
International Journal of Advanced Science and Technology 

Vol.118 (2018), pp.35-46 

http://dx.doi.org/10.14257/ijast.2018.118.04 

 

 

ISSN: 2005-4238 IJAST  

Copyright ⓒ 2018 SERSC Australia 

The Classification of Papaya using Digital Image Processing and 

Artificial Neural Networks 
1
 

 

Feri Wibowo1*, Agus Harjoko2, Hindayati Mustafidah2, Sriyanto2 and Alvanita3 

1Universitas Muhammadiyah Purwokerto, Indonesia 
2Universitas Gadjah Mada, Yogyakarta, Indonesia 

3Universitas Negeri Yogyakarta, Indonesia 

*feriwibowo@ump.ac.id 

Abstract 

The quality identification process using a visual human eyes has its limitations, it 

requires more power to sort out. Furthermore, it has different levels of human perception 

in identifying the quality. This research develops digital image processing programs and 

artificial neural network for the quality classification of papaya Calina IPB-9 into three 

quality classes: Super, A, and B classes. Shape feature is extracted consistsing of 

compactness and roundness. Texture feature which is extracted consisting of the value of 

energy, entropy, contras, homogeneity, inverse difference moment, variance, and 

dissimilarity obtained by GLCM, another texture feature sought a feature LBP. Color 

feature is extracted consisting of the mean red, greeen, blue, hue, saturation, and value. 

These features serve as input to the training backpropagation neural network. The 

recognition process results shows the features of energy and entropy can distinguish 

quality classes of the papaya with the best accuracy rate that is equal to 87%. 
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1. Introduction 

Papaya is one of exported fruit commodities, some targetted countries for the export 

are are Hongkong, Singapore, Malaysia, Kuwait, Qatar, United Arab Emmirates, Bahrain, 

and Thailand. Based on the data issued by data center and agricultural information system 

of Agricultural Ministery of the Republic of Indonesia in 2014, number of Papaya export 

in the recent last three years since 2012, 2013, 2014 increases. The following increase in 

the last three years were 25.328 Kg, 25.836 Kg, and 31.436 Kg. Based on the statistical 

data issued by Food & Agriculture Organization (FAO) in 2000 to 2010 on the 

commodity production, Indonesia is one of the hugest Papaya producers in the world after 

Brazil, Mexico, India, and Nigeria [1]. 

The need of fresh papaya for export purposes requires quality controlling, so that it can 

compete with papaya producers from other countries. One of post-harvest problems is the 

process of papaya quality sorting. So far, the identification of sorting quality process is 

still implemented conventionally using visual human eyes having limitations. The process 

in this way has several disadvantages; it requires more human energy to sort out, the level 

of human perception in assessing the fruit quality is different , and the level of human 

consistency in the assessment does not guarantee the same standard because humans can 

experience fatigue [2]. 

Digital image processing technology and artificial neural network methods have been 

used in previous studies mainly related to other agricultural products. In a previous study, 

[3] it determined the level of maturity of tomatos (Lycopersicon esculentum Mill) using 

image processing methods and artificial neural network using means parameters. They are 
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Red, Green, Blue means and a correlation as an input parameters on JTS. [4] In applying 

digital imaging and neural network processing technology to identify the physical quality 

of nutmeg (Myristica fragrans houtt) and physical test of the nutmeg seed, it was 

conducted in non-destructively way covering color, shape, and texture, and then its output 

was a quality grade of nutmeg seeds from ABC, Rimpel, and BWP qualities. Another 

previous research [5] used artificial neural networks and threshold rule for classifiying 

papaya maturity into three categories. They are immature, medium, and mature categories 

based on an average RGB values (red, green, blue). Another research [6] conducted 

design and construction of sorting machines with CCD camera sensors as image sensors 

and their processing units to perform citrus sorting. The result was the area of citrus land 

can be used as a reference for estimation of citrus fruit weight, it can also be used to 

determine citrus qualification according to the classes from class A to class E. 

This research develops digital image processing programs and artificial neural network 

for the quality classification of papaya Calina IPB-9 into three quality classes i.e., Super, 

A, and B classes. The novelty of the proposed approach is that unlike previous researches, 

it uses digital image processing technology and artificial neural network method for 

classification of quality class of papaya (Carica Papaya L) Calina IPB-9 into three classes 

of quality. They are Super, A, and B classes. The classification was based on image 

parameter. They were feature values of form, texture, and the color obtaining its value 

from digital image processing. The value of the features obtained is then used as an input 

on algorithm learning of artificial neural network backpropagation [7-10]. 

 

2. Proposed Method 

Stages of the process in the developed system included image acquisition process, 

image processing to obtain image features, and classification process with 

Backpropagation nerve network consisting of training and testing. The process of 

acquisition was conducted on papaya that has been picked and classified based on quality 

classes; they are Super, A, and B classes. This quality process was conducted by papaya 

farmers who are experts in assessing the quality of papaya, in addition to the process, the 

farmers are informed quality criteria of papaya based on the standard criteria issued by the 

National Standardization Agency (BSN) of Indonesia in 2009, with SNI number 4230: 

2009. For consideration during the process, the image of papaya acquisition results will be 

processed using digital image processing technology; it was extracting image features, so 

it could obtain three types of features. Those were features of shape, texture, and color. 

Features of the form proposed were roundness and compactness features. The texture 

feature to look for were energy, entropy, contrast, homogeneity, inverse difference 

moment (idm), variance, dissimilarity and Local Binary Pattern (LBP) features. The 

proposed color feature was mean red, mean green, mean blue, mean hue, mean saturation, 

mean value. The features obtained from the digital image processing of the retrieval data 

of papaya image, which was stored in the database as a dataset. It would be used as input 

data at Backpropagation Neural Network training to obtain stage the weights, then after 

the weights obtained from the training, the weight would be stored into the database as a 

dataset at the testing stage to classify Calina IPB-9 papaya, based on its quality . Figure 1 

shows the flow of papaya quality classification system. 

 

2.1. Image Acquisition 

Image acquisition process was conducted to Calina IPB-9 papaya that has been picked 

from its tree. The acquisition of the papaya which has been classified into quality classes, 

those were Super, A, and B classes. The taken image data were 192 with the details as 

follow: 156 training data consisting of 52 papaya image in super class, 52 papaya image 

in class A, and 52 papaya image in B class, and the data testing were 36 data of papaya 



International Journal of Advanced Science and Technology 

Vol.118 (2018) 

 

 

Copyright ⓒ 2018 SERSC Australia  37 

image. Samples of image acquisition results of Calina IPB-9 papaya were shown in 

Figure 1. 

 

 

 

 

(a) (b) (c) 

Figure 1. Pepaya Image of Calina IPB-9; (a) Super Class, (b) Class A, (c) Class B 

2.2. Preprosesing 

The prepocessing process was done in order to increase probability of success at a 

further processing stage in an image. The operations performed at the prepocessing stage 

included resizing and gray scaling operations. Resizing is the process of resolution 

changing or changing the horizontal and vertical sizes of the image. The resizing 

operation is to resize the image from the original size of 3264 × 1836 pixels to 1024 × 575 

pixels in order to accelerate during digital image processing, because the larger image 

size, the more time required during the processing of digital images. Gray scaling is the 

process of converting images from RGB color images into gray scale images. On a gray 

scale image, the color is expressed with an intensity with its value is in between 0 and 

255, the 0 value is black and 255 means white. The conversion formula of image to gray 

scale or grayscaling can use equation (1). 

 

Y=0.2989R+0.5870G+0.1141B     (1) 

 

2.3. Segementation 

Image segmentation is a process intended to obtain the objects contained in the image 

or to divide the image into several areas with each object or region has similarity 

attributes. In an object containing only one object, it is distinguished from its background. 

Segmentation is also commonly done as an initial step for the process of classifying an 

object. The technique for the imagery segmenting is based on two basic properties of 

gray-level values: it is discontinuity and similarity between pixels. Image segmentation is 

based on a gray level discontinuity that can be said to be image separation based on 

abrupt change in the gray level [11]. Segmentation by selecting the threshold value 

automatically can be done by Otsu method. Otsu method is a method published by 

Nobuyuki Otsu in 1979. This method determines the threshold value by distinguishing 

two groups. They are object and background, which have a section that are stacked each 

other, based on the histogram. 

 

2.4. Feature Extraction 

The feature extraction process used grayscale imagery, binary imagery, and color 

imagery (RGB). Feature extraction was done to gain some features including shape, 

texture, and color features. 

 

2.4.1. Shape Feature 

The shape feature expressed through the area are compactness and roundness that are 

derived features of the perimeter and wide features. The shape feature is sourced from the 

binary image obtained from the segmentation process using the Otsu thresholding 

method. The value of compactness is a ratio between the perimeter and area, the value of 
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cohesiveness ranges from 0 to 1, the value 0 states that the object is a circle, the bigger 

compactness value, the object's shape is not more increasingly close to the form of a 

circle. The value of the roundness is the value of the comparison between the area of an 

object and the square of the perimeter, the value of the roundness feature is less than equal 

to 1, the value 1 denotes that the object in a circle. The smaller roundness value, the less 

closer to the circle. The values of roundness and compactness uses equation (2) and 

equation (3). 

 

𝑟𝑜𝑢𝑛𝑑𝑛𝑒𝑠𝑠 = 4𝜋
𝐴

𝑝2       (2) 

𝑐𝑜𝑚𝑝𝑎𝑐𝑡𝑛𝑒𝑠𝑠 = 1 −
4𝜋𝐴

𝑃2         (3) 

 

2.4.2. Texture Feature 

Texture can be defined as a mutual relationship between the value of intensity of 

repeated neighboring pixels in a larger area than the distance of the relationship. The 

method used to obtain texture features can be divided into three groups namely statistical 

methods, structural methods, and spectral methods. According to [9] statistical methods 

use statistical calculations to form features. Examples included as statistical methods are 

GLCM (Gray Level Cooccurrence Matrices). Some texture features to look for based on 

GLCM are energy features, entropy, contrast, homogeneity, inverse difference moment 

(idm / local homogeneity), variance, and dissimilarity. The cooccurence matrix to search 

uses distance (1.0), which means one pixel to the right and zero pixels down, or the pixel 

pairs to be calculated is a distance of one pixel with an angle of 00, as shown in Figure 2. 

 

 

 

 

 

 

 

 

 
(a)                                  (b) 

Figure 2. (a) 5x5 Sized Imagery of Three Intensities (0, 1, 2); (b) GLCM Distance (1.0) 

After the matrix co occurrence, then look for the texture feature value that can be 

searched with equation (4) to equation (10). 

 

𝑒𝑛𝑒𝑟𝑔𝑦 = ∑ ∑ ⌈𝑝(𝑖, 𝑗)⌉2𝐿−1
𝑗=0

𝐿−1
𝑖=0       (4) 

𝑒𝑛𝑡𝑟𝑜𝑝𝑦 =  − ∑ ∑ 𝑝(𝑖, 𝑗)𝑙𝑜𝑔2(𝑝(𝑖, 𝑗))𝐿−1
𝑗=0

𝐿−1
𝑖=0     (5) 

𝑘𝑜𝑛𝑡𝑟𝑎𝑠 =  ∑ ∑ (𝑖 − 𝑗)2(𝑝(𝑖, 𝑗))𝐿−1
𝑗=0

𝐿−1
𝑖=0      (6) 

ℎ𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑖𝑡𝑦 =  ∑ ∑
𝑃(𝑖,𝑗)

1+|𝑖−𝑗|
𝐿−1
𝑗=0

𝐿−1
𝑖=0      (7) 

𝑖𝑑𝑚 =  ∑ ∑
1

1+(𝑖−𝑗 )2 𝑝(𝑖, 𝑗)𝐿−1
𝑗=0

𝐿−1
𝑖=0       (8) 

𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =  ∑ ∑ (𝑖 −  𝜇)2(𝑝(𝑖, 𝑗))𝐿−1
𝑗=0

𝐿−1
𝑖=0      (9) 

𝑑𝑖𝑠𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 =  ∑ ∑  |𝑖 − 𝑗| 𝑝(𝑖, 𝑗)𝐿−1
𝑗=0

𝐿−1
𝑖=0     (10) 
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In addition to texture features obtained from GLCM, other features to look for are local 

binary pattern feature (LBP), LBP is simply a binary code that describes local texture 

patterns. It is built with a boundary environment with gray value from its center [12]. The 

operator on LBP has a label marked with P and R. P represents the number of neighboring 

pixels used in computation while R is the radius between the pixel of the center and the 

neighboring pixels. The LBP feature to search is based on the grayscale image to be 

performed using the P operation of 8 and R used is 1. Then after determining P and R, the 

next step is to compare the value of the intensity of the neighboring pixel with the center 

pixel intensity value, the neighboring pixel that has the value Intensity equal to or greater 

than the value of the intensity of the center point that is assigned a value of 1 otherwise it 

is given a value of 0. After the neighboring pixels are given a value of 1 or 0, the value of 

the neighboring pixels from 0 to 7 respectively multiplied by 2 to the power of 0 to 2 

quadrate 7, then after it is summed up entirely to get the LBP value for the central pixel. 

The process of obtaining LBP values is shown in Figure 3. 

 

 

 

 

 

 

 

Figure 3. Process (a) The Original Image;  
(b) The Central and Neighboring Pixel Position; (c) Thresholded; (c) Weights 

2.4.3. Color Feature 

Color features can be obtained through statistical calculations such as averages that can 

provide a size value of the distribution. The color features can be utilized for the purposes 

of identification of ornamental plants [13]. In this study, the researcher used images in 

RGB and HSV color space, so it is necessary to conduct a convertion from images in 

RGB color space to imagery in HSV space. 

 

2.5. Classification Design with Backpropagation Neural Network 

The backpropagation neural network training algorithm consists of two steps, namely 

forward propagation and backward propagation, steps of both forward and backward 

propagations are conducted on a network for each given pattern during the training 

network [14-17]. In a given network a pair of patterns comprising the desired input and 

output patterns, when a pattern is assigned to the network, so the weights are changed to 

minimize the difference in the network output and the desired output pattern [18-21]. The 

backpropagation network architecture to establish consists of 3 layers: the input layer, the 

hidden layer and the output layer [22]. The features obtained from the image of papaya 

will perform as input on the input layer on the backpropagation nerve network [23]. 

Features obtained from image processing are 16, then the input unit on the layer input will 

be 16 units, then in the hidden layer consists of 5 units. In the output layer there are 2 

units, because there are 3 classes of papaya quality which will be classified, so there are 3 

pairs of output pattern. They are class of Super (1,1), class A (1,0), and class B (0,1). The 

backpropagation network architecture is shown in Figure 4. 

 

(a) (b) (c) (d) 
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Figure 4. Established Artificial Neural Network Architecture 

Testing will be done several times, starting from a combination of all features, features 

included as form features, features included as texture features, features included as color 

features, the best features resulted from the feature selection process. The accuracy of 

Calina IPB-9 papaya grade quality classification system is calculated by equation (11) 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦(%) =
𝑛𝑢𝑚𝑏𝑒𝑟 𝑟𝑒𝑐𝑜𝑔𝑛𝑖𝑧𝑒𝑑 𝑝𝑎𝑝𝑎𝑦𝑎 𝑖𝑚𝑎𝑔𝑒 𝑏𝑎𝑠𝑒𝑑 𝑜𝑛 𝑖𝑡𝑠 𝑐𝑙𝑎𝑠𝑠

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑒𝑛𝑡𝑖𝑟𝑒 𝑝𝑎𝑝𝑎𝑦𝑎 𝑖𝑚𝑎𝑔𝑒
 ×  100 (11) 

 

3. Results and Analysis 

The feature extraction includes compactness and roundness features, then features 

energy, entropy, contrast, homogeneity, idm, variance, dissimilarity, and deviation 

standard of LBP histogram, features of mean red, mean green, mean blue, mean hue, 

mean saturation, and mean value. Table below 1 shows the average value of features of 

each grade of papaya image quality. 

Table 1. Average Result of Extraction Result 

Feature SUPER A B 

Compactness 0.580959929 0.574706845 0.673720570 

Roundness 0.4191849 0.428092536 0.317590949 

Energy 0.282673874 0.196039886 0.14863724 

Entropy 0.169006472 0.201432957 0.226100682 

Contras 0.127098174 0.13068448 0.154969185 

Homogeneity 0.937202291 0.936034182 0.925138505 

Idm 0.132501133 0.113911598 0.081385775 

Variance 0.1540195223 0.1337657977 0.1242928107 

Dissimilarity 0.125958447 0.128584198 0.150964249 

St Dev LBP 2.647012889 2.369366267 2.184981344 

Mean R 0.259937077 0.281032791 0.324842233 

Mean G 0.615352284 0.579956509 0.522944215 

Mean B 0.124710638 0.139010699 0.152213552 

Mean H 1.03270333 1.016020615 0.924183505 

Mean S 0.805675091 0.768436842 0.721755843 

Mean V 0.629911971 0.596739469 0.540801223 
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The features that have been obtained will be selected first before being used as input in 

the classification process. The selection of features is done by viewing the data 

distribution of the training image feature, each feature is taken maximum and minimum 

value in each class of quality. They are Super, A, and B classes. Maximum and minimum 

values obtained will be changed into graph to view difference of feature values between 

quality classes. Good features are going to view that each class will not overlap or at least 

a slight overlap in each class, and vice versa bad feature will overlap a lot in each class. 

Table 2 to Table 5 show data feature related to maximum values and minimal features of 

each quality class. 

Table 2. Maximum and Minimum Features of Compactness and Roundness 

Feature SUPER A B 

Compactness 
Max 0.838149539 0.778339563 0.92935781 

Min 0.475504099 0.464791254 0.442233412 

Roundness 
Max 0.524495901 0.535208746 0.490728388 

Min 0.161850461 0.221849672 0.07064219 

Table 3. Maximum Value and Minimal GLCM Texture Feature 

Feature SUPER A B 

Energy 
Max 0.3538277 0.237287 0.177318 

Min 0.225767 0.154514 0.117413 

Entropy 
Max 0.1865785 0.2246725 0.2466505 

Min 0.1500783 0.182291 0.208605 

Contrast Entropy 
Max 0.161321 0.168363 0.23748 

Min 0.099646 0.10121 0.102197 

Homogeniety 
Max 0.95109 0.950232 0.949133 

Min 0.921414 0.921586 0.899289 

Idm 
Max 0.236734 0.2139 0.156796 

Min 0.065694 0.073419 0.044753 

Variance 
Max 0.2284057 0.2326744 0.2115706 

Min 0.065541 0.0454576 0.0449518 

Dissimilarity 
Max 0.158183 0.159429 0.208064 

Min 0.098255 0.099947 0.10185 

Table 4. Maximum and Minimum Values of Color Average Feature 

Feature SUPER A B 

Mean R 
Max 0.34400957 0.357538 0.43219793 

Min 0.1911862 0.216057 0.25622858 

Mean G 
Max 0.66584239 0.637108 0.58842779 

Min 0.54205142 0.547356 0.45657939 

Mean B 
Max 0.1610035 0.193649 0.19326294 

Min 0.08211483 0.086487 0.08748374 

Mean H 
Max 1.14444578 1.1651039 1.092489287 

Min 0.875100121 0.8647892 0.666250532 

Mean S 
Max 0.86436702 0.857366 0.8343321 

Min 0.70996748 0.675286 0.63025329 

Mean V 
Max 0.68594041 0.655926 0.60912367 

Min 0.55156776 0.560773 0.4754543 
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Table 5. Maximum and Minimal Values of LBP Stdev Histogram Feature 

Feature SUPER A B 

St Dev LBPH 
Max 3186.70 3249.90 2897.83 

Min 1665.27 1397.31 1458.53 

 

From Table 5, the maximum and minimal values of features show almost all features 

overlap in each quality class of Calina IPB-9 papaya. However, when viewing the GLCM 

texture feature graph, it appears that the energy and entropy features overlap not too 

much, or it can beviewed the energy and entropy features overlap only in adjacent classes, 

no overlap between Super classes to class B or vice versa. Of the many features available, 

the most likely to be used as input in the next classification process is the energy and 

entropy features. Figure 5 shows the graph of maximum value and minimal GLCM 

features. 

 

 

Figure 5. Graph of GLCM Texture Feature 

The test of Calina IPB-9 Papaya quality classification system using backpropagation 

neural network is based on test data. Network training phase, using data train. They are 

156 image data of Calina IPB-9 papaya. The network parameter is the value of learning 

rate of 0.02, the epoch maximum value of 250,000 and the target error value of 0.001. The 

test will be conducted several times starting from a combination of all features. They are 

features of form, texture, color, and the features that are the best features resulted from the 

feature selection process. The results of the classification recognation on the train data are 

presented in Table 6, and the classification results of the test data are shown in Table 7. 

Table 6. Classification Results in Training Data 

No The utilized features  Super A B Total 

Recocn

ized 

(%) 

1 

Compactness, Roundness, 

Energi, Entropi, Kontras, 

Homogenitas, Idm, Variance, 

Dissimilarity, LBP St Dev, 

Mean R, Mean G, Mean B, 

Recognized in 

accordance to Target 

Network 

52 0 0 52 33.33% 
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Mean H, MeanS, MeanV  Not in accordance to 

Target Network 
0 52 52 104 

2 Compactness, dan  Roundness 

Recognized in 

accordance to Target 

Network 

47 0 26 73 

46.79% 

Not in accordance to 

Target Network 
5 52 26 83 

3 

Energi, Entropi, Kontras, 

Homogenitas, Idm, Variance, 

Dissimilarity 

Recognized in 

accordance to Target 

Network 

52 0 0 52 

33.33% 

Not in accordance to 

Target Network 
0 52 52 104 

4 LBP St Dev 

Recognized in 

accordance to Target 

Network 

52 0 0 52 

33.33% 

Not in accordance to 

Target Network 
0 52 52 104 

5 
Mean R, Mean G, Mean B, 

Mean H, Mean S, Mean V  

Recognized in 

accordance to Target 

Network 

52 0 0 52 

33.33% 

Not in accordance to 

Target Network 
0 52 52 104 

6 Energy, dan Entropy  

Recognized in 

accordance to Target 

Network 

52 48 51 151 

96.79% 

Not in accordance to 

Target Network 
0 4 1 5 

 

Table 6 above shows that number of recognized training images is not in accordance to 

the quality class based on the experiments of existing features. In the process of feature 

selection, it produces the best features. They are both energy and entropy. The 

combination of both features result 151 recognizable data according to the quality class 

and 5 identifiable data are not in accordance to the quality class or accuracy level of 

96.79%. 

Table 7. Classification Test Results with Test Data 

No Utilized Features Super A B Total 
Recogniz

ed (%) 

1 

Compactness, Roundness, 

Energy, Entropi, Contrast, 

Homogenitas, Idm, 

Variance, Dissimilarity, 

LBP St Dev, Mean R, Mean 

G, Mean B, Mean H, Mean 

S, Mean V  

Recognized in 

accordance to 

Target Network 

12 0 0 12 

33.33% 

Not in accordance 

to Target Network 
0 12 12 24 

2 
Compactness, and  

Roundness 

Recognized in 

accordance to 

Target Network 

7 0 8 15 

46.79% 

Not in accordance 

to Target Network 
5 12 4 21 

3 

Energy, Entropy, Contrast, 

Homogeniety, Idm, 

Variance, Dissimilarity 

Recognized in 

accordance to 

Target Network 

12 0 0 12 

33.33% 

Not in accordance 

to Target Network 
0 12 12 24 

4 LBP St Dev 

Recognized in 

accordance to 

Target Network 

12 0 0 12 

33.33% 

Not in accordance 

to Target Network 
0 12 12 24 

5 Mean R, Mean G, Mean B, Recognized in 12 0 0 12 33.33% 
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Mean H, MeanS, MeanV  accordance to 

Target Network 

Not in accordance 

to Target Network 
0 12 12 24 

6 Energy, and Entropy  

Recognized in 

accordance to 

Target Network 

11 10 10 31 

86.11% 

Not in accordance 

to Target Network 
1 2 2 5 

 

From Table 7 above, it is known that the number of recognized test images based on 

the quality class and the number of recognized images does not match to the quality class 

based on the experimental combination of existing features. In the feature selection 

process, the best generated feature is energy and entropy, the combination of both two 

features resulting 31 recognizable data according to the quality class and 5 data are not in 

accordance to the quality class or accuracy of 86.11%. 

 

4. Conclusion and Recommendation 

This research has developd digital image processing programs and artificial neural 

network for the quality classification of papaya. Based on the results of research on the 

quality classification of Calina IPB-9 Papaya with digital imaging technology and 

artificial neural network, it obtained the following conclusions: (1) The quality 

classification process of Calina Ipb-9 papaya is conducted using a program that has been 

successfully designed and created using digital image processing technology for feature 

extraction of papaya fruit and neural network with backpropagation training algorithm as 

its classification method; (2) The feature extraction process has several features: 

compactness and roundness feature, features of energy, entropy, contrast, homogeneity, 

idm, variance, dissimilarity, and standard deviation of LBP histogram, mean red, mean 

green, mean blue, mean hue, mean saturation , and mean value; (3) The result of the 

feature selection process gets the best feature of energy and entropy feature as both 

features experience the smallest overlap; (4) The process of classifying the training data 

using the energy and entropy features results the best accuracy of 96.79%. As for the 

process of classification testing on the test data using energy and entropy features produce 

the best accuracy value of 86.11%. Furthermore, it can be given suggestions for further 

research: (1) The classification process using other methods besides the backpropagation 

neural network, it is expected that the classification results are better; (2) Trying to extract 

other features either from features of form, texture, and color. It is expected to find out 

features with a high discriminatory level for each quality class. 
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