Results in Engineering 16 (2022) 100688

Contents lists available at ScienceDirect

Results in

Engine

Results in Engineering

o %

ELSEVIER

journal homepage: www.sciencedirect.com/journal/results-in-engineering

t.)

Check for

Improved prediction accuracy of biomass heating value using proximate e
analysis with various ANN training algorithms

Ibham Veza ™, Iriantoﬁbﬁ, Hitesh Panchal ¢, Permana Andi Paristiawan ¢, Muhammad Idris €,
.M. Rizwanul Fattah ", Nicky R. Putra®, Rajendran Silambarasan "

& Department of Mechanical Engineering, Universiti Teknologi PETRONAS, 32610, Bandar Seri Iskandar, Perak Darul Ridzuan, Malaysia

Y Department General Education, Faculty of Resilence, Rabdan Academy, Abu Dhabi, United Arab Emirates

¢ Department of Mechanical Engineering, Government Engineering College, Patan, Gujarat, India

d Research Center for Metallurgy, National Research and Innovation Agency, South Tangerang, Banten, 15314, Indonesia

€ PT PLN (Persero), Engineering and Technology Division, Jakarta, Indonesia

f Centre for Technology in Water and Wastewater, School of Civil and Environmental Engineering, Faculty of Engineering and IT, University of Technology Sydney, Ultimo
2007 NSW, Australia

8 Centre of Lipid Engineering and Applied Research (CLEAR), Ibnu Sina Institute for Scientific and Industrial Research, Universiti Teknologi Malaysia, 81310, Johor
Bahru, Malaysia

" Department of Mechanic Al Engineering, J.K.K.Nattraja College of Engineering and Technology, Namakkal, India

ARTICLE INFO ABSTRACT

Keywords:

Biomass

Higher heating value
Artificial neural network
ANN
Levenberg-marquardt
Training algorithm

The conventional experimental methods to determine biomass heating value are laborious and costly. Numerous
correlations to estimate biomass’ higher heating values have been proposed using proximate analysis. Recently,
the utilisation of artificial neural network (ANN) has been extensively applied to predict HHV. However, most
studies of ANN to estimate the biomass’ HHV only use one algorithm to train a small number of biomass datasets.
The specific objective of this study is to predict the HHV of 350 samples of biomass from the proximate analysis
by developing an ANN model which was trained with 11 different algorithms. This study fills a gap in the
research on how to predict the HHV of biomass using numerous ANN training algorithms utilising sizeable
biomass datasets. Results show that the ANN trained with Levenberg-Marquardt gave the highest accuracy. The
Levenberg-Marquardt algorithm shows the best fit giving the highest R and R? values and the lowest MAD, MSE,
RMSE and MAPE. Compared with previous biomass HHV prediction studies, the ANN model developed in this
study provides improved prediction accuracy with higher R? and lower RMSE. Results from this study have also
indicated that the Levenberg-Marquardt should be the first-choice supervised algorithm for feedforward-
backpropagation.

1. Introduction

Biomass is a promising bioenergy resources due to its net-balanced
CO5 emissions [1-3]. The utilisation of biomass needs a thorough un-
derstanding of its key fuel properties. One of crucial properties to
determine is the higher heating value (HHV). HHV is described as the
total heat liberated when one unit fuel mass is burned entirely, including
the latent heat stored in the vapourised water of liquid as the product of
combustion. Therefore, fuel with greater HHV will produce relatively
higher energy output.

A bomb calorimeter is normally used to determine HHVs, but this
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conventional method is complicated, laborious and expensive to
perform. To overcome these problems, a number of correlations have
been recommended to quantify higher heating values using the proxi-
mate and ultimate (elemental) analysis. In terms of proximate analysis,
biomass has a higher heating value that is positively correlated with the
composition of fixed carbon but negatively related to the ash content
[1]. In general, the biomass comprises of greater than 50% volatile
content (dry basis) with less than 50 and 30% of ash and fixed carbon,
respectively as shown in Fig. la.

As for the elemental analysis, biomass normally has higher H/C and
O/C ratios than the typical solid fossil fuels as shown in Fig. 1b. The
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Fig. 1. (a) Proximate and (b) elemental compositions of biomass [4]. Reused with permission from Elsevier.

ultimate analysis offers an elemental composition of biomass. However,
such analysis is expensive and requires specific experimentation
method. The approach of proximate analysis is a more straightforward
and affordable way, making it a major area of interest for HVV esti-
mation of biomass. It determines the biomass components characterised
by fixed carbon (FC), ash content and volatile matter (VM).

In addition to proximate analysis, previous studies have noted the
importance of soft computation method like an artificial neural network
(ANN) as the prediction tool to predict biomass’ HHV. Keybondorian
et al. [5], for instance, developed multi-layer perceptron (MLP) ANN to
estimate the HHV based on the volatile matters, ash content and fixed
carbon. In their similar study, Keybondorian et al. [6] utilised the sup-
port vector machine to predict 350 samples of biomass’ HHV. The MLP
ANN model was also developed by Darvishan et al. [7] to estimate the
biomass’ HHV according to their ultimate analysis. It was found that the
MLP-ANN gave great accuracy with the coefficients of determination
(R?) for the testing and training stages being 0.999312 and 0.999986,
respectively. Using iterative neural networks adapted with partial least
squares (INNPLS), Hosseinpour et al. [8] successfully predicted the HHV
based on their proximate investigation having the R? > 0.95, MAPE
<3% and MSE <0.62.

Although several studies have indicated the promising of ANN
models to estimate the HHV of biomass, little attention has been paid to
investigate various ANN’s training algorithm for a large number of
datasets. It is remarkably challenging to determine which algorithm
would give the best performance accuracy for a particular task. This
study used artificial neural networks model trained with eleven different
training algorithms to predict the biomass’ HHV. Data comprising of 350
samples biomass’ HHV in the range between 5.6 and 34.4 MJ/kg were
gathered from previous studies to develop the model. This study aims to
predict the HHV of 350 samples of biomass from the proximate analysis
by building an ANN model trained with 11 different algorithms. This
study fills a gap in the research on how to predict the HHV of biomass
utilising numerous ANN training algorithms with sizeable biomass
datasets.

2. Material and method
2.1. Data gathering

Data of 350 biomass’s HHV along with their proximate analysis have
been gathered from previous studies [8-11]. The dataset has the values
of fixed carbon, volatile matter, and ash content (dry weight basis)
ranging from 1.0 to 91.5%, 0.9-92.0% and 0.1-77.7%, respectively with
the HHV value differs from 5.6 to 34.4 MJ/kg. The data were allocated
randomly by 70% (245), 15% (52) and 15% (53) for training, validation
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Results in Engineering 16 (2022) 100688

1.0 4

Biomass

B Microalgae
0.8 4 @ Macroalgae

A Sludge

€ Energy crop

% Lignocellulose
0.6 4

Peat
0.4 1 i
Lignite
0.2 1
Coal
Anthracite

() (‘ T T T T T » T T T T T T 1

00 02 04 06

Input layer
Hidden layer
Updated
Output layer We{')?:; :”d
Generation of ANN . :
output Training algorithms
MSE<Threshold No

and
Cycle number=Limit

End of simulation

Fig. 2. Flowchart of neural network algorithm.

and test, respectively. The flowchart for the overall methodology is
shown in Fig. 2.

2.2. Artificial neural network

In this study, the feed-forward backpropagation network was used as
the learning algorithm due to its effectiveness. Log-sigmoid (logsig) was
set as the hidden layer transfer functions, whereas the linear (purelin)
was set as the output layer. The network was trained using 11 different
training algorithms as shown in Fig. 3.

The ANN'’s structure used in this study is illustrated in Fig. 4. The
input layer consists of three neurons, while the hidden and output layers
have ten and a neuron, respectively. A previous study by Veza et al. [12]
showed that the ANN topology with ten hidden neurons offered the best
results for various ANN’s training algorithm.
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1. BFGS Quasi-Newton (BFG) ]

2. Conjugate Gradient with Powell/Beale Restarts (CGB) J

3. Conjugate Gradient Fletcher-Powell (CGF) ]

4. Conjugate Gradient Polak-Ribiére (CGP) ]

5. Gradient Descent with Adaptive Learning Rate (GDA) I

11 Different Training Algorithms 6. Variable Learning Rate Backpropagation (GDX) J

7. Levenberg-Marquardt (LM) ]

8. One-Step Secant (0SS)

9. Random Order Incremental (R) ]

10. Resilient Backpropagation (RP) ]

11. Scaled Conjugate Gradient (SCG) ]

Fig. 3. Training algorithms used in this study.
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Fig. 4. The structure of ANN with 3-10-1 configuration.
2.3. Performance criteria

To evaluate the accuracy of prediction of each model, six different
parameters were used; R, R%, MAD, MSE, RMSE and MAPE. In the
equations, n represents the number of samples, while M and P signify the
measured (actual) and predicted values, respectively. These criteria
have been used in earlier studies [13] and can be calculated using the
following equations:

R is the correlation coefficient. It is used to determine how strong a
relationship between data. The R value is between —1 and 1. The value
of 1 signifies a solid positive relationship, while —1 suggests a clear
negative relationship. An R value of 0 indicates no correlation at all. The
correlation coefficient can be calculated using the following equation:

n

> (M — Py’
Correlation Coefficient (R)= |1 — ':]ni (€D)
>
i=1
R2 s the coefficient of determination. It provides information on how
many data points fall within the results of the regression equation. A
higher R? is an indication of a better fit. Coefficient of determination is
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Fig. 5. R and R? values for the eleven ANN training algorithms.

particularly useful to find the likelihood of future cases falling within the
predicted values. The determination coefficient is not sensitive to out-
liers. Therefore, other criteria that are sensitive to outliers are required,
such as MSE and RMSE. The determination coefficient can be calculated
using the following equation:

Zn: (M; — P,)*
Determination Coefficient (RZ) =1- ':1,‘7 2
3P
i=1
MAD or Mean Absolute Deviation measures the prediction accuracy
by averaging the absolute value of each error. It is particularly helpful
when measuring prediction errors which have the same units. MAD can
be calculated using the following equation:

l n
Mean Absolute Deviation (MAD) =~ _|M, — P 3
i=1

MSE or Mean Square Error is the average of the square of the dif-
ference between the real and predicted values. It is used to determine
how close the predictions to actual values. It is sensitive to outliers and
punishes larger error more. Small value signifies better prediction. MSE
can be calculated using the following equation:

Mean Squared of Error (MSE) 1 Z (M; — P,)? 4)
i=1

RMSE or Root Mean Square Error is simply the square root of the
mean square error. Like MSE, RMSE is sensitive to outliers, punishes
larger error more, with lower value indicating better fit. Lower the
RMSE, the closer is the prediction to the actual values. RSME can be
calculated using the following equation:

1 n
Root Mean Squared of Error (RMSE) =, [— Z (M; — P,)? »5)
ne4
MAPE or Mean Absolute Percentage Error is one of the most exten-
sively utilised measure for checking prediction accuracy. It is scale in-
dependent and can be used to compare series on different scales.
However, it can become undefined when the actual value is 0. MAPE can
be calculated using the following equation:
M, — P;
("))

©

i=1

100 &
Mean Absolute Percentage of Error (MAPE) = { Z
n
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Fig. 6. Errors for the eleven ANN training algorithms.

Training: R=0.96743
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Fig. 7. Values of R of LM algorithms for the training, validation, test and
all processes.

3. Results and discussions

Fig. 5 depicts the R and R? results of the developed eleven ANN’s
training algorithms for predicting the biomass’” HHV using their proxi-
mate analysis. It was shown that the highest R and R? values close to 1
are given by the Levenberg-Marquardt algorithm, indicating a decent
agreement between the predicted and real values. Furthermore, the LM
algorithm also provides the least errors where it can be seen in Fig. 6 that
its MAD, MSE, RMSE and MAPE are the lowest of all the examined
training algorithms with 0.7153, 0.9786, 0.9892 and 4.1264,
respectively.

Several factors may contribute to the highest performance accuracy
of the Levenberg-Marquardt algorithm. One of the factors is the LM’s
capability to adjust the learning rate by itself. Also, the

Overall, the Levenberg—-Marquardt shows the greatest performance
with the highest R and R? values and the lowest MAD, MSE, RMSE and
MAPE. This is further illustrated in Fig. 8 for 350 samples of biomass.
The performance of the BFG algorithm is almost similar to that of the LM
algorithm. However, it is worth noting that the computation require-
ment for BFG algorithm will rise geometrically with the network size as
a matrix inverse equivalent need to be calculated for each iteration. It
was also found that the Gradient Descent Adaptive Learning Rate (GDA)
algorithm gave the worst performance accuracy where its R and R? are
the lowest and its MAD, MSE, RMSE and MAPE are the highest of the 11
examined training algorithms in this study. GDA is a function of training
which updates bias and weight values according to the gradient descent
with the rate of adaptive learning. The worst prediction accuracy of GDA
algorithm may be attributed to the sensitivity of the learning rate. If it
was set excessively high, the algorithm would be unstable, but if it is
overly small, the algorithm would be significantly longer to converge.

Table 1 summarises the six statistical parameters performance (R, R?,
MAD, MSE, RMSE and MAPE) of the eleven ANN’s training algorithms to
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Table 2
Performance evaluation of ANN models.
Researchers Method R? RMSE
Choi et al. [15] Linear regression 0.0040  7.0574
Callejon-Ferre et al. Multiple/multivariate linear 0.0059  7.6947
[16] regression
Kathiravale et al. [17] Multiple/multivariate linear 0.0416  10.0098
regression
Nhuchhen and Salam Multiple/multivariate nonlinear 0.1935  4.4877
[10] regression
Garcia et al. [18] Nonlinear regression 0.3616 5.0950
Thipkhunthod et al. Linear regression 0.3766  4.2316
[19]
Phichai et al. [20] Linear regression 0.3766 2.9990
Sheng and Azevedo Linear regression 0.5114  2.8574
[21]
Mohammed et al. [22] Multiple/multivariate linear 0.5925 3.4597
regression
Yin [23] Multiple/multivariate linear 0.6157  2.3581
regression
Kieseler et al. [24] Multiple/multivariate linear 0.8425 3.6982
regression
Soponpongpipat et al. Multiple/multivariate linear 0.8451 1.7049
[25] regression
Cordero et al. [26] Multiple/multivariate linear 0.8470 1.6759
regression
Parikh et al. [9] Multiple/multivariate linear 0.8539  1.5843
regression
Ghugare at al [27]. Genetic programming 0.8827  1.3058
Akkaya [28] ANFIS-GP4 0.8780  1.3288
Akkaya [28] ANFIS-FCM3 0.8574 1.4461
Akkaya [28] ANFIS-SC5 0.8836  1.3006
Keybondorian et al. [5] MLP Artificial neural network 0.9211 1.0891
Keybondorian et al. [6] Least squares support vector 0.9293 1.0309
machine
Samadi et al. [14] Gradient boosted regression trees ~ 0.9300  0.9460
Veza et al. (This study) ANN-LM 3-10-1 topology 0.9350  0.9892

predict the HHV of 350 samples biomass according to their proximate
analysis.

Compared to previous studies, the ANN model developed in this
study provides significant improvement owing to its highest R? and
lowest RMSE values. This indicates that the ANN-LM model with a 3-10-
1 network structure model successfully predict the HHV of biomass with
a decent-performance accuracy that has not yet been found in the pre-
vious studies. Keybondorian et al. in their two separate studies [5,6] also
used 350 samples of biomass to estimate their HHVs using the multi
layer perceptron (MLP) ANN and SVM. However, their R? values are
slightly lower and their RMSE values are also marginally higher than the
present study. The closest performance accuracy is given by Samadi
et al. [14] using the gradient-boosted regression trees (GBRT) where it
was reported that the fixed carbon had the most significant impact on
the biomass HHV. The performance accuracy comparison of the present
study with previous published works is summarised in Table 2.

4. Conclusion

The design of new systems fuelled with biomass requires funda-
mental knowledge of its higher heating value (HHV) due to its essential
role in representing the energy output. The traditional approach to
determine the heating value is difficult and expensive. In this study, an
ANN model was built utilising a dataset of 350 samples of biomass. To
predict the biomass’ higher heating value in term of their proximate
analysis (fixed carbon, volatile matter and ash content), 11 different
ANN training algorithms using a 3-10-1 network structure were
compared and analysed. Results revealed that the ANN trained with
Levenberg-Marquardt gave the highest accuracy. This model effectively
predicted the HHV with the highest R and R2. Also, the LM algorithm
gave the least errors than any of the other 11 examined algorithms with
MAD, MSE, RMSE and MAPE at 0.7153, 0.9786, 0.9892 and 4.1264,

Results in Engineering 16 (2022) 100688

respectively. Therefore, the ANN-LM model with a 3-10-1 network
structure could be regarded as a promising substitute to the empirical/
experimental correlations. Furthermore, comparison with previous
biomass HHV prediction models proves that the developed ANN-LM
gave the highest R? with the least RMSE. Despite its better prediction
accuracy, it is recommended that further research be undertaken in
investigating the optimum neuron numbers in the hidden layer. This can
be done by performing numerous trial and errors. Also, network types
other than feed-forward backpropagation such as the Elman and Hop-
field networks are worth investigating.
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