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Abstract—FFA content is one of the essential qualities of oil palm fruit. FFA content exceeding 5% is considered unsuitable for human
consumption. Commonly, FFA content is determined by chemical methods in the laboratory, but it is destructive, time-consuming, and
costly. Several non-destructive methods have been investigated, but a maturity prediction approach has been primarily used with no
direct relation to FFA content. Thus, there is a pressing need for a non-destructive framework to assess the FFA levels in the oil palm
fruit directly. An attempt has been explored using a non-destructive palm fruit quality assessment that relied on electrical properties
(impedance, admittance, resistance, and capacitance) in the frequency range from 50 Hz to 5 MHz was investigated to predict FFA and
moisture content directly. Two statistical analyses were employed: stepwise multiple linear regressions (MLR) and artificial neural
networks (ANN) to calibrate and validate electrical properties with FFA and moisture content. The best-performing models ANN
showcased significant results: r=0.96, R*=0.92, SEC at 0.86%, SEP at 0.97%, CV at 19.45%, consistency at 88.54, and RPD at 3.43 for
FFA prediction, and r= 0.99, R>=0.98, SEC at 3.09 %, SEP at 3.46 %, CV at 5.44 %, consistency at 89.08 and RPD at 7.02 for predicting
moisture content. In modeling oil palm quality determination, applying the ANN method significantly improved model performances,
demonstrating its efficacy in predicting non-destructively both FFA levels based on admittance and moisture content based on
impedance.
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determining the quality of the resulting oil [4]. Harvest timing
I. INTRODUCTION significantly influences the FFA content, particularly the
palmitic FFA within the produced oil palm fruit. Overripe
fruit yields high FFA content in the oil, while unripe fruit
contains low FFA and results in lower oil extraction [5],[6].
The maturity level of oil palm fruit is a determining factor [7]
in producing superior-quality oil with low FFA content.
Elevated FFA levels indicate oil deterioration, which can
directly impact the market price of the oil. FFA can alter the
oil's flavor, resulting in an undesirable taste, and may contain
potentially hazardous oxidized compounds. The raw palm oil
industry plays a vital role in producing high-purity and stable
palm oil before it is sent to the palm oil processing facility.
Therefore, adhering to regulatory standards is crucial to keep
FFA levels below the set threshold of 5% [8].
The conventional method for determining the fatty acid
content in oil palm fruit uses a chemical approach, which is
complicated, time-consuming, and destructive. Thus, there is

The increasing demand for vegetable oil poses a challenge
in agricultural management [1], especially concerning the
rapid acidification of oil due to heightened lipase activity.
This process primarily releases free fatty acids (FFA) from the
mature and bruised mesocarp of the oil palm fruit. Elevated
acidity significantly compromises the oil quality, as FFA
content exceeding 5% is considered unsuitable for human
consumption. This accelerated acidification poses challenges
for smaller farming entities without proper milling
infrastructure, leading to the rejection of overly ripe fruit by
processing mills. Delayed harvesting of oil palm fruit results
in an increased FFA content in the oil, with studies indicating
potential FFA levels could exceed 12% when fruit is left
unharvested for an extended post-ripening period [2], [3]. The
maturity of fresh oil palm fruit is a crucial factor in
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a pressing need for a non-destructive framework to assess the
FFA levels in the fruit directly and determine moisture content
based on its electrical characteristics. It offers accuracy,
rapidity, cost-effectiveness, and eco-friendliness.

Currently, research using electrical characteristics is
frequently conducted to determine the maturity level of
various fruits, such as apples, lettuce, mangoes, strawberries,
citrus from Garut [9], [10], lemons, tomatoes [11], bananas
[12] and other food items, including spinach leaf powder [13],
milk [14], meat [15], a lamb [16], yogurts [17], honey [18]
and oil palm fruit [7], [19]. Recent advancements have shown
that sensors using electrical properties are instrumental in
determining oil and water content in oil palm fruit [19]. The
non-destructive methods for determining the FFA content of
oil palm fruit directly based on electrical properties have yet
to be conducted.

Applying electrical characteristics to assess FFA levels in
oil palm fruit is essential to evaluate oil content accurately and
efficiently, ultimately leading to improved quality and
profitability for palm oil businesses. In this study,
measurements will be conducted on fruitlets as an initial step
to explore the potential of electrical properties for determining
FFA levels in these fruitlets. This study aims to develop
calibration models to enhance the precision of measuring FFA
and moisture content in oil palm fruit.

II. MATERIALS AND METHOD

A. Initial Phase of the Research

1) Oil palm fruit: The oil palm fruit belonging to the 106
Tenera variety was obtained from the Cikabayan plantation at
Bogor Agricultural University in Bogor, Indonesia. These
fruits were meticulously categorized based on their respective
stages of maturation, forming distinct groups. The groups
consisted of 12 samples from the 3-month (3M), 12 samples
from 4-month (4M), 12 samples from 4-month and 1-week
(4M1W), nine samples from 4-month and 2-weeks (4M2W),
nine samples from 4-month and 3-weeks (4M3W), nine
samples from 5-month (5M), nine samples from 5-month and
I-week (SM1W), 12 samples from 5-month and 2-weeks
(5M2W), 12 samples from 5-month and 3-weeks (SM3W),
and ten samples from 6-month (6M) stages. Following initial
procedures encompassing cleaning, precise weighing, and
measurement of physical dimensions, the study further
included essential electrical and chemical measurements as
integral facets of the research.

2) Electrical properties measurements: The evaluation of
oil palm fruit in terms of electrical properties characteristics
was performed using a 30 mm long and 20 mm wide copper
ellipse. This specific copper ellipse was connected to an LCR
Hitester 3532-50 (Hioki, Tokyo, Japan) and assessed across
200 data points ranging from 50 Hz to 5 MHz. Before
conducting the measurements, the LCR meter underwent
calibration according to the manufacturer's prescribed
procedure to minimize potential systematic errors. All
evaluations were carried out under room temperature
conditions. The oil palm fruit was individually measured
once, divided by their respective weights, and positioned
between two copper plates connected to the LCR meter. The
measured electrical properties include impedance [11], [19],

642

[20], [21], [22], [23], [24], [25], admittance, resistance, and
capacitance[26].

3) FFA and moisture content measurements: The acid
value is the number of milligrams of NaOH to neutralize the
FFA in one gram of oil or fat. A higher acid value indicates
more FFA, potentially originating from oil hydrolysis or
insufficient processing. The higher the acid value, the lower
the quality. FFA (Eq. (1) is calculated based on AOAC
940.28.2005[27].

FFA (as oleate, % by weight) =T x 0.05x 1.99 (1)

where T is the titrant volume of 0.1 M NaOH (ml)

The moisture content extraction followed the AOAC
Official Method 930.04 [27], utilizing aluminum cups, a
desiccator, an oven, and an analytical balance within the oven
set at a temperature of 101+1 °C. The moisture content of each
fruit was computed using (Eq. (2).
w-wy

w

)

where W; is residue weight (grams) and W is Sample weight
for testing (grams).

Moisture Content (%) = ( )xlOO

B. Implementation Stage of the Research

Electrical property spectra data, such as impedance,
admittance, resistance, and admittance, were processed using
MLR calibrated with FFA or moisture content. From the MLR
calibration results, the most influential frequency was
identified. This significant frequency data was then utilized as
input for the ANN in prediction and calibration processes. The
main objective is to achieve a regression model with optimal
performance and minimal error (Fig.1).

1) Multiple linear regression (MLR): The widely used
multiple linear regression (MLR) analysis technique [28],
[29] is crucial in fine-tuning spectral analysis models within
the visible-near-infrared light spectrum. However, in this
specific study, the available sample size was insufficient
compared to the variables in the electrical spectral dataset,
making it unfeasible to establish the MLR model due to
collinearity issues directly. Researchers employed a stepwise
method to overcome this limitation and improve accuracy and
efficiency. This approach effectively reduced variable
collinearity, leading to a notable enhancement in predictive
accuracy while using fewer variables than the conventional
MLR model. The development of the Stepwise MLR model
was facilitated by IBM's statistical engineering software in the
United States. The resulting MLR prediction models were
structured based on multiple segments of reflectance
frequency. Although assessing the significance of each
frequency segment is challenging due to collinearity
concerns, the model's interpretation remains viable. The FFA
and moisture content prediction was conducted using
Unscramble 10 software by CAMO.

The formulation representing the FFA estimation model
was delineated as Eq. (3):
FFA (%) =B+ pifi + Bofa + Bafs + 4 Bufu (3)

where FFA % was the FFA prediction value, § was constant,
B, was coefficient of nth predictor, and f,, was the pre-treated
spectra value of the nth predictor at specific frequencies. The



formulation representing the moisture content estimation
model could be articulated in Eq. (4):

MC (%) =a+aifi + arfs tazfs + -+ asfy 4

where MC % was moisture content prediction value, @ was
constant, a,, was coefficient of nth predictor, and f,, was the
pre-treated spectra value of the nth predictor at specific
frequencies.
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Fig. 1 Data processing flowchart.

2) Artificial neural network (ANN): The Artificial Neural
Network (ANN) replicates the neural network of the human
brain, consisting of interconnected neurons that process
information across layers. Each neuron receives input,
performs computations, and generates output via activation
functions. ANN encompasses input, hidden, and output layers
[28], [30], which are responsible for data reception,
computation, and outcome generation. By adjusting neuron
connections (known as "weights"), it learns from training data
to refine its performance. Renowned for its application in
pattern recognition, prediction, language processing, and
more, ANN excels in handling intricate tasks and learning
from diverse datasets, proving vital in numerous applications.

~

Moisture
Content/ FFA of
Palm Oil

Input Layer Hidden Layer (HL)

Fig.2 The network diagram of ANN

Output Layer

ANN was a hybrid approach combining MLR with
artificial neural networks. In this study, multilayer neural
network models were developed using acquired electrical
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spectra as input predictor variables. The network diagram of
the ANN can be seen in Fig.2. These models, featuring hidden
layers, were created through RapidMiner software [31], [32]
for data analysis. They were utilized to estimate various oil
palm qualities, including FFA and moisture content
measurements. The process encompassed training a sequence
of multilayer neural-net models comprising hidden and output
layers. This study employed the spectrum of electrical
properties obtained from selecting the best frequencies using
the MLR method as input in an ANN. This was done to predict
the FFA and moisture content.

C. Evaluation

The model performance was evaluated by comparing the
calibration and validation. Approximately two-thirds of the
samples were employed for calibration, while the remaining
one-third was set aside for validation, enabling the creation of
calibration and validation datasets. The evaluation of the FFA
and moisture content prediction of the calibration model will
involve a thorough analysis utilizing essential statistical
metrics such as the coefficient of determination (R?) (Eq. (5)),
the correlation coefficient (r) (Eq. (6)), standard error
calibration (SEC) (Eq. (7)), standard error prediction (SEP)
(Eq. (8)), coefficient of variance (CV) (Eq. (9)), consistency
(Eq. (10)) and ratio of standard deviation (RPD) (Eq. (11)).
These metrics play a crucial role in assessing the precision and
accuracy of the calibration model, ensuring dependable
measurements of FFA and moisture content. A model is



considered good if R*>~ 1, SEP < SEC, CV <5 %, RPD > 2, RPD =32 (11)

and consistency 80-110 % [33]. SEC
R? = I (rer~Yrer)/((Yspectra=Yspectra) 5) III. RESULTS AND DISCUSSION
- n, v 2on T 2
24 (Vres ~Vres) i (Vspectra=Vopectra) A. Electrical Characteristics
— /R2 . . .
r=vVR (6) 1) Impedance characteristics of oil palm fruit:
m 2 Impedance on a capacitor plate acts as resistance against the
21(Yref_yspectra) . . . . . . . .
SEC = S— (7 applied electric field. Oil palm fruit, with its water (resistive)
and oil (capacitive) components, creates impedance by
SEP = \/ZZ‘(Yref—Yspema—biaS)z, bias = X8(Vrer—Yspectra) ) combining resistance and capacitance, forming the total
n-1 ’ n resistance impedance (Z). The magnitude of electrical
I ref~Vrep)? s impedance depends on resistance, frequency, and reactance.
CV = Vrer x100% or CV = ——x100% (9) Lower frequencies emphasize significant reactance, leading
src to higher impedance, while higher frequencies reduce
Consistensi = ExlOO%; (10) reactance, resulting in lower impedance. Impedance
represents total resistance under alternating current.
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Fig. 3 The spectrum of impedance per unit weight across diverse maturity levels.

As frequency increases, both resistance and reactance
decrease, lowering impedance. Resistance and reactance
collaborate to determine impedance, which decreases with
increasing frequency. Decreasing impedance due to increased
frequency also occurs in citrus fruits. Fig.3 illustrates an
increase in impedance beyond 89 Hz, followed by a decline at
frequencies surpassing 1 MHz. At lower frequencies, high
impedance values imply current flow restricted to the
extracellular region. Conversely, lower impedance at higher
frequencies facilitates current passage within the cells.

2) Admittance characteristics of oil palm fruit:
Admittance, the reciprocal of impedance, gauges a circuit's
capability to carry alternating current at a particular
frequency. It comprises two constituents: conductance
admittance, which represents the conductive aspect, and
susceptance admittance, signifying the reactive element. In
Fig.4, the admittance of oil palm fruit exhibited an upward
trend at frequencies exceeding 1 MHz. It persisted up to 5
MHz, illustrating distinctions among different maturity stages
of oil palm fruit.
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Fig. 4 The spectrum of admittance per unit weight across diverse maturity levels.
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3) Resistance characteristics of oil palm fruit: Resistance
characterizes an object's capacity to hinder the passage of
electrical current. The presence of oil content within a liquid
can impact its resistance due to the influence of dissolved oil
on the liquid's chemical properties. The incredible water
content in a liquid enhances its electrical conductivity. This
phenomenon was apparent in Fig.5, where oil palm fruit at

Resistance (k ohm/gram)
(=

three months of maturity demonstrated elevated resistance,
impeding electrical current flow. Conversely, fruit aged four
months displayed diminished resistance, facilitating electrical
current flow. As maturity progressed, resistance declined,
reducing impedance to the electrical current flow. Fig.5
illustrates an increase in resistance beyond 71 Hz, followed
by a high decline at frequencies surpassing 10 kHz.
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Fig. 5 The spectrum of resistance per unit weight across diverse maturity levels.

4) Capacitance characteristics of oil palm fruit:
Capacitance defines a capacitor's capacity to hold energy and
electric charge. Including a dielectric substance in the

30

Capacitance (nF/gram)
4

67

Frekuensi (Hz)

capacitor led to an augmentation in capacitance. In Fig.6, the
capacitance of oil palm fruit across different maturity stages
exhibited variations at frequencies surpassing S0Hz, followed
by a decline at frequencies exceeding 1 kHz to 5 MHz.
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Fig. 6 The spectrum of capacitance per unit weight across diverse maturity levels.

B. Chemical Properties of Oil Palm Fruit

Descriptive statistics presented in Table 1 outline the FFA
and moisture content levels. The data illustrates considerable
variability within Tenera oil palm samples, with FFA levels
ranging from 0% to 14.87% and moisture content ranging
from 27.75% to 86.39%. The FFA in oil palm fruit varies
throughout its maturity stages. Specifically, the average FFA
content is 0.00% at three months of maturity. Subsequently,
at four months, it increases to an average of 5.39%, followed
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by 5.85% at four months and one week, 6.28% at four months
and two weeks, 6.01% at four months and three weeks, 3.76%
at five months, 4.02% at five months and one week, 4.53% at
five months and two weeks, 4.22% at five months and three
weeks, and finally stabilize at an average of 4.14% by six
months of maturity.

The moisture content within oil palm fruit is notably
affected by its maturity level, decreasing progressively during
ripening. Specifically, at three months of maturity, the
average moisture content is 85.32%. Subsequently, at four



months, it reduces to an average of 82.11%, followed by
79.47% at four months and one week, 74.47% at four months
and two weeks, 61.49% at four months and three weeks,
57.22% at five months, 34.39% at five months and one week,

38.63% at five months and two weeks, 34.77% at five months
and three weeks, and finally, reaches an average of 34.10% at
six months of maturity.

TABLEI
STATISTICAL REFERENCE DATA OF TENERA OIL PALM

Chemical properties mS;?E:; t(i)(fn Average (%) Dev1at1(?.1/os)tandard Minimum (%) Maximum (%)
FFA M 0 0 0 0
4M 5.39 3.30 2.32 11.75
4M1W 5.85 6.35 0 14.87
4M2W 6.28 2.83 3.94 11.87
4M3W 6.01 0.76 5.15 7.14
M 3.76 1.47 0.28 5.28
SM1W 4.02 0.48 3.56 5.19
SM2W 4.53 0.56 3.63 5.27
SM3W 4.22 1.33 1.80 5.93
6M 4.14 0.41 3.27 4.54
M 85.32 0.87 83.85 86.39
4M 82.11 3.05 77.84 85.24
4M1W 79.47 5.30 71.96 84.91
4M2W 74.47 6.45 63.39 82.32
Moisture content 4M3W 61.49 14.35 40.79 78.75
M 57.22 11.62 45.75 72.80
SM1W 34.39 3.60 29.76 40.21
SM2W 38.63 4.33 28.82 44.52
SM3W 34.77 4.49 30.90 48.24
6M 34.10 7.17 27.75 53.15

C. MLR Calibration and Prediction for FFA and Moisture
Content

Determining FFA and moisture content levels based on
electrical properties (impedance, admittance, resistance, and
capacitance) was conducted utilizing MLR analysis, as
presented in Table 2. The most accurate prediction of FFA
was achieved using the electrical property of admittance,
demonstrating the highest R? value (0.90), highest r (0.95),
lowest SEC (0.94), SEP (0.71), and CV (18.21), along with
the highest RPD (3.14). These values outperformed

capacitance (R?0.16~0.55, r 0.4~0.74, SEC 1.98~2.70, SEP
1.66~2.89, CV 44.87~61.13 and RPD 1.09~1.49).

Regarding moisture content, the most accurate prediction
of moisture content levels was attained using impedance
electrical property, which demonstrated the highest R? value
(0.96), highest r (0.98), lowest SEC (4.78), SEP (4.25), and
CV (8.15), alongside the highest RPD (4.68). These values
surpassed predictions using admittance, resistance, and
capacitance (R? 0.90~0.91, SEC 6.38~7.21, SEP 4.5~7.09,
CV 11.25~12.71 and RPD 3.00~3.39).

predictions made using impedance, resistance, and
TABLE I
CALIBRATION RESULTS FOR FFA AND MOISTURE CONTENT BASED ON IMPEDANCE, ADMITTANCE, RESISTANCE, AND CAPACITANCE.
Electrical properties R? r SEC (%) SEP (%) CV (%) RPD Bias CI
FFA
Impedance 0.16 0.40 2.70 2.89 61.13 1.09 0.25 93.35
Admittance 0.90 0.95 0.94 0.71 18.21 3.14 0.02 131.13
Resistance 0.40 0.63 2.28 2.18 51.71 1.29 0.08 104.36
Capacitance 0.55 0.74 1.98 1.66 44.87 1.49 0.22 119.12
Moisture Content
Impedance 0.96 0.98 4.78 4.25 8.15 4.68 -0.14 112.47
Admittance 0.90 0.95 6.96 5.78 12.27 3.11 -0.33 120.42
Resistance 0.91 0.96 6.38 4.50 11.25 3.39 -0.86 141.95
Capacitance 0.90 0.95 7.21 7.09 12.71 3.00 0.25 101.66
Ci: consistency
Impedance, Resistance (kohm/gram); Admittance(psiemens/gram)
Capacitance (nfarad/gram)
Overall, the utilization of specific electrical properties for 1) FFA Prediction based on Admittance: The

predicting FFA and moisture content levels exhibited distinct
performances, with admittance proving superior for FFA level
estimation and impedance excelling in moisture content
prediction.
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conventional method for assessing FFA content in oil palm
fruit involves a wet-chemical process demanding substantial
resources in time, personnel, and glassware for standard



reagent preparation and analysis. Therefore, exploring
alternative methods is crucial to address these resource-
intensive procedures. In the case of FFA prediction, the
models employed the electrical property of admittance,
resulting in the highest values of R*=0.90 and r=0.95 (Table
2), of which 69 datasets were used for calibration and 31
datasets for validation.

The presence of excessive moisture content in oil palm fruit
significantly impacts the quality of the extracted oil. Elevated
moisture levels in the fruit pose a considerable risk to oil
quality, primarily by escalating the likelihood of oxidation
and free fatty acid formation. Consequently, these factors can
detrimentally influence the sensory attributes such as taste,
aroma, and stability of oil palm fruit. To estimate FFA, a
predictive model utilized admittance spectral data obtained
immediately after harvesting oil palm fruit.

16 R2=0.90

r=0.95
SEC =0.94 %
SEP = 0.71 %
CV=1821%
RPD=3.14
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Fig. 7 Calibration and validation results for the FFA model of the oil palm
fruit using the MLR method

The development of this predictive model necessitated
meticulous consideration of 28 predictor variables. The
predictors used in the FFA model were pre-treated admittance
data at frequency of 67, 94, 100, 126, 159, 3040, 13682,
14497, 21735, 24401, 25855, 36584, 65245, 207520, 219880,
261555, 392141, 415497, 440244, 523685, 587925, 785145,
1048523, 1247254, 1400252, 1764854, 2356877, dan
3334960 Hz.

The variables integrated into the model suggest that
significant variations in oil palm fruit, FFA, could be
identified by analyzing the admittance at this specific
frequency. Both the calibration and validation stages
demonstrated adequate performance for the FFA prediction
model, as depicted in Fig.7. During the calibration process,
the model displayed an R? value of 0.90, a correlation
coefficient (r) of 0.95, SEC at 0.94%, SEP at 0.71%, CV at
18.21%, Consistency of 131.13, and an RPD of 3.14. These
parameters collectively indicate a high level of accuracy in
predicting moisture content. An RPD value surpassing 2.5
suggested that this model was excellent classified [33].

2) Moisture content calibration and prediction based on
impedance: For moisture content, the models utilized the
electrical property of impedance, resulting in the highest
values of R?>=0.96 and 1=0.98 (Table 2), which 74 datasets
were used for calibration and 32 datasets for validation.

In the development of this model, the inclusion of
predictors was carefully considered, amounting to a total of
21, along with the incorporation of a constant value. The
predictors used in the moisture content model were pre-
treated impedance data at frequency of 59, 284, 425, 1276,
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1914, 2276, 2556, 14497, 61578, 116360, 174455, 261555,
329659, 741010, 1572018, 1981344, 2099354, 2224391,
2970567, 4453677, dan 5000000 Hz. Both the calibration and
validation phases demonstrated satisfactory performance for
the moisture content prediction model (Fig.8).

100 R2=0.96

1=0.98
SEC=4.78 %
SEP=4.25 %
CV=8.15%
RPD=4.68
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Moisture Content Reference (% )
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Fig. 8 Plot of reference versus predicted moisture content calibration using
MLR method

During calibration, the model exhibited an R? of 0.96, a
coefficient of correlation (r) of 0.98, SEC at 4.78%, SEP at
4.25%, CV at 8.15%, Consistency of 112.47, and an RPD of
4.68. These metrics collectively denote a high level of
precision in forecasting moisture content. An RPD value
surpassing 2.5 indicated that this model was excellent
classified [33].

D. ANN Calibration and Prediction for FFA and Moisture
Content

1) FFA calibration and prediction based on admittance:
The ANN models integrated 28 specifically chosen
admittance spectra variables acquired through the MLR
method. The dataset comprised admittance values at distinct
frequencies: 567, 94, 100, 126, 159, 3040, 13682, 14497,
21735, 24401, 25855, 36584, 65245, 207520, 219880,
261555, 392141, 415497, 440244, 523685, 587925, 785145,
1048523, 1247254, 1400252, 1764854, 2356877, and
3334960 Hz, serving as input variables for the ANN.

16
R2=0.92
r=0.96 >
SEC =0.86 % °
SEP = 0.97 % A
CV =19.45 %
RPD =3.43
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>

Fig.9 Plot of reference versus predicted FFA calibration using ANN method.

The best prediction of FFA was achieved by employing an
ANN configuration with two hidden layers, featuring 28
nodes representing admittance spectra on the input layer,
undergoing 370 training cycles, utilizing a learning rate of
0.019, and employing a momentum value of 0.97. During
calibration, the ANN model exhibited an R?> of 0.92, a
coefficient of correlation (r) of 0.96, SEC at 0.86%, SEP at



0.97%, CV at 19.45%, Consistency of 88.54, and an RPD of
3.43 (Fig.9). These metrics collectively denote a high level of
precision in forecasting moisture content. An RPD value
surpassing 2.5 indicated that this model was excellent
classified [33]. The ANN model demonstrates superior
performance for FFA compared to the MLR method.

2) Moisture content calibration and prediction based on
impedance: The ANN models utilized 21 impedance spectra
variables selected through the MLR method. The provided
dataset comprises impedance values across a range of
frequencies: 59, 284, 425, 1276, 1914, 2276, 2556, 14497,
61578, 116360, 174455, 261555, 329659, 741010, 1572018,
1981344, 2099354, 2224391, 2970567, 4453677, and
5000000 Hz. These values were employed as input variables
for the ANN.
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Fig. 10 The plot of reference versus predicted moisture content calibration
using the ANN method.

The best prediction of moisture content was achieved by
employing an ANN configuration with one hidden layer,
featuring 21 nodes representing impedance spectra on the
input layer, undergoing 2300 training cycles, utilizing a
learning rate of 0.01, and employing a momentum value of
0.91. During calibration, the ANN model exhibited an R? of
0.98, a coefficient of correlation (r) of 0.99, SEC at 3.09%,
SEP at 3.46%, CV at 5.44%, Consistency of 89.08, and an
RPD of 7.02 (Fig.10). An RPD value surpassing 2.5 indicated
that this model was excellent classified [33]. The moisture
content ANN model demonstrated superior performance
compared to the MLR method.

IV. CONCLUSION

In this study, an admittance was utilized to predict the FFA,
while an impedance spectrum was employed to directly
predict oil palm's moisture content. Subsequently, these
datasets were compared with the outcomes of chemical
analysis to develop predictive models. Two methods were
used for creating models: MLR and ANN.

The FFA prediction with MLR model involved 28
predictors (admittance spectra), exhibited calibration
performance, with an r of 0.95, an R? of 0.90, SEC of 0.94%,
SEP of 0.71%, CV of 18.21%, Consistency of 131.13, and an
RPD of 3.14. Meanwhile, the moisture content prediction-
MLR model, comprising 21 predictors (impedance spectra),
exhibited calibration performance, with an r of 0.98, an R? of
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0.96, SEC of 4.78%, SEP of 4.25%, CV of 8.15%,
Consistency of 112.47, and an RPD of 4.68.

The FFA prediction by ANN model showcased superior
performance compared to the MLR method. This was
evidenced by an r of 0.96, an R? of 0.92, SEC of 0.86%, SEP
of 0.97%, CV of 19.45%, Consistency of 88.54, and an RPD
of 3.43. Meanwhile, the moisture content prediction model
using ANN demonstrated similarly robust calibration
performance, boasting an r of 0.99, an R? of 0.98, SEC of
3.09%, SEP of 3.46%, CV of 5.44%, Consistency of 89.08,
and an RPD of 7.02. Overall, the models generated through
ANN methods exhibited superior performance compared to
those developed using the MLR Method.

The following research will determine the oil and FFA
content of FFB (Fresh Fruit Bunches) directly based on its
electrical properties. FFB refers to the bunches of oil palm
fruit harvested before processing. These fresh fruit bunches
are the primary raw material from which palm oil is extracted.
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