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Classification of Roasted Coffee Beans with
Principal Component Analysis and Random
Forest

Yusup Miftahuddin", Refda Rais!

'Department of Informatics, Institut Teknologi Nasional Bandung, Indonesia

Abstract. Roasted Robusta coffee beans originating from Toraja and
Ciwidey, Indonesia have the same shape, color and characteristics of the
coffee beans. There is often an error in recognizing coffee bean varieties
just by looking with the naked eye. In terms of image classification,
Random Forest has stable performance and performance. This research
aims to classify coffee beans based on images of roasted coffee beans using
the Random Forest and PCA algorithms. The steps taken were collecting
Robusta and Toraja datasets which were taken manually and given 2000
labels. Data collection was carried out using a light intensity of 300 lux and
a distance of 15 cm. The data was preprocessed, variables were reduced
using PCA and Random Forest in forming the model. Testing uses 1600
training data and 400 test data to measure RF performance by changing the
parameters of the number of data sets and the n value in Random Forest
with the highest accuracy value of 98.05% with a value of n = 20 and 360
data tested.

1 Introduction

Indonesia occupies ranking the fourth largest coffee producing country in the world is
behind Brazil, Vietnam, and Colombia [1]. The types of coffee beans grown in Indonesia
are robusta and arabica coffee [2]. Arabica coffee nor robusta own diverse varieties based
on origin the coffee area planted or known with single origin [3] name. In Indonesia there
are a number of Arabica coffee varieties nor robusta like Madheling from Sumatra, Typica
from Garut, Kopyol from Bali, Catimor from Aceh and still Lots Again varieties found in
Indonesia [4]. Robusta coffee is produced coffee more Lots compared to arabica because of
robusta coffee more stand to leaf [5] rust disease. Every variety coffee beans have different
characteristics including covers color, shape, texture, taste, and aroma depend from origin
area the coffee beans planted [6]. Identification type done coffee beans in a manner visible
eye No easy for distinguished for common people so that needed skill special, even owner
coffee shop or coffee farmers yet Of course capable for recognize type coffee beans with
only see in a manner visible eye [7].

*Corresponding author: yusufm@jitenas.ac.id
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Research on coffee bean classification has been carried out by previous researchers,
namely the Implementation of the Linear Discriminant Method Analysis for Classification
of Coffee Beans with use extraction HSV color and extraction form use feature eccentricity,
area and yield parameters accuracy by 84% [8]. Another study, namely the Introduction of
Arabica Coffee Varieties Based on Shape by taking textural features on coffee beans using
statistical calculations and performing feature extraction based on the shape of the coffee
beans produces an accuracy of 80% [9]. Study other that is NIRS application and Principal
Component Analysis for Detecting Origin of Arabica Coffee Beans with use method correct
spectrum that is Pretreatment Multiplicative Correction (MSC) succeed classify coffee
beans from Province of Aceh and Province of Bali with level 100% success [10].

Extraction feature use Principal Component Analysis with 95% data variation can
produce accuracy by 100% compared with extraction feature use Wavelets Daubechies with
accuracy of 98.611 % in research conducted by [11] Random Forest Method applied to the
classification process image own 92.98% accuracy compared with SIFT method on batik
[12] classification and application Random Forest with extraction characteristic use GLCM
get accuracy only 65% on identification disease paddy [13]. Random Forest Method can
reduce amount the variable being measured and constituting method popular [14]
classification. Random Forest own accuracy better compared to with method tree decision
other [15].

Study This apply method Principal Component Analysis and Random Forest on
classification type coffee beans with objective for measure level accuracy method Principal
Component Analysis (PCA) and Random Forest (RF) in classify type coffee beans. Coffee
bean image for training data taken manually with _ distance of 15 cm from camera in jpg
format and size 50 x 50 pixels. Training data 1600 images _ coffee beans with composition
of 800 Ciwidey Robusta coffee beans and 800 Toraja Robusta coffee beans.

2 Material & Method

To support this research, measuring the accuracy of the Random Forest method in the
classification of roasted coffee beans has the following stages.

_________________________ :
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Fig 1. Research Stages
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2.1 Training Data and Test Data

The dataset used is coffee bean images consisting of Ciwidey robusta and Toraja robusta
with an image size of 50x50 pixels with a total of 2000 images consisting of 1600 training
data and 400 test data. An example of a fundus image can be seen in Figure 2.

Robusta Ciwidey Robusta Toraja

Fig. 2 Coffee Beans Image

2.2 Preprocessing

This study uses the stages of resizing and grayscalling. The image is resized to 50x50 pixels
and the grayscaling process converts the RGB image into grayscale, as in

Grayscale = 0.299R + 0.587G + 0.114B (@)

2.3 Principal Component Analysis

Principal Component Analysis is method used for simplifying a complex data, with
method transform linear so that formed new coordinates with variance maximum [16].
Principal Component Analysis will produce Principal Component obtained from
decomposition eigenvalue and eigenvector from covariance matrix [17]. Steps of Principal's
algorithm Components Analysis is as follows:

1. Calculating the mean (?) of the data in each dimension using equation (2)
n

X=73X @)
i=1

2. Calculating covariances matrix ( Cx) using equation (3)

c = =

X n—1 A
L

S -DE -0 O
=1

3. Calculating the eigenvector ( vm) and eigenvalue ( )\m) of the covariance matrix

using equation (4)
Cv =X v (4)

4. Sort the eigenvalues in descending order. Principal Component is a series of
eigenvectors according to the order of the eigenvalues in stage 4.
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5. Generate new datasets.

2.4 Random Forest

Random Forest is a classification method that is carried out by developing a decision
method tree based on random attribute selection at each node to determine the classification
[18]. Random Forest have a selection process capable features take feature best so that can
increase performance to the classification [19] model. Formula calculation Random Forest
can see in equation (5).

Ginip) =1 — p" - ¢ )

The gain value will be converted into a class label (0 or 1), which will determine
whether the data is classified as Ciwidey robusta or Toraja robusta.

3 Results and Discussion

Random Forest testing on classification was carried out 60 times with a test scheme
with a total test data of 200, 240, 280, 320, 360, and 400, and N Random Forest values of
10, 20, 30, 40, 50, 60, 70, 80, 90, and 100. Based on these tests, the following data is
obtained.

Table 1. Result Testing

Test result Amount of data
200 240 280 320 360 400
10 94.00 89.16 88.21 93.75 94.72 95.00
% % % % % %
20 95.50 95.00 96.78 97.19 98.05 97.00
% % % % % %
30 97.00 95.83 96.07 95.94 95.83 96.00
% % % % % %
40 97.00 95.83 96.43 96.25 96.67 97.00
% % % % % %
50 96.00 96.67 97.50 96.56 96.11 96.25
Value of % % % % % %
N RF 60 96.50 96.25 96.78 96.87 95.55 96.25
% % % % % %
70 96.50 97.50 97.50 96.56 96.94 95.75
% % % % % %
80 98.00 95.83 97.50 96.25 96.67 96.00
% % % % % %
90 97.50 95.41 96.43 97.50 97.22 97.50
% % % % % %
10 97.00 96.25 97.14 97.50 96.94 97.25
0 % % % % % %
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Table 1 shows the highest average accuracy value with an accuracy of 98.05% with an
N Random Forest value of 20. From testing with data of 200 to 400 images with an N
Random Forest value of 10 to 100, a system performance graph can be created from the N
Random Forest value to the amount of data in Figure 3.

Accuracy of the N RF value to the amount of
data
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Fig. 3 System Performance

4 Conclusion

This study aims to identify and classify the types of Robusta Ciwidey or Robusta Toraja
coffee beans. Starting with the preprocessing stage, namely greyscaling and resizing,
feature extraction with Principal Component Analysis and classification with Random
Forest. The Principal Component Analysis method is used to extract features on training
data and test data using Principal Component Analysis with 95% data variation and the
Random Forest classification method for classifying coffee beans. The amount of data used
is 2000 image data which is divided into 1000 images of Ciwidey coffee beans and 1000
images of Toraja coffee beans with a composition of 800 training images and 200 test
images. The test results with the parameters of the number of data sets and the N value in
Random Forest obtained the highest accuracy results of 98.05% with a value of N = 20 and
360 data tested. Data collection was carried out using a light intensity of 300 lux and a
distance of 15cm.

In addition, the researcher would like to acknowledge the funding support from LPPM Institut
Teknologi Nasional Bandung.
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