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ABSTRACT

Waste to energy is a promising way to ease the
urban burden of waste treatment and hydrothermal
carbonization (HC) can dewater the municipal wastes
with high moisture efficiently with hydrochar left. The
hydrochar with outstanding fuel characteristics can be
used as fuel for incineration to generate power. To
predict the fuel characteristics of hydrochar including the
yield, higher heating value (HHV) and carbon content
(C_char) based on the information of the wet municipal
waste, machine learning methods have been explored in
this work. Results show that the optimized Random
Forest (80 trees with 10 maximum depths) has good
multi-task prediction capability of fuel characteristics.
The R? for the predictions of the yield, HHV and C_char
are 0.80, 091 and 0.95, respectively. Moreover,
according to the feature importance analysis, the yield of
hydrochar is mainly determined by the temperature and
water content of HC, while the HHV and C_char are
dominated by the carbon and ash content of the
feedstock, respectively.
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Nonmenclature

Abbreviations

C_char carbon content of hydrochar
Fc fix carbon

HC hydrothermal carbonization
HHV higher heating value

ML machine learning

MSE mean squared error

MSW municipal solid waste

PCC Pearson correlation coefficient
RF Random Forest

\Y volatile matter

t reaction time
T reaction temperature
wWC water content
Symbols
X; the value of i th input feature x
x; the normalized value of initial x;
u the mean of x;
s the standard deviation of x;
the value of PCC for feature to target
Py or target to target
X the mean of input feature x
y the mean of output target y
R2 the coefficient of determination of
] target j
erred,i the predicted value of target j
exp.i the experimentally value of target j
v the average of the experimental
exp,ave value of target j
MSE; the mean squared error of target j
the average mean squared error of
MSE & g

multi-task targets

1. INTRODUCTION

With the development of economy and urbanization,
more and more municipal solid waste (MSW) is
generated by human activities due to the rising
population and their living standards. It is reported that
one person would produce about 477 kg per year
averagely in Europe [1]. In order to dispose the MSW,
lots of approaches have been investigated and the waste
to energy technology is regarded as one of the most
promising way. Incineration for power generation is a
prevalent technology for converting MSW into energy
because the relative high heating value (about 10
MJ/kg) of MSW [2]. However, some of MSW contain high
moisture, such as food waste from catering industry and
household, sewage sludge from municipal sewage
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treatment plant, and animal manure from livestock and
poultry industry. Those wet organic wastes are unable to
be utilized for incineration before dewatering and drying.
However, the dewatering and drying of those wet MSW
(especially sludge) are energy-intensive processes due to
their special water-trapped structure [3]. Hence, it is
necessary to employ efficient dehydration technologies
with lower energy consumption to pretreat those wet
MSW.

Hydrothermal carbonization (HC) is a
thermochemically decomposed process surrounded by
hot compressed water, which is able to destroy the
structure of wet MSW and let the bound water come out
easily with hydrochar left [4, 5]. The hydrochar is a
versatile product which can be used as fuel, fertilizer, and
even adsorption material due to its high content of
carbon, functional groups, and developed porous
structure [6-8]. In addition, it was found that substituting
coal-based energy sources with hydrochar to produce
electricity can make contribution to the negative carbon
emission [9]. Hence, it is extremely essential to
understand the fuel characteristics of hydrochar. The
yield, higher heating value (HHV) and carbon content
(C_char) of hydrochar are critical indexes to judge
whether it is qualified as a fossil fuel alternative for
power generation [2]. In order to understand those
important characteristics, the traditional way is to
conduct the HC experiments and then detect its
characteristics one by one. This process is quite
expensive, labour intensive and time consuming [10].
Therefore, it is advantageous to employ machine
learning (ML) methods trained on empirical data for
those characteristics predictions of hydrochar. In the ML
models, the relevance between input features and
output targets can be achieved from a training dataset,
and then the relevance can be further generalized to
make predictions from other new input features [11].

Recently, the applications of ML have been widely
investigated in waste treatment and other
environmental issues, such as the prediction of
bioavailability and toxicity of chemical mixtures in soil,
the forecasting of MSW generation and the prediction of
PM2.5 concentration in atmosphere [10, 12, 13].
Furthermore, the role of feedstock properties and
process conditions on products from hydrothermal
carbonization has been investigated by Li et al., and the
models are applied by Ro, et al., while its prediction
accuracy were not high [14, 15]. It can also be found that
most of the above mentioned ML work is only one output
target. Therefore, in this study, to predict the yield, HHV

and C_char of hydrochar at the same with high accuracy,
the multi-task learning of Random Forest (RF) was
investigated based on the collected data of HC of food
waste, sludge and manure. The 10-cross validation was
used for hyper-parameter tuning of RF to get an
optimized model with good prediction capacity.
Moreover, the feature importance of feedstock and
process conditions are analysed according to the
optimized RF model.

2. MATERIAL AND METHODS
2.1 Data collection

A literature survey about the HC of food waste,
sewage sludge and animal manure was conducted. The
keywords such as food waste, sludge manure,
hydrothermal carbonization, hydrochar were used in the
search process. The element analysis (C, H, N, O) and
proximate analysis including fix carbon (Fc), ash (A),
volatile matter (V) data of those feedstock and the HC
conditions data including reaction time (t), temperature
(T), and water content (WC) were collected. As for the
characteristics of hydrochar, the data of yield, HHV and
C_char were gathered. A total of 248 data entries with
the complete information were accumulated in this
work.

2.2 Data preprocessing

In order to make uniform the domain of the
variables, all the data of input feature and output targets
were normalized and the value is calculated as equation
(1)[26]:

(1)

where x; is the value of input feature i, x; was the
normalized value of initial x;. The u and s were the
mean and the standard deviation of x;, respectively.

To make rough understanding of the correlation
rapidly between the input feature and output targets,
the Pearson correlation coefficient (PCC) was employed,
and the p,, was calculated according to Equation (2)
[17]:

Z?=1(xi_f)2?=1(yi_3_’) (2)

T e o

where py.,, is the value of PCC for feature to target or
target to target, X or y denoted the mean of input
feature x or output target y. The Pearson correlation
coefficient is a measure of vector similarity. The range of
Pxy is -1 to +1, 0 means no linear correlation, negative
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and positive value means negative and positive
correlation, respectively.

In addition, in the model building process, the total
data were divided into two parts. The nine-tenth of the
total data selected randomly were training data, and the
left one-tenth data were used as test data for the final
evaluation of the developed model. In order to improve
the prediction ability of developed models, 10-fold cross
validation was used in the training process for hyper-
parameter tuning [18]. The origin training data were
randomly divided into 10 equal subsamples. The 9
subsamples were used to train model, while the
remaining one was retained as validation data to validate
the performance of the trained model. The procedure
was repeated by 10 times and the results were averaged
to choose a final model.

2.3 Modelling methods and Model evaluation

In this work, the RF regression method in the Scikit-
Learn was employed through Python to investigate the
prediction of characteristics of hydrochar, and the final
performance of the RF is the average of the trees. In the
RF model, the number of trees and the maximum depth
of the trees were important hyper-parameters. Hence
they are adjusted from 1 to 100 and 1 to 20 to achieve
the optimized model, respectively [19]. Furthermore, the
importance of input features can be analysed through
the optimized RF[20]. The deterioration of model quality
is measured as descriptor importance when each feature
is replaced by random noise in the out-of-bag validation
[21]. Therefore, the relative importance of each input
variable could be obtained according to the degree of
deterioration.

The fit goodness of the RF model was evaluated
using a coefficient of determination (R?) [10]. The error
associated with each model was assessed by using the
mean squared error [22, 23], and they were calculated
according to the equation (3-5):

. . 2
R2 =1— ln=1(yz§red,i_yejxp,i) 3
j - n j j 2 ( )
i:1(Yexp,i_Yexp,ave)
Zy(yz{red,i_yejxp,i)z
MSE; = —F=5 =0 (4)
Y™ MSE ;
MSE =2~ (5)
where, ijredi represents the predicted value of target
J, Ye];cpi represents the experimentally value of target j,

and n represents the number of data, and Ye];cp’ave is the
average of the experimental value of target j, MSE; is

the mean squared error of target j and MSE is the
average mean squared error of multi-task targets.

3. RESULTS AND DISCUSSION

3.1 Statistical analysis of feedstock and hydrochar
characteristics

In order to quickly understand the correlation for
features to targets and targets to targets, the PCC of
feature to targets and targets to targets was calculated
and shown in Fig. 1. As can be seen, both HHV and C_char
of hydrochar were the most positively correlated with
the content of C of feedstock, and followed by the H and
V contents, while a strongly negative response to the ash
content. However, the yield was positively related to the
water content of HC process, and negatively correlated
with the T of HC. In terms of the targets to targets
correlation, the three targets had an outstanding
correlation to each other. The HHV and C_char had
positively relevance to each other, and the yield was
negatively related to the HHV and C_char. The results
show that these three targets had a close correlation to
each other, indicating the possibility for the multi-task
prediction of machine learning.
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Fig 1 Pearson correlation coefficient of features to targets
and targets to targets.

3.2 Hyper-parameter tuning and evaluation of RF

Fig. 2 shows the 10-cross validated MSE values with
different values of hyper-parameters. It is found that the
MSE decreased sharply first with the increasing of the
maximum depth of trees from 1 to 5 in the RF, and then
kept a stationary trend with the maximum depth of trees
equal and more than 10. Another notable result is that
the elevation of numbers of trees had slightly impact on
the 10-times MSE under the condition of the maximum
depth of trees was lower than 5. However, when the
maximum depth of trees was more than 5, the 10-times
MSE reduced significantly in the beginning with the
increasing of numbers of trees, while the downward
trend moderated with the numbers of trees from 10 to
80. From the above-mentioned results, it is found that
the optimized hyper-parameters of RF are 80 trees with
the maximum depth of 10.
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Fig. 2. Results of hyper-parameter tuning for RF.

In order to verify whether the optimized RF is
appropriate for the non-training data, the left one-tenth
collected data was used to evaluate its multi-task
prediction capability. Both R? and MSE were used to
evaluate the accuracy of the optimized RF. The value of
R? is more closed to 1.0 and the MSE value is smaller,
indicating a better accuracy of the RF. The value of the
optimized model multi-task predicted data divided by
the corresponding original data values from the
experiment was plotted for evaluation. The prediction
results of yield, HHV and C_char of hydrochar are shown
in Fig. 3. A tighter cloud of points about the y=1 line
indicates a better and more reliable predicting
performance for the targets. Furthermore, the R? and
MSE values of HHV and C_char were all more than 0.90
and lower than 0.10, implying that the optimized RF fit
the test data of HHV and C_char quite well. It means that
the optimized RF had a high capability in predicting HHV
and C_char as long as given the basic information (values
of input features) of feedstock. However, it is worthwhile
to note that the R? of yield was 0.80 which suggests a
lower accuracy of prediction.
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Fig 3 Evaluated results of multi-task prediction of the
optimized RF.

3.3 Analysis of relative feature importance

In order to understand the feature importance of
individual target, we re-run the RF with each single target
three times to get the feature importance of the three
targets. As shown in Fig. 4, different targets possessed
different important influential factors. The yield of
hydrochar was mainly influenced by three features which
are the A, T and WC of the reactor. Furthermore, it is
obvious that two of the three important factors were
process parameters and they accounted for 43%,
indicating that the process conditions, especially the T
and WC had a significant influence on the yield of
hydrochar. The similar result was also obtained by Li et
al. [24]. As for HHV, the most important feature is C
content which was followed by A and H contents, and all
of them belonged to the characteristics of feedstock. It
recommends that the HHV was determined by the
performance of feedstock, especially by the C content.
The explanation for the result can be found in the
previous research work [4]. Hence, we can make a
decision that whether the hydrochar is qualified as fuel
for substituting of fossil fuel according to the C, Aand H
contents of feedstock with the RF model. Another
notable result is that the A content accounted for as high
as 69% in the analysis of feature importance for C_char.
It is beyond our expectation that the dominated factor
for determination of C_char of hydrochar is the A
content rather than the C contents. In addition, as for the
three targets together, it is interesting that the A is the
most outstanding feature. The possible reason is that the
A content does not only influence the content of valuable
compounds in the feedstock, but also participates in the
chemical reaction of compounds decomposition in the
HC process [25]. In general, the above results imply that
the yield of hydrochar is mainly related to the process
conditions, while the HHV and C_char are dominated by
the characteristics of the feedstock.
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Fig 4 Evaluated results of multi-task prediction of the
optimized RF.
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3.4 Limitations of the optimized RF and future work

The prediction of those targets (yield, HHV and
C_char) of hydrochar can make us understand the basic
fuel characteristics of hydrochar derived for wet wastes
by HC. This is beneficial to us on choosing the application
approaches of hydrochar. However, some other
attractive information such as the carbon recovery,
energy recovery and the atoms ratios (H/C, O/C and N/C)
of hydrochar are not predicted yet in this research. The
carbon and energy recovery can provide the energy and
resource recovery of waste treatment using HC. Besides,
the atoms ratios of hydrochar can exhibit its similarity
compared with coal, and they can indicate the stability of
carbon in the hydrochar which is a significant index for
assessing its ability of carbon capture and storage when
used as soil remediation. Another limitation of this RF is
that the accuracy of yield prediction is not excellent, and
the discussion of target to target is not sufficient for the
multi-task learning work. Therefore, the future work will
mainly focus on much more targets predictions (carbon
recovery, energy recovery and the atoms ratios).
Moreover, the other machine learning models, such as
deep neural network (DNN) and support vector
regression (SVR), will be established to obtain higher
accuracy of multi-task predictions for all the targets.

4. CONCLUSIONS

The vyield, HHV, and C_char of hydrochar were
predicted using RF based on the experimental research
data of previous work. The optimized RF with 80 trees
and 10 maximum depths has good multi-task prediction
capability for fuel characteristics of hydrochar. The R? for
the perditions of the yield, HHV, and C_char are 0.80,
0.91 and 0.95, respectively. In addition, the yield of
hydrochar is mainly related to the HC condition,
especially the temperature and water content, while the
most important influencing factors for the HHV and
C_char are the carbon and ash content of the feedstock.
In future work, the accuracy of yield, the correlation
among outputs, the prediction of other useful
information about hydrochar and HC will be further
studied to establish a comprehensive model and predict
more targets with high accuracy.
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