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Abstract

Palm oil is one of the largest and significant contributions to the Malaysia economy. It is
important to improve the quality of this product as defects on palm oil fruit may affect the
production of palm oil. Bruise is one of the defects on palm oil fruit where it is unavoidable
during the field material activities. It will increase the number of Free Fatty Acid (FFA) and
reduce number of palm oil quality. We proposed using a combination of four (4) textures
Grey Level Co-occurrence Matrix (GLCM) and six (6) shape features to detect bruise and
non-bruise. A comparison between two classifiers named Support Vector Machine (SVM) and
Naive Bayes has been done using the same features. The experiment shows Naive Bayes
classifier achieve 97.5% accuracy compared to SVM with the combination of two types of
features. Further study will be done to classify the palm oil bruise into more stages.

Keyword: Palm Oil bruise, Grey Level Co-occurrence Matrix, shape feature, Support Vector
Machine, Naive Bayes.

Introduction

Palm oil is one of the contributors to Malaysia economy where it is one of profitable
agriculture product. Many researches have been done to increase and maintain the quality of
palm oil (Makky, 2016) which can be determined based on the surface color of palm oil.
MPOB (Malaysia Palm Oil Board) has listed three ripeness stage of palm oil grading which
are unripe, ripe and overripe. Each stage has their specific colors that differentiate between
one another. However, these three categories (ripe, unripe, and overripe) could be easily
damage and bruised (Lovely, Mahmud, & Mohamed Halim, 2015). There are two types of
oil produced by palm oil fruit which is palm oil and palm oil kernel. The palm oil obtains
from mesocorp covered the palm oil kernel. While the palm oil kernel produced by nut or
seed of palm oil fruit (Kabutey, et al., 2018). The bruise usually happens on the mesocorp
layer where this layer produces a Free Fatty Acid (FFA).

A correlation between FFA and bruise has been done by (Afroza et al., 2015). This research
stated that the FFA increase when there are major bruises on the palm oil fruit and it will
affect the quality of palm oil (Afroza et al., 2015). FFA derived from the hydrolytic rancidity
of triglycerides. It is an acid content of edible fats where it affects the palm oil quality. The
higher FFA in palm oil fruit, the lower quality of palm oil produced (Hadi et al., 2009).
According to Krisdiarto & Sutiarso (2016), a study of palm oil fruit bruise during the field
material handling (harvesting and transportation) and correlation between the FFA content
has been done. It also stated that it is important to learn about bruise and cause of bruise on
FFB fruit to increase quality of palm oil (Krisdiarto & Sutiarso, 2016).

Current manual identification of bruise has been done by the experts. However, it is still lack
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of accuracy and time consuming (Dubey et al., 2013). The bruise damage seems to be almost
unavoidable during harvesting and it eventually decreases the fruit quality. Thus, there is a
need to improve the quality of agricultural products. To achieve this objective, various image
analysis techniques is needed due to the demand of the growing population (Ashok & Vinod,
2014). Currently, there are many researches on fruit bruise detection using computer vision
such as apple, kiwi, citrus, pear, tomato and many more (Ashok & Vinod, 2014; Qiang, &
Mingjie, 2012; Dang et al., 2012). NIR (Near Infrared imaging) technique proposed to detect
a bruise on pear fruit (Lee et al., 2014). This research using hyper spectral imaging
(waveband) and implement the F-value algorithm for classification. It manages to achieve
92% accuracy on bruise detection. However, this research needs a high specification device
which is InGaAS Focal Plane Array (FPA) camera as an image acquisition tools.
Identification of a defect on apples surface using machine vision has been done (Vijayarekha,
2008). Multispectral imaging technique implemented using score and image space as features
extraction. A clustering technique has been used to cluster the defect area of apple. However,
the bruise image detects incorrectly due to the glossy surface of apples. Another research on
apple has been carried out using k-means clustering (Khade et al., 2016). This technique
manages to improve the defect segmentation quality precision of apple and its computational
time. This system recommends recognition capability for future work. Besides, this research
also proposed a combination of texture features with other features to improve accuracy of
the proposed system. Disease detection on tomato using the same method (k-means clustering
algorithm) has also been proposed (James & Punitha, 2016). This research successfully
identifies disease accurately with 90% accuracy achieved. However, more technique is
recommended to obtain more accurate result.

To feed a data into these classifiers, a feature needs to be choose based on the image
characteristic. A combination of texture and shape features has been done using Multi linear
perceptron to recognize plant leaf which can produces a convincing result where it has been
as effective method on leaves recognition (Chaki et al., 2015). A combination of texture and
shape features has also been implemented to identify breast cancer. This research achieves
92% of accuracy using Backpropagate neural network classifier. It also shows that using
combination of texture and shape features increase the speed of neural network learning
capability (Helwan & Abiyev, 2016).

Therefore, this research will investigate the implementation of palm oil bruise detection using
image processing technique. Combination of texture and shape features is proposed and
experimental comparison between Support Vector Machine (SVM) and Naive Bayes to
classify the features will be done.

Materials and Methods
Image processing has been used in many areas of research such as in food industry, medical
processing, textiles, engineering and many more (Jamil, & Awang, 2014). There are four
component of image processing used in this research which is image acquisition,
segmentation, features extraction and classification. These elements are important to produce
a desired result (Shih, 2010). This research focuses on two classes which are bruise and no
bruise.

Image Acquisition

This research using 120 images of four stages palm oil bruise which bruise (53 images) and
no bruise (67 images). Image collected from Sime Darby oil palm mills at Jasin, Melaka with
the help of palm oil fruit expert using mobile phone.

Image Segmentation
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The images of a palm oil surface are clustered according to their color. K-means clustering is
implements due to its fast and straightforward algorithm. The process starts with the selection
of initial centroids. These points are assigned according to the closest cluster. Next, the new
centroid is computed for each cluster. This process will continue until all the colors are
clustered. The palm oil bruise is segmented using k-means clustering where the surfaces of
palm oil fruit (non-bruise region) are removed.

Shape Features

Shape features used to extract the boundary and region descriptor of the bruise region. An
external method has been implemented to extract the boundary of palm oil bruise.
Meanwhile, region descriptor extracts the pixel of internal bruise region (Mohana, &
Prabhakar, 2014) where the shape features using six shape metrics which are area, perimeter,
major axis length, minor axis length, eccentricity and equidiameter to extract the features date
has been used. The same technique has been implemented to extract the features of palm oil
bruise.

Area (A)

The area of segmented pixel of palm oil bruise is calculated using Eqg. 1 where its shows the
sum of b (i,j) represent the total number of pixel in i row and j column. Meanwhile, variable
M, N represents row and column of the image.

MN
Area = z b(i, J)

(1)

Perimeter (P)

The pixel boundary of palm oil bruise is calculated where the distance between each
adjoining pair of pixels is accumulated. In Eq. 2, the Ed (i,j) is the total of boundary pixels of
the region.

MN

Perimeter = z E4(i,j) @)

ij=0

Major-axis Length

Major-axis length is the length of the major axis of the region of interest. It holds the
maximum diameter of the palm oil bruise region. Eq.3 shows the max value of diameter
where Pi, Pj represent the points on the boundary of D distance.

max = max[D(pip;)]

3)

Minor-axis Length
The min variable represents the length of the minor axis of the palm oil bruise region. It holds
the minimum diameter value of the region as shown in Eq. 4.

min = nl)j'_n[D(pipj)] (4)
Eccentricity (E)
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The eccentricity variable measures the aspect ratio of the distance between lengths of major
axis to the length of minor axis.

Equidiameter

This feature represents the diameter of the region of interest. It shows the same circle
diameter in the area region. Eq.5 below shows the calculation of equidiameter of the palm oil
bruise represented by ED.

ED = /(4% A/70), (5)

Texture Features

Gray-level co-occurrence matrix (GLCM) is a texture features where it to describe the
physical composition of the bruise surface. From the image provided, the image of palm oil
bruise has a fiber texture. Meanwhile, a clean and shining surface is for non-bruise image.
The segmented image of palm oil bruise will be converted to grayscale. The contrast,
correlation, energy and homogeneity are extracted from segmented image. Eq. 6 until Eq. 9
shows the equation of GLCM (Gour and Patil, 2016):

Contrast

The intensity contrast between pixel and its neighbor of the segmented bruise are shown in
Eq. 6 shows. It shows a value of contrast where Pi,j is the co-occurrence matrix and N is the
size of the matrix.

N—-1
Contrast = P j(i—j)?
L;;0 (6)
Correlation
It is the measurement of the correlated pixel with the neighbor of the entire segmented image.
The formula of the correlation can be computed as Eq. 7 to find the correlation between
textures on palm oil bruise.

ij=o0

i ri;mqmﬂ

Correlation = Py j
[(e®)(?)
Energy

This angular second moment method is an algorithm to measure the textural uniformity of the
palm oil bruise. This algorithm works by extracting the highest value either constant or
periodic form of gray-level distribution found in bruise image. Eq. 8 shows the equation for
energy.

(7

N-1
Energy = Z P% (8)

ij=0

Homogeneity
The numbers of features produce by the homogeneity variables is depends on the P matrix
where P matrix is the a few dominant gray tone transitions as in Eq. 9.

N—-1

Pi’j
1+ (-2 )

Homogeneity =
=0
Table 1 shows the range of extracted values ot texture and shape features performed based on
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Eq.1 until Eq.9. These tables contain maximum and minimum range of all the features of
palm oil bruise. These features are used as an input to a classifier which is Naive Bayes and
SVM.

Confusion Matrix

The performances of these classifiers are measured using confusion matrix. In this research,
accuracy is evaluated based on the classifier performance. Confusion matrix consists of
components which are True Positive (TP), True Negative (TN), False Positive (FP) and False
Negative (FN). The accuracy of the classifier is calculated from using the result gain from
the confusion matrix table. The Eqg. 10 shows the calculation to find the accuracy for each
classifier where total of True Positive (TP) divided by total of palm oil images which is
combination of TP, TN, FP and FN. TP represent the image correctly detect as bruise and TN
represent image correctly detect as no bruise. The FP incorrectly detect as bruise and FN
incorrectly detect as no bruise.

S TP
Y Palm 0il's images

x 100 (10)

Classifier Accuracy =

Table 1 Range of Shape and Texture Features

Shape
Parameter Range Value
Bruise (Min — Max) No Bruise (Min — Max)
Area 39379 -138 99-1
Perimeter 2181.72 - 56.12 65.77 -0
MajorAxisLength 292.1196 -21.02 2221-1.15
MinorAxisLength 230.48 - 6.90 12.72 -1.15
Eccentricity 0.98-0.32 0.99-0
EquivDiameter 223.92 - 13.26 11.23-1.13
Texture
Parameter Range Value
Bruise (Min — Max) No Bruise (Min — Max)
Contrast 0.06 - 0.01 0.04 -0.01
Correlation 0.98 -0.88 1-091
Energy 0.70-0.45 0.58 - 0.47
Homogeneity 1.00-0.97 1-0.98

Results and Discussion
Data collected from the acquisition phase are divided into two categories of training and
testing according to percentage which is 80% training and 20% testing. The data divided into
80% training and 20% testing shows classification using extracted features shape and GLCM
from Eq. 1 until Eq. 9 on Naive Bayes obtained a higher performance with 42.5% detected on
bruise images and 55% detected for no bruise images with the total overall performance is
97.5%. Meanwhile, SVM shows a poor result with 5.85% detected for bruise images and
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55.83% for no bruise images with overall accuracy is 61.66%. It shows that Naive Bayes has
produced a high result compared to SVM. It demonstrates that Naive Bayes is an effective
classifier for the detection of bruises in oil palm fruit.

Table 2 Performance Evaluation between SVM and Naive Bayes Classifier

Naive Bayes Bruise Total TP TP Testing Accuracy
detection images Training (20%0) %
(80%0)

Bruise 120 42 9 42,5

No Bruise 120 52 14 55
Total accuracy 97.5
SVM Bruise 120 0 7 5.83
No Bruise 120 52 15 55.83
Total Accuracy 61.66

Conclusion

Palm oil bruise detection has been executed in this research and accuracy has been recorded.
Detection of palm oil bruise has achieved 97.5% accuracy on detection of the palm oil bruise.
Meanwhile, only 2.5% of the samples incorrectly detected. This is due to the image size used
as a sample is too small. Besides, the image of palm oil taken may be too glossy and
silhouette due to uncontrolled environment during image acquisition process. A combination
of six shape features and GLCM has been shown to be appropriate for palm oil bruise
detection. The used of Naive Bayes as classification algorithm to classify between bruise and
no bruise images with accuracy more than 90% is well implement with selected features.
More samples of palm oil bruise are recommended for future work to improve the accuracy.
Besides, more deep analysis to classify the palm oil bruise into more bruise stages will be
done.
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