu et al., 2019), the image is
processed using frequency domain enhancement and the
color model for basic image processing. they also used
homomorphic filtering to improve the appearance of the
Actinidia arguta orchard, highlight its distinctive features,
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and lessen the impact of background noise on the ability to
identify the Actinidia arguta trunk. besides, they improved
fruit location recognition accuracy by using a binocular stereo
vision technology. In the end, they succeeded in separating
ripe and immature Kiwifruit with an accuracy of 99.16%.

In order to perform fruit classification, Feng et al. (Feng
et al., 2019) used a more complex algorithm. This algorithm
is based on the pseudo-color and texture data from MSX
images for locking potential fruit regions and detect fruit.
This algorithm can remove the non-target regions and extract
the texture characteristics to improve the target regions'
support judgement. The result is the complete fruit regions
had recognition precision and sensitivity above 92%, and no
less than 72% for incomplete fruit regions.

Geng et al., (2021) used the combination of hyperspectral
and Temporal Convolutional Network (TCN) to classify
apples. the Hyperspectral image acquisition system uses
spectral data collected from different varieties of apples. In
order to classify apple varieties, they used a double-branch
structure in their recognition model, one with a TCN network
and the other with two long and short-term memory networks
(LSTM) modules. The results obtained from this module
were the classification accuracy of seven kinds of apples
reached 99.74%.

Il. BACKGROUND

A. Image Database

The dataset we chose is from Kaggle.com which is fruits 360.
Fruit 360 is a dataset of fruits and vegetables with a total of
90380 images of 131 different fruits and vegetables. The
pictures were acquired by recording the natural products
while they are turned by an engine and afterward separating
outlines. Organic products were established in the shaft of a
low-speed engine (3 rpm) and a short film of 20 seconds was
recorded. Behind the organic products we put a white piece
of paper as foundation. After downloading the dataset, we
uploaded all the pictures into google drive as we used Google
collab to compile and run the code and view the images.
Uploading the dataset and using collab was the idea, due to
Google collab and Google drive being corelated, as Google
collab can access cloud services such as Google drive for
datasets. The dataset is separated into 2 subdirectories which
are training images and test images.

B. Image Classification

Convolutional Neural Network goes under the subdomain of
Al which is Profound Learning. Calculations under Deep
Learning process the data the same way the human cerebrum
does, yet clearly for a tiny scope, since our mind is
excessively complicated (our mind has around 86 billion
neurons) (Xiang et al., 2019).

Picture arrangement includes the extraction of highlights
from the picture to notice a few examples in the dataset.
Involving an ANN with the end goal of picture arrangement
would turn out to be expensive as far as calculation since the
teachable boundaries become incredibly huge. For instance,
assuming we have a 50 X 50 picture of a cat, and we need to
prepare our customary ANN on that picture to group it into a
canine or a feline the teachable boundaries become - (50*50)
* 100 picture pixels increased by stowed away layer + 100
inclination + 2 * 100 result neurons + 2 predisposition =

2,50,302. We use channels while utilizing CNNs (Shahi,
2022). Channels exist of various kinds as per their
motivation.

Thus, after importing the dataset with the help of
TensorFlow, we allow our system to recognize and classify
fruits and vegetables, after training and testing the images.

I1l. ALGORITHMS AND APPROACHES

A. Artificial Neural Network

Artificial Neural Network (ANN) algorithms were
implemented to assist in fruit image classification with pre-
trained image datasets that were downloaded from the Kaggle
online website. The source codes used in this research
belonged to MeAmarP from GitHub and were written in Java.
The ANN method consisted of manmade neurons known as
“nodes” that were inspired by the structure of the human brain
which led researchers to develop the algorithm model. The
algorithm model has three layers as shown in Fig 1, which are
the input layer for accepting image data input, the "hidden
layers" that consisted of neurons to process the image data to
generate outputs via an activation function, and the output
layer for displaying the final data output with a transfer
function (Gill, 2022). The neurons are comprised of weights
and biases that are interconnected, where the parameters can
be adjusted to provide a higher level of accuracy. After the
image data output results are displayed, backpropagation is
initiated if the desired output has a low accuracy so that the
model can learn from previous predictions to produce a more
accurate result (Marr, n.d.).

The ANN algorithm used in this study was trained on
different fruit images from fruit datasets and classified based
on identical features for each of the fruits, which were then
distributed according to their fruit classes. The training
results were produced in the form of graphs to display the
level of accuracy and loss for both training and validation of
the fruit images after going through 20 epoch levels. Fig 1.
shows the architecture of Artificial Neural Network.
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Fig. 1. Architecture of Artificial Neural Network.

B. Convolutional Neural Network

Convolutional Neural Network (CNN) is a type of
Artificial Neural Network that specializes in data processing
of graticule two-dimensional images. A digital image is
comprised of binary numbers to produce complete visual data
and consists of a series of pixels arranged in a grid-like
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pattern that denotes which pixels should have a higher
illumination and what colors are assigned to each pixel
(Mishra, 2020). The architecture of the CNN model trained
input images from a source such as an image dataset, assigned
weights, and biases across various aspects of the images to
differ from one another, and produced output results known
as feature maps that are displayed in arrays (Saha, 2018). The
CNN model has three layers, which are the convolutional
layer, pooling layer, and fully connected layer as shown in
Fig 2.

In this research, the CNN algorithm model is used to
perform an analysis of the fruit image datasets that were
downloaded from the Kaggle online website for object
recognition, segmentation, classification, and processing of
images. The image data from the datasets are fed in large
portions to the CNN model to recognize the various patterns
for each image and noise was removed while the model
enhances and smoothens the images before resizing them.
The image segmentation process starts by converting the
RGB color of the images to grayscale to partition them into
several parts, after which the image representations are
determined and changed for easier analysis. Image
segmentation can be categorized into two parts which are
similarity (represented by regions) and discontinuity
(represented by boundaries). Following the process of image
segmentation, the fruit images are processed to determine
their color, shapes, sizes, and textures, which is known as
feature extraction. The feature extraction was performed to
remove redundant information while retaining those that are
relevant for image recognition, making image detection to be
much easier. The classification process is then finally carried
out to classify the fruit images based on their similar extracted
features and placed according to their fruit classes (Sari et al.,
2021).

Input Image

202

100x100x3
| MaxPooling |

Fig. 2. Architecture of Convolutional Neural Network.

C. MobileNetV2

Mobile NetV2 is a part of the Convolutional Neural
Network model that was developed by Google, which
enabled image classification to take place. The Mobile NetV2
model is an improved version of the Mobile NetV1, in which
the number of parameters in the deep neural network
algorithm was significantly reduced, enabling it to perform
tasks in a fast and efficient manner. The enhancement of the
model resulted in it being lightweight which enabled it to be
used for systems that are embedded and more convenient for
mobile devices to consume less computational power to
operate the model. The Mobile NetV2 was used as a pre-
trained model for training large image datasets, saving
development time by eliminating the need to train the deep
neural network from the start (Nganga, 2022).

The fruit image datasets used in this study were
downloaded from the Kaggle website and implemented in
Google Colab, where TensorFlow is utilized as a base model
from the Mobile NetV2 model. According to the Mobile

NetV2 input requirements, the fruit image size was adjusted
to 224x224 for better image representation, so that the image
output results are not pixelated or blurry. The pre-trained
Mobile NetV2 model was then used to create the base model
for the fruit image classification, with the convolutional
layers frozen to enable the base model to be utilized as a
feature extractor. Following that, the layers in the model are
routed through a sequential model, enabling the neural
network to be built layer upon layer by hidden layers stacked
on top of each other. The sequential method was implemented
to modify the deep neural network so that it could recognize
and perform tasks with greater accuracy. The parameters that
were included in the layers of the model are as follows, the
flatten layer, the dropout layer that manages model
overfitting, and the dense layer which is the output layer and
has Softmax as the activation function, which assists with
multi-label classification. Following the sequential process,
the image classification model will be compiled and trained
to evaluate the performance of the training dataset, with the
accuracy and loss results plotted in graph representations. If
the output results were not satisfactory, the base model will
need to be unfrozen and the layers must be frozen in advance
of a certain layer to tweak the parameters to provide a better
accuracy result (Sahoo, 2021). After the parameters have
been fine-tuned, the process of freezing the base model, going
through the sequential process, compiling, and training the
model will be repeated until the desired output is achieved.

IV. METHODOLOGY

A. Environment of Experiments

In this research, a dataset which contains images of
different fruit types has been used to train as a model for future
predictions. The programming language that has implemented
in this research is Python. The environment that we are using
is Google Colab as libraries and requirements are provided
from this platform. Besides, Google Colab is the only
environment that we are using so that deviations such as
different specifications in software and hardware can be
avoided. The hardware specifications provided by Google
Colab are listed in TABLE I.

TABLE I. HARDWARE SPECIFICATIONS FOR EXPERIMENTS
Hardware Specification
GPU Model Nvidia K80

GPU Memory 12GB
CPU Model Intel(R) Xeon(R)
Number of CPU Cores 2

Available RAM 12GB

Disk Space 25GB

B. Experiments

We are going to apply MobileNetV2 pre-trained model as
the feature extractor. The first step that we had in our
experiment is that we used TensorFlow to create a base model
with MobileNetV2 model that has been pre-trained on the
ImageNet by Google. We have chosen one of the most
common practices for the feature extraction, which is using
the output of the layer before the flattened layer, also known
as the “bottleneck layer” as it will retain more generality. Then
we will add a new layer below the flattened layer with the
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default activation “ReL.U”, and dense with the value of 512.
And finally, we will have the very last layer with “Softmax”
activation and dense with the value just as the number of
different fruit classes that we are going to train. The
experiment will be conducted with Adam optimizer, batch
size of 16, a learning rate with le-5, and 20 epochs. This will
help us to determine the differences of the output so that we
can implement the better option to get a better result.

1
1+e™*

f(x) = sigmoid(x) = (1

zj )
softmax(zj) = Z,gj forj=1,..,K 2

C. Applying Different Parameters

In order to find out the best approach, we have conducted
numbers of experiments by implementing different
parameters. The parameters that we are going to modify will
be the learning rate, number of epochs, and the activation for
the last layer.

Learning rate is a hyperparameter in neural network
where it will manage the numbers of weights to be updated
each time during the training, it is usually within the range of
0.0 to 1.0. In our experiment, the default learning rate that we
had used is le-5. However, we do not know whether it will
give us an optimal output. Thus, we trained the model with
different learning rates to find out which of them will produce
the optimal result. The first learning rates that we are using
are le-3. It is a larger learning rate compared to the default
value. After getting the result from le-3, we and modify the
learning rate to a relatively larger at le-10 to see what will
happened. And finally, we tried to find out the outputs with
the learning rate at le-7 and le-6.

Epoch indicates the number of training iterations that
passes through the entire dataset. We are assuming more
epochs give us higher accuracy. Thus, we will only conduct
one experiment with more epochs. The number of 20 epochs
were defined for the first experiment. We have modified it to
30 epochs to see whether it will give us a better result.

Activation is a function in artificial neural network that
helps the network to learn the intricate patterns in the data.
There are two activation functions included in the
experiment, ReLU (Rectified Linear Unit) and Softmax. The
ReL U activation was used in the hidden layer, this provides a
better performance, and it will help in avoiding the problem
of vanishing gradient. On the other hand, Softmax where we
have used it in the last layer will help us on handling different
classes. Nevertheless, we will change the activation function
in the last layer from Softmax to Sigmoid, both of the
activation functions produce different results with their
formula.

V. RESULTS AND DISCUSSION

A. Results

After running multiple times of the experiment, we have all
the results from different parameters. The final loss, final
accuracy, validation loss, validation accuracy, and time taken
from different learning rate are stated in TABLE Il. The
number of epochs and activation function applied in these
experiments are the default value which are 20 epochs, and
Softmax activation function.

The next experiments were carried out with different
number of epochs to show the difference between different
epochs. We have changed back the learning rate to le-5 so that
we are able to determine the effects brought by epochs. The
results with default number of 20 epochs and the modified 30
epochs are record in TABLE IlI.

The activation functions were being investigated in the last
experiment. Although we have mentioned that ReLU is not
that suitable to be applied at the last layer, we are still going
to examine its output. The default activation function was
Softmax, and we have run the experiment by changing it to
ReLU, and Sigmoid, the epochs are remained as 20. TABLE
IV holds the results produced by the different activation
function.

TABLE Il RESULTS OF DIFFERENT LEARNING RATE

Learnin | Traini | Training | Validati | Validation Time

Take

g Rate ngloss | Accuracy | on Loss Accuracy n (h)

le-5 0.2604 0.9307 0.1488 0.9765 213
(default)

le-3 0.2186 0.9438 0.1104 0.8922 3.35

le-10 3.9653 0.0318 3.6786 0.0218 2.43

le-7 3.5916 0.0624 3.1676 0.0982 1.56

le-6 1.8616 0.4710 0.4418 0.7097 15
TABLE Il RESULTS OF DIFFERENT EPOCHS

- Training - Validatio | Time

Epochs Tr?(')r;;n Accurac Vslll_doastslo n Take

Y y Accuracy n (h)

20 | 02604 | 09307 | 0.1488 09765 | 213
(default)

30 0.1385 0.9655 0.0654 0.9912 2.32
TABLE IV. RESULTS OF DIFFERENT ACTIVATION FUNCTION
Activatio . . Validat | Validatio | Time

Trainin Training .

n g loss Accuracy ton n B
Function Loss Accuracy | n(h)
Softmax | o604 | 00307 | 01488 | 09765 | 213
(default)

RelLU 1.5622 0.6061 0.7987 0.8404 4.63
Sigmoid 0.2321 0.9402 0.1135 0.9820 3.23

Note that all the hyperparameters are at default values
other than the hyperparameters in the caption. Fig 3-12 shows
the results produced by the Convolutional Neural network.
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B. Discussion

The results produced by are Convolutional Neural

network affected by the hyperparameters such as learning
rate, number of epochs, and activation function.
Although we have done some modification on the learning
rate, we can easily identify the optimal option will be the
default learning rate at le-5. Lower learning rate at le-3 allows
the model to be trained more optimal. Yet, it takes much more
time for the training process to be done. In our experiment,
the running time is 1.22h higher than the running time of le-
5, but with a lower validation accuracy. From TABLE II, we
can see that we have done the experiments with parameters
other than le-3. Those are learning rate which is lower than
le-5, they do take shorter time but with inconsiderable
accuracy. Other than that, TABLE III shows that the model
with 30 epochs is better. It generated a validation accuracy
0.0147 higher than the default 20 epochs, taking only 0.19h
longer. The experiments with different activation functions
also returned us different results. We can see that the ReLU
activation function did not produce an ideal accuracy, while
the accuracy produced by the Softmax, and Sigmoid
activation function are close to each other. However, the
Sigmoid activation function took 1.1h longer to produce an
accuracy that is only 0.0055 higher. Thus, we can conclude
that the optimal parameter settings are learning rate at le-5,
30 epochs or more, and with Softmax activation function.
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