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Abstract: Kecombrang flowers have bioactive components that can be used as food additives. The
development of the kecombrang functional food industry for the production of food additives
requires information on production parameters. The extraction process for kecombrang to obtain
bioactive components, especially phenols and flavonoids, requires maximum temperature treatment
and extraction time. This study aims to determine the standard for the kecombrang flower extraction
process, create a machine learning model to estimate the quality parameters of the extraction results
(phenol, flavonoid, pH, color, and viscosity), and design a strategy for controlling the extraction
machine work to maintain the quality of the extraction, especially of phenols and flavonoids. This
research was conducted at extraction temperatures of 60 ◦C, 65 ◦C, 70 ◦C, and 75 ◦C. During the
extraction process, the quality of the material was checked by measuring phenol and flavonoid
contents, as well as color, pH, and viscosity. Sampling was carried out at 5 min intervals. The
data on the quality parameters during the extraction process were analyzed for trends. A machine
learning model, which is an artificial neural network, was developed using a 2–6–1 architecture for
each quality parameter. The two inputs of ANN were temperature of extraction and extraction time
(duration). The output was the quality parameters of the products (phenols, flavonoids, pH, viscosity,
and color), which were evaluated separately. The results show a good correlation between the model
and the experimental data, with both the training dataset and the testing dataset. These results were
then used to formulate a strategy for controlling the extraction process. A neuro-control system was
used as a strategy. This control system was adaptive to changes that occurred during the extraction
process so that phenols and flavonoids could be maintained.

Keywords: kecombrang flower; extraction process; quality parameters; machine learning model;
neuro-control system

1. Introduction

Plant-based bioactive compounds have attracted great interest as viable alternatives to
synthetic materials due to their antibacterial, anti-inflammatory, and antioxidant properties.
The extraction and processing of several parts of kecombrang, or torch ginger (Etlingera
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elatior), such as the leaves, torches, stems, flowers, and rhizomes, have also been the
subject of extensive investigation. The earliest stages of the study focused on identifying
the bioactive components found in the kecombrang plant and defining the function and
application of each discovered compound [1–4]. Kecombrang is a plant that is native to
Indonesia and Malaysia and is widespread in Southeast Asia. For generations, local people
have used and exploited the plant for food, condiments, medicine, and food flavoring [5].

The active chemicals in the kecombrang plant are considered to be less effective
and to have a shorter shelf life when the plant parts are used fresh. Thus, the contents
of kecombrang plants need to be extracted, dried, modified, and further processed to
preserve their bioactive components [6]. While drying kecombrang powder increases its
durability by reducing its water content, it also damages the bioactive components found
in fresh kecombrang flowers [7]. As a result, the ideal drying temperature and duration
for powdering kecombrang must be determined to avoid the degradation of some of its
bioactive components, such as phenols, flavonoids, and vitamin C, which results in a loss
of its antioxidant action.

Extraction is critical for obtaining a desired bioactive component from kecombrang,
as the chemicals are present in trace amounts in plants. According to [8], there are two
primary approaches for extracting bioactive compounds from plants: traditional methods
and nonconventional methods. Hydrodistillation [2], column chromatography [9], Soxhlet
extraction, and maceration are all examples of classical extraction methods. Conventional
methods have disadvantages in terms of increased reliance on high-purity organic solvents,
increased cost, decreased extraction efficiency, prolonged processing time, and increased
temperature [10]. To address these issues, non-traditional technologies, such as microwave-
assisted extraction and supercritical carbon dioxide (SC-CO2), are used [11]. According
to [2], the leaves contain more volatile components (essential oils) than the stems, flowers,
and rhizomes. The antioxidant component extracts from kecombrang flowers range from
61.61 to 83.17 percent, those from the stems range from 57.42 to 84.65 percent, those from
the leaves range from 40.64 to 60.40 percent, and those from the rhizomes range from 58.40
to 69.66 percent [12]. This shows that the flowers and stems contain a greater concentration
of bioactive chemicals with antioxidant activity than the leaves and rhizomes.

Of the various extraction methods, conventional or traditional methods are still attrac-
tive for use in the industry. The industry and researchers still rely on traditional or solvent
extraction techniques to generate high quantities of chemicals with relatively simple and
inexpensive equipment [13]. For example, maceration, percolation, and reflux extraction
do not require expensive solvents and can be conducted at atmospheric pressure. When
it comes to solvent extraction, the choice of solvent is critical. When choosing a solvent,
selectivity, solubility, cost, and safety should be taken into account [14].

The extraction will be more efficient if the diffusivity and solubility of the solute is
increased. Important factors that can influence the extraction are particle size, type of
solvent, ratio of solvent to solid, temperature, and extraction time (duration) [15–17].

Several studies on natural product extraction suggest temperatures ranging from 40 ◦C
to 100 ◦C and extraction times ranging between 10 min and more than 2 h [16,18,19]. These
two factors can be controlled by applying automatic control to the extraction machine.
Automatic control with electronic principles for processing machines is easy to implement
practically [20–22].

On an industrial scale, this powdered form typically preserves the natural flavor of
the raw material, making it impractical. However, few studies have been conducted to
standardize the manufacturing process, which is a vital stage in the production of kecom-
brang powder or extract. Numerous studies have indicated that there is currently no way
to standardize the manufacturing process, which is a vital stage in processing kecombrang
plants. Before the powder enters the industrial process, a method of process control is
required to produce kecombrang powder with the highest standardized bioactive compo-
nent. However, research on the quality parameter related to processing each kecombrang
plant component is lacking, even in Indonesia.. Therefore, this study was conducted with
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the objective of standardizing process quality in kecombrang powder in order to achieve
high-quality bioactive components.

To date, there has been no standardization of the kecombrang plant’s processing
to manufacture phenol and flavonoid components on an industrial scale. Because the
flavonoid and phenol concentrations vary throughout processing, we applied a machine
learning technique to model the temperature and time processing to standardize the
procedure of the extraction process. Artificial neural networks (ANNs) were used to obtain
the optimal value by inputting previous research data in the learning process (training).

Currently, the use of ANNs in food science as well as their practical application in
food processing is common [23–26]. The objective of this study was to standardize the
quality of the kecombrang flower extraction process before the extract enters industrial
processes. Specifically, the purpose of this study was to determine the effect of tempera-
ture and extraction process time on the quality parameters of kecombrang flower extract
preparations using an artificial neural network (ANN). Time and temperature were used as
inputs for the ANN. The output to be produced was the quality parameters, namely the
levels of phenols and flavonoids. This ANN modeling process is important for designing
control systems. The temperature and the extraction time can be used directly as set-points
for designing the control system, which is common. Moreover, to directly use phenol and
flavonoid levels as set-points, we need a control algorithm that includes machine learning.
The work in this paper involves two stages. First, we create a machine learning model using
an artificial neural network to estimate the quality parameters of the extraction process of
kecombrang flowers. Second, the ANN model is used to formulate a strategy for controlling
the extraction process to produce the best-quality kecombrang extract.

2. Materials and Methods

The overall process in a kecombrang processing plant is shown in Figure 1. The
process of extraction occurs after the milling of dried samples (appears in the dashed red
line box). The maceration method is used for extraction. It involves water, a temperature
range of 60–75 ◦C, and mixing for 4 h (240 min).

Processes 2022, 10, 1341 3 of 15 
 

 

standardize the manufacturing process, which is a vital stage in the production of kecom-
brang powder or extract. Numerous studies have indicated that there is currently no way 
to standardize the manufacturing process, which is a vital stage in processing kecombrang 
plants. Before the powder enters the industrial process, a method of process control is 
required to produce kecombrang powder with the highest standardized bioactive compo-
nent. However, research on the quality parameter related to processing each kecombrang 
plant component is lacking, even in Indonesia.. Therefore, this study was conducted with 
the objective of standardizing process quality in kecombrang powder in order to achieve 
high-quality bioactive components. 

To date, there has been no standardization of the kecombrang plant’s processing to 
manufacture phenol and flavonoid components on an industrial scale. Because the flavo-
noid and phenol concentrations vary throughout processing, we applied a machine learn-
ing technique to model the temperature and time processing to standardize the procedure 
of the extraction process. Artificial neural networks (ANNs) were used to obtain the opti-
mal value by inputting previous research data in the learning process (training). 

Currently, the use of ANNs in food science as well as their practical application in 
food processing is common [23–26]. The objective of this study was to standardize the 
quality of the kecombrang flower extraction process before the extract enters industrial 
processes. Specifically, the purpose of this study was to determine the effect of tempera-
ture and extraction process time on the quality parameters of kecombrang flower extract 
preparations using an artificial neural network (ANN). Time and temperature were used 
as inputs for the ANN. The output to be produced was the quality parameters, namely 
the levels of phenols and flavonoids. This ANN modeling process is important for design-
ing control systems. The temperature and the extraction time can be used directly as set-
points for designing the control system, which is common. Moreover, to directly use phe-
nol and flavonoid levels as set-points, we need a control algorithm that includes machine 
learning. The work in this paper involves two stages. First, we create a machine learning 
model using an artificial neural network to estimate the quality parameters of the extrac-
tion process of kecombrang flowers. Second, the ANN model is used to formulate a strat-
egy for controlling the extraction process to produce the best-quality kecombrang extract. 

2. Materials and Methods 
The overall process in a kecombrang processing plant is shown in Figure 1. The pro-

cess of extraction occurs after the milling of dried samples (appears in the dashed red line 
box). The maceration method is used for extraction. It involves water, a temperature range 
of 60–75 °C, and mixing for 4 h (240 min). 

 
Figure 1. Design of the kecombrang processing plant.

Kecombrang flower extraction machines that are applied in industrial plants are batch
extraction machines. Figure 2 shows the scheme of a conventional extraction machine
modified from [27], which is the machine used in this study. This extraction does not
require cooling in the same way as a common distillation process. Output substances are
further processed via filtering without cooling.
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Figure 2. Industrial extraction machine.

Making a kecombrang flower extract requires kecombrang flowers that have been
dried and ground into powder. Kecombrang flower powder is placed in the extractor with
water at a ratio of 1:14. In the extractor machine, the water is heated to a temperature above
50 ◦C. Extraction is carried out in the machine for 3 h or more.

Extraction using four different temperatures was conducted in order gather data. The
temperature treatments included 60 ◦C, 65 ◦C, 70 ◦C, and 75 ◦C. Four quality parameters,
namely color, viscosity, and phenol and flavonoid contents, were measured every 5 min
during extraction as a time series. Phenol and flavonoid contents were determined by
laboratory measurement of the sample. Color was measured using Color Reader C10 from
Minolta, and viscosity was measured using Brookfield’s Viscometer.

Color reader outputs used the CIE L*a*b system. In the measuring unit, the higher the
value of L, the greater the lightness of a color and vice versa. Color measurements took
only L and a parameters. The higher the value of a, the higher the redness of the color.
Conversely, the lower it is, the higher the greenness of the color [28]. Viscosity data were
presented in the form of cP and tor.

Machine Learning Model and Control System Design

The machine learning model was developed using an artificial neural network [29].
The model used the backpropagation method for data learning. A network structure of
2–6–1 (2 nodes in input layer, 6 nodes in hidden layer, and 1 node in output layer) was
chosen. This structure was chosen after experiments using more complex structures did
not show different result. A structure that uses 1 hidden layer only is good for simplicity
(Figure 3). The data were split into two sets: a training dataset and a testing dataset. The
70–30 rule of training–testing was applied. Each quality parameter dataset was trained
separately. The performance of the ANN model was evaluated for each quality parameter
using correlations between observed and ANN model outputs. If the correlation between
the training dataset and the testing dataset was medium or strong, then the model was
used as a predictor for the quality parameter of kecombrang extraction. Furthermore, if
the correlation between the training dataset and the testing dataset was weak, a new ANN
architecture was used by adding nodes to the hidden layer or by increasing the number of
hidden layers.
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The ANN model produced in the previous step was used to design the adaptive
control system of the extraction machine [30].

3. Results and Discussion
3.1. Quality Parameters

The quality parameters that are discussed in this paper are flavonoid content, phenol
content, color, viscosity, and pH. Antioxidants are the main focus in the content, as they
are important components of functional ingredients. For the production of functional
ingredients, the process must be able to maintain consistent maximal levels of phenols and
flavonoids. The process settings that can be set on the extraction machine are time and
temperature. However, time and temperature may also change other quality parameters,
such as viscosity, color, and pH. Viscosity, color, and pH are parameters that are related to
human preferences.

Data on the dynamics of phenol, flavonoid, pH, viscosity, and color at various temper-
atures (60 ◦C, 65 ◦C, 70 ◦C, and 75 ◦C) during the extraction process are described below.

3.1.1. Phenols

From Figure 4, we can see that both the extraction time and the extraction temperature
influenced the phenol content. The extraction time shows a rising trend after 100 min
for all temperatures except 75 ◦C. An increase in temperature also increased the phenol
content. The optimum operation for obtaining the highest phenol content involved using a
temperature of 70 ◦C and an extraction time of 163 min (125 mg TAE/100 g).
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3.1.2. Flavonoids

Figure 5 shows that the flavonoid content increases with the extraction time. Each
temperature treatment shows the same trend. However, at 240 min, when the extraction
ended, higher flavonoid levels were obtained at the lowest temperature (60 ◦C). At 110 min,
higher temperatures (70 and 75 ◦C) resulted in higher flavonoid levels. This creates a
dilemma whereby the best results are obtained with low temperature–long time (LT–LT)
or high temperature–short time (HT–ST) processes. The process that results in the highest
flavonoid content should be considered as the operating standard for extraction.
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3.1.3. pH

There was no remarkable change in pH at different extraction temperatures or with
different extraction times. The values ranged between 3.3 and 3.6, with both representing
low pH values (acidic conditions) (Figure 6). A constant pH level was observed at an
extraction temperature of 60 ◦C. An increase in pH was observed over time at 65 ◦C until it
was close to that of 60 ◦C. At 70 and 75 ◦C, the pH decreased as the extraction time increased.
Thus, we conclude that temperature treatment and extraction time do not have much of an
effect on pH. However, extraction results with a pH close to neutral are preferred.
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3.1.4. Viscosity

Viscosity showed a trend of decreasing as the extraction time increased (Figure 7).
The steepest decrease occurred at 75 ◦C, the highest temperature. The value ranged from
3.5 to 7.0 cP.
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3.1.5. Color

The value of L (lightness) is higher at 60 ◦C than at 65 ◦C. However, the value of L is
even higher at 70 and 75 ◦C (Figure 8). Similarly, the value of a at the end of the extraction
time is higher at 60 ◦C than at 65 ◦C. The value of a also increases with extraction time at 70
and 75 ◦C, potentially exceeding the a value at 60 ◦C (Figure 9).
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3.2. Training of the Machine Learning Model

The ANN model used three layers (one input layer, one hidden layer, and one output
layer) to maintain simplicity. The hidden layer consists of six nodes. Training for all
quality parameter data was performed using 5000 iterations. Experiments with more than
5000 iterations showed similar convergence results. The correlation between the ANN
model’s output (prediction) and the data is shown in Figure 10. As can be seen, viscosity
and color are the parameters with the largest correlation values. The value of pH varied in
the ANN output, while the actual data showed only small variations.
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Phenols and flavonoids, as the main quality parameters, show relatively lower (but
still strong) correlations (0.5 ≤ |r| < 1), of 0.71 and 0.82, respectively. Non-linearity with
phenols is clearly seen compared to flavonoids. Figures 4 and 5 confirm this fact. Both
flavonoid and phenol contents increase with an increase in extraction temperature and
extraction time, while phenol shows an unclear pattern with changes in temperature and
extraction time.

3.3. Testing of the Machine Learning Model

The generalization of the model was conducted using the testing dataset. The purpose
of the model is to predict the kecombrang plant processing extraction process. Thus,
underfitting and overfitting must be avoided. The temperature and the extraction time
should help accurately predict the phenol and flavonoid contents so precise decisions can
be made regarding the extraction process control system.

The prediction of quality parameters using the testing dataset and the model obtained
from training results shows a good correlation (Figure 11). Of all the parameters, the
correlation value of phenol is still the lowest (but still strong), at 0.71. The correlation
values obtained from the training data and testing data are not significantly different
from each other, so it can be concluded that this model is accurate and feasible for use in
control systems.
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3.4. Concept of Applying the Model into the Control System

Applying the ANN model in a control system of the extraction process is useful for
improving the performance of the control system. The ANN model can measure ongoing
extraction process data for the self-learning process. The ANN has a good ability to adjust
control parameters as variations occur in the system [31]. The ANN model can be applied
to the control system structure to improve the quality parameters of the extraction results.
As a functional food product, the purpose of the control system is to control the quality of
antioxidants, namely phenols and flavonoids. Other quality parameters (pH, viscosity, and
color) are relatively tolerable if phenols and flavonoids are at the highest levels possible.

There are two control strategies for the extraction process. The first involves directly
using the temperature and the extraction time as a set-point (Figure 12a). The extraction
operation time is set, while the operating temperature becomes the set-point that is input
as the control variable. In this way, the ANN model can be used to determine the values of
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phenols and flavonoids and to compare them to the output of the control system [32,33]. A
comparison of the output of the control system and the ANN model can also be a strategy
for model improvement. This method can be classified as indirect neuro-control [32]. The
new data obtained in the extraction process are used as additional training data so that the
ANN model and the observation data (data measured from the extraction process) have
similar values. The controller must maintain the temperature at the set-point value. This is
a commonly used method.
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The second method involves using the levels of phenols and flavonoids as a set-point
(Figure 12b). The extraction operation time and temperature become a new set-point
variable that varies according to the values of phenols and flavonoids obtained from the
control system. This method can be classified as direct neuro-control [34]. In this direct-
neuro controller control method, the set-point, in the form of the phenol and flavonoid
parameters, is optimized using the ANN model and a genetic algorithm [31,35,36] to
obtain new extraction temperature and time. The input in the form of temperature and
extraction time is the new set-point that must be maintained by the extractor. Thus, the
target values of phenols and flavonoids will be achieved. In this method, phenols and
flavonoids in the extractor are approached by measuring the values of color, pH, and
viscosity as an approximation model. The close relationship between the estimators (color,
pH, and viscosity) and the predicted parameters (phenols–flavonoids) can be seen in the
correlation matrix (Figure 13).
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The correlation shows how strongly one dataset is related to the other dataset. Al-
though it does not show a cause-and-effect relationship, the correlation is a useful indicator
for making linear prediction models [37,38]. The correlation matrix shows that for phenol,
a strong correlation value (0.5 ≤ |r|< 1) is given by pH and viscosity, which are −0.64 and
0.69, respectively. In flavonoids, color (a) and color (L), also have strong correlations, of
0.82 and 0.68, respectively. Phenol and flavonoid levels can be approximated (predicted)
from the parameters that have a strong correlation with them. Multilinear regression is
used for this. The equations obtained from the respective regressions are:

Phenol = 402.48 + 11.20 · Visc(tor)− 118 · pH (1)

Flavonoid = 11.20 − 0.66 · Color (L) + 3.26 · Color (a) (2)

In the implementation of the two control strategies, pH, color (a), color (L), and
viscosity data are needed as inputs for Equations (1) and (2). Sampling or sensing using
sensors for pH, color (a), color (L), and viscosity is required during the extraction process.

During the experimental operation of the extraction at various temperatures and
extraction times, data on the quality parameters of the extraction results were obtained.
When applied to a production plant, the extraction process may differ due to scaling from
the experiment. Neuro-control design allows for the updating of the training data from
the experimental data to the production data. ANN model training with updated data can
be conducted periodically. There is a possibility that there is a change in the temperature
value and the optimum extraction time so that optimization continues to be carried out
periodically with additional data.

4. Conclusions

To obtain kecombrang extracts with maximum phenol and flavonoid contents, the
extraction process in an industrial plant needs to be controlled. The measurement of extract
samples must always be carried out in an effort to maintain quality. It is necessary to apply
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an adaptive control system to monitor changes in extract quality. An ANN model can
subsequently be used in the extraction process control strategy, with both indirect and
direct neuro-control schemes.

From this research, it can be concluded that backpropagation ANN can well model
the extraction process for kecombrang flowers. This can be seen from the correlation value
between the observation data and the prediction model, in terms of both the training data
and the testing data. The ANN model predicts phenols, flavonoids, pH, viscosity, and color
using time and temperature as inputs. The ANN model can further be used as a tool for
optimization. The combination of both inputs to produce the desired levels of phenols and
flavonoids can be determined using a direct neuro-control strategy.

Furthermore, from the correlation parameter pairs, it can be seen that phenols and
flavonoids, as the main quality parameters, can be approximated by regression equations
from other quality parameters. These parameters are pH, viscosity, and color. This finding
is useful for predicting phenol and flavonoid levels in real time inside the control system.
Phenol and flavonoid values can be directly fed back to the ANN model.
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