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Supercritical carbon dioxide extraction has been established as a promising and clean technology
alternative to conventional separation techniques. Despite a high energy demand of extraction processes,
their energy analysis has been scarcely considered. In this study, a supercritical carbon dioxide batch
extraction process was modelled through system identiﬁcation, forming a full simulator of its control
loops affecting the energy consumption. The modelling was based on data acquired through systematic
approach including experimental design and identiﬁcation of dynamic process responses and energy
consumption. Regression analysis and 12 identiﬁed models for subprocesses showed feasible performance during simulations with experimental data. The best local model for a subprocesses exhibited a
Mean Absolute Percentage Error of 3% with independent test data. Regression model for steady-state
electricity consumption showed a Mean Absolute Percentage Error of 7.6%, also suggesting the existence of nonlinearities between the response and other process variables. The identiﬁcation approach
reveals new information on energy consumption and dynamics of energy consumption of supercritical
extraction in transient operating conditions. The models can be applied for further developments in realtime energy monitoring and optimization of supercritical extraction processes.
© 2022 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
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1. Introduction
The continued impact of energy conservation has resulted in a
trend towards increased attention to economics, safe operation,
and environmental consciousness [1,2]. Consideration of these
factors would improve the overall competitiveness of the processing industries to remain viable in rapidly changing conditions.
However, the economic need to operate industrial processes as
close as possible to optimum speciﬁcations with minimum energy
consumption, while safety and environmental constraints are not
violated, has produced multi-unit processing plants which are
tightly coupled [1]. Moving towards an energy efﬁcient production
planning requires the inclusion of energy efﬁciency within the
goals of production design and control at all levels together with
time cost and ﬂexibility [3]. This offers new opportunities for energy saving through better production management, automation,
and optimization. This study aims to identify a supercritical ﬂuid
extraction (SFE) process by data-driven system identiﬁcation,
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forming a complete simulator of control loops and energy consumption responses, which requires systematical designing of experiments and throughout analysis of measured data.
Even though the opportunities of energy efﬁcient production,
along with the disadvantage caused high energy demand of SFE
operation are acknowledged [4,5], only few have touched upon the
subject of energy analysis in SFE studies: Smith et al. analyzed the
energy efﬁciency of SFE by investigating energy losses through
pump and compressor cycles [6]. Sievers optimized SFE by investigating the effects of CO2 pressure, extractor temperature and
separator pressure on energy costs and produced soybean oil [7].
 j et al. discussed the effect of differing solvent ﬂow rates on
Ro
extraction and energy costs while maintaining a desired cumulative yield of the product [8]. Life cycle analysis is a common method
used for evaluating processes from an energy and environmental
viewpoint. It has also been applied for supercritical ﬂuid-based
processes, and the results have shown the potential of the
method compared to traditional methods [9] and when optimized
and developed further [10,11]. However, elementary research on
data-driven SFE identiﬁcation, where dynamics of control loops
and energy responses are determined during transient operation
conditions, is still largely missing. The few modelling studies for
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control purposes have primarily been based on various ﬁrst principles of SFE processes [1,12e14]. Due to the complex interaction of
affecting factors and lack of knowledge on the in-depth ﬂuid dynamics of supercritical ﬂuid in extraction, these modelling approaches tend to make harsh assumptions of the processes,
affecting the modelling outcome. Despite the acknowledgement of
the signiﬁcance of controlling operative variables, a lack of
demonstrated control for maintaining product quality and energy
efﬁciency by real-time optimized operation is one of the factors
that hamper the application of the SFE technology in industry [1].
To address the challenges of energy efﬁcient operation, a system
identiﬁcation procedure for modelling control loop and energy
responses is adopted in this study. System identiﬁcation is a control
engineering discipline concerned with the inference of mathematical models from dynamic systems based on their input and
output measurements [15]. Utilizing a framework of the methodology (Section 2.3.1), the aim is then to achieve novel information
on energy consumption dynamics of SFE and further enabling the
advancement towards energy efﬁcient operation of SFE processes.
Central Composite Design (CCD), which nets a relatively small
number of experiments with relatively wide variable ranges, is
applied in determining the operative conditions for the experiments (Sections 2.3.2, 3.1, 3.2). Varying input signal sequences for
the subprocesses, designed based on preliminary process inspection, are further applied around the operative conditions for collecting informative data (Section 2.3.2). The structure of CCD allows
the exploitation of regression analysis, where steady-state energy
consumption is ﬁrst modelled and analyzed (Section 3.2). The data
is then utilized for identifying the SFE process by data-driven
modelling (Sections 2.3.3, 2.3.4, 3.3) together with development
of a simulator (Section 3.4). This results in a dynamic digital twin,
considering subprocesses’ main control loops related to energy
consumption responses.

electrically heated batch extractor, manufactured by Chematur
Ecoplanning Ltd. The apparatus is in a process hall, where surrounding conditions remain mainly constant. The process consists
of two high pressure membrane pumps, a hydraulic aggregate, an
electrical CO2-preheater, adjustable constant ﬂow valve, waterheated separator unit and one condenser, precooler, and a storage
tank. The CO2 is precooled using a cooling coil inside the storage
tank, preventing the liquid CO2 from boiling prior to pumping. The
extractor is ﬁlled with CO2 prior to extraction by opening the highpressure valve via the control panel, which is done to prevent the
volumetric ﬂow rate measurement sensor from suddenly rushing
and causing an emergency shutdown. The CO2 is then compressed
by pumps and heated up to a desired level in a precooler and led to
the extractor. The extractive-CO2 mixture passes through a pressure
release valve and ﬂows to the separator unit, where the residual
components are separated from the gas at 50e80 bar and 15e30  C.
The separated, gaseous CO2 is led to the condenser where gaseous
CO2 is condensed. The liquid CO2 is led to a storage tank, ready to be
re-used. A cooling unit is connected to the evaporation and cooling
process allowing maximum energy efﬁciency. Surplus energy can
be used for preheating the compressed CO2.
Approximately four automated feedback control loops exist in
the system, each of them controlled by West N6100 PID controllers.
The controlled parameters include CO2 pressure, CO2 preheater
temperature, extractor temperature and separator temperature.
CO2 volumetric ﬂow is controlled by manually operating the
pressure release valve from buttons located on the display. A kWh
meter (ABB C13) was installed on the power intake of the extraction
system. For monitoring the heating water consumed by separator
heating control, a mechanical turbine ﬂow meter was installed on
the inlet ﬂow. The experimental setup is shown in Fig. 1.
For experimental data collection, a PC-based data acquisition
system was developed. The system included a National Instruments
Compact Fieldpoint™ programmable automation controller (cFP2020) with RTD and analog input modules. All the temperature
measurements were connected to the RTD module. Solvent pressure and volumetric ﬂow measurements, both of which produce a
current output, were connected to the analog input module. The
minimum sampling time of the controller, 1 s, was used in acquiring
the data across the whole study. Industry standard device interface
speciﬁcation OPC DA (Object Linking and Embedding for Process
Control Data Access) was utilized to import input/output items to
MATLAB® software's OPC client. A program was developed for
reading measured values of the input modules from the OPC client,
displaying the data in conventional form for monitoring during
operation in real-time, and for regularly saving data to the host PC.
Galvanic disconnector switches for current measurements were
implemented in the system for coupling the measurements producing current output. The RTD measurements, which produce a
voltage output, were coupled by manually crafting two sensors into
a single metal sensor head.

2. Materials and methods
2.1. Raw materials and chemicals
Oatmeal ﬂakes manufactured by Raisio Ltd. (incl. 1550 kJ, 8 g of
fats and 11 g of ﬁber per 100 g), with a thickness range of
0.55e0.65 mm and a diameter of 8 mm, were used as raw material
during the identiﬁcation experiments. The ﬂakes were placed inside the extractor in a porous textile bag made of ﬂax. For the
experimental identiﬁcation runs, 698 g of oatmeal ﬂakes was set to
mass of the batches. Carbon dioxide (99.9% purity) was provided by
a local supplier.
2.2. SFE process and experimental setup
SFE utilizes solvents that are at their critical region at the condition of operation. SFE processes have been established as a
promising and clean technology alternative to conventional separation techniques, such as distillation, absorption, and (non-critical)
extraction [3,16e21]. Carbon dioxide (CO2) is the most common
solvent in SFE due to its relatively mild critical conditions, nontoxicity, simple removal, low price and availability, among other
reasons [4,17,19,22]. The solvency property of supercritical ﬂuids can
be modiﬁed by simply adjusting solvent pressure and temperature.
Other parameters such as solvent ﬂow and moisture contents also
inﬂuence the extraction [20,23e26]. Many studies have focused on
maximizing the yield or quantity of certain compounds by ﬁnding
the optimal values for parameters and operating conditions in static
operation for SFE (such as [26e29], more listed in Ref. [30]).
The target SFE process of the experiments is a pilot-scale supercritical ﬂuid extraction unit Xtractor® 500/35 with a 2-L

2.3. Identiﬁcation approach
2.3.1. Analysis framework
The applied system identiﬁcation approach is described in Fig. 2.
The analysis includes the framework for systematic experimental
design, modelling, and model performance evaluation stages.
The goal of the applied framework is to ensure systematic and
general modelling of the SFE process. The details of the framework
are described in the following subsections 2.3.2e2.3.4.
2.3.2. Design of experiments
Preliminary runs, namely screening, were ﬁrst made for testing
the developed data acquisition system and for gaining knowledge
2
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Fig. 1. Schematic of the SFE process and data acquisition in the experimental setup.

Fig. 2. Framework for the system identiﬁcation procedure for modelling energy consumption and control loops.

regulating. However, since the electric heating control loops were
found to be (near-)integrating, the system identiﬁcation experiments are unfeasible to be performed in open-loop mode of the
controllers. Therefore, the PID-controlled control loops were run in
closed loop modes, with the controllers tuned as optimally as
possible prior to the identiﬁcation experiments. The closed-loop
processes were identiﬁed utilizing the direct approach for closedloop identiﬁcation [31], where the feedback is neglected, and the
process is identiﬁed directly from input-output data. Changes to the

about important system characteristics prior to Central Composite
Design. Open-loop behavior of each closed-loop subprocess in the
system was screened by manually changing the controller output
current percentage and carefully inspecting the process output.
These screening runs showed that all the heating control loops
exhibited slow dynamics and large time constants, with largely
integrating process behavior. On the contrary, pressure values
produced by pressure control seemed to naturally oscillate around
an equilibrium. Therefore, the process is interpreted as self3
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After the experiments are conducted, the interactions and results can be computed by multiplying each CCD design variable
column by the corresponding result, and the total interactions are
calculated by summing each term in the column. The column totals
can be used to calculate the b coefﬁcients of quadratic linear
regression equation, allowing the development of appropriate
second order polynomial multiple regression model for determining the signiﬁcance of design variables [34].
The signiﬁcance of the independent coefﬁcients can be evaluated with the t- and p-factors. High t and small p indicate that the
coefﬁcient is statistically signiﬁcant. The results of the regression
analysis can be utilized in determining the signiﬁcance of linear,
nonlinear, and correlative interactions of the design variables on
the output [34]. F-test can be further used to evaluate the signiﬁcance of variation associated with the complete model. If the model
predicts the output well, F-test value should be greater than the
tabular value for a certain number of degrees of freedom [35]. The
adequacy of the regression model can be also evaluated by the
residuals (difference between the observed and the predicted
output value). Residuals are thought as elements of variation unexplained by the ﬁtted model and then it is expected that they
occur according to a normal distribution. Normal probability plots
are a suitable graphical method for judging the normality of residuals [35].

setpoints of closed-loop processes were persistently exciting, and
they were treated as inputs. The manually operated open-loop
process for CO2 volumetric ﬂow was identiﬁed utilizing control
valve positions as the input.

2.3.2.1. Central Composite Design. Depending on the raw material
and target extractives, supercritical ﬂuid extraction can be run in
varying operating conditions. Therefore, the base experimental
design for the identiﬁcation experiments should cover a wide range
of the main operating parameters, in this case extractor temperature, pressure and solvent ﬂow. All combinations of these variables
in sufﬁcient number of levels would require an extensive number of
experiments. However, with proper experimental design, the same
or better information can be obtained with 20 trials. CCD is a
response surface based on a two-level factorial experimental
design with center points augmented with a group of “star points”
between the axes (distance a from center point), suited for determining linear and nonlinear interactions of variables [32,33]. A
more detailed description of CCD can be found in Ref. [32].
The selection of the CCD variables (CO2 pressure, CO2 volumetric
ﬂow, and extractor temperature) was based on their operational
signiﬁcance on the process. With three design variables, the value
for a is approximately 1.628, see for example [33]. The structure of
the Central Composite Design resulted a total of 20 experimental
runs. The CO2 preheater's temperature and separator temperatures
were set to a ﬁxed value in every identiﬁcation run. The value for
preheater temperature was chosen to be þ60  C, higher than the
critical temperature of CO2. Separator temperature was chosen to
be þ52  C, a value advised by a process expert for ensuring the
feasible separation of extractives. Due to the large time constants of
the heaters, the delay for the temperatures to cool down to desired
valued would have extended the experiment time signiﬁcantly.
Because of this, the run executions were divided into two sets
(including 11 and 9 runs each), and each set was arranged from
lowest extractor temperature to highest. This ensured avoidance of
the delays between the experiments due to long cooling dynamics.
The sets were then randomized according to pressure and ﬂow
values. The CCD arrangement, including ﬁxed parameters and run
orders is shown in Table 1. Steady-state electricity consumption and
total heating water consumption were determined for each run
based on dynamical data gathered from the period after the subprocess responses had settled (discussed in section 3.1).

2.3.3. Dynamic identiﬁcation
Around the operating conditions of each experiment determined by CCD, the system was additionally excited by smaller
amplitude signal sequences for system identiﬁcation. Manually
applied step sequences with small amplitudes were conducted
around the set process conditions for capturing the process dynamics. Each run started with bumping the electrical heater setpoints their CCD values. As the temperatures started to settle, the
CO2 pump pressure setpoint and ﬂow control valve were set to their
CCD values in respective order. After settling to operating conditions, step sequences including 6 small-amplitude steps for pressure (þ20 bar relative to setpoint) and ﬂow control (± 0.1 rounds
relative to valve position) were applied to the system. Next, step
sequences, including 1e2 step changes between 2 and 3  C, were
applied to extractor and separator temperature setpoints, due to
the slow dynamics of the processes. After the process responses
started to settle (reached þ 5% of setpoint), the process was then

Table 1
Realized Central Composite Design for the experiments.

Matrix trials

Star trials

Center trials

Experiment

P (bar)

TE ( C)

F (l/min)

TCO2 ( C)

TS ( C)

Run order

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

200
380
200
380
200
380
200
380
139
441
290
290
290
290
290
290
290
290
290
290

80
80
115
115
80
80
115
115
98
98
69
127
98
98
98
98
98
98
98
98

0.09
0.09
0.09
0.09
0.19
0.19
0.19
0.19
0.14
0.14
0.14
0.14
0.04
0.23
0.14
0.14
0.14
0.14
0.14
0.14

60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60

52
52
52
52
52
52
52
52
52
52
52
52
52
52
52
52
52
52
52
52

1
13
8
20
14
2
9
10
5
16
12
11
6
17
3
4
7
18
15
19

(0.7 rounds)
(0.7 rounds)
(0.7 rounds)
(0.7 rounds)
(1.3 rounds)
(1.3 rounds)
(1.3 rounds)
(1.3 rounds)
(1 rounds)
(1 rounds)
(1 rounds)
(1 rounds)
(0.5 rounds)
(1.5 rounds)
(1 rounds)
(1 rounds)
(1 rounds)
(1 rounds)
(1 rounds)
(1 rounds)

Where: P is CO2 pressure, TE is extractor temperature, F is CO2 volumetric ﬂow (and ﬂow valve opening), TCO2 is CO2 preheater temperature, and TS is separator temperature.
4
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values of NRMSE percentages indicate higher model ﬁts to data.
Experimental data should be divided into training and model
evaluation data. Training data is used to ﬁt the parameters of a
model. Data applied to model evaluation can be further divided into
validation and test datasets. The validation set is used to estimate
model parameters and the test set is used for assessment of the
generalization potentiality of the ﬁnal chosen model [43]. The independent test set is typically brought out at the end of the
analysis.

shut down by following standard operations, including bumping all
setpoints and valve position back to a value of zero. After each step
in the run procedure, the value for consumed energy was logged,
making a total of eight values per run. Heating water consumption
was monitored by logging the starting and ending values on the
water ﬂow meter.
2.3.3.1. State-space modelling. Modern control is built up on statespace models, which can provide insights into the control problem
that may be more difﬁcult to see from an input-output perspective.
In the state-space form, the relationship between input and output
is written as a ﬁrst-order differential equation system using a state
vector [36,37]. A linear time-invariant and time-discrete system can
be described by the following state-space representation [36]:

xðk þ 1Þ ¼ AxðkÞ þ BuðkÞ;

(2)

yðkÞ ¼ CxðkÞ þ DuðkÞ;

(3)

3. Results and discussion
3.1. Experiments
The 20 experimental runs [44] were conducted in two separate
sets (run orders 1e11, 12e20) on two consecutive days. The average
electricity consumption per minute in steady-state operation
(Essavg) and average total heating water consumption (H2Oavg)
were determined for each experimental run (Table 2). Essavg was
calculated from the period between the processes settling at the
conditions determined by CCD and shutdown. H2Oavg was calculated by dividing the total water consumption by total runtime of
each experiment. The experiments were ordered according to
extractor temperatures due to the slow cooling dynamics, and then
randomized based on pressure and ﬂow values. The variance between the center trial results was feasible (standard deviation of 9%
for steady-state electricity consumption and 5.5% for heating water
consumption). Due to this, the systematic error of the experiments
is interpreted as quite insigniﬁcant and, therefore, the experimental
runs can be assumed quite reliable in terms of energy consumption.
Electricity consumption output values were relatively similar
between experiments and their repetitions, with average and median deviations of 5.7% and 6%, respectively. However, heating
water consumption exhibited much larger differences between the
sets, with an average of 49.2% and median of 56.4%. The large deviation was most likely due to a leak in the control valve, which was
noted during the execution of the repetition set. The increase was
relatively uniform across the whole dataset. Therefore, the median
error was deducted from heating water consumption in the repetition datasets to compensate the difference caused by the leak.

where x is the state vector, y is the output vector, u is the input
vector, A is the state (or system) matrix, B is the input matrix, C is
the output matrix, and D is the feedthrough matrix.
With classical identiﬁcation algorithms, priori knowledge of the
order and of the observability indices is required for parameter
estimation [38]. Using N4SID (numerical algorithm for subspace
system identiﬁcation) algorithms, most of this a priori parametrization can be avoided. N4SID algorithms are non-iterative, and
therefore they overcome the typical disadvantages of iterative algorithms (such as no guaranteed convergence, local minima of the
objective criterion, and sensitivity to initial estimates) [39]. The
conceptual straightforwardness of subspace identiﬁcation algorithms translates into user-friendly software implementations
since the user is not confronted with highly technical and theoretical challenges such as canonical parametrizations. More details
on N4SID algorithms can be found in Ref. [39].
2.3.4. Model performance measures
Mean Absolute Percentage Error (MAPE) is a popular measure
for evaluating model accuracy, and is given by Ref. [40]:

MAPE ¼ 100%,


n 
b
1X
y i  y i ;
 y 
n
i

(4)

3.2. Regression model for steady-state energy consumption

i¼1

Utilizing the results obtained from CCD, MATLAB® Statistics and
Machine Learning Toolbox™ was applied for regression and
graphical analyses of the experimental data. Steady-state electricity
consumption per minute (Essavg) was modelled in this analysis
because it could be easily calculated from the dynamic data. It was
reasoned that the same analysis would be unavailable for heating
water consumption, as distinguishing steady-state behavior was
unfeasible from only two measurements per run. Essavg describes
how much electricity is consumed in the “effective” period of the
extraction process, as the process values have already settled to
their setpoints.
Essavg was estimated as a function of CO2 pressure (P), extractor
temperature (TE) and CO2 volumetric ﬂow (F) by correlating with a
set of regression coefﬁcients. The results obtained were then
analyzed to assess the goodness of ﬁt. The response surface model
which was obtained from the experimental design was evaluated
using analysis of variance (ANOVA). The value of Student's t-distribution, given 10 of freedom and conﬁdence intervals of 95% and
80%, is 1.81 and 0.88, respectively [45]. The F-value, given 10 of
freedom and a conﬁdence interval of 95%, is 3.14 [46].
From Table 3, it can be observed that according to t- and corresponding p-values, single variables included in the model are

where n is the total number of experiments, y is measured output
value, and b
y is modelled output value. Lower values of MAPE
indicate higher model ﬁts.
MAPE is often used in practice because of its very intuitive
interpretation in terms of relative error [41]. MAPE does, however,
produce inﬁnite or undeﬁned values when the measured output
values are zero or close to zero. This is speciﬁcally common in dynamic process operation data, where during some parts startup and
shutdown, process variables such as ﬂow may decrease to zero.
Therefore, additional error estimation methods should be considered for evaluating dynamic process models. Root Mean Squared
Error is chosen as an alternative estimate for model evaluation and
comparison. The estimate can be made by calculating the
Normalized Root Mean Squared Error (NRMSE) as a percentage
[42]:

!
yj
jy  b
 ;
NRMSE% ¼ 100%, 1  

y  yavg 
b

(5)

b is modelled output value,
where y is the measured output value, y
and yavg is the average value of the measured outputs. Higher
5
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Table 2
Energy consumption during the experiments.
Experiment (runtime)

Essavg, Wh (difference between experiment and repetition)

H2Oavg, l/min (difference between experiment and repetition)

1 (1 h 18 min 40 s)
2 (1 h 8 min 17 s)
3 (1 h 5 min 45 s)
4 (1 h 13 min 15 s)
5 (0 h 57 min 52 s)
6 (0 h 59 min 20 s)
7 (1 h 2 min 55 s)
8 (0 h 53 min 16 s)
9 (1 h 10 min 21 s)
10 (1 h 2 min 9 s)
11 (1 h 22 min 16 s)
12 (1 h 14 min 8 s)
13 (1 h 4 min 9 s)
14 (1 h 4 min 1 s)
15* (1 h 8 min 40 s)
16* (1 h 4 min 5 s)
17* (1 h 4 min 34 s)
18* (1 h 2 min 15 s)
19* (1 h 0 min 43 s)
20* (1 h 3 min 22 s)

13.7
19.4
16.9
20.8
19.5
24.2
20.1
27.3
15.8
29.0
16.5
35.3
17.2
32.3
18.5
20.4
21.9
17.4
17.7
18.8

1.54
1.10
0.91
0.97
1.24
1.52
1.07
1.13
0.94
1.08
1.35
1.00
1.03
1.42
1.03
1.11
1.19
1.06
1.04
1.14

(þ5.8%)
(þ12.4%)
(24.5%)

(1.3%)
(þ37.8%)

(30.0%)

(þ6.2%)
(þ10.4%)
(þ4.2%)

(þ36.4%)
(þ56.8%)
(þ29.6%)

(þ56.3%)
(þ61.9%)

(þ35.7%)

(þ57.1%)
(þ69.4%)
(þ39.6%)

Bold indicates cold start; Italic indicates extractor temperature value step-up from previous run; * indicates center trial.
Where: Essavg is average steady-state electricity consumption per minute, and H2Oavg is average heating water consumption.
Table 3
Values of the regression coefﬁcients for the design variables CO2 pressure (P),
extractor temperature (TE) and CO2 volumetric ﬂow (F) of the steady-state electricity
consumption equation and their t-values, where t0.2,10 is t-distribution value at 10
of freedom, and conﬁdence interval is 80%.

Constant
Linear terms

Interaction terms

Quadratic terms

Design variables

Coefﬁcient

Value

t-value

p-value

e
P
TE
F
PTE
PF
TEF
P2
T2E
F2

b0
b1
b2
b3
b12
b13
b23
b11
b22
b33

47.2
0.00
0.83
13.86
0.00
0.01
0.02
0.00
0.01
11.8

0.84
0.01
1.03
0.35
0.08
0.19
0.06
0.21
1.41
0.97

0.42
0.99
0.33
0.73
0.94
0.85
0.96
0.84
0.19
0.35

t0.5,10 ¼ 1.81, t0.2,10 ¼ 0.88.
Where: b indicates regression coefﬁcient, P is CO2 pressure, TE is extractor temperature, F is CO2 volumetric ﬂow.

insigniﬁcant at a signiﬁcance level of 95%. At signiﬁcance level of
80%, some terms become statistically signiﬁcant, with the linear
effect of TE and quadratic effects of TE and F indicating strong inﬂuences on steady-state electricity consumption. These observations are supported by the fact that the highest steady-state energy
consumption values were observed in the experiments during the
highest process temperature and CO2 ﬂow setpoints. However, the
obtained F-test value of 3.25 for the model at a signiﬁcance level of
95% is larger than the tabular value (with a low p-value of 0.04),
conﬁrming that the combination of variables included in the model
is signiﬁcant. The discrepancy between the results of t- and F-tests
could be caused by coupling between the input variables, indicating
multicollinearity [47]. This high degree of multivariable coupling in
SFE process variables is a renowned issue [1,48]. The R2 value of
0.733 indicates that over 73% of the variability in steady-state
electricity consumption is explained by the equation, which indicates decent correlation for real-time monitoring.
The MAPE for the model (Eq. (4)) was 10.1%, indicating good
model ﬁt. The measured and modelled steady-state electricity
values are shown in Fig. 3. Residuals were also analyzed and plotted
against the expected values, given by a normal distribution (Fig. 4).
The trend observed in the normal probability plot reveals
reasonably normally distributed residuals. However, the variation

Fig. 3. Measured steady-state electricity consumption and against modelled values
with the regression model.

of the residuals appears to be heteroskedastic according to residual
plots. The reasons for this may include that the explanatory variables explain the variation inefﬁciently, or there are unmodelled
nonlinear associations. The model was further tested against responses provided by two additional experimental test runs (discussed in Section 3.4).
A response surface of the regression model was generated by
representing steady-state electricity consumption values by color
intensity (Fig. 5). The surface plot indicates higher electricity consumptions at higher values of each studied process variable.
However, an increase of volumetric ﬂow seems to more signiﬁcant
effect on changes of energy consumption than pressure and
temperature.
3.3. Identiﬁcation of subprocess models
Utilizing the dynamic data acquired from the system identiﬁcation experiments [44], dynamic models for each subprocess were
6
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Fig. 4. Model error analysis, electricity consumption (measured and modelled values).

runs in the experimental design (11 runs). Validation data consisted
of the second set of experimental runs in the experimental design
(9 runs). Repetition runs of the validation dataset were utilized in
evaluating the replicability of the experiments by comparing the
similarities of the sets. Two separate experimental runs were
conducted later for model testing (discussed in Section 3.4).
It was assumed a'priori that the dynamics and input-output
relations of the process could be modelled with linear model
structures. Some subprocesses were modelled using more than one
local model if a single linear model could not produce a satisfactory
outcome. Interactions between subprocesses were considered by
adding variables of other subprocesses as measured disturbances to
the models. Discrete state-space models (Eqs. (2) and (3)) were
applied as the default model structure, and the N4SID prediction
error method was used for identifying its parameters. Band-limited
white Gaussian noise was introduced to the subprocess models for
simulating sensor noise, the power of which was based on visual
inspection of each subprocess data. The identiﬁed model was then
validated over independent validation data sets by cross-validation
using NRMSE percentage (Eq. (5)). The 12 identiﬁed state-space
local models and their speciﬁcations are shown in Table 4.
The CO2 pressure output before pump start could not be accurately replicated in the repetitions. This was due to the initial value
of pressure pre-step input being heavily dependent on the initial
CO2 amount in the system before starting the pumps, causing
differing starting points for the experiments. However, the
behavior of pressure output post-step change was visually uniform
across the experiments, which was important for ensuring the
capture of the dynamics and their effect on energy consumptions.
The initial condition of the model was set to the nominal value
before pump start, namely to 50 bar. The experimental and simulated pressure outputs are presented in Fig. 6.
Local models of heaters generally showed quite high accuracy in
the experiments (Table 4). The best ﬁt among the local models was
for CO2 preheater temperature heating model, namely 96.6%, with a

Fig. 5. Response surface for steady-state electricity consumption, intensity of the color
indicates consumption levels (Wh).

identiﬁed by utilizing the MATLAB® System Identiﬁcation
Toolbox™. This included modelling of seven subprocesses in total:
Closed-loop responses for CO2 pressure, CO2 preheater temperature, extractor temperature, separator temperature, open-loop
response for CO2 volumetric ﬂow, heating water consumption
and electricity consumption. The mean values of pressure and ﬂow
during two pump cycles (80 s) were used for eliminating the
oscillation in the outputs caused by the pump unit. Input signal
sequences were applied manually during the experiments and
were interpreted as sharply edged signals across this whole study,
minimizing the uncertainty regarding applied inputs. A sampling
time of 1 s, the same as in data acquisition, was chosen for the
identiﬁcation. Experimental data was divided into training, validation, and test data sets: Training data consisted of the ﬁrst set of
7
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Table 4
Speciﬁcations of the identiﬁed state-space local models.
Output variable

Fy

H2Oy
Ey

Local model

Input variable

Measured disturbance

Model order

NRMSE% (repetition difference)

Gaussian white noise power (dB)

Pre pump start
Post pump start

Pu
Pu

TEy
TEy

14
3

92.6 (75.2%)
70.1 (þ1.7%)

60
60

e
Heating
Cooling

Fu
TEu
TEu

Pe

2
2
10

44.3 (þ43.8%)
81.6 (þ6.1%)
91.2 (3.1%)

60
15
15

Heating
Cooling

TSu
TSu

Fu
Fu

13
2

62.1 (þ3.4%)
64.1 (6.2%)

200
200

Heating
Cooling (pre pump start)
Cooling (post pump start)

TCO2u
TCO2u
TCO2u

Pe

14
4
1

96.6 (0.1%)
76.8 (6.4%)
59.4 (59.8%)

10
10
10

e
e

TSu
Py, Fy, TEy

1
1

89.1 (19.7%)
79.7 (þ12.9%)

e
e

Py, TEy, Fu

Where: y notes output, u notes input, e notes difference between measurement and setpoint, P is pressure, F is CO2 volumetric ﬂow, TE is extractor temperature, TS is separator
temperature, TCO2 is CO2 preheater temperature, H2O is heating water consumption, E is electricity consumption, - indicates a single model for the whole subprocess.

Fig. 6. Simulated and measured step responses of CO2 pressure plotted during an
experimental run and its repetition.

Fig. 7. Simulated and measured step responses of extractor temperature plotted
during an experimental run and its repetition, using different initial conditions.

MAPE (Eq. (4)) of only 1.3%. The CO2 cooling model for post-pump
start saw a decrease of 59.8% in ﬁt percentage from the original
experiments compared to repetitions. This was most likely due to
the slightly different operations of CO2 preheater in the original and
repetition sets: In the original set, the pump was turned on after the
CO2 preheater temperature had reached its peak and started cooling. In the repetition set, the pumps were turned on primarily
before the temperature had peaked. This action had a differing
effect on the response, and therefore the model ﬁt decreased.
However, the dynamics of both experiments were successfully
modelled, as shown by the simulations. The different initial conditions between the experiment and repetition were caused by
unmodelled process conditions such as process hall temperature
and initial amount of CO2 in the system. However, both experiments showed that the process behavior could be successfully
repeated despite different starting points (Fig. 7).
Experimental and simulated ﬂow outputs are presented in
Fig. 8. The initial peaks in the response are caused by pressure step
change, and the following changes are caused by valve position
operation in steady pressure conditions. The repetition set was

initialized at a lower pressure because compressed air pressure on
the experiment day was insufﬁcient to open the control valve at
similar pressure to the original experiment, causing a higher peak
in the output. The steady-state values post valve position step input
differed notably, most likely caused by differing liquid CO2 storage
level, which was unquantiﬁed in the experiments. The tank had to
be ﬁlled during the execution of the original experimental set,
leading into a lower ﬁt percentage. The repetition sets were closer
ﬁts to the simulations, as the steady-state values were signiﬁcantly
closer to the model output. The capture of dynamic behavior of CO2
ﬂow is deemed successful, as the model output response to disturbances and inputs was very similar.
Electricity consumption was assumed to be directly related to
the operational subprocess responses; thus, outputs for TE, P and F
were set as the input variables for electricity consumption models.
The simulated responses replicated process behavior relatively well
(Fig. 9).
Heating water consumption was assumed to be directly proportional to the inputs applied to the water heating based Ts, and
the operational subprocess outputs were included in the model as
8
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Fig. 8. Simulated and measured step responses of CO2 volumetric ﬂow plotted during
an experimental run and its repetition.

Fig. 10. Simulated and measured responses of heating water consumption plotted
during an experimental run and its repetition.

ﬁndstates function determines initial conditions for the models, and
lsim function simulates the outputs of the process according to
user-deﬁned batch operation conditions and total runtime. The
total runtime parameter determines the simulation time. The setpoints and step times for operative closed-loop processes (TE and P)
are given as inputs; the setpoints for TS and TCO2 are kept constant
at 52  C and 60  C respectively, and they are applied simultaneously
with TE. For the open-loop process F, the input is given as the
desired control valve position instead of setpoint. Based on these
inputs, step input sequence arrays, including input values for each
time step of the total runtime, are computed, and fed into their
appropriate process models. The responses of the models are displayed to the user. In addition, the open-loop identiﬁed steadystate value for CO2 volumetric ﬂow after settling at given valve
position (Fref) is determined and displayed. The structure of the
simulator is shown in Fig. 11.
Additionally, two independent experimental runs were carried
out at randomly determined conditions within the operation range
of the process. The data gathered from these experiments was then
used to provide an unbiased evaluation of the simulator's ﬁts performance by determining the MAPE (Eq. (4)) for each of the
modelled outputs (Table 5). Overall, the simulated subprocess
(Table 4) and steady-state electricity consumption (Table 3) model
outputs showed decent accuracy with test datasets, namely median
MAPE's as low as 3%. A notable outlier was the dynamic model for
energy consumption with a median MAPE of 39.3%, caused by
inaccuracies in extractor heating start-up electricity consumption
modelling. However, the steady-state energy model had a relatively
low median MAPE of 7.6%, indicating that the electricity consumption dynamics in process operation are sufﬁciently covered.
The simulator enables further developments in energy efﬁcient
SFE process operation. Advanced, model-based control schemes
such as model predictive control can be evaluated through simulations prior to real-life applications. The modelled energy consumption responses can be included in a cost function structure as
a criterion for a control algorithm, providing ﬂexibility in control
and optimized process operation. Regression model for steadystate electricity consumption showed the signiﬁcance of different
operational variables, and it can be utilized in predicting the total
energy consumption during the effective extraction phase. The
identiﬁcation procedure ensured that the models could be generalized for any SFE process with similar subprocesses. Therefore, the

Fig. 9. Simulated and measured responses of electricity consumption plotted during
an experimental run and its repetition.

measured disturbances. Accurate replication of dynamic responses
was not to be excepted, given that heating water consumption was
only monitored at the beginning and end of every experimental
run. However, the ﬁt percentage and inspection of simulated responses showed that the models fare relatively well in replicating
process behavior (Fig. 10). Most notable difference was in the
repetition experiment, where the total amount of water.
Interactions between subprocess were modelled by including
the interacting responses in the models as measured disturbances.
As this was done largely heuristically, accurate modelling of control
loop coupling is unexpected. However, the SFE modelling task is
deemed successful overall in the context of this study, as the
importance is to capture the dynamics of the subprocesses for
simulations. This was also supported by the relatively uniform
model ﬁts between original experimental sets and their repetitions.
3.4. Process simulator and testing
The identiﬁed models were utilized for developing a SFE batch
process simulator in MATLAB® environment. In the simulator,
9
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Fig. 11. Structural description of the developed batch SFE process simulator: t is the total simulation runtime, and Xt and Xsp note the step time and setpoint value respectively for
variable X.

data. However, the residual analysis also showed that the operative
variables implicate possible nonlinearities in steady-state electricity consumption. Response surface computed according to the
regression model indicated higher electricity consumptions at
higher values of each variable in their operative regions, with CO2
ﬂow increases causing the most signiﬁcant increases. Twelve
identiﬁed state-space models for seven subprocesses showed
decent ﬁts to validation data with the best local model exhibiting a
MAPE as low as 3% with test data. The identiﬁed models and
developed simulator have further potential in the development of
energy efﬁcient operation and advanced control in supercritical
ﬂuid extraction, topics that have rarely been issued in past research.
The energy response models can be applied for real-time energy
monitoring and further optimization of supercritical extraction.

Table 5
Calculated Mean Absolute Percentage Errors between simulated outputs and test
datasets.
Output variable

MAPE (Test Exp. 1)a

MAPE (Test Exp. 2)b

MAPE (Median)

P
TE
F
TS
TCO2
E
Essavg
H2O

6.7%
3.5%
19%
5.1%
2.7%
37.4%
2.8%
31.2%

6.8%
3.2%
16.9%
40.9%
3.5%
41.3%
12.4%
29.8%

6.8%
3.4%
17.9%
23%
3%
39.3%
7.6%
30.5%

Where: P is pressure, F is CO2 volumetric ﬂow, TE is extractor temperature, TS is
separator temperature, TCO2 is CO2 preheater temperature, E is electricity consumption, Essavg is average steady-state electricity consumption, and H2O is heating
water consumption.
a
Conditions for experiment: P ¼ 300 bar, TE ¼ 75  C, F (valve position) ¼ 1.25
rounds.
b
Conditions for experiment: P ¼ 250 bar, TE ¼ 85  C, F (valve position) ¼ 1.1
rounds.
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simulator has potential in real-time model-driven energy optimization and development of advanced control of supercritical ﬂuid
extraction processes. Efﬁcient and optimal process control and
operation in real-time is a crucial part of industrial process feasibility; Therefore, more research should be made regarding energy
analysis and transient, data-driven SFE control as it enables further
advances in simulation, optimization, and automation. The simulator also reduces the need for excessive experimenting, resulting
in time, material, and energy savings.
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