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A B S T R A C T

The sustainable and cost-effective production of hydrochar requires energy efficient processing. In this study, 
data collected from laboratory-scale hydrothermal carbonisation experiments were used to identify dynamic 
models to predict reactor temperature based on estimated heating power. The performance was then analysed 
through process simulations with model predictive control. The optimal control model exhibited root mean 
squared error (RMSE) in the range of 3.19–11.47 ◦C in model validation with data sets of 31 experiments, 
whereas for process models it was 1.49–4.79 ◦C using their training data. In simulations with the optimal control 
model at the target temperatures of 180–200 ◦C for 4–6 h, the optimal mean values of mean absolute percentage 
error (MAPE), overshoot, and specific energy consumption were 0.56%, 2.50 ◦C, and 40.86 kWh/kg, respec
tively. Simulations indicated also that strict temperature control settings (average standard deviation s = 1.24 ◦C 
at target temperature) increased specific energy consumption slightly (x = 4.4%) when compared with control 
settings that allowed higher variance around a setpoint (s = 5.11 ◦C). However, the energy consumption was 
generally more dependent on the target temperature and processing time, which was also validated based on the 
measurements of 23 additional experiments. The presented dynamic modelling approach enables accurate real- 
time process control and predictive energy consumption optimisations for hydrothermal carbonisation.

1. Introduction

In hydrothermal carbonisation (HTC), biomass is heated under the 
subcritical conditions of water to temperatures typically around 
180–260 ◦C in a closed vessel for several hours [1–3]. At the same time, 
the reaction pressure builds up in hot saturated water [4]. The biomass 
material reacts in an overall exothermic process with various complex 
simultaneous chemical reactions [5], which are governed by process 
parameters [6]. The outputs of reactions include solid and liquid phases 
and a small amount of gas, such as carbon dioxide [7]. The solid product, 
commonly known as hydrochar, can be used in various applications, 
such as soil amendment [8], water treatment [9], carbon sequestration 
[10], and more [11,12]. HTC does not require the drying of feedstock 
(wet biomass), which makes it promising from the economic perspective 
[2]. Actually, the energy efficiency of the process is an important and 
current topic [13–15], and many recent studies have highlighted that 
the economic performance of other industrial processes could also 

benefit from the integration with HTC [16–18].
During the process, energy is consumed to heat water and biomass 

from room temperature to target temperature, to heat the reactor walls, 
and due to energy losses [13]. Although heat is released via exothermic 
reactions, external energy is required to sustain the conversion process 
in practice [19]. Especially in a laboratory setup, relatively high amount 
of energy may be consumed to heat the thick reactor walls [13,20]. The 
minimisation of reactor energy losses could reduce the heating 
requirement after the initial heating phase [7,20]. Moreover, the energy 
efficiency could be increased by recovering energy and by using it to 
preheat the biomass-water mixture or to dry the hydrochar, especially in 
industrial scenarios [13]. Recent studies have also focused on the energy 
content of hydrochars and their relation to feedstock properties, process 
settings, and energy consumption during processing [20–23]. However, 
the dynamic modelling of process conditions and energy consumption 
during processing appears rare [24], even though such models can help 
to achieve energy efficient operation [25].
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The optimal process conditions in HTC are dependent on the feed
stock properties and the desired hydrochar properties [26]. For 
example, the solid yield, H/C ratio, and O/C ratio of the product are 
inversely related to process temperature [6]. Increasing reaction tem
perature and time generally increases hydrochar energy content [22]
but can reduce its energy yield [27]. Long reaction time increases the 
carbon content but decreases H/C and O/C ratios of the hydrochar, and 
so on [6]. Biomass-to-water ratio [28] and pressure [6] can affect the 
processing and products as well.

Recently, mathematical correlations have been identified in many 
studies between the process conditions and the properties of feedstocks 
and products. For example, Gallifuoco et al. [29] modelled the con
nections between the liquid and solid phase properties, whereas Ser
myagina et al. [30] identified mathematical correlations between the 
process settings and the mass and energy yields of hydrochar samples. Li 
et al. [22] used feedstock properties in random forest models to predict 
the total energy recovered in hydrochars. The correlations are 
commonly identified by applying multivariate data-driven models, 
where multivariate linear regression [3,27,28], regression trees [31,32], 
random forests [22,33], artificial neural networks [34,35], and extreme 
gradient boosting [36] are some of the applied model structures. 
Although such static models help to understand the correlations in the 
process, dynamic models could represent its performance more realis
tically [37]. Then again, the detailed modelling of reaction kinetics and 
transfer phenomena is complicated due to the complexity of the reaction 
mechanisms and the richness of experimental conditions [24], even 
though rather comprehensive mathematical models have been pre
sented by Heidari et al. [21], for example. In addition, heating modelling 
can help to understand the power requirements of the process [38], and 
lead the way to achieve the desired hydrochar properties energy- 
efficiently.

This study is focused, firstly, on the identification of models that 
capture the dynamics between the heating power and reactor temper
ature. The identification was done based on process data acquired 
during laboratory experiments, by identifying discrete-time state-space 
models [39]. Secondly, these models were used in process simulations to 

predictively control HTC process, with aims such as small tracking error 
and low energy consumption. In previous literature, the control of HTC 
reactor has been simulated and tested by applying an on–off controller 
by Heidari et al. [21]. Saha et al. [40] used a proportional-integral- 
derivative (PID) controller in their laboratory experiments. In this 
study, however, model predictive control (MPC) was applied in the 
simulations because it is often the preferred control choice in modern 
industrial applications [41]. Furthermore, the simulations were per
formed in a scenario where the process was different from the control 
model, by using different process models, i.e., by generating a plant- 
model mismatch [42] to open the potential of this approach also for 
practical applications.

To summarise, the main novelties presented in this paper include: 

• data-driven identification of dynamic models for HTC process,
• assessment of energy consumption in HTC based on process control 

values,
• analysis of energy consumption and control performance by simu

lating with the models identified.

2. Materials and methods

Fig. 1 illustrates the steps of this work, which were conducted in two 
parts. The upper part shows the steps of modelling and simulation work, 
whereas the lower part illustrates the steps for validating the energy 
consumption assessment method. In addition, the following sub-sections 
disclose the applied research methods and materials more comprehen
sively. The first sub-section describes the hydrothermal carbonisation 
experiments and data sets used. The second sub-section describes the 
applied modelling and simulation procedures.

2.1. Hydrothermal carbonisation experiments

2.1.1. Pretreatment of raw material
In this study, construction wood waste (pure Class A wood) was used 

as the raw material. The wood was collected from Kiertokaari (Oulu, 

Fig. 1. General overview of research procedure.
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Finland). It was chopped into 10–20 mm sizes and crushed using a Rapid 
200 Series granulator. The granulator was manually operated by feeding 
pure wood into the container, which then dropped the material onto 
rapidly rotating knives. The crushed material passed through an 
adjustable screen with varying sizes (1 to 5 mm), and the resulting 
product was collected into bags. There was no drying of raw materials 
prior to the HTC process.

2.1.2. Hydrothermal carbonisation
The hydrothermal carbonisation was done with a high-pressure Parr 

reactor (4575/76 HP/HT Pressure Reactors, USA) equipped with a 
4848-reactor controller and 1.8 kW heater. HTC was done under 
different conditions that are presented in Table 1. About 45.5 g of pure 
wood and distilled water based on the selected biomass-to-water ratio 
were put in the reactor. About 30% of air space was maintained in the 
reactor. Throughout the process, both the temperature (Type J ther
mocouple, ±2 ◦C accuracy) and pressure were actively monitored using 
the 4848-reactor controller and the pressure gauge (1% FS accuracy) 
installed at the top of the reactor. The HTC process was carried out at 
180 ◦C and 200 ◦C for 4 and 6 h. The pressure varied (10–20 bars) ac
cording to the processing temperature. Cooling water was used to pre
vent the reactor from overheating. Once the system naturally cooled 
down, vacuum filtration was used to separate the hydrochar from the 
liquid phase and dried in an oven at 80 ◦C for 24 h. Each experiment was 
conducted three times to minimize experimental error and enhance the 
reliability of the results. In addition, electricity consumption was 
measured by FHT-9999 Energy Meter, the accuracy of which was 
studied by Liikkanen and Nieminen [43]. The schematic and cross- 
section views of the reactor are illustrated in Fig. 2.

2.1.3. Data sets
Two data sets were collected for analysis. Data set 1 was acquired for 

model identification and simulation. Data set 2 included energy con
sumption measurements that were missing from the first set. Therefore, 
the second set was used to validate the calculated energy consumption, 

described in Section 2.2.3. Both sets were used for the statistical analysis 
of calculated energy consumption in relation to process parameters as 
well. From the perspective of energy consumption, the main process 
parameters were assumed to be the processing time (t) and the tem
perature setpoint (T), which are presented in Table 2 for different ex
periments analysed. All process settings and the dry mass of produced 
hydrochar are shown in Appendix A.

Fig. 3 illustrates the reactor temperature, the control loop output, 
and the calculated energy consumption in experiment 1, where the 
temperature setpoint was 200 ◦C and it was held four hours, as shown in 
Table 2. In the start, the reactor was heated with high power for several 
minutes. The temperature reached the setpoint at the 52-min point, as 
shown in graph (a). Thereafter, the controller varied its output in the 
range of 0–100 to keep the temperature around the setpoint, as shown in 
graph (b). The heating-related energy consumption was thus assumed 
periodic as shown in graph (c). The experiment ended when four hours 
of processing around the target temperature was reached. In the other 
experiments, the process was operated similarly. However, each 
experiment resulted in a slightly different operation, even with the same 
process settings.

2.2. Model identification and control

2.2.1. State-space modelling
A common way to represent a linear system in practice is to use state- 

space models and difference equations [44]. A linear time-invariant and 
discrete-time system can be described as 

x(k+ 1) = Ax(k)+Bu(k) (1) 

y(k) = Cx(k)+Du(k) (2) 

Table 1 
Synthesis conditions varied during the HTC experiments.

Parameter Values

Temperature (◦C) 180, 200
Time (h) 4, 6
pH 5, 7, 9
Biomass-to-water ratio 1:3, 1:5

Fig. 2. (a) Schematic view of the Parr reactor and 4848-reactor controller connected to a computer (b) cross section view of the reactor with the sample inside.

Table 2 
Categorisation of experiments in data set 1 (n = 31) and data set 2 (n = 23) based 
on processing time (t) at setpoint temperature and setpoint temperature (T).

Setting (no., t, T) Data set 1, experiments Data set 2, experiments

1. t = 4 h, T =
180 ◦C

4, 5, 6, 12, 13, 14, 26, 27, 
28

37, 38, 39, 40, 41, 42, 43, 44, 
45

2. t = 4 h, T =
200 ◦C

1, 2, 3, 15, 16, 17, 29, 30, 
31

32, 33, 34, 35, 36, 46, 47, 48

3. t = 6 h, T =
180 ◦C

7, 8, 9, 10, 11 52, 53, 54

4. t = 6 h, T =
200 ◦C

18, 19, 20, 21, 22, 23, 24, 
25

49, 50, 51
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where x is the state vector, u is the input vector, and y is the output 
vector. For a system with single input and single output, the matrices A 
with size n-by-n, B (n-by-1), C (1-by-n), and D (1-by-1) represent the 
state, input, output, and feedthrough matrices, respectively. This state 
representation describes an nth order linear physical system as a set of 
first-order difference equations in a matrix format. In this study, the 
model input u was the control loop output, and the model output y was 
the reactor temperature, which are illustrated in Fig. 3.

By using N4SID (numerical algorithm from subspace system identi
fication) algorithms, the model identification can be done quickly based 
on time series data [25]. Such algorithms are non-iterative and over
come the disadvantages of iterative algorithms, such as the sensitivity to 
initial estimates, local minima of the objective criterion or unsuccessful 
convergence [39]. In this study, MATLAB® function n4sid was used, 
where the parameters defined by the user included the model order (NX) 
in the range 1–10, and the weighting scheme (N4Weight), where ‘CVA’ 
[45], ‘SSARX’ [46] and ‘MOESP’ [47] were applied.

2.2.2. Model predictive control
Model predictive control is the class of advanced control techniques 

most widely applied in the process industries [48]. MPC applies a model 
for predicting future process values and to calculate future controller 
outputs to obtain the optimal output trajectory for the setpoint tracking 
or reference trajectory tracking [49]. The main components of MPC 
include a dynamic process model, constraints, and an optimisation al
gorithm. The control actions are commonly defined by numerically 
solving a quadratic programming problem in real-time, at each time step 
[50].

MPC has various tuneable parameters, such as the lengths of pre
diction and control horizons and the weights on controlled and manip
ulated variables [49]. Additionally, constraints can be used to limit the 
values of variables during optimisation. A relatively vast literature on 
MPC is available for additional reading from different perspectives, such 
as the review article by Schwenzer et al. [41] on the practical applica
tion or the guidelines by Alhajeri and Soroush [49] on parameter tuning.

The quadratic cost function, which was continuously optimised in 
the process simulations, can be written as 

J(k) = wo

∑ne

i=1
(ys(k + i) − ŷ(k + i) )2

+wmr

∑nu

j=1
Δu(k + j − 1)2 (3) 

where wo is the output weighting factor for control error, wmr is the input 
weighting factor for the control increments, Δu is the control increment, 
ne is the prediction horizon length, nu is the control horizon length, and 
k is the current discrete time step. The control value which is updated 
each time step is uk = uk− 1 + Δu. Parameter ys is the setpoint for the 
controlled variable y and its prediction is ŷ. Various values for param
eters wo, wmr, and ne were tested in this study, as shown in Table 3. The 
control horizon length was fixed to nu = 2 (min). The applied constraints 
for process variables were u ∈ [0, 100] and y ∈

[
0, 1.1 × ys

]
◦C.

In practical applications, the process and its model commonly have 
some level of mismatch [51]. Therefore, the predicted values and the 
corresponding measured values may deviate, generating an offset be
tween the desired and actual values of the controlled variable [50]. 
Different methods to offset-free tracking, such as learning-based MPC 
[52], input adaptation [42], and disturbance rejection [53] have been 
proposed but a “standard practice” method is missing [50]. In this study, 
a simple method was used, where disturbance values were added to the 
model output value (2) in the control model. In this case, the output 
equation in the controller became 

ŷ(k) = Cx(k)+Du(k)+ d (4) 

where d is a constant value used across the prediction horizon. It is 
defined by subtracting the model output from the measured output at 
the current step k. In practice, this means that the model output at the 
current step k is first calculated by using (2); the difference from the 
measured output, i.e., d = y(k) − ŷ(k), is calculated thereafter; and 

Fig. 3. Time series examples for main process variables measured during experiments: (a) reactor temperature, (b) control loop output, and (c) energy consumption 
calculated based on control loop output.

Table 3 
Applied parameter values in MPC.

Parameter Values

ne(min) 6, 8, 10, 12, 14, 16, 18, 20
wo(dimensionless) 0.2, 0.4, 0.6, 0.8, 1, 1.5
wmr(dimensionless) 0.1, 0.5, 1
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finally used as the disturbance d in (4) for the predictions during the 
optimisation.

2.2.3. Performance metrics
The prediction performance of state-space models was evaluated by 

using the root mean squared error (RMSE) which is given by 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
N
∑N

i=1
(yi − ŷi)

2

√

(5) 

where N is the total number of observations, yi is the measured value and 
ŷi is the predicted value of the model output. Moreover, mean absolute 
percentage error (MAPE) was used to measure the average deviation of 

the controlled variable from its setpoint, which can be described as 

MAPE =
1
N

∑N

i=1

⃒
⃒
⃒
⃒
yi − ys

ys

⃒
⃒
⃒
⃒× 100% (6) 

In this case, it was calculated from the period that corresponded to the 
processing at target temperature, such as the period of 52–291 min in 
Fig. 3. In addition, overshoot (O) was used to measure the peak devia
tion from the setpoint within the same period. It is defined here as 

O = max
i=1⋯N

(|yi − ys| ) (7) 

which in this case includes the maximum deviation to the negative di

Fig. 4. Applied model identification and process simulation framework.

Fig. 5. Energy consumption in hydrothermal carbonisation of construction wood waste with different process settings.
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rection, i.e., the undershoot as well. Finally, the calculated energy 
consumption (kWh) is defined here by 

E =
∑N

i=1

( ui

100
× Pheater

)
÷ 60 (8) 

where ui is the value of control loop output, in the range of 0–100 
(dimensionless), Pheater is the maximum power of the heater (kW). In this 
study, a 1-min sampling interval was applied, and therefore, the sum 
was divided by 60 to obtain kilowatt-hours.

2.2.4. Modelling and simulation procedures
Models were identified for two purposes based on data set 1 

described in Section 2.1.3. Firstly, separate process models were trained 
for all 31 experiments represented in the data set. Different orders and 
weighting schemes were tested for the models, as described in Section 
2.2.1. The model that resulted in the lowest RMSE was selected to 
represent each experiment separately. The aim was to identify a model 
that would represent a specific full experiment as closely as possible 
with the selected input and output variables. These 31 models were then 
later used in simulations to represent the actual process in different 
experiments.

Secondly, ten control models were identified for MPC. The model 
training was done by using the data of a single experiment at a time. The 
model was then tested by using the data of all 31 experiments. There
after, data from another experiment were used for training another 
model and the model was tested by using the data of all 31 experiments, 
and so on. Based on this validation, the model that resulted in the lowest 
average RMSE was selected as the control model with the selected order. 
This was repeated with all model orders (1–10) separately.

The simulations were then performed with all the combinations of 
ten control models and 31 process models. In addition, the 144 combi
nations of parameter values in MPC, as shown in Table 3, were tested. 
This resulted in 44,640 simulation runs. The process settings, defined by 
the temperature setpoint and processing time, were the same as in the 
original 31 experiments, as shown in Table 2. The simulations provided 
information on the effects of control models and control parameters on 

the selected performance metrics. Fig. 4 illustrates the modelling and 
simulation procedures graphically.

3. Results and discussion

This section is divided into seven sub-sections. In the first sub- 
section, the energy consumption assessment method is validated based 
on the energy consumption measurements. Thereafter, the correlations 
are analysed between the energy consumption estimates and process 
parameters. The third sub-section focuses on model identification, while 
the fourth sub-section focuses on the control model selection and the 
effects of control parameters via exhaustive simulations. Thereafter, 
simulation cases are presented with optimised control parameters in two 
sub-sections. Finally, the significance of the results is discussed in the 
last sub-section.

3.1. Validation of calculated energy consumption

Fig. 5 illustrates the energy consumption during the laboratory ex
periments contained in data set 2 (n = 23) by showing the measured 
values (blue squares) and the calculated estimates (black crosses). 
Moreover, the experiments are categorized based on four process set
tings, as defined also in Table 2. The medians are shown for each setting 
as dotted lines.

Based on the medians, the relative differences between the calcu
lated and measured energy consumptions were 11.5%, 8.1%, 1.6%, and 
3.0% for process settings 1–4, respectively. This indicates that the 
measured and calculated values were relatively similar, especially in the 
6-hour experiments. However, some measured values especially in the 
4-hour experiments were exceptionally high when the heater power 
(1.8 kW) is considered. They can be explained by a malfunction in the 
power meter or operation that cannot be explained based on the control 
loop output u solely. Compared with the measurements, the calculated 
values were less scattered, perhaps showing the energy consumption 
associated with reactor heating more precisely.

The medians in Fig. 5 clearly show that the higher temperature set
point and processing time resulted in higher energy consumption, as can 

Fig. 6. Energy consumption in relation to (a) processing time, (b) temperature setpoint, (c) biomass-to-water ratio, and (d) pH setpoint. ‘Full’ shows the total energy 
consumption, ‘Start’ shows the consumption before the temperature setpoint was reached the first time, and ‘End’ is associated with the consumption after the 
setpoint was reached the first time.
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be logically expected. Then again, process settings 2 and 3 had almost 
the same consumption (almost 2.1 kWh) based on the medians of 
calculated estimates. The median of measured values was higher for 

setting 2 than for setting 3, which can be explained by the exceptionally 
high measured values recorded during the experiments. The full range of 
medians was 1.6–2.5 kWh for the measurements and 1.8–2.4 kWh for 

Fig. 7. Mean and range of RMSE for ten control models and 31 process models. The values for control models come from the validation based on the data of 31 
experiments while the values for process models come from fitting them on their separate training data.

Fig. 8. (a) Orders of process models and (b) experiments used for control model identification.
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the calculated estimates. The maximum values were thus 56% and 33% 
higher than the minimum values, respectively. The process settings had 
a significant effect on the total energy consumption.

3.2. Correlations of experimental settings with energy consumption

Fig. 6 displays the calculated energy consumption as boxplots with 
different process settings (see Appendix A) by using the data from both 
datasets (n = 54). The boxes represent the interquartile range, the lines 
inside boxes represent medians, and the whiskers represent the range. 
The plus signs are outliers. MATLAB® boxplot function was used with the 
default settings. Graphs (a) and (b) are related to process conditions, i.e., 
the processing time and temperature, whereas graphs (c) and (d) are 
related to the characteristics of the processed material, such as the 
biomass-to-water ratio and pH. Each full experiment was also divided 
into two stages, which include the heating period before reaching the 
temperature setpoint and the processing period thereafter at the target 
temperature for many hours. Those are marked as ‘Start’ and ‘End’ in the 
graphs.

Graph (a) shows that the processing time had a strong effect on the 
total energy consumption and the energy consumption at the target 
temperature, as revealed by the nonoverlapping interquartile ranges of 
different processing durations. Then again, the temperature setpoint had 
a significant effect on the energy consumption at the start and the end of 
processing both, as shown in graph (b). At the target temperature, the 
energy consumption was higher in 200 ◦C than in 180 ◦C although the 
interquartile ranges are overlapping. At the start, the difference was 
more significant because the interquartile ranges are not overlapping.

Biomass-to-water ratio and pH did not have a distinguishable effect 
on energy consumption, which is shown by the overlapping boxplots in 
graphs (c) and (d), respectively. However, this analysis does not exclude 
the possibility that biomass-to-water ratio, for example, has some effect 
on the energy consumption in case the other process settings are set 
fixed. While these parameters did not show a strong correlation with 
energy consumption, excluding their effects from modelling and simu
lation seems reasonable.

3.3. Model identification

Fig. 7 shows the mean and range of RMSE in the validation of control 
models, based on data set 1. The lowest mean 3.86 ◦C, which corre
sponds to mean MAPE = 2.15%, was achieved with the model that had 
an order of five. The range was 2.19–6.38 ◦C. The poorest fit was ach
ieved with the simplest model (order = 1) with the mean over 45 ◦C. In 
general, the models with the orders of 5–10 had lower mean than the 
models with lower orders. Perhaps it should be mentioned that MAPE in 
model identification was calculated based on the entire time series of the 
predicted and measured time series, which departs from the definition 
given in Section 2.2.3.

In addition, Fig. 7 shows the mean (2.99 ◦C), minimum (1.49 ◦C), 
and maximum (4.79 ◦C) RMSE of all 31 process models fitted on their 
training data. The corresponding values of MAPE were 1.68%, 0.85%, 
and 2.99%, respectively. These values were lower than the corre
sponding values with any control model, which is explained by the fact 
that the process models were only tested with their own training data. 
After all, the purpose was to use them as representatives of laboratory 
experiments as accurately as possible, and then use them as process 
models in simulations, where process and control models had mismatch.

Fig. 8 illustrates the model order for each process model in graph (a). 
The process models had often rather a high order (≥6) and seventeen of 
them had the order of 9 or 10. This indicates that the best fit on training 
data was generally achieved with models that had many state variables. 
The experiments used for the training of the control models are shown in 
graph (b). The control model was identified twice based on experiment 
24 (t = 6 h, T = 200 ◦C) and experiment 27 (t = 4 h, T = 180 ◦C). Based 
on the mean RMSE in validation, the best control model (order 5) was 
identified from 6-hours experiment in 180 ◦C temperature.

Fig. 9 demonstrates the fitted process model and control model 
(order 5) using the data of experiment 1 (see also Fig. 3). For this set of 
reactor temperature values, RMSE of the process and control models 
were 4.79 ◦C and 4.16 ◦C, respectively. The process model had the 
highest RMSE of 31 identified process models (see also Fig. 7), which 
indicates its fit was the poorest of all process models. The process model 
and the control model clearly had different performances with the same 
values of input u, which highlights the discussed need for mismatch 

Fig. 9. Fitting of control model and process model on time series of experiment 1.
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consideration in MPC. The estimated total energy consumption was 1.83 
kWh (or 55.88 kWh for one kilogram of hydrochar produced) while the 
consumption at the target temperature was 0.98 kWh (30 kWh/kg).

3.4. Model selection and parameter effects on control

The control models were tested in exhaustive simulations, where the 
process data, i.e. the reactor temperature values (y), were generated by 
using the process models. The process model input (u), i.e. the control 

Fig. 10. (a) Minimum average MAPE, (b) minimum average overshoot, and (c) minimum average energy consumption at target temperature for each tested control 
model, based on simulations with 31 process models.

Fig. 11. Effect of control parameter values on performance metrics: The graphs from top to bottom show mean MAPE, mean overshoot, and mean energy con
sumption. The parameter values are shown on the horizontal axes for wmr on the left, wo in the middle, and ne on the right.
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loop output, was defined by MPC that did the predictions by using a 
control model. The process was simulated with 31 models and all the 
controller settings described in Table 3 were tested.

Fig. 10 shows the lowest mean values for three performance metrics 
in the simulations with different control models. The optimal combi
nation of control parameter values was different for each model. The 
values of the performance metrics were calculated from the periods at 
target temperature defined by the actual laboratory experiments. Un
successful controller settings were removed from the simulation results: 
If the mean value for any metric was higher than the maximum in 31 
laboratory experiments, the results of that setting were removed.

Based on the results, the control model with the order of 7 was 
generally the best, because it reached the lowest relative error (MAPE =
0.56%), the lowest overshoot (2.50 ◦C), and the second lowest energy 
consumption at target temperature (1.32 kWh or 40.86 kWh for one 
kilogram of hydrochar produced). The lowest energy consumption was 
reached with the model that had an order of 1 (1.27 kWh or 39.32 kWh/ 
kg). However, that model suffered especially from the high overshoot, 
which indicates that the control performance was inferior. Interestingly, 
the model with the best accuracy in model identification (order = 5) was 
among the three worst models based on all the metrics. This indicates 
that selecting a model without simulating its use in control, could lead 
into a poor selection. Then again, the missing values in Fig. 10 for the 
models with the orders of 6, 8, and 9 can be partially explained by 
inappropriate controller settings, such as a too short prediction horizon, 
as indicated by additional testing not illustrated here. Therefore, the 
control model candidates must be tested in simulations with the selected 
control settings to determine their suitability for the intended use.

Fig. 11 illustrates the effects of control parameters (wmr, wo, ne) on 
the selected performance metrics. The values of metrics represent the 
mean values of 31 process simulations for different control settings. The 
control model with the order of 7 was applied in these simulations. In 
each shown boxplot, the parameter value in question was kept fixed 
while the other parameter values were changed. The unsuccessful tests 

were removed with the same approach as above. The boxplots contain a 
varying number of samples.

The results indicate that the prediction horizon had the greatest ef
fect on the performance metrics. The deviation from the setpoint 
(MAPE) and overshoot generally decreased with an increasing predic
tion horizon whereas the energy consumption increased. The other two 
control parameters had weak correlations with the performance metrics.

The full ranges of mean values were 0.56–3.41% for MAPE, 
2.50–19.41 ◦C for overshoot, and 1.32–1.39 kWh for energy consump
tion. The maximum values were thus 610%, 780%, and 5% higher than 
the minimum values, respectively. This suggests that the control effects 
were relatively minuscule on the energy consumption on average but 
substantial on the other two metrics.

The selection of control settings, such as the prediction horizon, 
appears to be a trade-off between the energy consumption and the 
tracking error. However, the energy consumption seems to be largely 
dependent on the processing time and temperature setpoint, as illus
trated in Sections 3.1 and 3.2. Therefore, the small tracking error, as 
indicated by low MAPE and overshoot, can be a practical aim for the 
control optimisation.

Fig. 12. Reactor temperature (top) and heating power (bottom) in three simulations. Graphs (a) and (d) show the case where MAPE was minimised, whereas 
overshoot was minimised in graphs (b) and (e), and energy consumption was minimised in graphs (c) and (f).

Table 4 
Values of performance metrics in three optimised cases and corresponding 
control settings. The process model of experiment 14 and control model with 
order of 7 were used with process settings t = 4 h and T = 180 ◦C.

Optimal MAPE Optimal O Optimal E

Results ​ ​ ​
MAPE(%) 0.19 0.29 1.80
O(◦C) 4.07 0.77 11.63
E(kWh) 1.09 1.10 1.02

Settings ​ ​ ​
wmr 0.1 1 1
wo 0.8 1 0.2
ne 20 20 14
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3.5. Simulation cases with optimal controller settings

Fig. 12 shows three simulation cases where the control model with 
the order of 7 was applied together with the process model of experi
ment 14 (where t = 4 h, T = 180 ◦C). The controller settings (wmr, wo, 
and ne together) were selected based on the minimum mean MAPE, 
overshoot, and energy consumption in 31 process simulations. Table 4
presents the values of the performance metrics in the simulation cases 
together with the optimised control settings. The matrices of both 

models are given in Appendix B.
The results illustrate the effect of heating on the reactor temperature. 

In the start, the reactor was heated with high power (1.8 kW) to increase 
the temperature level towards the setpoint. However, the heating 
behaviour near the room temperature in the identified models is unre
alistic, while the temperature increases there even without heating, 
which can be tested with the models described in Appendix B Therefore, 
the behaviour closer to the setpoint is more relevant.

The heating power dropped after the initial heating part and the 

Fig. 13. (a) Standard deviations of reactor temperature in 31 experiments, (b) relative difference between “Optimal MAPE” and “Optimal E” settings for standard 
deviations of reactor temperatures, (c) specific energy consumption values, and (d) relative difference between “Optimal MAPE” and “Optimal E” settings for specific 
energy consumption values.

Fig. 14. Variation of specific energy consumption based on repetitions of specific process settings.
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operation had differences between the cases thereafter. In cases with the 
optimal MAPE and overshoot, the power settled close to 280 W after the 
drop. The change was slightly smoother in the case of overshoot opti
misation. The prediction horizon was 20 min long in both, but the other 
two control parameters had smaller values for MAPE optimisation. To 
optimise the energy consumption, the reactor temperature was allowed 
to swing around the setpoint, as shown in graph (c). This was caused by 
the fluctuating heating power, as shown in graph (f). In this case, the 
values of ne and wo were smaller than in the other two optimised cases. 
With a short prediction horizon (ne), the MPC controller adapted to the 
slow dynamics of the process more imperfectly, and additionally, the 
low output weight (wo) allowed deviations from the setpoint.

3.6. Variation of reactor temperature and energy consumption

Additional simulations were performed with the 31 process models 
to study the variation of reactor temperature and energy consumption 
together. The control model shown in Appendix B and “Optimal MAPE” 
and “Optimal E” settings shown in Table 4 were used in MPC. Energy 
consumption was normalised by dividing it with the dry mass of pro
duced hydrochar, shown in Appendix A In the simulations, it was 
assumed that the same yield of hydrochar was achieved as in the labo
ratory experiments.

Fig. 13a shows the standard deviations of reactor temperature from 
the periods after temperature setpoint was reached the first time in the 
experiments. The lowest standard deviations (with its mean 1.24 ◦C in 
the range of 0.10–5.78 ◦C) were reached with “Optimal MAPE” setting, 
whereas “Optimal E” setting had the range of 1.03–12.86 ◦C (with mean 
5.11 ◦C). Graph (b) indicates that the standard deviation of temperature 
was 72% smaller on average by using “Optimal MAPE” setting instead of 
“Optimal E” setting. On the contrary, graph (c) indicates that “Optimal 
E” setting generally resulted in lower energy consumption. Graph (d) 
reveals that the use of “Optimal MAPE” setting resulted in 4.4% higher 
energy consumption than “Optimal E” setting on average. These results 
suggest that a strict temperature control, which is the goal in industry to 
obtain high product quality and safe operation, may require a slightly 
higher energy consumption than control settings that allow more vari
ation around the selected setpoint.

Fig. 14 illustrates the ranges of specific energy consumption values 
for all 11 process settings included in data set 1. The simulations with 
“Optimal MAPE” setting had 8.3% narrower range than the simulations 
with “Optimal E” setting on average. The broadest range with “Optimal 
MAPE” setting was 30% broader than the corresponding range with 
“Optimal E” setting (6 h, 200 ◦C, 1:3, pH 5), whereas the narrowest 
range with “Optimal MAPE” was 78% narrower than the range with 
“Optimal E” setting (6 h, 200 ◦C, 1:5, pH 9). These simulation results 
mainly indicate that the energy consumption of a specific process setting 
can be controlled accurately especially with settings that minimise the 
tracking error. Concluding from Figs. 13 and 14 together, MPC and 
dynamic models can enable accurate process control and detailed pre
dictability to the energy consumption of HTC as well.

3.7. Discussion

Energy consumption in hydrothermal carbonisation is strongly 
correlated with processing time and temperature setpoint, as shown in 
Fig. 14 (26–35, 30–42, and 52–64 kWh/kg for 4 h in 180 ◦C, 6 h in 
180 ◦C, and 6 h in 200 ◦C, respectively) and can be inferred from 
literature [13,21,54]. The simulations presented in Sections 3.4–3.6 also 
indicated that the energy consumption was affected by the control ac
tions during processing, which seems a rather unstudied topic for HTC 
[37]. However, it seems that the effect on energy consumption was small 
(the relative differences between control settings were x = 4.4% in 
Fig. 13). Therefore, the focus of control optimisation could be at mini
mising the deviation of the controlled variable, such as reactor tem
perature, from its setpoint. This was well achieved in the simulations, as 

shown in Section 3.4, where the mean value of MAPE as low as 0.56% 
was achieved.

Accurate models were identified with the chosen identification 
method, as shown in Section 3.3, where the most accurate model had 
RMSE in the range of 2.19–6.38 ◦C. Interestingly, the results in Section 
3.4 clearly showed that the most accurate model was not the optimal one 
from the control perspective (see Fig. 10). Therefore, it seems that the 
exhaustive simulations with different models, identified based on the 
data of different laboratory experiments, were necessary to obtain the 
most optimal models for control. The versatile data of multiple labora
tory experiments were essential for the model validation purpose. 
Furthermore, the results of process simulations (e.g. Fig. 12) suggest that 
the mismatch between process and control models did not cause major 
complications for the process control, highlighting the potential of this 
modelling approach also for practical applications.

The presented analysis has many areas that could benefit from 
additional research. The analysis was based on one laboratory set-up 
only which means that the results are case-specific. Laboratory-scale 
reactors are not representative of industrial-scale reactors [13], and 
therefore, the results cannot be directly scaled to a commercial setting, 
where semi-continuous, continuous, or multi-batch HTC processes can 
be used [12,55,56]. However, obviously, the presented data-driven 
dynamic modelling approach is not limited to batch reactors. The 
experimental planning for the laboratory experiments was done pri
marily for producing hydrochar at specific synthesis conditions. The 
identification of process dynamics was therefore a secondary target in 
experimental planning. Additional tests in other operational areas and 
situations could further improve the identification of process dynamics. 
Moreover, the temperature variation during processing could be further 
studied from the perspective of its effects on hydrochar properties to 
light up the connection between process control and hydrochar quality. 
In addition, the energy consumption was estimated indirectly from a 
process variable (control loop output), which was not validated with a 
real-time synchronized energy consumption measurement. However, 
the validation based on total energy consumption shown in Section 3.1
indicated that the difference between the medians of measurements and 
estimates for a specific process setting was 11.5% at maximum, which 
could be mainly explained by the unexpected variation of the power 
meter readings.

Finally, this study can advance the development of digital twins for 
hydrothermal carbonisation [57]. The results suggested that simulations 
with the identified dynamic models could provide accurate results for 
production planning, where also the energy consumption must be 
considered. Moreover, the process simulations can be conducted in real- 
time on the side of the physical process and return the control values 
there in case appropriate equipment and connections between the 
physical and digital twins exist.

4. Conclusions

State-space models were identified and used in simulations for pre
dicting reactor temperature changes based on the control values of 
reactor heating in hydrothermal carbonisation. The results showed that 
accurate control models were identified with this approach which also 
enabled estimating the energy consumption in real-time. The prediction 
horizon length in MPC was statistically the most significant control 
parameter affecting the selected performance metrics. The simulations 
clearly indicated that the reactor temperature could be controlled 
accurately, especially when long prediction horizons (e.g. 20 min) were 
applied. To control the energy consumption during processing, the 
appropriate adjustment of temperature setpoint and processing time 
proved to be highly important. In conclusion, the applied dynamic 
modelling approach can enable accurate process control and energy 
consumption predictions for hydrothermal carbonisation, which can 
ease the pursuit for energy efficient hydrothermal carbonisation.
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Appendix A 

The process settings and the dry mass of the produced hydrochar are shown in Table A.1. Biomass-to-water ratio 1:3 is associated with 202.5 ml 
water volume, whereas ratio 1:5 is associated with 230.3 ml volume.

Appendix B 

The models applied in Section 3.5 are described here. The state, input, output, and feedthrough matrices of the control model (order = 7) were 

A =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

1.011 0.4303 − 2.961 1.826 − 5.012 − 0.1501 0.6251
− 0.0017 0.8883 0.5999 0.168 0.3226 − 0.2211 − 0.2917

− 3.051e − 05 − 0.01878 0.8947 − 0.6672 0.07529 0.106 − 0.1946
2.047e − 05 0.0002809 0.07518 0.5208 − 0.7185 0.4062 0.624
1.629e − 05 0.00927 0.09935 0.2198 0.5762 0.06461 0.1557
1.406e − 05 − 0.001028 0.008588 − 0.2199 0.08244 − 0.5811 0.7746
− 8.797e − 06 − 1.833e − 05 0.0006867 0.02356 − 0.5612 − 0.5401 − 0.23

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

Table A1 
Process settings for the laboratory experiments and hydrochar mass in data sets analysed.

Data set 1 Data set 2
Exp. T (◦C) t (h) pH Water (ml) Hydrochar mass (g) Exp. T (◦C) t (h) pH Water (ml) Hydrochar mass (g)

1 200 4 5 230.3 32.71 32 200 4 9 230.3 31.52
2 200 4 5 230.3 32.25 33 200 4 9 230.3 31.58
3 200 4 5 230.3 32.40 34 200 4 9 202.5 31.95
4 180 4 5 230.3 33.26 35 200 4 9 202.5 31.81
5 180 4 5 230.3 33.13 36 200 4 9 202.5 31.85
6 180 4 5 230.3 33.45 37 180 4 9 202.5 32.03
7 180 6 5 230.3 33.11 38 180 4 9 202.5 32.51
8 180 6 5 230.3 33.59 39 180 4 9 202.5 31.81
9 180 6 5 230.3 33.44 40 180 4 9 230.3 32.13
10 180 6 5 202.5 33.67 41 180 4 9 230.3 32.03
11 180 6 5 202.5 32.98 42 180 4 9 230.3 31.98
12 180 4 5 202.5 33.50 43 180 4 7 202.5 32.16
13 180 4 5 202.5 33.34 44 180 4 7 202.5 31.88
14 180 4 5 202.5 33.59 45 180 4 7 202.5 31.56
15 200 4 5 202.5 32.75 46 200 4 7 202.5 31.23
16 200 4 5 202.5 32.12 47 200 4 7 202.5 31.61
17 200 4 5 202.5 32.03 48 200 4 7 202.5 31.75
18 200 6 5 202.5 32.25 49 200 6 7 202.5 31.71
19 200 6 5 230.3 31.74 50 200 6 7 202.5 31.44
20 200 6 9 230.3 31.40 51 200 6 7 202.5 31.98
21 200 6 9 230.3 31.48 52 180 6 7 202.5 32.03
22 200 6 5 202.5 32.38 53 180 6 7 202.5 32.12
23 200 6 5 202.5 31.23 54 180 6 7 202.5 32.41
24 200 6 5 230.3 31.43 ​ ​ ​ ​ ​ ​
25 200 6 5 230.3 31.82 ​ ​ ​ ​ ​ ​
26 180 4 7 230.3 31.92 ​ ​ ​ ​ ​ ​
27 180 4 7 230.3 32.23 ​ ​ ​ ​ ​ ​
28 180 4 7 230.3 32.14 ​ ​ ​ ​ ​ ​
29 200 4 7 230.3 31.45 ​ ​ ​ ​ ​ ​
30 200 4 7 230.3 31.67 ​ ​ ​ ​ ​ ​
31 200 4 7 230.3 31.17 ​ ​ ​ ​ ​ ​

R.-P. Nikula et al.                                                                                                                                                                                                                              Energy Conversion and Management: X 24 (2024) 100808 

13 



B =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

0.0941
0.0689

0.002555
− 0.003367
0.003992
− 0.007316

0.0304

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

C = [ 0.3002 − 0.5528 0.4873 0.4247 0.1984 − 0.2103 − 0.1228 ]

D = 0 

The initial state of the control model was 

x =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

123.2761
45.5854
18.7501
− 5.7127
− 11.6069

0.2567
− 6.4761

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

The matrices of the process model (order = 9) were 

A =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

0.9919 − 0.001262 − 0.02938 0.003449 0.04398 − 0.002825 0.000694 0.0006799 − 0.02849
− 0.1611 0.9867 − 0.05152 − 0.0286 0.02192 0.02124 − 0.02065 0.02384 − 0.0546
0.1177 0.1042 0.7001 0.2025 0.426 0.03201 − 0.04739 0.05618 0.02723

− 0.02649 − 0.005014 0.01736 0.1846 0.3114 0.3844 0.1491 − 1.277 0.4154
0.09207 0.02744 − 0.2836 − 0.7297 0.2579 − 0.07572 0.01759 − 0.109 0.1835
0.03252 0.02728 − 0.1256 0.2325 − 0.02985 − 0.5698 − 0.632 − 0.3224 0.02197
0.003197 − 0.04556 0.1037 − 0.2017 − 0.1111 0.6353 − 0.7077 − 0.05844 − 0.117
− 0.04317 − 0.02173 0.2142 − 0.2591 − 0.09102 − 0.3538 − 0.01861 − 0.3696 − 0.4175
0.01318 0.02072 0.06834 − 0.1043 − 0.3169 − 0.02166 0.004176 − 0.04101 0.3327

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

B =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

0.01162
0.02011
− 0.075
0.09092
− 0.06879
0.03178
0.003286
− 0.04275
0.02099

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

C = [ 1742 − 1017 − 41.81 − 7.52 42.09 − 11.64 18.29 − 14.12 17.34 ]

D = 0 

The initial state of the process model was 

x =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

36.9816
63.8746

− 247.2324
298.6018
− 224.2134
113.3537
6.5314

− 150.8753
58.7778

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

Data availability

The raw data required to reproduce the above findings are available 
to download from https://doi.org/10.23729/6ad31974-8511-4f3c- 
9487-58b8c3e23457. 
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economic study of HTC processes coupled with power facilities and oxy- 
combustion systems. Energy 2021;219. https://doi.org/10.1016/j. 
energy.2020.119651.

[5] Funke A, Ziegler F. Hydrothermal carbonization of biomass: A summary and 
discussion of chemical mechanisms for process engineering. Biofuels Bioprod 
Biorefin 2010;4:160–77. https://doi.org/10.1002/bbb.198.

[6] Kumar A, Saini K, Bhaskar T. Hydochar and biochar: Production, physicochemical 
properties and techno-economic analysis. Bioresour Technol 2020;310. https://doi. 
org/10.1016/j.biortech.2020.123442.

[7] Escala M, Zumbühl T, Koller C, Junge R, Krebs R. Hydrothermal carbonization as 
an energy-efficient alternative to established drying technologies for sewage 
sludge: A feasibility study on a laboratory scale. Energy Fuel 2013;27:454–60. 
https://doi.org/10.1021/ef3015266.
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