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Abstract: 

Visual cue analysis for fruit categorization and sorting automates the visual inspection and packing 
process in agricultural applications. Similarities in fruit color and shape challenge automated multi-class sorting 
systems. Deep neural networks require extensive training datasets to achieve high accuracy, which is not available 
for agricultural items, notably fruits and vegetables. This work governs that the Auto Color Correlogram (ACCF) 
and Binary Pyramid Patter filter (BPPF) model using Bayes Net (BN) learning model. The ACCF with BN gives 
accuracy 95%, BPPF with BN gives accuracy 55%. The ACCF with BN gives precision 0.95, BPPF with BN 
gives precision 0.55. The ACCF with BN gives recall 0.95, BPPF with Bayes Net gives recall 0.55. The ACCF 
with BN gives F-Measure 0.95, BPPF with BN gives F-Measure 0.55.The ACCF with BN gives MCC 0.91, BPPF 
with Bayes Net gives MCC 0.1.The ACCF with Bayes Net gives ROC 0.94, BPPF with Bayes Net gives ROC 
0.63. The ACCF with Bayes Net gives PRC 0.93, BPPF with BN gives PRC 0.61. The ACCF with BN gives 
Kappa 0.9, Binary Patter Pyramid Filter with BN gives Kappa 0.1.The ACCF with BN gives mean absolute error 
0.05, BPPF with BN gives MAE 0.43. The ACCF with BN gives root mean squared error 0.22, BPPF with BN 
gives RMSE 0.53. The ACCF with BN gives relative absolute error 10%, BPPF with BN gives RAE 85.46%. The 
ACCF with BN gives root relative squared error 44.72%, BPPF with BN gives RRSE 107.83%. The ACCF with 
BN model takes 0.49 seconds for creating its model, BPPF with Bayes Net takes 0.05 seconds for creating its 
model. The ACCF with BN performs well compared with BPPFF with BN model.  
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I Introduction 

Agricultural automation includes automated fruit classification and sorting. Using robotic platforms, 
automated fruit classification systems can be employed during harvest for fruit identification and sorting. Also 
used in the packaging industry for post-harvest quality assessment, fruit harvesting, and pricing identification in 
supermarkets for quick billing. To improve fruit quality and productivity, manual fruit picking and sorting has 
been replaced with automated systems using machine vision and machine learning. Since classification accuracy 
depends on feature quality, many studies have compared feature sets in different datasets. Many scholars have 
attempted various ways of fruit classification.[1,5-6]. The research retrieved fruit color, size, shape, and texture. 
Decision Trees and bagging classifier were compared.[7] . Their system was 95.3%. SVM classifies rotten fruit. 
A six-layered CNN and VGG-16 on two datasets. The VGG-16 model obtained 99.75% accuracy on the 
supermarket produce dataset and 96.75% on the self-collected dataset.[11]. Authors classified fruit for 
supermarkets.[12] Six apple cultivars were classified using a 9-layer deep neural network. The authors classify 
fruits by color and texture.[13-16] The system identified 15 fruit classes using two features. Their dataset consists 
of internet-sourced white-background fruit photos.[17] .The KNN classifier's accuracy was 81.9%. The system 
compared machine learning strategies for fruit classification.[18] Apple, banana, orange, pear, watermelon, and 
mango were considered.[19] They found areas of interest using thresholding and morphological processing.[20] 
An algorithm to categorize four fruit kinds and detect rotten fruit. The KNN classifier identifies fruit by color and 
feel.[21] . Area, color, centroid, zone, perimeter, size, roundness were extracted. KNN, SVM, Naive Bayes, 
random forest, and neural networks were employed. The SVM classifier had the highest accuracy, at 91.67%. 
[22]. They used HSV thresholding to extract ROI. After using a three-level discrete wavelet transform, they 
extracted hue, saturation, and brightness information. They identified 10 fruit classes using an SVM 
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classifier.[23,24]The system governed the creation of a CNN-based classifier that recognized 25 fruit classes with 
100% test and 99.79% train accuracy[25]. They used zoning, character edge descriptors, and DFT. Classifiers 
included MLP and KNN. It reported 97.5% accuracy. Current work aims to create a durable, efficient, and 
repeatable method for identifying fruits using handcrafted features.[26] Handcrafted features include edges, 
corners, histograms, etc. that are extracted manually from image data.[27] Deep neural networks that use 
automatically learned features require a lot of training data per class to produce decent classification results, which 
is frequently unavailable for agricultural items like fruits and vegetables.[28]Many studies using handmade 
features and typical machine learning techniques for fruit categorization lack accuracy and repeatability. 
Handcrafted features should improve accuracy for datasets with fewer data points per class.[29] Another goal is 
to compare supervised learning algorithms to identify the best fruit classifier using custom characteristics.[30] By 
extracting appropriate characteristics and employing an efficient classifier, automated fruit categorization and 
sorting will be improved. We present a unique combination of Hue, CSIFT, Discrete Wavelet Transform, and 
Haralick features that yields good accuracy in fruit categorization. Authors developed a grape recognition system 
for fruit-picking robots[31]. 

The rest of the paper: Section 2 explains the process. Section 3 provides the results. Section 4 discusses 
results-derived observations. Section 5 concludes. 

 

II Data Collection and Research Methods 

The data set has been collected from the kaggle dataset, which is namely the Fruit classification (10 
Class). It consists of 3374 images and is a collection of the following images 1. Apple, 2. Kiwi, 3. Banana, 4. 
Cherry, 5. Orange, 6. Mango, 7. Avocado, 8. Pineapple, 9.Strawberries, and 10. Watermelon. In this experiment, 
we considered only apples and avocados for binary image classification. The collected 60 images have been taken 
for the total population, which was implemented into 90% of training data and 10% of test data in the Weka data 
mining tool. 

 

Figure 1: Proposed System 

Methodology: 

 Preprocessing the data (randomly chosen data has already been preprocessed various dimensions into 
256*256 dimension of JPEG images). 

 Prepare image data that has been selected in CSV format. 
 Insert the dataset into Weka. 
 Tuning the required parameters in Weka. 
 Extract attributes by applying the Attribute Color Correlogram Filter technique. 
 Apply Bayes' Net Classification. 
 Extract attributes by applying the Binary Patterns Pyramid Filter technique. 
 Apply Bayes' Net Classification. 

 The above flow process has been implemented to discover a new model. 
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IV Results and Discussions 

This section focuses on the outcome of this research work by using several parameter tuning and selected 
methodology. 

In ACCF+BN technique, If the maximize cost 30, random 30 and gain 0, this model gives classification 
accuracy is 50%, which means TP 50%(30 images),TN 0%(0 images),FP 50%(30 images), and FN 0%(0 images); 
If the cost 3, random 30 and gain 27, this model gives overall classification accuracy is 95%, which means TP 
45%(27 images), TN 5%(3 images), FP 0%(0 images), and FN 50%(30 images); When maximize cost 30, random 
30 and gain 0, this model gives classification accuracy is 50%, which means TP 50%(30 images),TN 0%(0 
images),FP 50%(30 images),and FN 0%(0 images);  If the cost 3, random 30 and gain 27, this model gives overall 
classification accuracy is 95%,which means TP 50%(30 images), TN 0%(0 images), FP 5%(3 images), and FN 
45%(27 images); If the benefit 30, random 30 and gain 0, this model gives overall classification accuracy is 
95%,which means TP 50%(30 images), TN 0%(0 images), FP 50%(30 images), and FN 0%(0 images); If the 
benefit 3, random 30 and gain -27, this model gives overall classification accuracy is 95%,which means TP 
45%(27 images), TN 5%(3 images), FP 0%(0 images), and FN 50%(30 images); If the minimize benefit 30, 
random 30 and gain 0, this model gives classification accuracy is 50%, which means TP 50%(30 images),TN 
0%(0 images),FP 50%(30 images), and FN 0%(0 images); The minimize benefit of avocado class when apply 
ACCF+BN technique. If the benefit 3, random 30 and gain -27, this model gives overall classification accuracy 
is 95%,which means TP 50%(30 images), TN 0%(0 images), FP 5%(3 images), and FN 45%(27 images);The 
maximize cost of apple class when apply BPPFF+BN technique. If the maximize cost 31, random 30 and gain -1, 
this model gives classification accuracy is 48.33%, which means TP 48.33%(29 images),TN 1.67%(1 images),FP 
50%(30 images), and FN 0%(0 images). 

In BPPF+BN technique, If the cost 21, random 30 and gain 9, this model gives overall classification 
accuracy is 65%, which means TP 438.33%(23 images), TN 11.67%(7 images), FP 23.33%(14 images), and FN 
26.67%(16 images); If the benefit 31, random 30 and gain 1, this model gives overall classification accuracy is 
48.33%,which means TP 48.33%(29 images), TN 1.67%(1 images), FP 50%(30 images), and FN 0%(0 images); 
If the benefit 21, random 30 and gain -9, this model gives overall classification accuracy is 65%,which means TP 
38.33%(23 images), TN 11.67%(7 images), FP 23.33%(14 images), and FN 26.67%(16 images); When maximize 
cost 31, random 30 and gain -1, this model gives classification accuracy is 48.33%, which means TP 1.67%(1 
image),TN 48.33%(29 images),FP 3.33%(2 images),and FN 46.67%(28 images); If the cost 21, random 30 and 
gain 9, this model gives overall classification accuracy is 65%,which means TP 26.67%(16 images), TN 
23.33%(14 images), FP 11.67%(7 images), and FN 38.33%(23 images); If the minimize benefit 31, random 30 
and gain 1, this model gives classification accuracy is 48.33%, which means TP 1.67%(1 images),TN 48.33%(29 
images),FP 3.33%(2 images), and FN 46.67%(28 images); If the benefit 21, random 30 and gain -9, this model 
gives overall classification accuracy is 65%,which means TP 26.67%(16 images), TN 23.33%(14 images), FP 
11.67%(7 images), and FN 38.33%(23 images). 

Table 1:  Log score of ACCF+BN and BPPF+BN 

S.No Model Local Score Values 
1 ACCF+BN Bayes -2104.7561574090546 
2  Bayesian Database  (BDeu) -2237.03449138485 
3  Minimum Description Length -2314.339921426314 
4  ENTROPY -1997.0282178541008 
5  Akaike Information 

Criterion (AIC) 
-2152.0282178541 

6 BPPF+BN Bayes -194.33150307960796 
7  Bayesian Database (BDeu) -204.63890572707254 
8  Minimum Description Length -212.4461682066894 
9  ENTROPY -185.83292855224576 
10  Akaike Information 

Criterion (AIC) 
-198.83292855224576 

 

 The above table shows the ACCF with BN produces several local scores like Bayes, BDeu, MDL, Entropy and 
AIC values. 
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Figure 2: Representation of Accuracy  

The above diagram 39 shows that the Auto Color Correlogram Filter with Bayes Net gives accuracy 
95%, Binary Patter Pyramid Filter with Bayes Net gives accuracy 55%. ACCF with BN performs well compared 
with BPPF with BN model.  

 

Figure 3: Representation of Precision  

The above diagram 40 shows that the Auto Color Correlogram Filter with Bayes Net gives precision 
0.95, Binary Patter Pyramid Filter with Bayes Net gives precision 0.55. ACCF with BN performs well compared 
with BPPF with BN model.  
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Figure 4: Representation of Recall 

The above diagram 41 shows that the Auto Color Correlogram Filter with Bayes Net gives recall 0.95, 
Binary Patter Pyramid Filter with Bayes Net gives recall 0.55. ACCF with BN performs well compared with BPPF 
with BN model.  

 

Figure 5: Representation of F-Measure 

The above diagram 42 shows that the Auto Color Correlogram Filter with Bayes Net gives F-Measure 
0.95, Binary Patter Pyramid Filter with Bayes Net gives F-Measure 0.55. ACCF with BN performs well compared 
with BPPF with BN model.  
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Figure 6: Representation of MCC 

The above diagram 43 shows that the Auto Color Correlogram Filter with Bayes Net gives MCC 0.91, 
Binary Patter Pyramid Filter with Bayes Net gives MCC 0.1. ACCF with BN performs well compared with BPPF 
with BN model.  

 

 

 

Figure 7: Representation of ROC 

The above diagram 44 shows that the Auto Color Correlogram Filter with Bayes Net gives ROC 0.94, 
Binary Patter Pyramid Filter with Bayes Net gives ROC 0.63. ACCF with BN performs well compared with BPPF 
with BN model.  
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Figure 8: Representation of PRC 

The above diagram 45 shows that the Auto Color Correlogram Filter with Bayes Net gives PRC 0.93, 
Binary Patter Pyramid Filter with Bayes Net gives PRC 0.61. ACCF with BN performs well compared with BPPF 
with BN model.  

 

Figure 9: Representation of Kappa 

The above diagram 46 shows that the Auto Color Correlogram Filter with Bayes Net gives Kappa 0.9, 
Binary Patter Pyramid Filter with Bayes Net gives Kappa 0.1. ACCF with BN performs well compared with BPPF 
with BN model.  
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Figure 10: Representation of MAE 

The above diagram 47 shows that the Auto Color Correlogram Filter with Bayes Net gives mean absolute 
error 0.05, Binary Patter Pyramid Filter with Bayes Net gives MAE 0.43. ACCF with BN performs well compared 
with BPPF with BN model.  

 

Figure 11: Representation of RMSE 

The above diagram 48 shows that the Auto Color Correlogram Filter with Bayes Net gives root mean 
squared error 0.22, Binary Patter Pyramid Filter with Bayes Net gives RMSE 0.53. ACCF with BN performs well 
compared with BPPF with BN model.  
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Figure 12: Representation of RAE 

The above diagram 49 shows that the Auto Color Correlogram Filter with Bayes Net gives relative 
absolute error 10%, Binary Patter Pyramid Filter with Bayes Net gives RAE 85.46%. ACCF with BN performs 
well compared with BPPF with BN model.  

 

 

Figure 13: Representation of RRSE 

The above diagram 50 shows that the Auto Color Correlogram Filter with Bayes Net gives root relative 
squared error 44.72%, Binary Patter Pyramid Filter with Bayes Net gives RRSE 107.83%. ACCF with BN 
performs well compared with BPPF with BN model.  
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Figure 14: Representation of Time 

The above diagram 51 shows that the Auto Color Correlogram Filter with Bayes Net model takes 0.49 
seconds for creating its model, Binary Patter Pyramid Filter with Bayes Net takes 0.05 seconds for creating its 
model. APPF with BN performs well compared with ACCF with BN model.  

IV Conclusion 

This work concludes that the Auto Color Correlogram Filter with Bayes Net gives accuracy 95%, Binary 
Patter Pyramid Filter with Bayes Net gives accuracy 55%.  The ACCF with BN performs well compared with 
BPPF with BN model. 
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