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Abstract
Banana (Musa Paradisiaca) a fruit plant that is rich in sources of vitamins, minerals and carbohydrates. Image
processing is a method or technique that can be used to process images by manipulating them into desired data to
obtain certain information. The use of image processing technology is to improve accuracy in determining the maturity
of a fruit. The maturity level of bananas has different benefits in terms of the color of the skin of a banana. Green has
the benefit of controlling blood sugar levels, yellowish green is good for those on a diet, yellow contains very high
antioxidants and is good for digestion and yellow with brown spots is useful to help the immune system and is able to
prevent cancer. This study uses the Convolutional Neural Network (CNN) method, one of the effective methods used
by computers to do learning from images. The computer can later identify objects from the given image by this method.
Each object in the image has special features (such as color, size, texture), so to get the features of the image is very
important to do convolution with the appropriate filter. This research resulted in the identification system of cavendish
banana ripeness with 4 classes including "Unripe", "Through Ripe", "Almost Ripe" and "Ripe". All classes will be
identified using CNN. The accuracy obtained in this study with Adam optimization parameters achieved 93.25%
accuracy of training data and 69.34% accuracy of testing data. The results are obtained by SGD optimization
parameters get 94.12% accuracy of training data and 71.95% accuracy of test data..
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1.

Introduction

Banana (Musa Paradisiaca) is a fruit plant that contains a lot of vitamins, minerals and carbohydrates. In Indonesia,
bananas are planted less intensively, so Indonesian banana has low production standard and unable to compete in
international markets. Bananas are old enough to be harvested when bananas are 80-100 days old, depending on variety.
The maturity level of bananas has different benefits in terms of the color of the skin of a banana. The green color has
the benefit of controlling blood sugar levels, the yellowish green color is good for diet, the yellow color contains
antioxidants which are very high and good for digestion, the yellow color with brown spots is useful to help the immune
system and prevent cancer. While the brownish yellow is useful raising blood sugar and fighting inflammation (Mazen
and Nashat, 2019).
Deep Learning is a part of machine learning that uses several layers containing non-linear processing units, each
layer uses the output of the previous layer as input. Convolutinal Neural Networks (CNN) are classified as deep machine
learning (Schmidhuber, 2015). Previous studies classified the maturity level of bananas using three CNN models with
three variables i.e color and texture (Maimunah, Handayanto and Herlawati, 2019). Previous studies using CNN with
the architecture of VGG-16 to identify the maturity of dates (Nasiri, Taheri-Garavand and Zhang, 2019). Besides CNN,
other studies use HOG-SVM to detect apple trees based on images (Zhang and Liu, 2019). Image processing is a method
or technique that can be used to process images or images by manipulating them into desired image data to obtain
certain information. The use of image processing technology is expected to increase accuracy in determining the
maturity of a fruit. The condition of the fruit can be approached from the size of the object image if taken against a
background that contrasts with the color of the observed fruit(Nasiri, Taheri-Garavand and Zhang, 2019).
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Other studies have classified pineapple based on its maturity by dividing it into three categories: raw pineapple,
half-ripe pineapple, and ripe pineapple. Classification is done by CNN using the MobileNet architecture. The model
produces an accuracy of 98.38% and 90.77%(Chaikaew et al., 2019) .
Previous research has perform fruits identification using CNN when the accuracy of testing in the creation of CNN
models is very dependent on the dataset used for training. Variations in the training. Variations in the training dataset
will add ambiguity to the CNN model. The results of the CNN model achieve an accuracy of 96.31% in identifying
images in the testing dataset from fruit images, with features like color similarity, texture similarity, similarity in size
and shape similarity (Mureşan and Oltean, 2018).
Other studies classify the maturity of grapes based on the shape and color of the fruit (Kangune, Kulkarni and
Kosamkar, 2019). The classification model uses the Convolutional Neural Network and Support Vector Machine
(SVM). Color features such as RGB and HSV and morphology are used as features in the classification model. The
validation results show that the CNN model gets higher accuracy which is 79.49% than SVM which only gets 69%.
Other research has performs improving the accuracy of CNN on the quality based on the classification of zalacca
on digital images, increasing the accuracy of CNN classification can be achieved by preprocessing to produce better
images and adding some parameters to the CNN architecture. Some parameters of CNN that can be applied are the
Stride and Zero Padding parameters. The purpose of these two CNN parameters is to determine pixel shifts to get more
detailed information from the input image and increase the accuracy value of the convolution model because convoluted
filters will focus on finding information and eliminating unnecessary information. Besides adding some parameters,
CNN architecture provides a deeper convolution layer which can be useful to improve classification accuracy because
more image features are extracted by CNN and provide more information for salak classification(Dzulqarnain, Suprapto
and Makhrus, 2019). Previous studies used CNN to identify 1 fruit from many fruit objects (Mureşan and Oltean, 2018).
This study measuring the level of cavendish banana maturity based on the color similarity. The information generated
in the form of a percentage and classification of cavendish banana ripeness which includes "Raw" and "Ripe"(Zhang et
al., 2018). Other studies have identified damaged jackfruit using the Convolutional Neural Network. This model
produces an accuracy of 97.87% when applied to each picture of jackfruit on test data (Orano, Maravillas and Aliac,
2019).
This research performed maturity identification of cavendish bananas with 4 classes including "Ripe", "Through
Ripe", "Almost-Ripe" and "Unripe". All classes will be identified using CNN. To facilitate users, the system is built in
Android Mobile App. The image of a cavendish banana sample is photographed with an Android phone camera to
recognize each class and feature that has certain variations.

2.

Proposed Method
2.1. Data Aquisition

In this reseacrh, the data is divided into two types namely training data and test data. For training data obtained
from sample collection and shooting cavendish bananas with different levels of maturity, namely "Unripe", "AlmostRipe", "Ripe" and "Through Ripe". All samples were collected by Nikon D7200 cameras with RGB scale. HD Format
camera with 4128 x 3096 pixels Full Resolution. The training data sample consisted of 300 data consisting of 75
Unripe Cavendish bananas, 75 Almost-Ripe Cavendish bananas, 90 Ripe Cavendish bananas and 60 Cavendish
bananas Through Ripe. The characteristics of cavendish banana images are illustrated in Table 1.
Table 1. Cavendish Banana Ripeness Level Based on Color Change
No

Fruit State

Class

1

Unripe

2

Almost Ripe

3

Ripe

Characteristics
The entire surface
of the fruit is green,
the fruit is still hard
Fruit skin with a
yellowish green
color

All banana fingers
are yellow
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Through
Ripe

4

Yellow bananas
with lots of brown
spots.

helps the immune
system and is able to
prevent cancer

Figure 1. Model of identification of cavendish banana ripeness

2.2. Image Processing
In this Image Processing section, it explains how the Cavendish banana dataset is created. Cavendish banana
images taken using a digital camera in different positions. Background for shooting cavendish banana using a piece
of white paper as the background. The segmentation uses YOLO (Tian et al., 2019) to detect cavendish banana objects
by using bounding boxes (Lamb and Chuah, 2019) or predictions adjusted in the original input to accommodate
cavendish bananas. Then the image detected from the bounding box crop & resize the cavendish banana image to size
224 x 224.
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2.3. Visual Geometry Group 16
Visual Geometry Group is an architectural model of Convolutional Neural Networks that refers to the depth of
layers in getting deeper learning features (Simonyan and Zisserman, 2015). The VGG16 architecture shown in
Figure.2 is arranged starting with 5 convolution layer blocks followed by 3 fully-connected layers. The convolution
layer uses a 3 x 3 kernel with stride 1 and padding 1 to ensure that each activation map maintains the same dimension
as the previous layer..
ReLU activation is done right after each convolution and max pooling operations are used at the end of each 2 x
2 kernel block with 2 strides and without padding to ensure that each dimension of the activation map from the previous
layer is halved. Two fully-connected layers with 4096 ReLU activation units are then used before 1000 fully-connected
softmax layers.
The weakness of the VGG16 model is that it's expensive to evaluate, it takes a lot of memory and parameters.
VGG16 has around 138 million parameters. Most of these parameters (around 123 million) are in fully-connected
layers(Rezende et al., 2018)

Figure 2. Architecture Visual Geometry Group 16

2.4. Convolutional Neural Networks
This research uses Convolutional Neural Network This method uses convolution, pooling, ReLU layers and fully
connected layers. In a typical CNN architecture, each convolution layer is followed by a Rectified Linear Unit (ReLU)
layer then a pooling layer then one or more convolution layers and finally one or more fully connected layers(Cires et
al., 2003).
The characteristics that distinguish CNN from other Neural Networks, take into account the structure of the image
when processing it. A normal neural network converts input in one dimensional array which makes the train classifier
less sensitive to position changes(Cireşan et al., 2012).

1) Feature Extraction
In this feature extraction layer, the encoding process occurs to find a number of features and transform the image
from its original form into a feature vector for the training or identification process. The feature extraction stage
consists of convolution, and pooling.

a) Convolution
The convolution stage is the main process in CNN, known as a feature detector. This layer changes the image to
a different depth and extracts the input image by filtering (kernel) the input then shifts according to the Stride
value(Lamb and Chuah, 2019). This stride is the value that determines the filter shift (kernel) and to adjust the output
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dimensions of the convolution using padding which determines the number of pixels (containing the value 0)(Hinton
et al., 2012) to be added on each side of the input.
After the convolution process and obtaining the feature map, the activation process is then performed using the
Rectified Linear Unit (ReLU) function.(Sultana, Sufian and Dutta, 2019) function which functions to normalize the
negative value to zero, so that all values in the feature map are positive. The ReLU activation function is shown in
(2).
𝑓(𝑥) = max(0, 𝑥)
(2)
Where x is an input neuron.
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Figure 3. Activation Process with Rectified Linear Unit

b) Pooling
In this Pooling phase, the function is to reduce the size and number of parameters in the network and speed up
computing and control overfitting (Rezende et al., 2018) and produce feature patterns. Pooling using Max Pooling
This layer can be shown in Figure 3. In the Max Pooling process, it takes the largest value of the input layer from the
results of the activation function. (Wang and Chen, 2018) This research took a pooling distance of 2x2 pixels to 1x1
pixel.

Figure 4. Operation Max Pooling

2) Identification
The identification layer is composed of several layers and each layer is composed of neurons that are fully
connected (fully connected) with other layers. This layer gets input from the output of the previous layer, namely the
feature extraction layer in the form of a matrix, then the feature in the form of the matrix is converted into a vector to
be used as a neuron input.(Agarap, 2017). The first layer is the input layer that gets input features from the output of
the feature extraction layer in the form of a matrix that is converted first into a vector, the method of converting the
matrix into a vector is called flatten.
Activation used in this identification layer consists of Rectified Linear Unit (ReLU) and softmax activation.
Softmax is used to determine the probability value generated against all class targets. The Softmax function is shown
in (3) where w is the weight. Then calculate the square of error or loss in the output layer using Cross Entropy as in
the research (Lu et al., 2019) shown in(4).

𝑦𝑘 =

𝑇
𝑒 𝑥 𝑤𝑘
𝑥𝑇 𝑤𝑖
∑𝑚
𝑖=1 𝑒

(3)
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∇𝐸 =  −∑𝑚
𝑖=1 𝑝𝑖 𝑙𝑜𝑔 𝑝̂𝑖

(4)

3. Result And Discussion
Cavendish banana image data of 300 data consists of four classes, each of which contains 75 data. Data is grouped
according to maturity class. This data is used for training and testing the CNN model. The data is divided into two parts,
namely 250 training data and 50 test data.
Making the system using the Tensorflow and Keras library with the Python 3 programming language. The
parameter used is the learning rate of 0.01 with 100 epochs. Parameter optimization testing is performed on the
Anaconda 3 platform with configurations using the GPU.
Optimization parameters used in this test are SGD and Adam. For SGD the same as before the learning rate of
0.01, then the momentum of 0.9. Loss function for both uses Cross Entropy and 100 epochs. The parameter
optimization test results look like in Table 2.
Table 2. Result Of Parameter Optimization Test
No

optimization

1
2

SGD
Adam

Training Data
Loss
Accuracy
0.2967
94.12%
0.3412
93.25%

Testing Data
Loss
Accuracy
0.3254
71.95%
0.3756
69.34%

Based on Table 2, the SGD optimization model has a better accuracy and loss value, namely an accuracy of 94.12%
and a loss value of 0.2967 compared to Adam, which has an accuracy of 93.25% and a loss value of 0.3412. Even so
both SGD or Adam optimization have unstable graphics. Accuracy and loss graphs for training data and test data using
SGD and Adam can be seen in Figure 5 and Figure 6.

Figure 5. Accuration and Losses Value of Train
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Figure 6. Acuration and Losses Value of Test
Graph in Figure. 5 and Figs. 6 shows that the SGD model tends to be good at the beginning of time but when it
reaches 100 times the value of losses increases while in the Adam model the losses are unstable. That's where the
SGD model has an optimal loss reduction compared to the Adam model. Be observed from the graph, there is an
increase in the value of the Loss in the 55th epoch with Adam's optmizier. In tests that make up 20% of the total
dataset, there are results that do not match the original label on the raw class. While mature classes have wrong results
and raw classes have the most wrong results with the results found in other classes as shown in Table III.
Table 3. Accuracy Every Class Of The Cavendish Banana Ripeness.
No

Class

Accuracy

1

Unripe

84.00%

2

Almost Ripe

90.00%

3

Ripe

94.00%

4

Through Ripe

87.00%

The results of each class's accuracy of the test data have good results above 90%. The best accuracy is obtained in
the mature class testing to get the recognition result of 94%, while the smallest is the raw class by 84%.

4. Conclusion
This research presents a model for the identification system of cavendish banana ripeness using Covolutional
Neural Networks with VGG16 architecture to identify 4 classes of banana maturity that are raw, almost ripe, ripe and
through ripe. In this study the SGD optimization model with learning 0.01 and a maximum of epoch 100, produces a
better accuracy value with an accuracy of 71.95% for the test data. . Image segmentation using YOLO's pretrained
model helps to detect banana objects so that cropping can be done on banana images.
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