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Abstract—In the oil palm industry, the grading
process of oil palm fruits is conducted manually by
trained inspectors via visual examination. Laborious and
prone to human error, this process results in fruit
ripeness being determined subjectively based on some
developed standards. This study presents the
development of an automatic grading system for oil palm
fruit ripeness using red-green-blue (RGB) channel and
rule-based classification. The grading system consists of
four main stages: (i) image acquisition using camera and
computer; (ii) image processing involving the
segmentation of oil palm fruit; (iii) calculation of mean
colour intensity based on the RGB colour model; and (iv)
determination of oil palm fruit ripeness using the rule-
based classification. Several features are extracted from
the RGB channel and based on these extracted features;
simple classification rules are formed to identify fruit
ripeness. The maturity of oil palm fruits is then classified
into two categories, ripe and unripe. Thirty-nine samples
of oil palm fruits, comprising 21 ripe fruits and 18 unripe
ones, are used to develop the classification rule. A
graphical user interface (GUI) is developed using Matlab
software to assist with the grading system whereby all the
relevant image processing steps are coded into the GUI.
The validity of the grading system is tested using nine
samples of oil palm fruits (four ripe and five unripe) and
the classification accuracy, sensitivity and specificity of
77.78-88.89%, 75%, and 80-100% respectively are
achieved based on the established classification rule.
Performance comparison with fuzzy logic indicates the
promising potential of these simple classification rules as
well.

Keywords—Colour features, Feature extraction, Image
processing, Oil palm fruit, RGB, Ripeness.

L INTRODUCTION

Malaysia, as one of the world’s major oil palm
producers, recorded total production of crude palm oil
(CPO) of 19.95 million tonnes in 2019. To maximise
CPO extraction, the need for choosing only ripe fresh
fruit bunches (FFB) is particularly important as the
amount of oil in these fruits is at its maximum. The oil
extraction rate reportedly declines in unripe FFB [1]
Visually, ripe FFB appear reddish orange and have at
least ten fresh fruit relay sockets with more than 50%
of them still attached to the stem while under-ripe FFB
appear reddish or purplish red and have fewer than ten
fresh fruit relay sockets [2].

Colour has been used as one of the significant
indicators for FFB ripeness in the oil palm industry. In
practice, the grading of FFB is determined manually
by trained inspectors through visual examination.
These tedious and time-consuming grading exercises
are subject to human error [3]. In addition, the grading
is subjective in nature. Moreover, due to the rapid
expansion of the oil palm industry, inexperienced
workers with limited or no training are employed to
carry out the grading process [4]. As such, there is a
need for automated oil palm inspections to assist and
ensure the efficiency of the grading process while the
grading quality of oil palm fruits in oil palm mills can
also be controlled. The commercial colour meter is an
alternative that has been used to measure the ripeness
of FFB [5], but the non-destructive computer vision
method is still preferable as unlike the former, it does
not require the fruits to be sliced such that the surface
of the mesocarp is exposed. Damages to FFB should
in fact be minimised during the grading process as they
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could lead to an increase of free fatty acids in the fruits
and hence, affect CPO quality [6].

As the ripeness of FFB can be determined based on
colour, computer vision techniques have been
extensively applied to simulate the decision-making
process by trained inspectors through visual
examination. The correlation between average red
intensity and ripe fruits has been identified by Ghazali
et al. [7]. Pattern recognition using discriminant
analysis has been applied by Abdullah er al. to
determine the different degrees of ripeness in oil palm
fruits [4]. The RGB (red-green-blue) information
captured by machine vision was transformed into HSI
(hue-saturation-intensity) space and the discriminant
analysis performed on the hue component yielded
more than 90% classification accuracy for FFB from
unripe, under-ripe, ripe, and over-ripe categories.
Makky and Soni [6] classified FFB into two different
categories, namely accepted or rejected, based on
stepwise discriminant analysis using the canonical
discriminant function with Mahalanobis distance. In
addition to RGB components, the HSI and ripeness
index extracted from FFB images were selected as
attributes used in the stepwise discriminant analysis
and a success rate of 93.53% was reported in their
work. Kassim et al. had proposed to use near-infrared
hue value to determine the maturity stage of FFB but
only a classification accuracy of merely 50 to 60% was
obtained [8]. With recent advances in computational
intelligence, more sophisticated grading systems with
an artificial neural network (ANN) with a back-
propagation algorithm were applied in the
classification process to obtain the prediction class.
The experiment results showed that the performance
of the proposed method successfully achieved an
accuracy of 98.3% [9].

The current study focuses on developing a grading
system to determine the ripeness of oil palm fruits
based on the principles of machine vision, coupled
with a simple yet effective classification rule.

IL. MATERIALS AND METHODOLOGY

The oil palm fruit grading system developed in this
study consists of four main stages — (i) image
acquisition using camera and computer; (ii) image
processing involving the segmentation of oil palm
fruit; (iii) calculation of mean colour intensity based
on the RGB channel; and (iv) determination of oil
palm fruit ripeness using the rule-based classification.
Figure 1 illustrates the process flow of the grading
system.

Determination
of ripeness

Image acquisition

Image processing using
Matlab

l

Calculation of mean colour

intensity

Fig. 1. The process flow of oil palm fruit grading system.
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A.  Experimental Design

Thirty-nine oil palm fruits were kindly supplied by
a local oil palm plantation in Johor, Malaysia. The
fruits were randomly taken from the inner, middle, and
outer regions of a bunch. The maturity of each fruit
was determined by trained inspectors, in accordance
with the grading manual published by the Malaysian
Palm Oil Board (MPOB) [2]. The fruits were
categorised into two maturity stages: unripe (18
samples) and ripe (21 samples).

B. Image Acquisition

Using a digital camera under white light
illumination, images of the oil palm fruits were taken
at 15cm from the samples. The images were then
transferred to a computer, where the images were
resized to a smaller resolution (50% of the original
resolution) to increase the speed of the computer.
Figure 2 shows an example of the original oil palm
fruit image obtained.

S

Fig. 2. The original oil palm fruit image.
C. Image Processing

Prior to feature extraction, the raw images were
pre-processed, assisted by the Image Acquisition
Toolbox in Matlab R2016a. This process is vital as it
eliminates background noise and extracts the region of
interest (i.e. the oil palm fruit) from the raw images.
Three steps are involved during image processing:
image binarization, morphological processing, and
extraction of oil palm fruit.

D. Feature Extraction

Feature extraction is crucial for computer vision
analysis as it provides useful characteristics for
distinguishing different class instances. In this study,
only the extracted oil palm fruit region with a black
background (binary value 0) was used for feature
extraction. In comparison to texture features and shape
features, the colour was the most significant indicator
of fruit ripeness. Therefore, two main models to
determine the maturity category of oil palm fruit were
utilized, namely Hue-Saturation-Value (HSV) and
Hue-Saturation-Intensity (HIS) and different colour
features available in literature were considered in
order to determine the maturity category of oil palm
fruits [10].

E. Development of Ripeness Classification Rule

Five samples from each category are first used to
study the trend of the extracted features of each oil
palm fruit. The results based on the extracted features
of mean of red intensities, saturation of HSV model,
value of HSV model, intensity of HSI model, EXG,
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CIVE, EXGR, and ERI, showed a distinct difference
between the ripe and unripe fruits.

The obtained distribution of the extracted features
suggests that a decision rule may be developed based
on the lower bound value and upper bound value of
each feature. This is scrutinized further by increasing
the number of samples for the reliability of data
analysis purposes [7]. A total of 39 samples has been
used in this regard, where samples 1 to 21 are ripe oil
palm fruits and samples 22 to 39 are unripe oil palm
fruits. From the overall results obtained, it is noticed
that apart from the HSI model, all the other models
(average RGB, normalized RGB, HSV, grey channel /
EXG / EXR, CIVE, EXGR / NDI / GB, ERI / EGI /
EBI) could serve as potential efficient colour features
to detect ripe and unripe fruits. Table 1 summarises the
range of each extracted colour feature and the
possibility to formulate a simple classification rule
based on these obtained features was investigated.
Table I. The range of each extracted colour feature for each maturity

category (39 samples).
Feature Ripe Fruit

Unripe Fruit

Minimum Maximum Minimum  Maximum

Red 3.1009
channel
average (R)

15.3465 1.0192 2.2573

Green 1.3826 8.7661
channel

average

(&)

Blue 0.8349 7.2873
channel

average (B)

Normalised 0.4469 0.6628
red channel

0.6579 2.4019

0.3927 2.2867

0.2562 0.4987

Normalised 0.2210 0.3003 0.3013 0.3854
green

channel

Normalised 0.1012 0.2606 0.1527 0.4207
blue

channel

HSV 0.0019 0.0466 0.0039 0.0224
model -

Hue

HSV 0.0232
model -
Saturation

0.0649 0.0094 0.0234

HSV 0.0111 0.0605
model -
Value

0.0042 0.0119

HSI model 0.2369 0.2654 0.2482 0.2632

- Hue

HSI model 0.9198 0.9900 0.9716 0.9949

- Saturation

HSI model 0.0074 0.0410 0.0027 0.0090

- Intensity

Grey 0.3235
channel

0.3426 0.3112 0.3751

Additional -0.3371 -0.0992 -0.0960 0.1262

green
(EXG)
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Additional 0.3332 0.3920 0.0356 0.3843

red (EXR)

Colour 18.8318 18.9347 18.7424 18.8288
index for

extracted

vegetation

cover

(CIVE)

Subtraction  -0.9840 -0.4462 -0.4426 -0.0629
between

additional

green and

additional

red

(EXGR)

Normalised 0.0380 0.3999 -0.1313 0.4216
difference
index

(NDI)

Green 0.0205
index

minus blue

(GB)

0.1348 -0.0977 0.2226

Green-red 0.0288 0.2397 -0.0003 0.0576
index

(ERI)

Additional
green index
(EGI)

Additional 0.0041
blue index
(EBI)

-0.0576 -0.0037 -0.0234 0.0011

0.0757 -0.0003 0.0710

Table 1 shows that a classification rule can be
developed to differentiate among the ripe and unripe
oil palm fruits by using the extracted features of red
channel average (R), EXG, CIVE, and EXGR. Like
red channel average, the threshold value of CIVE uses
the minimum value of the ripe fruit category (in this
case 18.83) as the cut-off point for ripeness.
Conversely, for EXG and EXGR features, the
maximum value of ripe fruit category would be
selected as the threshold values. Table II summarises
the developed classification rule based on the
extracted features of red channel average, EXG,
CIVE, and EXGR. It is pertinent to note that by
increasing the number of samples from 10 to 39, there
is no longer a distinct difference among the ripe and
unripe fruits, based on the extracted features of
saturation of HSV model, value of HSV model, and
intensity of HSI model.

Table II. The developed classification rule based on red channel
average, EXG, CIVE, and EXGR.
Feature

Classification Rule

Red channel average (R) If R > 3.1, the fruit is ripe

If EXG < -0.097, the fruit is
ripe

Colour index for extracted If CIVE > 18.83, the fruit is
vegetation cover (CIVE) ripe

Additional green (EXG)

Subtraction between If EXGR < -0.443, the fruit is
additional green and ripe
additional red (EXGR)

III. RESULTS AND DISCUSSION
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As described in the previous section, four
classification rules based on red channel average,
EXG, CIVE, and EXGR were applied to determine the
ripeness of oil palm fruits. The selected threshold
values are presented in Table II. In order to test the
validity of the grading system, nine oil palm fruit
images consisting of four images of ripe fruits and five
images of unripe fruits were used to evaluate the
effectiveness of the established rules. For performance
evaluation, the statistical measures listed as follows
are utilized.

Accuracy = (TP +TN)/Ng; X 100% 0)
Sensitivity = TP /(TP + FN) x 100% 0)
Specificity =TN/(TN + FP) x 100% 0)

, where NV, is the total number of testing samples,
and

*  True Positive (TP): The number of oil palm
fruits identified as ripe fruit by both the classification
rule and human grader.

. True Negative (TN): The number of oil palm
fruits identified as wunripe fruit by both the
classification rule and human grader.

. False Positive (FP): The number of oil palm
fruits identified as ripe fruit by the classification rule
but as unripe fruit by a human grader.

. False Negative (FN): The number of oil palm
fruits identified as unripe fruit by the classification
rule but as ripe fruit by a human grader.

Table III presents the classification accuracy,
sensitivity, and specificity of categorising oil palm
fruits as ripe or unripe based on the established
classification rules.

Table III. Comparison of classification accuracy, sensitivity and
specificity based on the developed classification rules (9 testing
samples).

Feature Classification  Sensitivity  Specificity
Accuracy (%) (%)
(%)

Red channel 77.78 75 80

average (R)

Additional 77.78 75 80

green (EXG)

Colour index 77.78 75 80

for extracted

vegetation

cover (CIVE)

Subtraction 88.89 75 100

between

additional green
and additional
red (EXGR)

As shown in Table III, all the established
classification rules were able to identify the maturity
category of the oil palm fruits with reasonable
accuracy (77.78%-88.89%). EXGR was found to be
the most discriminative feature, obtaining the highest
classification accuracy value of 88.89% (one
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misclassified sample). Moreover, it is pertinent to note
that the specificity value of 100% was attained by the
classification rule based on EXGR; it can be inferred
that an unripe oil palm fruit can be most likely
identified correctly using EXGR. This may be due to
the excess green intensity that was magnified in the
calculation of EXGR, corresponding to the purple-
yellowish surface of unripe oil palm fruits. On the
other hand, it can be noticed in Table I that the
sensitivity value of 75% was attained by all
established classification rules. This may be attributed
to the image redness related to the digital camera
operation and background illumination [11].

The effect of sample size on the classification
accuracy was studied further, in which the testing
samples of oil palm fruits was increased to 20 (8
images of ripe category and 12 images of unripe
category). The obtained results based on the four
developed rules were summarized in Table IV. It can
be observed that all methods offered satisfactory
prediction accuracy (70-90%), albeit with increasing
testing samples. It has been highlighted in literature
[12] that larger sample size does not necessarily result
in more superior performance. In addition, a larger
sample size could possibly induce and hence, magnify
the bias resulting from experimental design and
sampling. Nonetheless, the sample size should be
determined judiciously so that it is large enough so as
to produce a stable solution with valid interpretation
[13].

Table IV. Comparison of classification accuracy, sensitivity and
specificity based on the developed classification rules (20 testing

samples).

Feature Classification  Sensitivity  Specificity
Accuracy (%) (%)
(%)

Red  channel 70 75 66.67

average (R)

Additional 90 87.5 91.67

green (EXG)

Colour  index 90 87.5 91.67

for  extracted

vegetation

cover (CIVE)

Subtraction 90 75 100

between

additional green
and additional
red (EXGR)

Subsequently, the results obtained from the
established classification rules in Table II were
compared against the fuzzy logic system. Three
membership functions based on the generalized bell-
shaped membership function were utilized in the fuzzy
inference system (FIS). The extracted features of
average red intensity, EXG, CIVE and EXGR were
used as the input variables of the FIS and the results
were presented in Table V.

As shown in Table V, similar classification results
in terms of accuracy, sensitivity and specificity were
observed for the FIS with the average red intensities as
the input variables. However, fuzzy inference systems
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with the EXG, CIVE and EXGR as the input variables
were unable to predict the maturity of the oil palm
fruits perfectly, as reflected in a noticeable drop in
classification accuracies from 90 to 60%, 90 to 40%
and 90 to 40%, respectively. Particularly, all testing
samples have been labelled as unripe fruit for EXG,
and ripe fruits for CIVE. This may be attributed to the
small relative differences between the extracted
features of EXG, CIVE and EXGR for both categories,
as presented in Table I.

Table V. Comparison of classification accuracy, sensitivity and
specificity based on the fuzzy inference system (20 testing samples).

Feature Classification  Sensitivity  Specificity

Accuracy (%) (%)
(%)

Red  channel 70 75 66.67

average (R)

Additional 60 0 100

green (EXG)

Colour  index 40 100 0

for  extracted

vegetation

cover (CIVE)

Subtraction 40 12.50 58.33

between

additional green
and additional
red (EXGR)

The results yielded using the machine vision
approach can also be compared with results obtained
from the manual inspection process. In general,
machine vision-based approaches produce results with
higher accuracy and consistency [4]. The discrepancy
resulted between the two methods could be most
probably due to the misclassified samples that have
feature values that lay close to the boundaries of two
distinct groups. Moreover, it was reported in Abdullah
et al. [4] that the disagreement was varied from 14-
36% during manual inspection when a similar
inspected task was conducted. Thus, the
misclassification of 10-30% made by the proposed
classification rules suggested that the proposed
strategy may assist and ensure the efficiency of the oil
palm fruit grading process.

B GRADING - x

WUTHM ‘ mwm:::ﬂmnmu
. OIL PALI FRUIT

Current Status

m creen | IEETEIEANE
s .

umvororvres

Original image of oil palm fruit Report Status
w d to analyze the RGB data of the

mages. The system used the mean
to differ iate between the different
colour and ripeness of the fruits. The colour of oil palm
fruit was classified as ripe and unripe.

<<Back Extt

Fig. 3. Graphical user interface (GUI) for oil palm fruits grading.
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A graphical user interface (GUI) was developed to
assist image analysis (Fig. 3). The GUI was developed
using Matlab R2016a. The image processing and
maturity identification of the oil palm fruit images
were run automatically, in which the classification rule
based on red channel average was integrated. As
shown in Fig. 3, the mean pixel values of each RGB
channel were calculated and displayed, and the
ripeness category was determined based on the
established classification rule.

Iv. CONCLUSION

A grading system for oil palm fruits in accordance
with a rule-based approach was developed in this
study. Based on the extracted features of red channel
average, EXG, CIVE, and EXGR, several simple
classification rules were established and tested on a
small sampling size of oil palm fruits. The results
showed that the nine samples can be categorised as
ripe or unripe based on the different extracted features,
with classification accuracy, sensitivity, and
specificity values of 77.78 to 88.89%, 75%, and 80 to
100%, respectively. The classification rule based on
EXGR was reported to have the best performance, in
terms of classification accuracy and specificity. In
addition, with the increasing of sample size, the
classification rules were still able to offer satisfactory
results, where the classification accuracy, sensitivity,
and specificity values of 70 to 90%, 75 to 87.5%, and
66.67 to 100%, were obtained, respectively. Further
comparison with the FIS corroborated the promising
performance of the established classification rules.
Although it can be observed that there is a positive
correlation between red colour intensity and fruit
ripeness, the differentiation among the ripe and unripe
oil palm fruit is still difficult using the established
rules. The result of classification is affected
significantly by the changes of lighting intensity level
during the inspection. In order to improve the
performance of the oil palm fruit grading system, an
inspection chamber with controlled lighting intensity
can be developed. In addition, a scanner can be used
to obtain the comprehensive orientation of the oil palm
fruit, as the maturity of the oil palm fruit is not merely
determined by one side of the oil palm fruit.

In this work, the results obtained were compared
using the FIS, where the input features considered
were the average red intensity, EXG, CIVE, and
EXGR. Only the FIS that employed the average red
intensity as the input variable yielded comparable
results. In the case of EXG, CIVE, and EXGR, a
noticeable decrease in the classification accuracy was
observed, despite the incorporation of the soft
computing method. In view of this, future studies
could investigate the possibility of using different
input features of better quality to generate better fuzzy
rules, and to realize the full potential of other soft
computing techniques since they have been
successfully implemented in precision agriculture. In
addition, further research on the effect of sample size
on the classification accuracy is warranted, to provide
insight on issues related to sampling error and bias, in
the context of agriculture.

10
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For improved reliability, future work should
include a broader and more varied sample collection,
together with consistent lighting conditions during the
capture of images. Employing advanced techniques
such as deep learning and incorporating multi-angle
imaging may help overcome -classification errors
caused by limited fruit surface visibility.

Further research may explore the use of alternative
spectroscopy techniques beyond colour-based metrics
assessment, such as fluorescence spectroscopy [14],
Raman spectroscopy [15], and near-infrared
spectroscopy  [16].  These  methods  offer
complementary molecular level insights, and may
further enhance model accuracy and robustness in oil
palm fruit ripeness assessment.
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