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AbstractArticle Info

Importance of the work: Precise determination of ripeness is crucial for post-harvest 
processing of fruits. Moreover, distinguishing between natural and artificial ripeness of 
banana fruits requires a specific feature because they have similar physical appearance. 
Objectives: To optimize the information gain (IG) interval to obtain the optimal features 
in identifying artificial banana ripeness with imbalanced class data.
Materials & Methods: The test was based on six Indonesian banana cultivars using 
11,593 images. In total, 78 features were extracted using morphological descriptors,  
a convex hull, a local binary pattern and a gray-level co-occurrence matrix. IG 
optimization was based on the Sturgess rule, Scott rule and K-means clustering. 
Oversampling based on the synthetic minority oversampling technique (SMOTE) was 
used to handle imbalanced data.
Results: The results of the identification using extreme learning machine classification of 
imbalanced data showed higher accuracy based on IG optimization using the Sturgess and 
Scott rules rather than the use of IG. The implementation of SMOTE also substantially 
increased the accuracy from 20% to 40% compared to the result with imbalanced data. 
Most of the accuracy (80%) resulted from using selected features for four cultivars 
(ambon lumut, hijau, kepok and raja). The two other banana cultivars (morosebo and 
susu) had accuracy levels of more than 71% and 76%, respectively.
Main finding: Due to the complexity of choosing the optimum number of IG bin intervals 
for data with very high similarity characteristics, optimization using Sturgess and Scott 
rules produced greater accuracy, especially with imbalanced data.
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Introduction 

	 Bananas are widely consumed in Indonesia and are readily 
found in traditional markets or supermarkets because Indonesia 
has a high level of banana diversity (De Langhe et al., 2009), 
with very high production (BPS, 2022). The increasing level 
of consumption of bananas has spurred efforts to accelerate 
the ripening process of the fruit using chemicals. However, 
the regular consumption of artificially ripened banana fruits 
based on the excessive use of chemicals in the ripening stage 
could harm consumer health. Field observations suggest that 
fruits that are ripened naturally (natural ripening) compared 
to those that have been chemically cured (artificial ripening) 
have almost the same physical appearance and it is very 
difficult to distinguish the difference. Thus, it is very difficult 
for consumers to consciously select quality fruit with natural 
ripening.
	 Currently, computer vision using various algorithms is 
widely used in the identification of banana cultivars (Sabilla 
et al., 2019; Dewi et al., 2022c), fruit ripeness (Harel et al., 
2020; Pourdarbani et al., 2020; Behera et al., 2021;) and 
banana ripeness (Sanaeifar et al., 2016; Kipli et al., 2018; 
Mazen and Nashat, 2019). Nevertheless, the identification 
of fruit (and banana ripeness in particular) has been limited 
to the ripeness level without identifying artificial ripeness. 
However, identification of artificial ripeness was carried out by 
Rahman et al. (2021) and Maheswaran et al. (2018) on mango 
fruits, with very good results. These researchers showed the 
potential to identify artificial ripeness of fruits. However, each 
fruit had quite different physical characteristics. Therefore, 
Vaviya et al. (2019) identified the artificial ripeness of banana 
fruit using a convolution neural network (CNN) with a high 
level of accuracy. However, they only distinguished natural 
and artificial ripeness, without considering ripeness levels, 
with such refinement being difficult using CNN. Thus, further 
research is required related to the artificial ripeness of banana fruits.
	 Distinguishing between natural and artificial ripeness of 
banana fruits requires a specific feature because they have 
similar physical appearance. Dewi et al. (2022b) succeeded in 
identifying the ripening of susu bananas at the ripening level 
with high similarity using features selected using information 
gain (IG) and principal component analysis (PCA). The 
success of IG in feature selection has been reported in various 
studies (Di Franco, 2019; Elmaizi et al., 2019; Tang et al., 
2019; Singer et al., 2020). However, it is necessary to simplify 
the calculation of IG with continuous data, to categorize 

each feature and select the optimal number of intervals. This 
process requires testing large number of intervals; therefore, 
an additional method is needed to speed up the calculation 
automatically. IG optimization with genetic algorithms (GA) 
for feature selection was investigated by Jadhav et al. (2018), 
with GA requiring complex calculations and a long time to 
achieve convergence. The weighted information-gain ratio 
(WIGR) was introduced by Singer et al. (2020) and was only 
optimal if used in an ordinal ordering type of variable class and 
with non-monotonic dependencies between attributes and class 
values. Research conducted by Dewi et al. (2022b) used the 
Sturgess rule for IG optimization. The Sturgess rule is efficient 
for determining the histogram bin size based on mutual 
information (Legg et al., 2007). Nevertheless, the Sturgess rule 
is not appropriate for use on data with an abnormal distribution 
or with large amounts of data (Hyndman, 1995). Due to non-
normal distribution of banana fruit data, the current was carried 
out based on optimization using the Scott rules.
	 In addition, the division of bins into a number of intervals 
is similar to grouping data into several clusters, where the data 
in one group are similar in some way and dissimilar to the 
data in other groups. K-means is one of the clustering methods 
that is quite widely used (Govender and Sivakumar, 2020) 
because it has low complexity, is fast and can handle large 
amounts of data (Jain, 2010). Based on this, another approach 
with K-means clustering was also carried out to determine the 
number of intervals by assuming the number of clusters was 
analogous to the number of intervals.
	 This study investigated six local Indonesia banana cultivars, 
where each cultivar had different characteristics during ripening. 
Based on observations, not all banana fingers on some cultivars 
were evenly yellow at the ripe level. Furthermore, an evenly 
yellow color change is apparent after the yellowish-green 
(level 2). Thus, the number of fruits with a greenish-yellow 
color (level 3) becomes smaller, which produces an imbalanced 
class and affects recognition in multi-class classification 
(Tarekegn et al., 2021) because features with minority classes 
are difficult to recognize (Jeatrakul et al., 2010). The current 
study aimed to overcome this problem by oversampling based 
on the synthetic minority over-sampling technique (SMOTE). 
Oversampling techniques have proven to be more effective 
than under-sampling (Xie and Qiu, 2007). Studies have also 
shown that SMOTE could improve recognition accuracy using 
neural networks in imbalanced classes (Dewi et al., 2020; 
Mahmudy et al., 2021). Furthermore, a comprehensive analysis 
conducted by Elreedy and Atiya (2019) showed that SMOTE 
could improve accuracy for both small and large datasets.
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	 Based on the description above, the purpose of the current 
study was to optimize IG to select optimal features in the 
identification of artificial ripeness of banana fruit using a 
dataset of banana finger images with imbalanced classes. 
Specifically, the objectives of the study were: 1) performance 
analysis of IG optimization using the Sturgess rule, Scott 
rule and K-means clustering; 2) performance analysis of 
imbalanced class handling using SMOTE; and 3) identification 
of the artificial ripeness and maturity levels of banana fruit.

Materials and Methods

	 The banana fruits used were ordered from farmers located 
in Tawangrejo village, Binangun district, Blitar regency,  
East Java, Indonesia. Six cultivars used: ambon lumut, hijau, 
kepok, morosebo, raja and susu. The fruit harvest period  
for each cultivar includes two different maturities, namely 
“high three-quarters” (end/old harvested) and “three-quarter 
round” (mid/rather old harvested) proposed by Serrano and 
Rolle (2018).
	 Approximately six tiers were taken from each bunch of 
bananas to represent the upper, middle and lower portions. 
Each tier was divided into two treatments: naturally ripened 
(without the use of chemicals) and ripened using chemicals. 
The chemical substance used as a fruit ripener was ethephon 
10% in the ratio of 1:1.5 mL of ethephon diluted with 1 L of 
water. Each banana finger was separated from the tiers and 
cured from green peel to yellow-brown spots, according to the 
observed level of ripening, as described in Table 1.
	 Each cultivar with a different treatment requires a different 
amount of time for peel discoloration. In addition, the time 
for each cultivar to reach a certain level does not occur 
simultaneously for each finger of the fruit. Generally, banana 
fingers located on the upper tier (1 and 2) will ripen first, while 
the lower tier takes a longer time to deepen its color. Based on 
observations, the time difference between natural and chemical 
ripening is in the range 0–9 d. The old harvest fruit generally 
takes the same amount of time whether it has been naturally 
or chemically ripened. However, the use of chemicals allows 

more fruits to ripen simultaneously. And can accelerate the 
curing and shelf life of rather old harvested fruits.
	 Images were captured for each finger of the banana at each 
level of ripeness. The fruit was placed on white paper and 
the images were captured using a mobile phone camera with  
a distance of 15–20 cm from the top of the fruit. All images were 
captured in a room with sufficiently bright sun light to reduce 
any shadow effect. Each group of data collected was labeled to 
distinguish the age of fruit harvest with natural or chemical curing. 
Images of the raja cultivar with high traits at each ripeness level 
with natural and chemical ripening are provided in Fig. 1.
	 The number of banana fingers in each tier of a cultivar 
varies and it influenced the numbers in the datasets. In addition, 
the technique of curing and the age of the harvest affected 
the number of datasets at each level. For example, cultivars 
harvested at a rather old age with natural curing had a very 
small dataset that reached level 4. The kepok banana that was 
harvested rather old had almost no images of evenly yellow. 
The fruit is considered ready to be consumed when the peel 
color is yellow with a green shoot and slightly-soft-to-soft 
pulp. In most fruits, brown spots will immediately appear 
with a brown base of the fruit, even though the fruit remains 
yellowish-green. This is due to the length of time of curing 
so that the peel becomes dull. The number of datasets at each 
ripeness level is shown in Table 2 for naturally ripened bananas 
and in Table 3 for artificially ripened bananas.

Table 1	 Banana ripeness levels
Level Description
1 Green peel color and hard fruits
2 Green peel color with slightly yellow and rather hard fruit
3 Yellow peel color and rather soft fruit
4 Evenly yellow peel color (some evenly yellow with green shoots/bases) and soft fruit
5 Yellow peel color with brown spots and very soft fruit

Fig. 1	 Images of raja cultivar at all ripeness levels: (A) natural ripening and  
old harvested; (B) artificial ripening and old harvested; (C) natural ripening 
and rather old harvested; (D) artificial ripening and rather old harvested
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Table 2	 Number of images in datasets at each level with natural ripening
Cultivar Harvest time Number of datasets at each level Total

1 2 3 4 5
Ambon Lumut End 52 59 96 91 94 392

Mid 96 112 105 109 124 546
Hijau End 98 110 45 79 116 448

Mid 118 102 183 115 133 651
Morosebo End 54 53 51 63 54 275

Mid 84 58 67 60 82 351
Kepok End 84 26 104 100 51 365

Mid 120 52 172 2 117 463
Raja End 84 78 74 159 101 496

Mid 113 62 204 138 134 651
Susu End 89 66 55 278 73 561

Mid 87 24 88 184 92 475

Table 3	 Number of images in datasets at each level with artificial ripening
Cultivar Harvest time Number of datasets at each level Total

1 2 3 4 5
Ambon Lumut End 51 68 116 88 94 417

Mid 98 103 147 137 106 591
Hijau End 94 112 50 92 139 487

Mid 116 73 112 157 142 600
Morosebo End 53 55 63 50 99 320

Mid 81 63 61 110 67 382
Kepok End 91 35 53 117 52 348

Mid 109 42 134 174 132 591
Raja End 96 80 75 232 163 646

Mid 112 69 162 118 140 601
Susu End 89 34 85 150 86 444

Mid 86 58 62 192 94 492

Fig. 2	 Flow diagram of optimization of IG in artificial banana ripeness identification with imbalanced classes, where ELM = extreme learning machine 
classifier, IG = information gain feature selection and SMOTE = synthetic minority over-sampling technique

	 The process of identifying banana ripeness consists of 
several stages, as shown in Fig. 2. The input of the process 
was banana finger image with a size of 4,160×3,120 pixels. 
The images were resized to 20% of the original size (832×624 
pixels), because the use of large images required a long 
computational time and large resources. The size of this 
image has been tested and reported to not reduce the quality 
of the recognition results (Dewi et al., 2022a). The process 

continued with image segmentation using Gaussian blur with a 
combination of binary inverse and Otsu thresholds to separate 
the fruit part from the background (Dewi et al., 2022a).
	 Feature extraction collected information on color features, 
shape features and texture features. Referring to previous 
research, the color moment feature extraction method was 
used to extract color features (Dewi et al., 2022b), while 
morphological feature extraction and convex hull were used to 
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extract shape features (Dewi et al., 2022c), as well as applying 
local binary pattern (LBP) and grey level co-occurrence matrix 
(GLCM) texture feature extraction. Each level of banana 
ripeness has a difference in peel color ranging from green to 
yellow with brown spots. Consequently, the color feature was 
used to define the color change. The shape feature is usually 
successfully used to recognize banana cultivars, because some 
cultivars have very different shapes and sizes. Although it is 
a bit difficult to distinguish artificial ripeness based on the 
shape of the fruit, artificial ripeness generally was done for 
rather old harvested banana samples. According to Serrano and 
Rolle (2018), banana fruits harvested at old maturity (full/high 
three quarters) have a full round shape, while fruits harvested 
at rather old maturity (light full three-quarters) are generally 
still angular. Nevertheless, the corners of the fruit are not 
sufficiently recognizable by shape features and so this needs to 
be combined with the texture of the peel surface.
	 The research conducted by Dewi et al. (2022b) used  
a combination of color and LBP texture features to recognize 
the ripeness level of susu bananas at the ripened level (3 sub-
levels were characterized based on an evenly-yellow peel 
color). Nevertheless, naturally ripe banana fruits and chemicals 
often have a similar color and shape, especially in old harvested 
bananas, with differences in the texture of the peel surface 
very difficult to distinguish; thus the combination of all three 
features was used in the current study. Additionally, the texture 
features were not only extracted with LBP, which only uses 
local information of neighborliness from each pixel observed, 
but also texture features were extracted based on the grey level 
co-occurrence matrix (GLCM), which utilized neighboring 
pixel information globally on the entire image. Test results 
have shown that the optimal number of LBP features was 26. 
The six GLCM features introduced by Haralick et al. (1973) 
were extracted: contrast, energy, homogeneity, correlation, 
similarity and angular second moment (ASM; Yao et al., 2009). 
These GLCM features were extracted from the matrix for each 
RGB image channel at a distance of 1 and using four orientation 
angles of 0o, 45o, 90o, and 135o. The total number of GLCM 
features extracted was 24, with 78 total features, consisting 
of 15 color moment features, 13 descriptor morphology and 
convex hull features, 26 LBP feature and 24 GLCM features.
	 The normality and distribution of each feature were checked 
using histograms and Kolmogorov Smirnov tests. The p-value 
of normality obtained at the 95% confidence level was very low 
and below the cyclical level of 0.05; therefore, H0 was rejected, 
indicating that the data distribution was abnormal. The data 
distribution of most color moment features was skewed to the 

left, while the morphological feature data and convex hull data 
tended to be close to the average value. In the LBP feature, 
some data were skewed to the right (close to the average value) 
and some data ware close to the minimum value. The GLCM 
feature had a very left-leaning data distribution.
	 Furthermore, feature selection was carried out to obtain 
features having a high influence on optimal recognition. The 
current research uses entropy-based IG (Leung et al., 2011; 
Shaltout et al., 2015). To obtain the optimal number of IG 
intervals, optimization was carried out using the Sturgess rule, 
Scott rule and the k-Means clustering method. The bin number 
was calculated using the Scott rule, as shown in Equation 1:

	
√

	 (1)

where s is the standard deviation of the sample from n data. 
This equation was used to minimize bias in histogram variants. 
The Sturgess rule produced the same number of intervals for 
each feature, while the Scott rule produced a different number 
of intervals for each feature. This study also applied K-means 
clustering to divide the dataset into certain groups. The number 
of clusters formed was then used to express the number of 
intervals. Partition-based K-means clustering is widely used 
because it has low complexity, is fast and can handle large 
amounts of data (Jain, 2010; Govender and Sivakumar, 2020). 
K-means was used to divide the data with dimension n into 
k partitions with each partition containing at least 1 piece of 
data. The goal of K-means is to minimize the number of error 
quotients on all K clusters, using Equation 2:

	 ∑ ∑ 	 (2)

	 where J is the criteria function, xi is the ith data, cj is the 
center of the jth cluster, cj is the data set on cluster j and k is 
the number of clusters. The number of intervals was assumed 
to be equal to the number of clusters and the data as members 
of the cluster were also considered members of the interval. 
Therefore, each feature had the same number of intervals.
	 Once the features dataset had been obtained, over-sampling 
was carried out to handle imbalanced classes using SMOTE. 
The synthetic data based on the k-nearest neighbors was 
created to increase the amount of minor class data. This paper 
used the SMOTE method as proposed by Chawla et al. (2002).
	 In order to determine the effectiveness of using the 
feature selection, the classification was done using ELM. 
Based on research conducted by Sun et al. (2016), ELM was 
effectively used for multilabel classification and proven to 
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have better performance than another method (Huang et al., 
2006; Chorowski et al., 2014; Ding et al., 20014). In addition, 
ELM provided optimal results for both the identification of 
the cultivar and the ripeness levels of banana fruits with high 
similarity (Dewi et al., 2022a, b, c). The ELM training and 
testing process in this study was carried out with a number of  
3 k-folds to divide the training and test datasets.

Results and Discussion

	 The simulation and testing was performed using a python 
program and utilized several libraries (opencv-python, scipy.
stats, Python.scikit-image, Extreme Learning Machine and 
KMeans. Each ELM hyperparameter test scenario with the 
input of all features and a selected feature was repeated five 
times to determine the consistency of the test and then the 
average accuracy was calculated to obtain the final value.
	 Feature selection using an IG manual interval was done on 
3, 5, 7 and 15 intervals, while IG optimization with K-means 
was carried out on 3, 5 and 7 clusters. Furthermore, both IG 
manual interval and optimized IG using either the Sturgess 
rule (IG-Sturgess), Scott rule (IG-Scott) or K-means (IG-K 
means) were conducted for thresholding to reduce the number 
of features by as much as 75%, 50% and 25% of the total 
number of features. The tests showed that the optimal number 
of features was 75% of the total features. The best selected 
features for each cultivar are displayed in Table 4.
	 The results of feature selection showed that the shape 
features were not dominant, with no shape features being 
selected for the ambon lumut cultivar using IG-Sturgess and 
for the hijau cultivar using IG-Scott. In addition, the results 
showed that the color features were quite dominant in the 

selections, while the LBP and GLCM features were also quite 
dominant, although the percentage in each method varied. 
These results revealed that the color and texture features were 
quite dominant in the selection process using an IG manual 
interval, IG-Sturgess and IG-Scott.

Result of information gain optimization

	 This study carried out testing on six banana cultivars that 
had different characteristics, as well as different amounts of 
data. The cultivars ambon lumut, hijau, kepok, morosebo and 
raja consisted of 20 classes (10 classes for old and mid harvested 
bananas with natural ripening and 10 classes the same timing 
of harvest with artificial ripeness. The susu bananas consists 
of 24 classes, namely 12 classes each on natural and artificial 
ripening. The test results using all features and features selected 
using an IG manual interval and an optimized IG are shown in 
Fig. 3.

Table 4	 Features selected using information gain (IG) feature selection and IG optimization
Cultivar Method Selected features
Ambon Lumut IG – Sturgess 0,1,2,3,4,5,6,7,8,9,10,11,14,29,30,31,33,34,35,36,37,38,39,40,41,42, 43,44,45,46,47,52,53,54, 55,56,57,

58,59,60,61,62,63,64,65,66, 67,68, 69,70,71,72,73,74,75,76,77
Hijau IG - Scott 0,1,2,3,4,5,7,8,10,11,14,28,29,30,31,32,33,34,35,36,37,38,39,40, 42,43,44,45,46,47,48,49,50,52,53,54,5

5,56,57,58,59,60,61,62,63, 64,65, 66,67,69,70,71,72,73,74,75,76,77
Kepok IG - Scott 0,1,2,3,4,6,7,8,9,10,12,13,14,15,16,17,18,19,28,32,33,34,35,36, 37,38,39,40,41,42,43,44,45,46,47,48,49

,51,52,55,57,58,59,60,61, 63, 64,65,66,67,69,70,71,72,73,75,76,77
Morosebo IG – Sturgess 1,3,6,7,8,9,10,12,13,15,16,17,18,19,20,25,31,32,33,34,35,36,37, 38,39,40,41,42,43,44,46,48,50,52,53,5

4,55,56,57,58,59,60,61,62, 63,64,65,66,67,68,69,70,71,72,73,74,75,76
Raja IG - Manual 0,1,2,3,4,5,6,7,8,9,10,11,15,16,17,18,19,20,21,25,28,29,30,31,33, 34,35,36,37,38,39,40,41,42,43,44,45,

46,47,50,51,53,54,55,58,59, 60,61,64,65,66,67,70,71,72,73,76,77
Susu IG - Scott 0,1,3,4,7,9,10,11,12,13,16,17,19,20,26,28,30,31,32,33,35,36,37, 41,42,43,44,45,47,48,49,50,51,53,54,5

5,56,57,58,59,60,61,62,63, 64,65,66,67,68,69,70,71,72,73,74,75,76,77
Code values of 0–77 were used to refer to the 78 features (0–14 for color features, 15–27 for shape features, 28–53 for LBP features and 54–77 for GLCM features.)

Fig. 3	 Maturity identification results using all features and selected 
features
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	 The very high similarity observed between natural and 
artificial ripening bananas was reflected in the low recognition 
accuracy. Observations on the old harvested bananas showed 
that both natural and artificial ripening took almost the same 
time at all five levels of ripening, resulting in the changes in 
color and peel surface texture being very similar. Although 
rather old harvested bananas in the lower tier required a longer 
time for natural ripening, they still had almost the same color 
as artificially ripened ones. Consequently, they were still 
very difficult to distinguish. Cultivars of ambon lumut, hijau 
and raja produced higher recognition accuracy (above 60%) 
compared to kepok, morosebo and susu (below 60%).
	 Accuracy of identification of all cultivars using IG manual 
interval feature selection resulted in higher levels of accuracy 
compared to using all features (Fig. 3). A moderate increase 
in accuracy (greater than or equal to 2%) was recorded for 
the kepok, morosebo and raja cultivars, while the increase in 
accuracy for the ambon lumut, hijau and susu cultivars was not 
more than 0.6%.
	 The elimination of all shape features and the presence all 
GLCM features on selection using IG-Sturgess for ambon 
lumut produced the best accuracy. The IG manual interval 
and other IG optimizations still selected most of the shape 
features, suggesting that the shape characteristics had very little 
influence on the identification of the artificial ripeness of the 
ambon lumut banana sample.
	 The highest accuracy obtained for the hijau bananas  
was from using Scott rule optimization. According to  
Table 4, the results of the feature selection with this rule also 
eliminated all shape features. Unlike for the ambon lumut 
banana, more shape features for the hijau cultivar sample 
did not reduce the accuracy of recognition. The optimal 
combination of color, LBP and GLCM features could improve 
recognition accuracy.
	 Testing the kepok banana cultivar showed that the shape 
characteristics of the fruit had a moderate influence on the 
recognition. This was indicated by the presence of a shape 
feature in IG-Scott which produced the highest accuracy and 
likewise, with using an IG manual interval. Most of the shape 
features that had a considerable influence were combinations of 
the five basic morphological features (width, length, diameter, 
perimeter, area).
	 Removal of all shape features with IG-Scott for the raja 
cultivar was not effective at improving the accuracy, whereas 
the use of the IG manual interval resulted in higher accuracy. 
However, the use of all the features with IG-K means was 
ineffective, producing the lowest accuracy. As for other 

cultivars, combinations of color features, LBP and GLCM 
predominated in recognition.
	 As for the kepok and raja properties, the influence of basic 
morphological features on the morosebo banana was quite 
high. This was demonstrated in the use of IG-Sturgess that 
resulted in the highest accuracy. However, the use of all the 
shape features did not produce optimal results, as was indicated 
with the use of IG-K means.
	 Susu bananas were somewhat different from the other 
cultivars, because the influence of shape features did not show 
a specific pattern. The selection of IG interval manual, IG-
Sturgess and IG-Scott produced almost the same accuracy; 
however, the shape features selected in these three methods 
were quite diverse.
	 The results of this test showed a combination of most color 
features, BLP and GLCM was optimal in the recognition of 
naturally and artificially ripened banana harvested at different 
maturity levels. The influence of shape features was low for 
the ambon lumut and hijau bananas. However, the use of shape 
features, especially basic morphological features, was still 
necessary for some cultivars.
	 Fig. 3 shows that IG optimization with the Sturgess and 
Scott rules could increase accuracy. However, clustering 
K-means produced lower accuracy compared to the IG manual 
interval and even the use of all features. In ambon lumut and 
morosebo bananas, IG-Sturgess provided a higher accuracy 
compared to the IG manual interval, whereas in hijau, kepok, 
and susu bananas, the IG-Scott rule produced a higher level of 
accuracy than the IG manual interval. Only IG optimization 
with raja bananas resulted in lower accuracy compared to the 
IG manual interval. However, IG-Sturgess and IG-Scott still 
produced a higher accuracy compared to the use of all features. 
Thus, it was supposed IG optimization with Sturgess and 
Scott rules was more effective than IG interval manual. This 
optimization was successful in reducing the number of features 
by 25% of the total number of features (20 features).
	 IG uses the probability of features to the class, so that 
the greater the number of data frequencies, the higher the 
possibility of entering a certain class. The histogram showed 
the intervals by firstly sorting data, so that the data included 
in same interval has values in sequential order. K-means 
clustering grouped data based on the proximity of data to the 
center of the cluster without considering the label class and the 
order of values. This allowed for clusters containing data with 
different classes, even though they do not necessarily have 
almost the same value. For this reason, clustering techniques 
were not effective in determining the number of IG intervals.
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Result of handling imbalanced classes

	 Feature selection with IG interval manual and optimized IG 
succeeded in increasing the accuracy by reducing the number 
of features by up to 25% of the total features. Nevertheless, 
the results obtained were quite low (on average below 70%) 
due to the presence of an imbalanced class (Tables 2 and 3). 
Some maturity levels had only a very small amount of data. 
One example is kepok banana with natural curing, for which 
there were only 2 datapoints (rather old harvest at level 4) and 
26 datapoints (old harvest at level 2). Therefore, SMOTE was 
implemented to handle this problem. The accuracy of the test 
results after performing SMOTE is shown in Fig. 4.
	 Handling imbalanced data using SMOTE very significantly 
increased the accuracy and produced almost the same level of 
accuracy as from using all features, feature selection with IG  
manual intervals, IG-Sturgess and IG-Scott. However, the IG-K 
means results had lower accuracy than the imbalanced class.
	 IG optimization with the Sturgess and Scott rules only 
provided the best results for ambon lumut, while for kepok 
only the IG-Sturgess resulted in higher accuracy. For the other 
bananas, feature selection using the IG manual interval resulted 
in higher accuracy than for IG optimization. In fact, the use of 
the susu bananas whole feature resulted in the highest accuracy. 

However, the difference in accuracy was not substantial (no 
more than 0.6%).
	 Overall, handling the imbalanced classes using SMOTE 
improved recognition accuracy. The addition of datasets to 
minority classes produced more data that could be used in 
training. A substantial increase in accuracy occurred in testing 
using all features and feature selection with the IG manual 
interval and IG optimization using the histogram technique 
(Table 5). However, an anomaly occurred in testing using IG 
optimization with K-means, where the increase in accuracy 
only occurred in the hijau banana dataset, with decreases for 
the other datasets.
	 A very substantial increase (about 40% or more) occurred in 
testing with the kepok. Referring to Tables 2 and 3, the kepok 
banana dataset, especially with natural ripeness, was very 
unbalanced. The improvement in accuracy in testing using the 
other banana datasets ranged from 20% to 30%. These datasets 
had differences in the amount of data at each level below 50%.
	 There has been little reported research related to the 
identification of artificial ripeness in bananas. Vaviya et al. 
(2019) reported 98% accuracy from using a CNN. Although 
their result was higher than for the current study, they only 
distinguished two classes (natural and artificial ripeness) 
without distinguishing the ripeness level. Thie study eliminated 
datasets containing replicas, noise and redundancy, which 
would greatly reduce the complexity and the occurrence of 
misidentification. Furthermore, their study did not mention the 
cultivars used in the testing. Though each cultivar has different 
characteristics, testing on various banana cultivars is essential. 
In addition, they did not mentioned the maturity of the fruit. 
Naturally and artificially ripened bananas that were harvested 
in the middle of fourth quarter were more easily distinguished. 
Based on the observations of the current result testing, most of 
the misidentification that occurred was from not being able to 
distinguish between natural and artificial ripeness, especially 
for old harvested bananas. This error mainly occurred at levels 
2, 3 and 4, where in some datasets, there was almost the same 
color, shape and surface texture.

Fig. 4	 Performance of maturity identification results using all features 
and selected features with balanced class

Table 5	 Improved accuracy after over-sampling using synthetic minority over-sampling technique 
Cultivar Accuracy Improvement (%)

All features IG manual IG-Sturgess IG-Scott IG-K means
Ambon Lumut 29.4 27.5 26.3 28.5 -2.2
Hijau 21.5 22.0 22.7 20.5 26.1
Kepok 48.0 41.2 42.2 40.0 -7.9
Morosebo 26.3 20.3 20.3 21.0 -5.5
Raja 31.2 28.0 30.9 29.3 0.4
Susu 29.9 28.9 28.0 28.6 -1.8
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	 Other studies paid more attention to identifying quality 
and ripeness levels without distinguishing whether there was 
natural or artificial ripening. The study conducted by Dewi 
et al. (2022b) identified the ripeness of susu bananas at three 
levels with the peel equally evenly yellow. This was almost 
in line with the current research in terms of having high 
characteristic similarities. However, the current research had 
higher accuracy after the problem of imbalanced classes had 
been addressed.
	 Mostly, the results of classification using ELM showed 
that IG optimization with histogram techniques improved the 
recognition accuracy, even though the obtained accuracy was 
not as high due to imbalanced data. A substantial increase in 
accuracy occurred after the handling of imbalanced classes. 
Nevertheless, the accuracy of IG optimization on some tests 
with balanced classes was slightly lower compared to the IG 
manual interval. However, in general, IG optimization based on 
the Sturgess and Scott rules was optimal because it produced 
almost similar levels of accuracy, with some even higher than 
from using the IG manual interval, as well as all features. 
Further study should investigate using deep learning for both 
feature selection and the classification of artificial ripeness of 
banana fruit.
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