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Abstract: Viscosity plays an important role in regulating the mobility of fluids injected into the reservoir
to increase the efficiency of oil sweeping. This study discusses the application of Machine Learning methods,
namely ANN and ANFIS, to model the correlation of physical properties of Amorphophallus oncophyllus and
Sapindus rarak solutions. The purpose of this study is to obtain a correlation to determine the viscosity of the
polymer solutions. The data used include viscosity measurements for 21 samples of Amorphophallus onco-
phyllus and Sapindus rarak solutions with variations in concentration and salinity. The data is augmented by
digitization for modeling. The results show that both Machine Learning methods can estimate viscosity values
well. Very accurate results are achieved by applying ANN and ANFIS with average correlation coefficients of
0.997240 and 0.995124, respectively.
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I. INTRODUCTION

Viscosity plays an important role in regulating the mobility
of fluids injected into oil reservoirs. To maximize oil sweep,
the mobility of the injected fluid should be lower than that of
the displaced fluid. The mobility of the injected fluid that is
higher than that of the displaced fluid (oil) will cause a finger-
ing phenomenon, where the injected fluid penetrates into the
displaced oil zone. This phenomenon causes the injected fluid
to bypass the oil zone, so that the oil sweep is not optimal,
which causes a low oil recovery factor. Chemical substances
such as polymers and surfactants added to the injected fluid
will affect its viscosity. The amount of substances added to
the injected fluid must be appropriate. These substances are
needed to increase the viscosity of the injected fluid so that
the mobility of the injected fluid is lower than that of the dis-
placed fluid, but the addition of the viscosity of the injected
fluid should not be too high, which causes the mobility to be
too low. The viscosity of the injected fluid that is too high
also causes a low oil recovery factor. High viscosity can make
it difficult to flow fluids. Therefore, to flow fluids requires a
higher injection pressure. High injection pressure risks dam-
aging reservoir rocks and injection equipment. In addition,
mobility that is too low risks causing the deposition of these
chemicals in the pores of the rock. This results in a decrease
in the concentration of substances in the solution and results
in a decrease in rock permeability [1-6].

Chemical substances such as polymers and surfactants can
be obtained from natural or artificial materials. In this study,
porang and lerak were used as polymers and surfactants. Po-
rang (Amorphophallus oncophyllus) is one of the indigenous

Indonesian Amorphophallus plants whose tubers are very po-
tential as a source of glucomannan. Yellow porang tubers
(Amorphophallus oncophyllus Pr) contain around 55% glu-
comannan, while white porang tubers (Amorphophallus vari-
abilis Bl) contain around 44% glucomannan [7-8].

Glucomannan is used as a thickener, gel former, texture im-
prover, water binder, stabilizer and emulsifier [9]. Glucoman-
nan from porang tubers has been cultivated in Indonesia, but
the number of studies is still relatively small on its properties
and potential applications [7].

Lerak (Sapindus rarak) are plants that are used as raw ma-
terials for natural soap because they contain saponins found
in their fruit. The bioactive and physicochemical properties of
natural saponins have been shown to be better than synthetic
saponins, making them a promising source of natural surfac-
tants, both for research and commercial purposes. Natural sur-
factants have biodegradable properties, biocompatibility and
low toxicity so they are not too harmful to the environment
[10-12].

Several researchers have studied the viscosity of Amor-
phophallus oncophyllus with variations in concentration, pH,
salinity [13]. However, modeling has not been carried out to
determine viscosity of Amorphophallus oncophyllus. In ad-
dition, research on the viscosity of Sapindus rarak solutions
has also been conducted with variations in concentration and
salinity [14,15]. However, viscosity modeling of Sapindus
rarak has not been carried out. The viscosity value of a so-
lution can be measured based on laboratory tests. However,
determining viscosity is easier and faster with empirically de-
rived correlations than conducting laboratory tests.

The ANFIS model showed great capability in predicting
the viscosity of fluids containing 12 ternary mixtures with an
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FIG. 1: Research procedure.

average absolute relative deviation (AARD%) of 0.945 [16].
Kassem et al. (2017) confirmed that the ANFIS model was
robust and accurate in predicting the values of dynamic vis-
cosity of biodiesel blends [17]. Eryilmaz et al. (2015) applied
ANN to model the kinematic viscosity of biodiesel made from
wild mustard and safflower. The ANN model was able to pro-
vide very accurate viscosity predictions with a coefficient of
determination of 0.9999 [18]. Belmadani et al. (2020) applied
the ANN model to model the kinematic viscosity of biodiesel.
This model was developed based on an experimental database
consisting of 1025 points, including 34 systems consisting of
15 pure systems, 14 binary systems, and 5 ternary systems.
The prediction performance results provided a correlation co-
efficient of 0.9653 [19]. This indicated that ANN and ANFIS
were suitable for viscosity modeling. An artificial neural net-
work is a machine learning algorithm based on the concept
of a human neuron [20]. The system is composed of several
densely interconnected processing units, known as neurons,
which communicate with each other through synapses (elec-
tromagnetic connections) and solve problems together. The
neurons are arranged in layers and are intimately coupled.
Data is received by the input layer, and the output layer pro-
duces the outcome. It is common practice to sandwich one or
more secret layers between the two. It is challenging to fore-
cast or understand the precise flow of data using this configu-
ration [21-22]. Meanwhile, ANFIS is a combination of fuzzy

TABLE I: Samples of Amorphophallus oncophyllus solution.

Porang Salinity
Sample Concentration

(ppm) (ppm)

P-1 2,000 6,000
P-2 4,000 6,000
P-3 6,000 6,000
P-4 2,000 12,000
P-5 4,000 12,000
P-6 6,000 12,000
P-7 2,000 18,000
P-8 4,000 18,000
P-9 6,000 18,000

TABLE II: Samples of Sapindus rarak solution.

Lerak Salinity
Sample Concentration

(ppm) (ppm)

L-1 5,000 6,000
L-2 10,000 6,000
L-3 15,000 6,000
L-4 20,000 6,000
L-5 25,000 6,000
L-6 30,000 6,000
L-7 5,000 10,000
L-8 10,000 10,000
L-9 15,000 10,000
L-10 20,000 10,000
L-11 25,000 10,000
L-12 30,000 10,000

logic systems and neural networks [23]. With the use of ex-
perimental or computational pattern data, this model can learn
complex correlations and nonlinear systems [24-26]. Based
on the information discussed above, the aim of this study was
to model the viscosity of Amorphophallus oncophyllus and
Sapindus rarak using ANN and ANFIS.

II. METHODOLOGY

Fig. 1 shows the procedure of the research. Amorphophal-
lus oncophyllus and Sapindus rarak solutions were prepared
by following these steps. Amorphophallus oncophyllus so-
lutions were made with concentration variations from 2,000
ppm to 6,000 ppm and salinity variations from 6,000 ppm to
18,000 ppm. Variations of nine Amorphophallus oncophyllus
solution samples are shown in Table I. While Sapindus rarak
solutions were made with concentration variations from 5,000
ppm to 30,000 ppm and salinity variations from 6,000 ppm
to 10,000 ppm. Variations of twelve Sapindus rarak solution
samples are shown in Table II.

Viscosity measurements were performed for each solution
of Amorphophallus oncophyllus and Sapindus rarak. The
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FIG. 2: Viscosity measurement results of Amorphophallus
oncophyllus solution.

FIG. 3: Viscosity measurement results of Sapindus rarak
solution.

measurements were performed using an Oswald viscome-
ter at room temperature of 27.3◦C. The results of viscosity
measurements for various concentrations of Amorphophallus
oncophyllus in solution and salinity are shown in Fig. 2.
Meanwhile, the results of viscosity measurements for vari-
ous Sapindus rarak concentrations in solution and salinity are
shown in Fig. 3.

Viscosity modeling was performed using two machine
learning models, namely ANN and ANFIS using two inputs,

FIG. 4: ANN structure for modeling viscosity correlations of
Amorphophallus oncophyllus and Sapindus rarak.

namely the concentration of Amorphophallus oncophyllus or
Sapindus rarak and salinity. The ANN and ANFIS models
were generated based on the curve digitization data in Fig. 2
and Fig. 3. Optimization of the ANN and ANFIS models
was carried out to obtain a valid model. The optimum mod-
els were determined based on the correlation coefficient value.
Analysis was carried out to compare the validity and perfor-
mance of the ANN and ANFIS models [29]. After the ANN
and ANFIS models were validated, both models were used to
predict the viscosity values of Amorphophallus oncophyllus
and Sapindus rarak solutions for various concentration and
salinity values within the measurement result limits.

III. RESULTS AND DISCUSSION

Fig. 2 and Fig. 3 show that the viscosity of the Amor-
phophallus oncophyllus solution is much higher than that of
the Sapindus rarak solution. Fig. 2 shows the increase in
viscosity of Amorphophallus oncophyllus solution is directly
proportional to the addition of concentration and decrease in
salinity. The viscosity of Amorphophallus oncophyllus solu-
tion varies from 7.96 cP to 284.72 cP for all variations of con-
centration and salinity tested. While Fig. 3 shows the increase
in viscosity of Sapindus rarak solution is directly proportional
to the addition of concentration and addition of salinity. The
viscosity of Amorphophallus oncophyllus solution varies from
1.22 cP to 2.75 cP for all variations of concentration and salin-
ity tested. Comparison of Fig. 2 and Fig. 3 shows that the ad-
dition of Amorphophallus oncophyllus gives a much higher
increase in viscosity compared to the addition of Sapindus
rarak.

Due to the insufficient amount of measurement data, digiti-
zation was carried out on the curves in Fig. 2 and Fig. 3. Thus,
51 data were obtained for the viscosity of Amorphophallus on-
cophyllus and 52 data for the viscosity of Sapindus rarak. A
total of 10 data from both the viscosity of Amorphophallus on-
cophyllus and the viscosity of Sapindus rarak were used for
comparison, while the rest were used for modeling.

Fig. 4 shows Schematic diagram of the neural network
structure. ANN modeling was carried out by setting two in-
puts that affected the output. The inputs were concentration of
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TABLE III: The weights and biases for calculating
Amorphophallus oncophyllus using Eq.(1).

Input layer Output layer
No. Weights (w1) Biases Weights Bias

neuron J = 1 J = 2 (b1) (w2) (b2)

I = 1 -1.0366 -18.073 22.1745 94.7696 96.4743
I = 2 0.19858 -0.012367 -2.3706 195.2635

TABLE IV: The weights and biases for calculating Sapindus
rarak using Eq.(1).

Input layer Output layer
No. Weights (w1) Biases Weights Bias

neuron J = 1 J = 2 (b1) (w2) (b2)

I = 1 -2.7106 -0.074105 3.2928 -2.8676 1.4251
I = 2 -1.0102 -0.24446 -1.316 -1.5374

Amorphophallus oncophyllus or Sapindus rarak and salinity,
while the output was viscosity. Feed forward back propaga-
tion network type was used for the models to learn and plot
the relationships between inputs and output. In addition, the
network learning rule was applied to adjust a system’s weight
and bias values. The values were optimized using Levenberg-
Marquardt method to achieve the minimum error. The model
used 2 neurons with 1 hidden layer. The tangent sigmoid was
used as a transfer function to calculate a layer’s output from
its net inputs.

Fig. 5 shows the results of the training, validation, and test-
ing procedures for modeling the viscosity of Amorphophallus
oncophyllus using ANN. A total of 41 Amorphophallus onco-
phyllus data for modeling were allocated, 29 data for training,
6 data for validation, and 6 data for testing. The model was run
ten times to obtain the best correlation coefficient values. The
correlation coefficients for the training, validation, and test-
ing phases were 0.99773, 0.99889, and 0.99835, respectively.
Meanwhile, Fig. 6 shows the results of modeling the viscosity
of Sapindus rarak using ANN. A total of 42 Sapindus rarak
data for modeling were allocated, 30 data for training, 6 data
for validation, and 6 data for testing. The model was also run
ten times to obtain the best correlation coefficient values. The
correlation coefficients for the training, validation, and test-
ing phases were 0.99117, 0.99620, and 0.99602, respectively.
The correlation coefficient value (r) approaching one indicates
a good relationship between the model and data.

The following equation is a representation of the relation-
ship obtained from the application of the ANN model. This
equation was developed on the same base as the equation de-
veloped by Mahmoud et al. [29, 30].

ρ =

 N∑
i=1

w2−itansig

 J∑
j=1

w1−i,jX
∗
j + b1i

+ b2(1)

where ρ represents the density. N and J denote the total neu-
rons in the hidden layer and the total number of input parame-

(a)

(b)

(c)

FIG. 5: (a) Training, (b) validation, and (c) testing results of
ANN model of Amorphophallus oncophyllus.

ters, respectively. w1 and w2 are the hidden layer weights and
the output layer weights, respectively. b1 and b2 represent the
hidden layer biases and the output layer bias, respectively. x*
represents the normalized input parameters. The values of the
parameters for the Amorphophallus oncophyllus and Sapindus
rarak models are given in Table III and Table IV.

Fig. 7 shows the ANFIS structure for viscosity correla-
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(a) (b) (c)

FIG. 6: (a) Training, (b) validation, and (c) testing results of ANN model of Sapindus rarak.

tion modeling of Amorphophallus oncophyllus and Sapindus
rarak. Several layers were used to build these models. Each
layer contained several nodes consisting of adaptive nodes and
fixed nodes. Adaptive nodes represented the set of parame-
ters that can be adjusted in this node. In contrast, fixed nodes
represented the set of parameters that are fixed in the model.
The ANFIS structure used concentration and salinity variables
(black nodes) as input and one output, namely viscosity (pur-
ple nodes). The second layer was a fuzzification layer that
converts the input into a fuzzy set through membership func-
tions (MF) as depicted by the red nodes. In these viscosity
models, the triangle membership function (trimf) type was
used. The third layer was a multiplication layer where the
nodes function to be multiplied by the input signal to produce
the output signal. Each blue node in this layer served to cal-
culate the activation strength (firing power) of each rule as the
product of all incoming inputs. The fourth layer was a normal-
ization layer to normalize the firing power values. Each green
node in this layer was an adjustable node. The fifth layer was
a defuzzification layer that had only one yellow node. This
layer served to aggregate all outputs on the fourth layer. So
overall, the layers built an adaptive network that was func-
tionally equivalent to the first-order Sugeno fuzzy model [31].
The ANFIS models were run with 1000 epochs. The smallest
RSME in modeling Amorphophallus oncophyllus and Sapin-
dus rarak were 3.084151 and 0.086508, respectively.

The validity of ANN and ANFIS models was proven by the
comparison between the predictions given by the models with
the data. The comparison between ANN and ANFIS models
for the viscosity of Amorphophallus oncophyllus is shown in
Table V. Meanwhile, the comparison between ANN and AN-
FIS models for the viscosity of Sapindus rarak is shown in
Table VI.

Table V shows that the comparison between the ANN pre-
diction results and the viscosity data of Amorphophallus on-
cophyllus gives a correlation coefficient (r) of 0.998959, while
the comparison between the ANFIS prediction results and the
data gives a correlation coefficient (r) of 0.999674. A high
correlation coefficient value approaching one indicates an ac-

FIG. 7: ANFIS structure for modeling viscosity correlations
of Amorphophallus oncophyllus and Sapindus rarak.

TABLE V: Validation of ANN and ANFIS models for
viscosity correlation of Amorphophallus oncophyllus.

µData µANN µANFIS
cP cP cP

29 26.65 30.77
96 95.90 94.46
257 242.99 253.52
26 24.49 27.98
37 35.34 41.04
131 132.09 135.33
236 233.93 234.47
22 22.21 23.36
72 69.76 70.58
145 147.32 147.26

curate prediction. Table VI shows that the comparison be-
tween the ANN prediction results and the viscosity data of
Sapindus rarak gives a correlation coefficient (r) of 0.99552,
while the comparison between the ANN prediction results and
the data gives a correlation coefficient (r) of 0.990573. A high
correlation coefficient value approaching one indicates an ac-



18 Muhammad T. Fathaddin, et al. / J. Fis. dan Apl., vol. 21, no. 1, p. 13-20, 2025

(a) (b)

FIG. 8: Viscosity prediction of Amorphophallus oncophyllus.

(a) (b) (c)

FIG. 9: Prediction of viscosity of Sapindus rarak.

curate prediction by the four models.

Furthermore, viscosity prediction with ANN and ANFIS
models was performed for concentration and salinity values
outside the data. Viscosity prediction with ANN and ANFIS
models for variations in Amorphophallus oncophyllus concen-
tration from 2,000 ppm to 6,000 ppm at salinities of 10,000
ppm and 15,000 ppm are shown in Fig. 8. The predicted vis-
cosity of Amorphophallus oncophyllus at 10,000 ppm salinity
varies from 16.51 to 253.25 cP for the ANN model and varies
from 8.58 to 266.31 cP for the ANFIS model as shown in Fig.
8(a). Meanwhile the predicted viscosity of Amorphophal-
lus oncophyllus at 15,000 ppm salinity varies from 15.71 to
247.12 cP for the ANN model and varies from 7.65 to 232.25
cP for the ANFIS model as shown in Fig. 8(b). The maxi-
mum difference in viscosity estimates between the ANN and

ANFIS methods at salinities of 10,000 ppm and 15,000 ppm
was 13.06 cP and 14.87 cP, respectively.

In addition, the viscosity prediction with ANN and ANFIS
models for variations in Sapindus rarak concentration from
8,000 ppm to 26,000 ppm at salinity of 6,000 ppm, 8,000 ppm
and 10,000 ppm is shown in Fig. 9. The viscosity prediction
of Sapindus rarak at salinity of 6,000 ppm ranges from 1.37
to 2.18 cP for the ANN model and ranges from 1.35 to 2.26
cP for the ANFIS model as shown in Fig. 9(a). The viscosity
prediction at salinity of 8,000 ppm ranges from 1.51 to 2.23
cP for the ANN model and ranges from 1.49 to 2.30 cP for the
ANFIS model as shown in Fig. 9(b). Meanwhile, the viscosity
prediction at 10,000 ppm salinity ranges from 1.68 to 2.27 cP
for the ANN model and ranges from 1.63 to 2.34 cP for the
ANFIS model as shown in Fig. 9(c). The maximum difference
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TABLE VI: Validation of ANN and ANFIS models for
viscosity correlation of Sapindus rarak.

µData µANN µANFIS
cP cP cP

1.42 1.37 1.35
1.54 1.54 1.55
1.74 1.79 1.80
2.04 2.01 2.11
2.18 2.18 2.26
1.64 1.63 1.63
1.84 1.88 1.79
1.96 1.99 1.99
2.07 2.07 2.22
2.37 2.37 2.34

in viscosity estimation between the ANN and ANFIS methods
at 6,000 ppm, 8,000 ppm and 10,000 ppm salinity is 0.099,
0.102 and 0.125 cP, respectively.

Viscosity predictions using both ANN and ANFIS fol-
low the trend of measurement data where viscosity increases
with decreasing salinity in Amorphophallus oncophyllus solu-
tion, conversely viscosity decreases with decreasing salinity
in Sapindus rarak solution. In addition, ANN and ANFIS
models predict an increase in viscosity with increasing con-
centration as in the measurement data.

IV. CONCLUSION

Based on the results of the experiments and modeling, sev-
eral things can be concluded as follows. The experimen-
tal results showed that the addition of Amorphophallus on-
cophyllus could increase the viscosity of the solution much
higher than the addition of Sapindus rarak. ANN and AN-
FIS models can be used to obtain the viscosity correlation of
Amorphophallus oncophyllus and Sapindus rarak. Compar-
ison with the data shows that both models are able to pre-
dict the viscosity of Amorphophallus oncophyllus and Sapin-
dus rarak accurately with an average correlation coefficient
of 0.997240 and 0.995124 for the ANN and ANFIS models,
respectively. The viscosity prediction within the data interval
provides a good curve trend as a function of the concentration
of Amorphophallus oncophyllus and Sapindus rarak solutions
and salinity.
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