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Banana plants are often cultivated because they have many benefits. In
producing, we need to maintain the quality of bananas by looking at banana
ripeness levels before being distributed to markets. The level of banana
ripeness is related to marketing reach. If the marketing reach is far, bananas
should be harvested when the ripeness level of bananas is still relatively low.
A system that can classify the degree of ripeness of bananas can help
overcome this problem. In this study, our dataset includes 6 ripeness levels
of bananas, more than in previous related studies. Furthermore, we use the
statistical features extraction method to find the parameters that affect the
level of banana ripeness, considering the texture and color of the banana peel
which determines the level of ripeness visually. The extraction used is
features extraction based on a histogram, then we employ four features, i.e.,
mean, skewness, energy descriptor, and smoothness, generated from the
image dataset. In the next stage, we perform classification based on the

features that have been obtained. In this study, we use Naive Bayes classifier
and support vector machine (SVM) algorithms. Based on the result of this
research, the best performance is the Naive Bayes classifier, with an
accuracy is 86.67%, a weighted average precision of 83.55%, and a
weighted average recall of 86.67%.
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1. INTRODUCTION

Banana is a fruit that contains vitamins, carbohydrates, and minerals. Banana plants grow in about
150 countries, i.e., India, Brazil, Philippines, Indonesia, China, Ecuador, Cameroon, Mexico, Colombia, and
Costa Rica [1], [2]. Bananas are also an alternative fruit for tired people, so they are in great demand by
many people. The high market demand, both for fresh consumption and for industrial raw materials, is an
opportunity for agribusiness in Indonesia. One of Indonesia's most widely consumed bananas is the
Cavendish because it has a delicious taste and soft texture.

Before shipping the harvested bananas, they are usually stored in a storage warehouse. Farmers need
to know the level of banana ripeness during the storage process because it is closely related to the quality of
the bananas. Therefore, farmers need to pay attention to the quality of bananas by knowing the banana's
ripeness level. Thus, the farmer can know the right time and strategy for distributing bananas to markets.

One way to determine the level of ripeness of bananas is to look at the color change [3]. At first, the
color changes in bananas can be known by looking with the human eye. However, this condition cannot be
performed for a full day because it will cause the eyes to become tired, which results in an error in observing
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color changes in bananas. Therefore, we need a system that can detect banana ripeness automatically. In this
study, we propose to use a machine learning approach to classify banana ripeness levels. A machine learning
algorithm is one part of artificial intelligence used to perform learning based on training data. Based on this
learning, machine learning can perform classification [4], [5]. Several machine learning models can be used
to classify, i.e., Naive Bayes classifier [6], [7] and support vector machine (SVM) [8], [9]. Several studies
have been performed to detect the level of banana ripeness [10] using the SVM method to classify banana
ripeness levels. His research used the input data of L*, a*, and b* color features. The total data used is
210 images. Based on the study results obtained, an accuracy rate of 96.5%. The subsequent study was
performed by [11] to classify a banana's ripeness level using the artificial neural network method based on
the colour features of hue, saturation, value (HSV) and brown spots on bananas. From the study results, the
level of accuracy obtained was 97.75%. However, the ripeness level is divided into 3 classes, i.e., not ripe,
ripe and overripe.

Next, Tamatjita and Sihite [12] classify banana ripeness using HSV color space and the nearest
centroid classifier. The data used are 60 banana images consisting of 4 classes, i.e., 15 green, 15 almost ripe,
15 ripe, and 15 overripe. Based on the research results obtained, an accuracy rate of 73.33%. Research from
Kamelia et al. [13] uses the HSV and k-nearest neighbor color spaces to classify banana ripeness. The data
used are 60 banana images divided into 30 training and 30 test data. However, the maturity level of bananas
is divided into 3 classes: unripe, ripe, and rotten. The accuracy level obtained is 93.3%.

Furthermore, Wankhade and Hore [14] classify the ripeness of bananas using the SVM method
based on feature extraction obtained from the inception v3 model. His research got an accuracy rate of
88.9%. However, it only uses 4 classes to determine the ripeness level, i.e., green, yellowish, mid-ripe, and
overripe bananas. In another study, Anushya [15] determined the quality of bananas based on their level of
maturity. His research classified banana ripeness using the decision tree and neural network method based on
the gray-level co-occurrence matrix (GLCM) feature. The data used are 270 images, and the accuracy rate for
the decision tree is 71%, while the neural network is 75.67%. However, the level of maturity used is only 3
classes, i.e., overripe, mid-ripe, and ripe. In other research, Prabha and Kumar [1] identified ripe bananas
with color and size features obtained from banana images. Color features were obtained based on the average
color intensity. At the same time, the size was calculated based on the characteristics of an area, the length of
the main axis, and the length of the minor axis. In his research, two classifiers were used, one for color and
the other for size features. The level of accuracy obtained is 99.1% for ripe bananas and 85% for unripe
bananas.

Based on previous studies' descriptions, the banana's ripeness level is detected using color space
features, i.e., L*, a*, and b* [10] and HSV [11], or using feature extraction and machine learning algorithms.
However, determining the class at the ripeness level is complex because the class definition uses the range of
the color space. Therefore, in this study, we propose to detect the level of ripeness of bananas using other
approaches, i.e., feature extraction of bananas texture using histogram-based texture applied on a greyscale
image of bananas by converting its colour using a certain formula.

Furthermore, previous studies such as [13]-[15] classified the maturity level of bananas using 3 or 4
classes. The number of classes used in this study is still relatively small, so in this study, we also propose to
use more banana ripeness levels than previous research, i.e., 6 classes. We also propose to compare two
machine learning methods in classifying banana ripeness levels i.e., Naive Bayes classifier and SVM. Both
algorithms are used because they provide good results based on previous studies. The resulting model is
expected to classify banana ripeness better using machine learning algorithms with more level variations than
previous studies.

2. RESEARCH METHOD

In this study, we construct two classification bananas ripeness models based on textural feature
extraction, then compare two machine learning algorithms as classifiers for bananas' ripeness levels. The
stages of this study as shown in Figure 1. The data collected were 45 images of bananas with 6 different
ripeness levels. The data were randomly divided into 30 images as training data and 15 as test data.

Based on Figure 1, the pre-processing data stage includes converting image color and image
rescaling step. In this stage, we pre-process input images by transforming a color image red green blue
(RGB) into a grayscale image using (1).

1 =0.2989 xR + 0.5870 * G + 0.1140 * B 1)

In the next step, we rescale the image size so that the image size becomes 150x200. After the pre-processing
stage, feature extraction is carried out based on the texture of the banana images using the histogram method.

Int J Adv Appl Sci, Vol. 12, No. 4, December 2023: 317-326



Int J Adv Appl Sci ISSN: 2252-8814 a 319

Data Pre-processing

Collecting Dataset

|

Texture Feature Extraction

|
b b

[ Naive Bayes Classifier ] [ Support Vector Machine }

| |
,

Classification Result

|

Model Evaluation

Figure 1. Stages of these research

2.1. Texture feature extraction

Features are particular characteristics of an object in the image that distinguish one object from
another. The features that are commonly used are color features, shape features, and texture features. These
features are then extracted to obtain the parameters used in the classification process. In color features,
objects are usually recognized by the presence of color differences in a certain color space, i.e., HSV [16],
YChCr [17], RGB [18], and CIELAB color space [19]. Furthermore, in shape features, objects are usually
recognized by the presence of differences in the shape of an object. One way to get these shape features is to
use the Zernike moment [20]. Then, in texture features, objects are usually recognized by changing the
object's texture. The texture is defined as a mutual relationship between the intensity values of neighboring
pixels repeated in an area larger than the distance of the relationship. In this study, texture-based features
were used, bearing in mind that the maturity level of bananas is determined based on the visual texture of the
banana skin.

In this research, we use first-order statistical characteristics based on the characteristics of the
histogram of the image, i.e., mean, skewness, energy, and smoothness [21], [22]. We calculate mean intensity
using (2) based on the histogram results.

=20 pr() )

Where j is the grey level in the image f, pr(j) represents the probability of occurrence j, and M represents
the highest grey level value. The (2) produces the average brightness of the object. The second feature, we
calculate skewness. Skewness is a measure of asymmetry for the mean intensity. The calculation formula is
shown in (3).

skewness = S5 — 1)*pr () ®)

In skewness, a negative value indicates that the brightness distribution is skewed to the left for the
mean, while a positive value indicates that it is skewed to the right for the mean. The third feature, we
calculate energy descriptor. Energy descriptor is a measure that expresses pixel intensity distribution over the
range of grey levels. The calculation formula is shown in (4).

E = Y5 pr(D)? (4)

A uniform image with one grey level value will have a maximum energy value of 1. The fourth feature, we
calculate the smoothness of intensity in the image as shown in (5).

1
1+02

S=1-

®)
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In (5), if the S value is low, the image has a rough intensity. In the next step, we want to classify the ripeness
level of bananas using a machine learning approach, i.e., Naive Bayes classifier and SVM.

2.2. Naive Bayes classifier

A Naive Bayes classifier is an algorithm-supervised classifier that classifies an object or data based
on conditional probability [23]-[25]. The conditional probability calculates the probability that an event falls
into one of several classes [26], [27]. Calculate the probability depending on the number of classes and the
number of features. In this research, we have 6 classes (level of banana ripeness), i.e., K;, K, K3, ... Kz with
n features F;, F,, ... F,. If given an event X, the formula for the probability of x entering one of the available
classes is shown in (6).

Pr(K;|x) = Pr(K;) = Pr(F;|K;) * ...* Pr(F,|K;)
Pr(K,|x) = Pr(K,) * Pr(F,|K;) * ...* Pr(E,|K,) (6)

Pr(Kg|x) = Pr(Kg) * Pr(F;|Kg) * ... * Pr(F,|Kg)

The conditional probability in (6) is obtained by using the probability density function (PDF) for the
dataset in each class [25]. The result of this method is a vector whose components represent class predictions
for each test data. We use the Naive Bayes classifier because this algorithm can recognize the different
frequencies of the statistical features produced at the texture feature extraction stage using histograms. The
more fluctuating the frequency of each statistical feature of each image in the dataset, the Naive Bayes
classifier is expected to be able to classify it better.

2.3. Support vector machine

SVM is a supervised learning method to recognize patterns and classification [28]-[30]. In
classification, SVM maps the input vector to a higher-dimensional space as shown in Figure 2. A hyperplane
is constructed and used to separate the different classes in this space [31]. SVM will generate multiple
hyperplanes, as shown in Figure 2(a). In the next stage, SVM will find the best maximum marginal
hyperplane (MMH) in dividing the dataset into classes [32]. In SVM, there are support vectors, the data
(points) closest to the hyperplane [33]. This point will define a hyperplane that separates sets of objects with
different class memberships by calculating the margins [34]. Margin is the distance between the hyperplane
and the closest class point. If the margin is more considerable between classes, it is considered a good
margin. In other words, SVM will choose a hyperplane with the maximum margin, as shown in Figure 2(b).
To select the optimal hyperplane, we use (7), (8), and (9) [35].

Wix+b=0 @)
In (7), W is a normal vector, which determines the direction of the hyperplane, and b is a displacement,
which determines the distance between the hyperplane and the origin. Assume that the hyperplane can
correctly classify the training data.

wix;+b=>1y=1 8)

wix;+b< -1,y =-1 9)

Support Vector

Margin

(a) (b)

Figure 2. Classification by using SVM (a) SVM will generate multiple hyperplanes and (b) SVM will choose
a hyperplane with the maximum margin
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The maximum interval hypothesis is shown in (8) and (9). If the value of y=1, it indicates that the
sample is positive, whereas if y=-1 is stated as a negative sample. Previous related studies about banana
ripeness classification show that SVM gives promising results. In this study, SVM is used as a comparison to
the Naive Bayes classifier, it also overcomes the problem of uniform frequency distribution that may appear
in some features, which the Naive Bayes classifier cannot handle properly.

2.4. Model evaluation
In the next stage, we evaluate the model by calculating the value of precision, recall, and accuracy
(Acc) in each category using (10), (11), (12), (13), and (14) [36]-[38].

Acc = —* N % 100% (10)
TP+FP+TN+FN

p; = T:f;P. X 100% (11)
_ Z?:lpidi

WAP = T (12)
TP;

M= e % 100% (13)
_ X midg

WAR = a4 (14)

Where WAP is weighted average precision, WAR is weighted average recall, p; is the precision value for the
i-th class, d; is the number of actual data in the i-th class, and r; is the recall value for the i-th class.

3. RESULTS AND DISCUSSION

In this section, we will discuss the research results obtained, i.e., the data collection results, the
results from the classification of banana ripeness levels using the Naive Bayes classifier and SVM methods,
and evaluate the classification model. The data collection results contain information regarding the amount of
data per class and the appearance of some image data in the dataset. The classification results consist of
information regarding the comparison of actual labels and predicted labels. The classification results are
presented in the confusion matrix. The evaluation results include measuring model performance based on
accuracy, recall, and precision.

3.1. Images dataset

This study shows banana images collected with 6 different ripeness levels in Figure 3. Our dataset is
divided into two parts, i.e., 30 as training data and 15 as test data. Figure 3 shows 6 samples of bananas with
6 different ripeness levels. The first level is fresh green (Figure 3(a)), which is very good if harvested. The
second is bright green (Figure 3(b)), ready for store pick up. The third is green with a hint of yellow, suitable
for store stock (Figure 3(c)). The fourth is yellow with a touch of green (Figure 3(d)), ideal for store display
and sale. The fifth is yellow and green-stemmed ready for consumption (Figure 3(e)). The sixth ripeness level
is yellow with a few brown spots (Figure 3(f)), a banana with the best taste, smell, and nutrition.

</ Q- )

(@) (b) (c)
: 4
|
(d) () ()

Figure 3. Sample of a dataset (6 of 45 banana images), (a) fresh green, (b) bright green, (c) green with a hint
of yellow, (d) yellow with a touch of green, (e) yellow and green-stemmed, and (f) yellow with a few brown
spots
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3.2. Result of texture feature extraction

In this section, we will discuss feature extraction results. We perform feature extraction using the
texture of the banana image. We propose to perform texture feature extraction because the formula used to
obtain features is easier than feature extraction using color space. Besides that, determining the class at the
ripeness level is complex because the class definition uses the range of the color space.

In this study, we use texture feature extraction based on the histogram, and there are 4 features
extracted i.e., mean, skewness, energy, and image smoothness. In the next stage, we randomly divide the
features into two parts, i.e., 30 data as training features and 15 as test features, as in Tables 1 and 2. As shown
in Table 1, 30 data were used as training datasets (historical data). Each data has four features, i.e., mean,
skewness, energy, and smoothness. Based on the extraction results, features with the same class have almost
the same feature values, especially in the mean feature. Meanwhile, Table 2 shows that 15 banana images
were used as a testing dataset, each having four features. The next step is to classify the test features using a
machine-learning approach.

Table 1. Training features (20 of 30 training features)

No. Mean Skewness Energy Smoothness Category
1 197.12700 -5.98550 0.27598 0.08603 1
2 208.51563 -2.93546 0.25212 0.05683 1
3 227.95467 -2.26523 0.36086 0.02915 2
4 248.32287 -0.33594 0.53966 0.00456 5
5 232.22179 -0.78187 0.26323 0.01682 3
6 231.47127 -0.79116 0.27344 0.01746 3
7 24403913 -0.51267 0.40881 0.00781 4
8 222.00000 -8.37811 0.36913 0.05901 6
9 220.00000 -1.27179 0.35407 0.07378 6
10 220.30570 -2.75190 0.33190 0.04010 6
11 243.83170 -1.09295 0.27344 0.00960 4
12 199.75113 -3.94456 0.03376 0.06100 1
13 226.36540 -2.97633 0.21543 0.03164 2
14 234.04603 -0.79291 0.28622 0.01605 3
15 243.60570 -0.31211 0.37358 0.00623 4
16 248.47250 -0.31211 0.40285 0.00390 5
17 246.12530 -0.31770 0.52654 0.00570 4
18 246.11760 -0.19061 0.29540 0.00453 4
19 248.23440 -0.99380 0.49357 0.00770 5
20 249.86940 -0.22230 0.43305 0.00316 5

Table 2. Testing features

No. Mean Skewness Energy Smoothness
1 221.72137 -6.02257 0.23557 0.04961
2 214.56263 -2.10817 0.20874 0.03959
3 248.15070 -0.48039 0.34777 0.00502
4 244.16457 -0.07069 0.23265 0.00275
5 242.68340 -0.82140 0.21820 0.00890
6 244.60807 -0.70983 0.53331 0.00864
7 246.94830 -0.24114 0.23288 0.00367
8 225.37803 -2.51085 0.45057 0.03786
9 233.32313 -0.80087 0.17995 0.01639
10 237.19450 -1.64955 0.10263 0.01630
11 248.47250 -0.31211 0.40285 0.00390
12 209.26930 -4.31712 0.11563 0.05634
13 190.18540 -1.37339 0.01843 0.04834
14 234.04780 -0.79326 0.28792 0.01605
15 165.55020 -1.61060 0.00930 0.03150

3.3. Classification result using Naive Bayes and support vector machine

In this study, we want to compare two machine learning approaches, i.e., Naive Bayes classifier and
SVM. Both algorithms are used because they provide good results based on previous studies. This section
discusses the classification results using the Naive Bayes and SVM, as shown in Table 3. Based on Table 3,
there are 15 test data selected randomly. We test using the Naive Bayes classifier and SVM methods. In the
next step, we create a confusion matrix based on the prediction results in Table 3.

In Table 4, 4 bananas on actual condition in class 1 are predicted to enter class 1. In the second row,
there is 1 banana on a real need in class 2 that is expected to join class 2. In the third row, there are 3 bananas
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in the actual condition in class 3 predicted to enter class 3. In the fourth row, 3 bananas in the actual situation
in class 4 are expected to join class 4. However, there is 1 banana on existing conditions in class 4 that are
predicted to enter classes other than 4. In the fifth row, 2 bananas in the actual condition in class 5 are
indicated to enter class 5. In the last row, on actual condition, there is 1 banana in class 6, but it is predicted
to join class other than 6.

In Table 5, 3 bananas in the actual condition in class 1 are predicted to enter class 1. However, there
is 1 banana on a real need in class 1 that is expected in other than class 1. In the second row, there is 1 banana
on actual condition in class 2 that is predicted to enter class 2. In the third row, 2 bananas in the actual
condition in class 3 are expected to join class 3. However, there is 1 banana in the actual situation in class 3
that is predicted in other than class 3. In the fourth row, 3 bananas in the actual condition in class 4 are
expected to enter class 4. However, there is 1 banana in actual conditions. Bananas in class 4 are predicted to
enter classes other than 4. In the fifth row, 2 bananas in the actual condition in class 5 are indicated to enter
class 5. In the last row, in actual condition, 1 banana in class 6 is expected to join class 6.

In the next step, we evaluate by calculating accuracy, precision, and recall for the Naive Bayes
classifier and SVM using (10), (11), (12), (13), and (14). The overall evaluation results are shown in Table 6.
Based on Table 6, the model was constructed using the Naive Bayes classifier algorithm provided a WAP
value of 83.6% and a WAR value of 86.7%. In contrast, we obtain a WAP value of 85.6% and a WAR value
of 80% by using SVM.

Based on these results, the model built using the histogram and Naive Bayes classifier performs
better than that of the histogram and SVM. These results showed that the Naive Bayes model performs well
despite the small data. In addition, the Naive Bayes model can perform well in classifying banana ripeness
with more variations in ripeness levels (6 classes) compared to previous studies, using a maximum of 4
classes.

Table 3. Classification result using Naive Bayes and SVM

No. Actual Naive Bayes SVM
1 6 1 6
2 1 1 2
3 5 5 5
4 4 4 4
5 4 4 4
6 4 4 5
7 4 5 4
8 2 2 2
9 3 3 3
10 3 3 4
11 5 5 5
12 1 1 1
13 1 1 1
14 3 3 3
15 1 1 1

Table 4. Confusion matrix of Naive Bayes classifier
Prediction
3 4

Actual
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Table 5. Confusion matrix of SVM
Prediction
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Actual
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Table 6. Overall evaluation result using Naive Bayes and SVM

Class Naive Bayes classifier SVM Number of
Acc Precision Recall Acc Precision Recall test data
1 80 % 75% 100% 75% 4
2 100% 100% 50% 100% 1
3 100% 100% 100% 66.7% 3
4 100% 100% 75% 75% 4
5 66.7% 100% 66.7% 100% 2
6 0% 0% 100% 100% 1
86.67% 80%
Weighted 83.6% 86.7% 85.6% 80%
average

4. CONCLUSION

The ripeness of bananas can usually be seen from the color change. Therefore, several studies have
used the color space feature to detect bananas' ripeness levels. However, defining the range of values in the
color space is complex, so another approach is needed to see the ripeness of bananas. In this study, we use
the texture feature extraction method based on histograms to determine the parameters that affect the
maturity level of bananas. This texture feature extraction produces several parameters, such as the average
intensity, skewness, energy descriptor, and the smoothness of the intensity in the image. Based on the
features that have been obtained, we classify the level of banana ripeness using the Naive Bayes method and
SVM. The experiment results show that the best classification is the Naive Bayes classifier, with an accuracy
of 86.67%, a WAP value of 83.56%, and a WAR value of 86.67%. For further research, we will add the
amount of banana image data. In addition, another approach is used to detect the level of ripeness of bananas,
i.e., using a deep learning algorithm, for example, a convolutional neural network, to detect the level of
banana ripeness.
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