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Abstract—This research develops an intelligent system that utilizes vision camera technology to detect 

completeness of noodle packages consisting of noodle blocks, oil, and seasoning. Multi-Layer Perceptron 

(MLP) and Naïve Bayes are used to classify images in recognizing the shape and color of the seasoning that 

should be present in noodle packages using Weka. The system's input is the captured data of noodle package 

completeness taken in real-time with randomly positioned oil and seasoning. A total of 486 random data 

points were used, with 70% for training and 30% for testing. The testing results show that MLP outperforms 

Naïve Bayes in almost all evaluation metrics, with an accuracy of 98.48% for MLP, compared to 74.32% for 

Naïve Bayes. In terms of construction time, Naïve Bayes is superior with a construction time of 0.01 seconds.  

Keywords—Seasoning, Naïve bayes, MLP, & Weka. 

 

I. INTRODUCTION 
Food industry, particularly noodle production, is experiencing increased consumer 

demand. The industry is not only faced with the need to increase production capacity but 

also to ensure consistent product quality. One crucial quality aspect is the completeness 

of the seasoning in noodles, which plays a significant role in providing flavor and added 

value to the product. However, despite the importance of seasoning completeness, the 

quality inspection process is still largely conducted manually, prone to human error, and 

unable to efficiently handle high production volume. Therefore, innovation is needed in 

the form of an intelligent system that can automatically detect and analyze the 

completeness of the seasoning in noodles. 

In the initial stage, the classification of the completeness of seasoning in noodle 

packages is carried out. Classification is the object recognition stage [1]. Humans can 

easily and quickly recognize new objects they see, but this is not the case with machines 

[2].  

Classifying shapes and colors in images, there are many methods available for 

processing, one of which is Neural Network (NN). CNN architecture has been used by 

many researchers for effective object representation [3], [4]. CNN is one of the 

algorithms of deep learning, which is a part of machine learning [5], which studies image 

representation and segmentation to achieve accurate results in predicting or detecting an 

object using a camera, consisting of several processing layers [6]. 

 Several previous studies have yielded significant results by applying NN to various 

objects and cases [7], such as classifying the ripeness level of sweet oranges based on 

texture and color brightness using Deep Learning Convolutional Neural Network with 

Multilayer Perceptron algorithm. From 100 data sheet images, a testing accuracy graph of 

92% was obtained, able to classify oranges into good quality (ripe) and poor quality 

(rotten) [8]. 

Research on image identification of textile fabrics using digital microscopy for image 

data acquisition with fabric algorithm showed an accuracy rate of 93% for original image 

size 600x800, using feature extraction method histogram and classification technique 

Squared Chi Squarede metric distance [2]. 
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Another study classified tilapia and tilapia fish using backpropagation. From 254 data 

points, although the types of tilapia and tilapia fish appear similar physically, the results 

achieved a relatively good accuracy rate with a success rate of 74.04% [9]. 

Another study classified diseases in the healthcare field to help early detection of 

hypertension in patients using Naïve Bayes method and data discretization CART, 

achieving an accuracy rate of 84.28% [10]. 

The research applied to classify and identify types of vehicles such as cars and 

motorcycles, specifically four-wheeled vehicles [11], [12], [13]. Achieved a high 

accuracy rate averaging above 95%.  

Based on the description above, this research aims to develop a system to classify the 

completeness of seasoning packages in noodle products using WEKA software. The 

objective of this study is to find the best method for classifying image characteristics of 

seasoning completeness in noodle packages using Multi-Layer Perceptron (MLP) and 

Naïve Bayes algorithms. The selection of these two algorithms, MLP representing 

complex data classification, adopts the neural functioning of living organisms [3], [14]. 

Meanwhile, Bayes represents a simple classification method that applies Bayes' theorem, 

assuming all features are independent of each other [15], [16]. This algorithm uses 

probability theory in its classification process [17], [18]. By collecting 486 randomly 

sampled data in the field, with 70% used for training data and 30% for testing data. 

 

II. METODOLOGI 
 

Research process flow can be seen in Figure 2.1. The study is conducted in several 

phases, starting from data collection, which will later become training and testing data, 

data classification, and finally, analysis stage.  

 

 
Figure 1. Diagram Alir Penelitian 

A. Data Collection 

Image data collection is directly taken from the noodle manufacturing process with the 

assistance of a series of electronic tools, as shown in Figure 2.2. The camera captures the 
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Figure 3. Properties Picture 

object when the trigger sensor detects the noodle block. The image resolution is 1088 x 

672 using a webcam camera. Picture properties can be seen in Figure 2.3. 

 
 

Figure 2. Image Capture Methode 

 

B. Data Processing 

At this stage, the collected data will be processed to determine the average RGB 

values in the captured images. This processing is assisted using the Python program with 

the help of the Python Imaging Library (PIL) and pandas for exporting results to a folder 

population. Figure 2.4, shows a snippet of the Python program using the PIL and Pandas 

libraries.  

 

 
Figure 4. Snippet of Pytjon code 

 

The output from the Python program provides the average RGB values of the images in a 

folder population and saves them in an Excel file, as shown in Figure 2.5.  
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(a) Complete Noodle Package ―OK‖ 

(b) Incomplete Noodle Package ―NG‖ 

 
Figure 5. Results of converting images to RGB values 

C. Tools dan data set 

Waikato Environment for Knowledge Analysis (WEKA, version 3.8.6) is software 

that provides a data mining interface with numerous machine learning algorithms, 

commonly used to compare various data mining techniques to determine the best one 

[17], [19]. WEKA operates based on predictive data described by specific attribute types 

[20], using datasets sourced from a food factory that processes noodles. The data includes 

two categories: NG (Not Good) and OK, ss shown in Figure 2.6. 
 

 

  
 

  
 

Figure 6. Noodle package completeness 

 

D. Image Classification Method  

2 image classification methods will be used: MLP and Bayes. 

 

Picture 

RGB Value 
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1. MLP (Multilayer Perceptron) 

MLP algorithm is used for regression and classification. MLP trains artificial 

neural networks by passing inputs through weighted layers of neurons and 

adjusting these weights to replicate patterns in the output. Each neuron calculates 

its output as the weighted sum of inputs plus bias, which is then processed by an 

activation function to introduce non-linearity. This function allows MLP to 

capture complex relationships in data, making it effective for various applications 

[6]. 

 
Figure 7. MLP Neural Network Topology 

Figure 2.7, shows the neural network topology consisting of hidden layers. The 

hidden layers are activated using activation functions. 

 

      (  ∑  

 

   

   ) 
(1) 

 

Where : 

      : output neuron 

f    : activation function (e.g., Relu, Sigmoid, tanh, Softmax) 

b    : bias neuron 

w   : weight connecting neuron I to j 

x   : input data x =( x1,x2,x3,,,,,,,xn) 

  

2. Naïve Bayes  

Bayesian networks are a combination of probability and graphical models. 

Probabilistic classification algorithms use the assumption of independent features 

[15],  as shown in Figure 2.8. 

 

 
Figure 8. Bayes Algorithm 
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Naive Bayes algorithm is a statistical method in machine learning for 

classification that calculates prior probabilities, likelihood probabilities, and 

posterior probabilities using rules [15], [16], [17], [21]. Bayes' theorem states the 

relationship between conditional probability and marginal probability as follows: 

 

 

       
          

    
 

(2) 

 

Where : 

 

P(C|X)  : posterior probability of class C given feature X  

P (X|C)  : proabilitas likelihood dari fitur X diberikan kelas C 

P(C)  : probabilitas prior dari kelas C 

P(X)  : probabilitas ecivence dari fitur X 

 

 

 

III. RESULT & DISCUSSION 
 

A. Preprocessed Data 

This stage processes captured data into RGB values using Python V.3. There are four 

categories of datasets as shown in Table 3.1. 

 
Tabel 3.1. 

Preprocessing data object 

Noodle Block  Seasoning powder Seasoning Oil Category 

- - - NG 

 - - NG 

  - NG 

 -  NG 

   OK 

 

B. Computational Results and Performance Comparison 

Image classification results in Figure 3.1, and Table 3.2, show that the accuracy rate of 

MLP is significantly higher than Naïve Bayes, with lower classification errors in MLP. 

This indicates that MLP is more effective in correctly classifying the data. 

 
Figure 9.  Comparison of Classification Accuracy between MLP and Bayes Methods 
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Figure 3.3.   

Evaluation matrix 

Figure 11. 

Comparison of Classification Accuracy Test Results 

between MLP and Bayes Methods 

The higher Kappa statistic value in MLP (0.96) compared to Naïve Bayes (0.47) indicates 

that MLP has better agreement between predicted results and actual classification. The 

Mean Absolute Error (MAE) in MLP (0.02) is lower than in Naïve Bayes (0.28), 

suggesting that MLP predictions are closer to the actual values. Additionally, the Root 

Mean Squared Error (RMSE) in MLP (0.12) is also lower than Naïve Bayes (0.44), 

meaning that the average squared prediction error in MLP is smaller, as shown in Table 

3.2. 

 
Tabel 3.2. 

Comparison of Computational Results of Image Data 

Parameter 

Algorithm 

MLP  

(Multilayer Perceptron) 
Naïve Bayes 

Kappa statistic  0.96 0.47 

Mean absolute error  0.02 0.28 

Root mean squared error  0.12 0.44 

Relative absolute error  4.59% 57.79% 

Root relative squared error  24.21% 89.79% 

Construction Time 8.9 Sec 0.01 Sec 

 

 
Figure 10.Time Comparason 

 

However, in terms of learning time, Naïve Bayes has the advantage with a construction 

time of only 0.01 seconds, much faster than MLP, which requires 8.9 seconds. The faster 

construction speed is suitable for applications that require quick processing with simpler 

data. 

Despite Naïve Bayes being more time-efficient, MLP's superior predictive performance 

compared to Naïve Bayes makes it a better choice for applications that require high 

accuracy. 

 

C. Testing 

In the testing phase, predictions were made for 155 image testing data that were not 

used in training. The test results can be shown in Figure 3.3, and Figure 3.4. 
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Comparison results based on Mean Absolute Error (MAE) evaluation parameter show 

that MLP is significantly lower (0.047) compared to Naïve Bayes (0.372). Looking at the 

Kappa statistic, which measures the agreement between predicted results and actual 

outcomes, MLP demonstrates a significant advantage with a value of 0.909, while Naïve 

Bayes only reaches 0.32. Similarly, other parameters such as F Measure, Precision-Recall 

Curve (PRC), and Receiver Operating Characteristic (ROC) consistently show higher 

values for MLP compared to Naïve Bayes. With MLP achieving an accuracy rate of 

95.48% and Naïve Bayes 64.51%, the decrease in performance from training 

classification may be due to variations in captured product outcomes in the field, which 

could be improved by increasing the amount of training data. 

 

IV. CONCLUSION 
Overall, MLP shows superior performance compared to Naïve Bayes across nearly 

all evaluation metrics, except for construction time. Therefore, for ensuring the quality of 

noodle products with accurate seasoning completeness, using the MLP algorithm is more 

effective than Naïve Bayes, especially when dealing with complex data and requiring 

higher accuracy, lower errors, and better consistency in predictions, except for data 

processing issues. 

Further research will be conducted to explore the correlation between processing 

time and accuracy in seasoning completeness image data analysis. This study will include 

actual speed tests in the field to gain a more comprehensive understanding of algorithm 

performance under real operational conditions. 
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