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The low-cost camera for machine vision, such as a webcam, still has a problem
with resolution noise. Therefore, it is important to learn strategies to reduce
noise from low-cost camera images so that they can be widely used for grading
machines in the future. This paper aims to compare three feature extraction
methods with auto-preprocessing to classify chili pepper (Capsicum
Frutescens) quality using a machine learning algorithm. Three extraction
methods were used, including the color feature, oriented FAST and rotated
BRIEF (ORB), and the combination color feature and ORB. A total of 525
image data for quality chili pepper were collected using the webcam. The
auto-preprocessing strategy to classify chili peppers can improve the
performance of machine-learning algorithms for all data generated by the
feature extractor. The performance of the chili paper quality classification
model with auto-preprocessing of the variable color feature can improve the
performance of machine learning algorithms by up to 64.21%. The
performance improvement of the classification model using the ORB feature
variable and the auto-preprocessing of up to 4.41%. The performance
improvement of the classification model using machine learning algorithms is
11.27% when using the combination color feature and ORB feature and auto-
preprocessing.
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1. INTRODUCTION

Grading in the agricultural production process is needed to separate products based on quality.
Generally, grading quality indicators are shape, size, color, maturity, and defection [1]-[4]. Grading can be
done manually, but it is prone to inconsistencies and requires more time. An automatic grading process was
developed using computer vision and machine learning to overcome this problem. In addition to speeding up
the process, automatic grading with computers allows for further fruit processing utilizing an automation
system. But until now, devices to support it so it can have high performance are still not affordable, especially

for sensors such as cameras.

The camera is the most important part of grading machine development [5]-[7]. This part first acquire
data before proceeding with processing. On the one hand, many cameras have been developed for computer
vision purposes, especially for machine grading. However, most cameras are still expensive and unaffordable
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if they want to be used for creating a grading machine on a small industrial scale, such as for fruit and vegetable
horticultural products. On the other hand, low-cost cameras (such as web cameras) can be used for machine
grading but provide low-quality images. This will impact the performance of the developed grading machine
if it is to be used directly. Therefore, creating a classification modeling strategy that uses source images from
low-cost cameras is necessary, especially machine learning [8]-[11].

Several research results have studied the use of low-cost cameras to be used in machine grading
combined with machine learning, as reported by Mahendra et al. [12] for strawberry products,
Tuesta et al. [13] for citrus aurantifolia products and Nasution and Amrullah [14] for apple products. In general,
the strategy proposed in this research is to prioritize machine learning methods in its modeling. In addition,
they also studied various feature extraction techniques from low-quality images to obtain a robust model.

To the best of our knowledge, so far no one has studied the use of low-cost cameras to be used in the
development of grading machines with all their limitations, especially chili paper. Therefore, this article
proposes an additional process, namely auto-preprocessing, to improve the quality of the extracted features
when modeling using machine learning algorithms. The proposed preprocessing is a strategy developed to be
used automatically or is called auto-preprocessing. This study aims to compare the performance of machine
learning algorithms to features extracted with and without auto-preprocessing. The feature extractor used in
this study includes a color feature, feature oriented FAST and rotated BRIEF (ORB) and a combination of
color and feature ORB. Also, three machine learning algorithms are used, including support vector machine
(SVM), decision tree (DT), and random forest (RF).

2. METHOD
2.1. Data collection and extraction feature

A total of 525 chili paper was used in this study, consisting of 420 good quality chili paper and 105
degraded chili pepper. Their image data were acquired using a low-cost web camera (Logitech C170).
Figure 1 presents an example of chili paper damage as shown in Figure 1(a) and good as shown in Figure 1(b)
samples used in this study.

(@) (b)
Figure 1. Sample chili pepper with (a) damaged quality and (b) good quality

After the image data is obtained, the features of each image are extracted using three methods,
including the color feature [15]-[17], oriented FAST and rotated BRIEF (ORB) feature [18]-[20] and the
combination color feature and ORB feature [21]-[23]. A total of 30 variables were extracted using the color
feature method. This feature consists of 10 image color identities (grey, blue, green, red, hue, saturation, value,
lightness, red/green value, and blue/yellow value), ten standard deviation values for each color identity image,
and ten pieces of the minimum value of each color identity for each image. A total of 200 variables extracted
using the ORB extraction method were obtained. This feature consists of 20 different values for each color
identity (grey, blue, green, red, hue, saturation, value, lightness, red/green value, and blue/yellow value) for
each color identity for each image. The combination color feature and ORB feature uses 230 variables extracted
from the two single techniques.

2.2. Auto-preprocessing of data

The auto-preprocessing used in this study is designed to consist of 4 handling groups that can run
parallel (baseline handling, scatter handling, noise handling, and scaling-transformations handling) [24].
However, by considering the "None" code in each handling group as an option without preprocessing, other
combinations such as single, double, triple, and quarter combination techniques from the group also have the
same opportunity to be calculated in this method. In total, 600 preprocessing combinations (5x6x5x4) will be
iterated in this auto-preprocessing strategy as shown in Table 1. In this study, a Python-based programming
code is developed that can run this automatically. The best preprocessing combination was born from an
evaluation using a a confusion matrix using 5-fold cross-validation of each algorithm used in this experiment
(SVM, DT, and RF). The results of the highest accuracy value from the cross-validation test are then sorted
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and automatically selected for further use as a variable to predict the quality of chili paper. If a figure contains
subfigures, please mention EACH subfigures in the body-text after mentioning the main figure.

Table 1. Group and single preprocessing for auto-preprocessing strategy

Baseline handling Scatter handling Noise handling Scaling-
transformations
handling
None None None None
Detrending Mean scaling Savitzky—Golay (SG) (Window: 3pt, Mean centering
(2" order polynomial) order: 1)
Detrending Median scaling Savitzky—Golay (SG) (Window: 5 pt, Auto-scaling
(3" order polynomial) order: 2)
Detrending Maximum scaling Savitzky—Golay (SG) (Window: 9 pt, Range scaling
(4™ order polynomial) order: 2)
Arterial spin labeling Standard Normal Variate (SNV) Savitzky—Golay (SG) (Window: 11 pt,
(AsLS) order: 2)

Multiplicative scatter correction (MSC)

2.3. Machine learning algorithms

The machine learning algorithms used in this study include support vector machines (SVM), decision
trees (DT), and random forests (RF). SVM is a linear classifier in a high-dimensional space. It expresses the
decision boundary in terms of a linear combination of functions parametrized by support vectors, a subset of
training points [25]. Decision tree analysis is a divide-and-conguer approach to classification. Decision trees
can be used to discover features and extract patterns from large databases important for discrimination and
predictive modeling [26]. RF is an algorithm that combines Classification and regression trees (CART) and
bootstrapping aggregation (bagging) algorithms. RF applications to solve classification problems of large data
and a larger sample set can generate a high computational cost in addition to requiring more time [27]. The
detailed descriptions of the SVM, DT, and RF algorithms are described elsewhere and therefore not shown
here. All machine learning algorithms were developed using the open source and free Scikit-learn machine
learning package for Python 3.8.8, built on the scientific and numerical Python libraries SciPy and NumPy [28].

2.4. Evaluation of the classified model

The model classification was evaluated using the confusion matrix method, consisting of two chili
papper quality classes: damage quality and good quality. Using the random splitting method, the total dataset
will be divided by a ratio of 80/20 for training and independent data set testing. True positives, true negatives,
false positives, and false negatives will be represented by true positive (TP), true negative (TN), false positive
(FP), and false negative (FN), respectively. The classification algorithms used in Python 3.8.8 using a popular
machine learning package from Scikit-learn. The observed parameters were precision (PRE), recall (REC), F1-
score (F1S), and accuracy (ACR), each of which was calculated using (1) to (4) [29].

TP

PRE =05 @

REC =—2 2
TP+FN

1§ = 2XPREXREC 3)
PRE+REC

ACR = — TP+FNV (4)
TP+FN+TN+FP

3. RESULTS AND DISCUSSION
3.1. Classification model using color feature extraction
The raw data using a color feature extractor is shown in Figure 2. A total of 30 variables can be
extracted from 420 image data for good chili pepper and 105 data for damaged chili pepper. In general, the
features of all samples appear very similar and tricky to distinguish with the naked eye. Therefore, the use of
image processing methods supported by appropriate algorithms needs to be used to be able to classify them.
The best auto-preprocessing for classifying the SVM, DT, and RF algorithms using color feature
variables are presented in Figure 3. In the SVM algorithm as shown in Figure 3(a), the recommended auto-
preprocessing is from the baseline handling and scaling-transformation handling preprocessing group, based
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on the 5-smallest fold cross-validation error. In particular, the combination of detrending preprocessing (2™
order polynomial) and range scaling is the best, giving an accuracy cross-validation of 0.898. The auto-
preprocessing suggested for the DT algorithm from the color feature extractor is from the preprocessing
baseline handling and scatter handling groups whose variables are presented in Figure 3(b). Combining the
single preprocessing technique is detrending (4™ order polynomial) and SNV with an accuracy cross-validation
of 0.809. The preprocessing baseline handling group represented by detrending (3" order polynomial) is the
only best result of selecting auto-preprocessing with the RF algorithm with an accuracy cross-validation of
0.898 as shown in Figure 3(c). The auto-preprocessing evaluated by SVM and RF is equally good at providing
the performance of the chili pepper classification model (damage quality and good quality) compared to the
DT algorithm. In addition, although they perform similarly, the two algorithms are produced from different
combination preprocessing techniques. This shows that no superior preprocessing combination technique can
be used for all machine learning algorithms. All iterations of preprocessing combinations are worth trying and
can be efficiently searched using an auto-preprocessing strategy.
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Figure 1. Raw chili pepper image variable using color feature extraction
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Figure 3. Chili pepper image variable using color feature extraction after auto-preprocessing combined with
(a) SVM, (b) DT, and (c) RF algorithm

The test results at the training and testing stages in classifying the quality of chili pepper using the color
feature extractor as damage and good for all the machine learning algorithms tested in this study are presented
in Table. The performance of the machine learning algorithm can increase in classifying chili paper quality after
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auto-preprocessing of the raw color feature. The performance of the chili paper quality classification model with
auto-preprocessing of the variable color feature can improve the performance of all machine learning algorithms
(SVM, DT, and RF) by 64.21%, 0.66%, and 0.65%, respectively. In particular, the SVM algorithm is beneficial
in increasing the performance of the auto-preprocessing strategy proposed in this study from the previous
accuracy of 0.60 to 0.99. This shows that the auto-preprocessing strategy is advantageous in improving the
accuracy of machine vision-based classification models using a low-cost camera.

Table 2. Performance of the machine learning algorithm using color feature extraction

Algorithm Pre-processing Training Testing
PRE REC F1S ACR PRE REC FIS ACR
SVM Original 0.00 0.00 000 060 0.00 0.00 0.00 0.60
060 1.00 0.75 060 1.00 0.75
Auto-preprocessing 099 099 099 099 098 098 098 0.99
1.00 100 1.00 099 0.99 099
DT Original 1.00 100 1.00 100 097 092 094 096
1.00 100 1.00 095 0.98 0.96
Auto-preprocessing  1.00 1.00 1.00 100 095 095 095 0.96
1.00 1.00 1.00 097 097 097
RF Original 1.00 100 1.00 100 095 098 097 097
1.00 100 1.00 099 097 098
Auto-preprocessing 1.00 1.00 1.00 1.00 097 098 098 0.98
1.00 1.00 1.00 099 0.98 0.98

3.2. Classification model using ORB feature extraction

The raw data for the variable using the ORB feature extractor is shown in Figure 4. A total of 200
variables can be extracted from 420 image data for good quality and 105 data for damaged quality chili peppers.
In general, the features of all samples appear very similar and challenging to distinguish from the naked eye.
Also, the overlapping of each variable makes a single variable very difficult to use in developing a classification
model of chili paper quality in this study.

Intensity
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Figure 4. Raw chili pepper image variable using ORB feature extractor

The best variable auto-preprocessing for the classification of all machine learning algorithms used in
this study using the ORB feature extractor is presented in Figure 5. The preprocessing baseline handling group
represented by detrending (2™ order polynomial) is the only one with the best auto-preprocessing selection
results with the SVM algorithm as shown in Figure 5(a) with perfect an accuracy cross-validation (1.00). In
the DT algorithm as shown in Figure 5(b), the recommended auto-preprocessing comes from the group
preprocessing noise handling and scaling-transformation handling, based on the smallest 5-fold cross-
validation error. In particular, the combination of preprocessing S-G smoothing (window: 3 pt, order: 1) and
range scaling is the best, giving an accuracy cross-validation of 0.564. The auto-preprocessing recommended
for the RF algorithm from the ORB feature extractor is from the preprocessing baseline handling and scatter
handling groups whose variables are presented in Figure 5(c). Combining the single preprocessing technique
is detrending (4th order polynomial) and SNV with an accuracy cross-validation of 0.885. The auto-
preprocessing evaluated by SVM gives the best chili pepper classification model performance (damage and
good) compared to the RF and DT algorithms. In addition, no single type of preprocessing combination is
superior in predicting the quality of chili paper using variable ORB features, which makes all combinations
worth trying for every preprocessing.

The results of the tests at the training and testing stages to classify the quality of chili pepper using
the ORB feature extractor as damage and good for all the machine learning algorithms used in this study are
presented in Table 3. It can be seen that auto-preprocessing using the ORB variable can improve the
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performance of the paper classification model chili, specifically the DT algorithm. The model accuracy in the
testing stage of the DT algorithm can increase from 0.86 before preprocessing to 0.90 after preprocessing. The
performance improvement of the chili paper quality classification model using the ORB feature variable and
the auto-preprocessing of the DT and RF algorithms was 4.41% and 0.64%, respectively. The SVM algorithm
has no difference between before and after preprocessing. Once again, it shows that the auto-preprocessing
strategy is advantageous in increasing the accuracy of machine vision-based classification models using low-
cost cameras with variants derived from the ORB feature.
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Figure 5. Chili pepper image variable using ORB feature extraction after auto-preprocessing combined with;
(a) SVM, (b) DT, and (c) RF algorithm

Table 3. Performance of machine learning algorithms using ORB feature extractor

Algorithm Pre-processing Training Testing
PRE REC F1S ACR PRE REC F1S ACR
SVM Original 1.00 100 100 100 098 100 0.99 099
1.00 100 1.00 1.00 0.99 0.99
Auto-preprocessing  1.00 1.00 1.00 100 098 100 0.99 0.99
1.00 100 1.00 1.00 0.99 0.99
DT Original 1.00 100 100 100 085 079 082 0.86
1.00 100 1.00 087 091 089
Auto-preprocessing  1.00 1.00 1.00 100 086 0.89 0.88 0.90
1.00 100 1.00 092 091 091
RF Original 1.00 100 100 100 098 098 098 099
1.00 100 1.00 099 0.99 099
Auto-preprocessing  1.00 1.00 1.00 100 1.00 098 0.99 0.99
1.00 1.00 1.00 099 1.00 0.99

3.3. Classification model using combined color and ORB feature extraction

The raw data using combined color and ORB feature extractor are shown in Figure 6. A total of 230
variables can be extracted from 420 image data for good and 105 data for damaged chili peppers. All these
variables combine the color feature and the ORB feature. It can be seen that the more variables that will be
considered, the more their complexity in the analysis. Furthermore, the color feature variable has a more
significant value distribution than the ORB feature in this study.
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Figure 6. Raw chili pepper image variable using combined color and ORB feature extractor

The best auto-preprocessing variables for classifying all machine learning algorithms using the
combined color and ORB feature extractor are presented in Figure 7. In the SVM algorithm as shown in
Figure 7(a), the recommended auto-preprocessing is from the preprocessing group baseline handling, scatter
handling, and noise handling, based on the smallest 5-fold cross-validation error. In particular, the combination
of detrending preprocessing (4™ order polynomial), SNV, and S-G smoothing (window: 3 pt, order: 1) is the
best, giving an accuracy cross-validation of 1.00. The auto-preprocessing recommended for the DT algorithm
using the combined color and ORB feature extractor result variables is from the preprocessing baseline
handling scatter handling, noise handling, and scaling-transformation handling groups whose variables are
presented in Figure 7(b). Combining single preprocessing techniques is detrending (2" order polynomial),
mean scaling, S-G smoothing (window: 3 pt, order: 1), and mean centering with an accuracy cross-validation
of 0.592. The preprocessing group from baseline handling and scatter handling is represented by detrending
(2" order polynomial), and maximum scaling is the best result of choosing auto-preprocessing with the RF
algorithm with an accuracy cross-validation of 0.989 as shown in Figure 7(c). The auto-preprocessing
evaluated by SVM gives the best performance of the chili pepper classification model (damage quality and
good quality) compared to the DT and RF algorithms. Furthermore, using variable features from the combined
color and ORB feature extractor to predict the quality of chili paper did not find a superior combination of pre-
processing methods. Therefore, iteration for all single preprocessing combinations using the auto-
preprocessing strategy becomes crucial to achieving the best predictions.
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Figure 7. Chili pepper image variable using combined color and ORB feature extraction after auto-
preprocessing combined with (a) SVM, (b) DT, and (c) RF algorithm

Comparison of feature extraction and auto-preprocessing for chili pepper ... (Jelita Asian)



326 a ISSN: 2252-8938

The performance of the machine learning algorithm (training and testing) in classifying the quality of
chili pepper using the combined color and ORB feature extractor is presented in Table 4. It can be seen that
the auto-preprocessing strategy can improve accuracy in modeling the quality classification of chili paper using
variables derived from the combined color and ORB feature extraction of all machine-learning algorithms
except DT. The SVM and RF algorithms can increase their accuracy to 100% in the training and testing stages.
The performance improvement of the chili paper quality classification model using the SVM algorithm was
11.27% using the combination color feature and ORB feature, which was carried out by auto-preprocessing.
Meanwhile, there is no difference in the accuracy of the RF algorithm before and after preprocessing. On the
other hand, it differs from the DT algorithm, the accuracy at the testing stage has decreased from the previous
0.96 to 0.85. This is presumably because the number of trees used in the DT algorithm is unstable when using
the auto-preprocessing result variable. This follows the results of research by Myles et al. [26] who stated that
the parameter tree dramatically affects the performance of the DT algorithm. Apart from the performance of
DT that was beyond the expectations of this study, other SVM and RF algorithms have shown very satisfactory
performance in utilizing the auto-preprocessing strategy of the combined color and ORB feature variables. This
further supports that the auto-preprocessing strategy is very useful in increasing the accuracy of machine
vision-based classification models using low-cost cameras.

Table 4. Performance of machine learning algorithms using combined color and ORB feature extractor

Algorithm Pre-processing Training Testing
PRE REC F1S ACR PRE REC F1S ACR
SVM Original 100 081 089 092 098 076 086 0.90
089 1.00 0.94 086 0.99 0.92
Auto-preprocessing  1.00 1.00 1.00 1.00 1.00 100 1.00 1.00
1.00 1.00 1.00 1.00 100 1.00
DT Original 1.00 100 1.00 100 092 097 095 096
1.00 1.00 1.00 098 0.95 0.96
Auto-preprocessing 1.00 100 100 100 083 079 081 0.85
1.00 1.00 1.00 087 0.89 0.88
RF Original 1.00 100 1.00 100 1.00 100 100 1.00
1.00 1.00 1.00 1.00 100 1.00
Auto-preprocessing 1.00 100 1.00 100 1.00 100 100 1.00
1.00 1.00 1.00 1.00 100 1.00

4. CONCLUSION

The comparison of three types of image feature extractors for the classification of chili pepper
(Capsicum Frutescens) in damaged quality and good quality using a machine learning algorithm has been
studied and presented in full in this study. The variables generated from the color feature extractor, ORB feature
extractor, and their combinations can be used with satisfactory results in classifying the quality of chili paper
captured using a low-cost camera such as a webcam camera. Surprisingly, three types of machine learning
algorithms (SVM, DT, and RF) can work better with variables that have been pre-processed automatically.
This study uses 420 image data for good and 105 data for damaged chili pepper, where the SVM and DT
algorithms can classify them perfectly (with 100% accuracy). This study suggests using them with predictors
derived from a combined color and ORB feature extractor pre-processed automatically. This research also
shows that using a low-cost camera with the correct processing technique will be feasible in the future to
develop a machine vision-based chili pepper grading machine.
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