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Abstract—The most important thing to know when investigating the feasibility of energy generation from bio-
mass materials is the higher heating values (HHVs). 12 biochars were obtained from zeyrek pulp by hydro-
thermal carbonization method. Fuel properties (proximate, ultimate and calorific value) and structural prop-
erties (by IR spectroscopy) of the obtained biochars were determined. To predict HHVs of biomass, the
multi-layer perceptron artificial neural network (MLP-ANN) technique is used. For this purpose, 66 real
data points were extracted from both our data and reliable references for the model’s training and validation.
Based on input data from the proximate analysis, ultimate analysis and combined proximate-ultimate analy-
sis, three different MLP-ANN models were developed. The prediction accuracies of these models were com-
pared statistically to the experimental data. MLP-ANN models have been shown to predict the HHV of bio-
mass with high accuracy. The performance of the MLP-ANN models was also evaluated and it was discovered
that the combined proximate-ultimate analysis based MLP-ANN model providing the best results such as
coefficient of correlation (R2), root mean square error (RMSE) and mean absolute percentage error (MAPE).
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1. INTRODUCTION
World energy demand increases in parallel with the

increasing population especially in developing econo-
mies. Fossil fuels are the most important source in
meeting this energy need today. Therefore, due to the
environmental pollution of fossil fuels, the possible
causes of global warming and the ever-decreasing
amount of reserves, many nations have sought new
and renewable energy sources [1]. Biomass is one of
the most important of them. Biomass is not in a stan-
dard composition because it contains a wide variety of
animal and vegetable wastes. Its chemical composi-
tion, physical properties and thermal properties vary
considerably and it is important to determine these
properties.

Biomass can be used directly for fuel purposes, or it
can be converted into valuable products such as biofuel
(biogas, biochar and biodiesel) by performing some
thermal processes. Liquefaction, combustion, gasifi-
cation, carbonization and pyrolysis can be counted

among the thermochemical conversion techniques
applied for this purpose [1]. Among them, pyrolysis
has attracted great interest in recent years as it creates
more efficiency and less pollution. Pyrolysis refers to
the process of decomposition of biomass in an inert
atmosphere at high temperatures to obtain solid, liq-
uid or gaseous products [2, 3].

Biochar is one of the important products obtained
from the pyrolysis of biomass; It has the opportunity to
be used in many areas such as water and soil treatment
processes [4], catalyst for the gasification process
[5, 6] and activated carbon production [7]. In addi-
tion, due to its high absorbency, biochar is also used in
different areas such as improving soil and water quality
and controlling erosion [8, 9].

The thermal energy content of biochar is deter-
mined by measuring the higher heating value (HHV).
HHV measurement is mostly done using the bomb
calorimeter. However, this process is often not feasible
because experimental equipment is expensive and
S74



ESTIMATION OF BIOMASS FUELS’ HHVs BASED ON ULTIMATE S75

Fig. 1. Schematic diagram of three layer neural network. 
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requires expertise to use [10, 11]. Therefore, in recent
years, a number of studies to create theoretical equa-
tions based on some analysis results of biomass HHVs,
including proximate analysis, ultimate analysis and
structural component analysis that can be obtained
with simple and basic equipment [12, 13]. Such equa-
tions developed for the estimation of HHVs of biomass
are mostly made using proximate and ultimate analy-
sis data [14].

When there is a significant variation in biomass
characteristics or HHV depends nonlinearly on input
parameters, the correlation base models fail to predict
HHV well. As a result, an artificial neural network
(ANN) has recently emerged as an advanced tool for
predicting the HHV of fuels. ANN models have been
used successfully in a variety of fields of study, includ-
ing engineering, mathematics, medicine, economics
and neurology [15]. ANN outperforms correlation-
based models in several ways. It can handle large
amounts of data, detect complex nonlinear relation-
ships between dependent and independent variables
and it can detect all possible interactions between pre-
dictor variables. The primary benefit of using ANN
models is that it allows users to recognize complex
interactions between input and output without requir-
ing a deeper understanding of the underlying scientific
process. As a result, many researchers have recently
used the ANN model to predict the HHV of biomass
[15–19].

Biomass energy resources in Turkey are 135 Mtoe
and it is estimated that 65 Mtoe of this can be used.
Biomass energy constitutes approximately 13% of the
total energy use in Turkey. In general, peanuts, hazel-
nuts, walnuts, olives, cotton, sesame, sunflower, f lax-
seed wastes, etc. are sources of biomass in Turkey [2].
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In this study, defatted linseed (Linum usitatissimum L.)
pulp, locally known as zeyrek, grown in the North-
east region of Turkey, was used as biomass. Biochars
were obtained from this biomass by hydrothermal
pyrolysis method. Numerical formulas are created by
using multi-layer perceptron artificial neural network
(MLP-ANN) from proximate, ultimate analysis and
combination of proximate and ultimate analysis data
of the biochars and biomass samples selected from the
literature.

2. EXPERIMENTAL
2.1. Hydrothermal Pyrolysis Process

The zeyrek pulp sample used as biomass was dried
in an oven at 60oC for 24 hours and then ground in a
laboratory-type mill (IKA A11). The biomass sample
was separated into various particle sizes with the help
of a Retsch AS 200 vibrating sieve (15-20 minutes siev-
ing time at 60 Hz intensity). Samples with a particle
size of 125-250 μm were used in the biochar produc-
tion experiments. Hydrothermal carbonization exper-
iments were carried out in a 200 mL autoclave at a 1 : 4
weight biomass-water ratio at temperatures of 175,
200, 250 and 275oC and at different duration times (10,
30 and 60 minutes) [3, 20]. The biomass-water mix-
ture was placed in the reactor and then the reactor
contents were heated to the desired reaction tempera-
ture with a heating rate of 5oC/min and kept at this
temperature for the desired time. At the end of the
process, the reactor was rapidly cooled down to room
temperature. The valve was opened and the gases were
released into the atmosphere, then the solid residue
(biochar) in the reactor was filtered and washed with
pure water, then dried in an oven at 105°C. A total of
12 biochar samples were obtained.

Fuel properties (proximate, ultimate and gross cal-
orific value) and structural properties (by IR spectros-
copy) of the obtained biochars were determined.

2.2. Biochar Analysis

Proximate, ultimate and higher heating value
(HHV) analyses of biochar samples were performed.
Proximate analyzes of the samples (ash, moisture, vol-
atile matter and fixed carbon) were performed accord-
ing to ASTM D1102-84, ASTM D2016-74, ASTM
E897-82 and ASTM E870-82 standards, respectively.
Ultimate analyzes of the samples (carbon, hydrogen,
oxygen, nitrogen and sulfur content) were determined
using an Elementar Unicube elemental analyzer. The
HHVs of the samples were determined according to
the DIN 51900-2 standard using a calorimeter device
(IKA C 2000). To determine how the carbonization
process changes with temperature and reaction time,
total organic carbon yields (TOC) were measured
using a TOC-L instrument (Shimadzu). The func-
tional groups in the chemical structures of Zeyrek and
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Table 1. Data set for MLP

No. Ref.

Ultimate Analysis Proximate Analysis Measured 

HHV 

MJ/kgNitrogen Carbon Hydrogen Sulfur Oxygen* FC VM ASH

1 PS 5.3694 58.5046 7.1232 0 29.0028 80.3 17.03 2.67 26.6440

2 PS 4.9683 56.6421 6.6627 0 31.7269 75.93 19.99 4.08 25.0970

3 PS 4.8905 58.1733 6.6319 0 30.3043 77.1 19.17 3.73 25.8880

4 PS 6.0088 57.86 6.4323 0 29.6989 70.28 25.86 3.86 24.9700

5 PS 5.7907 59.9117 6.3421 0 27.9555 67.28 28.07 4.65 26.1170

6 PS 5.9613 60.5102 6.3478 0 27.1807 65.86 29.54 4.6 26.2470

7 PS 6.288 60.7979 5.9664 0 26.9477 57.86 33.77 8.37 26.4330

8 PS 5.1033 66.4738 7.2793 0 21.1436 64.85 29.6 5.55 30.6890

9 PS 5.3592 67.1196 7.3886 0 20.1326 66.03 27.12 6.85 30.6970

10 PS 5.1652 65.3258 6.1493 0 23.3597 56.89 35.77 7.34 29.1410

11 PS 5.3095 67.2987 7.5555 0 19.8363 65.82 26.77 7.41 31.0640

12 PS 5.6776 70.1472 7.3743 0 16.8009 62.39 31.79 5.82 32.0070

13 PS 4.9046 48.771 6.5457 0 39.7787 79.19 15.51 5.3 20.7130

14 [23] 0.55 83.67 3.56 1.05 11.17 94.59 7.09 8.32 32.8560

15 [24] 0.57 63.89 4.97 0.48 30.09 49.03 49.47 4.5 25.1000

16 [12] 0.95 46.9 6.07 0 46.08 14.59 83.32 2.09 18.2610

17 [25] 0.48 49.14 6.34 0.02 44.02 19.8 79.1 1.1 19.4230

18 [26] 0.08 48.1 5.99 0 45.83 23.5 76.4 0.1 19.9160

19 [12] 0.03 48.15 5.87 0 45.95 18.52 81.02 1.2 19.7770

20 [27] 0.66 51.3 5.29 0.01 42.74 21.54 76.83 1.63 20.0100

21 [28] 1.8 45.5 5.1 0 47.6 23.5 63 13.5 17.0000

22 [27] 1.2 39.47 5.07 0.02 54.24 17.3 65.4 17.3 15.8300

23 [27] 0.45 50.29 5.05 0.16 44.05 29.7 66.58 3.72 20.0500

24 [29] 0 48.12 6.55 0 45.33 28.06 62.54 9.4 20.6000

25 [28] 0.5 48.6 5.5 0 45.4 13.6 85 1.4 17.1000

26 [25] 0.06 48.67 6.03 0.04 45.2 9.2 90.6 0.2 18.9340

27 [30] 0.2 75.6 3.3 0.2 20.7 67.7 30 2.3 28.8440

28 [30] 0.4 67.7 2.4 0.2 29.3 59.3 25.8 14.9 24.7960

29 [12] 1.38 88.95 0.73 0 8.94 87.17 9.93 2.9 31.1240

30 [31] 0.4 92.7 1.6 0 5.3 91.5 6.6 1.9 32.2040

31 [32] 0.53 92.04 2.45 1 3.98 89.1 9.88 1.02 34.3880

32 [27] 0.36 54.41 4.99 0.01 40.23 23.68 75.92 0.4 21.0100

33 [27] 0.56 48.79 5.91 0.01 44.73 16.84 82.03 1.13 19.2600

34 [33] 5.95 37.23 5.34 0 51.48 11.8 70.1 18.1 15.5300

35 [27] 0.47 46.58 5.87 0.01 47.07 18.54 80.1 1.36 18.7700

36 [28] 0.4 49 5.4 0 45.2 12.5 86.5 1 17.0000

37 [25] 0.08 48.1 5.99 0 45.83 23.5 76.4 0.1 19.9160

38 [27] 0.07 47.84 5.8 0.01 46.28 11.3 88.2 0.5 18.9810

39 [28] 0.05 50.64 5.98 0.03 43.3 19.92 79.72 0.36 20.7200

40 [31] 0.2 52.01 6.1 0 41.69 28.1 70 1.7 20.0000

41 [12] 0.1 47.3 6 0 46.6 17.9 82 0.1 20.0800

42 [27] 0.3 46.04 5.82 0 47.84 21.3 75.35 3.35 18.6400

43 [34] 0.15 48.33 5.89 0.01 45.62 16.93 82.55 0.52 19.3500
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ESTIMATION OF BIOMASS FUELS’ HHVs BASED ON ULTIMATE S77
* The amount of oxygen was found by subtracting the total difference, PS: Presented study.

44 [27] 0 56.2 5.9 0 37.9 25.8 73 1.2 22.9800

45 [33] 0.83 46.59 5.85 0.04 46.69 19.2 78.63 2.17 19.0300

46 [33] 1.61 48.2 6.25 0 43.94 20.8 78.5 0.7 19.9670

47 [27] 0.17 35.97 5.28 0 58.58 11.8 72.7 15.5 14.5220

48 [33] 0.05 49 5.98 0.01 44.96 16.58 83.17 0.25 19.9500

49 [33] 2.02 49.37 6.4 0 42.21 16.2 83.6 0.2 18.5020

50 [33] 1.33 47.67 6.13 0 44.87 21.8 76.5 1.7 19.8420

51 [33] 0.17 39.75 5.55 0 54.53 14.9 77.4 7.7 17.4100

52 [33] 4.29 36.2 4.72 0 54.79 22.5 57.2 17.3 18.1250

53 [16] 0.51 44.23 6.61 0 48.65 22.8 75.1 2.1 18.3560

54 [16] 0 44.65 6.765 0.235 48.35 4.85 67.95 16.2 18.3600

55 [16] 0 45.28 6.908 0.256 47.556 8.16 64.73 14.71 19.9700

56 [16] 0 43.78 6.652 0.145 49.423 2.81 69.62 17.63 17.1300

57 [16] 0 43.58 6.586 0.237 49.577 13.2 66.97 9.83 19.1600

58 [16] 0 43.56 5.631 0.825 49.984 3.28 70.37 16.35 17.5100

59 [16] 2.3 61 8.5 0 28.2 10.7 77 5.6 28.0500

60 [35] 0.28 45.11 5.91 0.19 48.51 13.04 80.4 5.52 19.8000

61 [35] 0.57 47.69 5.7 0.04 46 9.08 88.04 2.51 20.1000

62 [35] 0.2 50 6 0.01 43.79 15.89 82.92 0.9 21.8000

63 [35] 0.51 47.9 6.1 0.19 45.3 16.19 79.87 3.5 18.1100

64 [35] 0.22 48.9 5.38 0.02 45.03 22.8 73.7 3.2 19.9800

65 [35] 0.45 47.31 6.15 0.1 45.99 14.88 83.82 1.3 18.6000

66 [35] 1.75 41.12 5.29 0.06 51.68 23.95 66.87 9.88 17.2300

No. Ref.

Ultimate Analysis Proximate Analysis Measured 

HHV 

MJ/kgNitrogen Carbon Hydrogen Sulfur Oxygen* FC VM ASH

Table 1.  (Contd.)
biochars were determined using a IR spectrophotom-
eter (Perkin Elmer Frontier FT).
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Fig. 2. A brief summary of the current study. 
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(HHV) measurements were repeated at least three

times to ensure the accuracy of the experimental

results.

2.3. The multilayer perceptron (MLP)

The multilayer perceptron (MLP) is built on statis-

tical learning theories that are applicable to making a

relationship among input variables and are suitable for

solving nonlinear problems. In other words, the MLP

can connect input and output variables without

requiring a complex mathematical and computational

methods [21]. Three layer schematic neural network

diagram which is consist of input, hidden, and output,

is shown in Figure 1.

Our experiments and some related works resulted

in a set of 66 data points containing HHVs in terms of

nitrogen, carbon, hydrogen and sulfur percentage [1–5].

Figure 2 depicts a summary of the current study.
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Table 2. TOC analysis results of biochar samples

TOC: total organic carbon, TC: total carbon, IC: total inorganic carbon * The process–temperature–time sequence was used to name
the char samples (e.g., 175-10 stands for hydrothermal carbonization at 175°C for 10 minutes).

Sample* TOC, % TC, % IC, % Sample* TOC, % TC, % IC, %

175-10 54.76 54.85 0.09512 250-10 55.93 55.98 0.05657

175-30 53.46 53.51 0.04950 250-30 61.28 61.34 0.06050

175-60 55.06 55.11 0.04703 250-60 62.46 62.50 0.03879

200-10 53.36 53.43 0.06724 275-10 60.25 60.33 0.07833

200-30 54.28 54.36 0.07516 275-30 60.91 61.02 0.10960

200-60 55.18 55.22 0.03726 275-60 63.63 63.72 0.09138

Table 3. Comparisons of correlation equations in each sce-
nario

Equation R-Squared RMSE MSE MAE MAPE

MLP-1 0.9929 0.4835 0.2342 0.4687 0.0236

MLP-2 0.9681 0.5331 0.2911 0.5868 0.0257

MLP-3 0.9965 0.4150 0.1724 0.3547 0.0136

Fig. 3. Structure of MLP-1 for ultimate analysis. 
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The primary goal of this study is to estimate the
HHV of biomass as a target parameter using an MLP
algorithm. Various analyses were performed to assess
the effectivity of MLP in the estimation of HHVs. The
obtained results demonstrated that MLP had a high
level of ability and accuracy in predicting the target
parameter (HHV of biomass). The root mean square
error (RMSE) and mean square error (MSE) for each
step of the process were also calculated to demonstrate
the performance and applicability of this artificial
intelligence approach [22]. Based on the findings of
this study, it is possible to conclude that MLP could be
used as a useful tool in a variety of industrial processes.
Table 1 contains a list of 66 of our samples as well as
randomly selected samples from the datasets.

3. RESULTS AND DISCUSSION

In this study, the data of 12 biochar samples
obtained from zeyrek pulp by the hydrothermal
method were used. The structural and fuel properties
of the obtained biochars were investigated. By using
this biomass and the proximate and ultimate analysis
data of the obtained biochars and the analysis data
found in the literature, formulas for calculating the
most appropriate theoretical HHVs for the experi-
mental HHVs were created. Among the obtained for-
mulas, the most appropriate one was selected and its
compatibility with the literature data was investigated.

To determine how the carbonization process
changes with temperature and reaction time, the total
organic carbon yields of the obtained biochars were
measured (Table 2). As can be seen from the table, the
amount of TOC increased with the increase in tem-

perature.

According to the IR spectra of raw materials and all

biochars, 3216-3299 cm–1 –OH, 2922–2856 cm–1 ali-

phatic CH, 1641–1703 cm–1 C=O, 1451–1535 cm–1

aromatic C=C, C–O–C peaks between 1156–1165 cm–1

were found (Figure S1).

3.1. Prediction equation based on ultimate analysis

There are five input parameters in the ANN model

based on ultimate analysis: Nitrogen, Carbon, Hydro-

gen, Sulfur and Oxygen. HHV is the output parameter.

An input matrix is made up of five input parameters.

The experimental HHV values are used to generate

one output matrix. Based on the trial and error

method, 13 neurons are considered in the hidden lay-

ers for HHV prediction. Figure 3 depicts the MLP-1

structure as determined by ultimate analysis.
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Table 4. Comparisons of correlation equations in each scenario

No.
Measured 

HHV MJ/kg

MLP-1 MLP-2 MLP-3

Predicted 

HHV MJ/kg

Relative Error 

(%)

Predicted 

HHV MJ/kg

Relative Error 

(%)

Predicted 

HHV MJ/kg

Relative Error 

(%)

1 26.6440 26.4951 0.5619 29.1669 8.6500 26.5839 0.2262

2 25.0970 25.1905 0.3713 28.4683 11.8422 25.3082 0.8346

3 25.8880 25.7370 0.5868 28.6547 9.6552 25.8573 0.1186

4 24.9700 25.8564 3.4283 27.6129 9.5714 25.6657 2.7106

5 26.1170 26.5010 1.4492 27.1375 3.7604 26.3513 0.8893

6 26.2470 26.8070 2.0889 26.9224 2.5086 26.6075 1.3549

7 26.4330 26.6982 0.9935 25.6154 3.1919 26.5242 0.3438

8 30.6890 29.6789 3.4034 26.7462 14.7414 29.8486 2.8157

9 30.6970 30.1299 1.8823 26.8954 14.1348 30.3738 1.0641

10 29.1410 28.2241 3.2485 25.4919 14.3149 28.2081 3.3074

11 31.0640 30.3331 2.4095 26.8503 15.6935 30.6486 1.3554

12 32.0070 31.4317 1.8302 26.3652 21.3985 31.5072 1.5863

13 20.7130 21.9558 5.6605 28.9361 28.4181 22.1748 6.5923

14 32.8560 32.4153 1.3596 32.9105 0.1657 32.9286 0.2205

15 25.1000 25.3277 0.8989 24.8715 0.9186 25.3918 1.1491

16 18.2610 19.2862 5.3158 19.1729 4.7564 19.1026 4.4055

17 19.4230 20.2566 4.1150 19.9897 2.8349 20.1909 3.8033

18 19.9160 19.3569 2.8883 20.5767 3.2109 19.2980 3.2025

19 19.7770 19.2488 2.7443 19.9182 0.7089 19.2159 2.9198

20 20.0100 20.2138 1.0082 20.2422 1.1473 20.0066 0.0171

21 17.0000 18.1762 6.4710 20.2618 16.0983 18.5393 8.3027

22 15.8300 15.5633 1.7138 19.2282 17.6732 16.1764 2.1417

23 20.0500 19.6689 1.9374 21.4359 6.4653 19.5838 2.3806

24 20.6000 19.8427 3.8168 21.0526 2.1500 20.5628 0.1807

25 17.1000 19.2687 11.2552 19.0384 10.1814 19.0139 10.0656

26 18.9340 19.6507 3.6471 18.3965 2.9220 19.3989 2.3968

27 28.8440 28.0085 2.9831 27.2567 5.8237 28.0656 2.7737

28 24.7960 24.1518 2.6671 25.6812 3.4470 24.7340 0.2506

29 31.1240 31.1878 0.2045 30.2078 3.0329 31.0575 0.2142

30 32.2040 33.0846 2.6617 30.8908 4.2511 33.2703 3.2049

31 34.3880 34.6512 0.7595 30.5460 12.5779 34.1081 0.8205

32 21.0100 21.0543 0.2106 20.5971 2.0048 20.8006 1.0065

33 19.2600 19.7486 2.4740 19.5382 1.4238 19.5679 1.5733

34 15.5300 16.7064 7.0416 18.3718 15.4682 16.5125 5.9500

35 18.7700 18.8065 0.1941 19.7917 5.1622 18.6684 0.5443

36 17.0000 19.2978 11.9071 18.8803 9.9588 19.0043 10.5466

37 19.9160 19.3569 2.8883 20.5767 3.2109 19.2980 3.2025

38 18.9810 19.0882 0.5617 18.7092 1.4525 18.8637 0.6220

39 20.7200 20.3684 1.7261 20.0254 3.4688 20.2662 2.2392

40 20.0000 21.0444 4.9626 21.2057 5.6856 21.1444 5.4122

41 20.0800 19.0581 5.3623 19.7238 1.8058 18.9255 6.1003

42 18.6400 18.4736 0.9007 20.1653 7.5638 18.5301 0.5931

43 19.3500 19.3935 0.2242 19.5662 1.1051 19.2428 0.5569
SOLID FUEL CHEMISTRY  Vol. 56  Suppl. 1  2022
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44 22.9800 22.4395 2.4086 20.9011 9.9462 22.4933 2.1637

45 19.0300 18.9590 0.3743 19.8732 4.2427 18.7922 1.2654

46 19.9670 20.2126 1.2152 20.1514 0.9150 19.9301 0.1850

47 14.5220 13.9626 4.0061 18.4329 21.2169 14.6171 0.6508

48 19.9500 19.7015 1.2614 19.5193 2.2067 19.5627 1.9800

49 18.5020 20.9657 11.7512 19.4626 4.9354 20.5462 9.9492

50 19.8420 19.7885 0.2704 20.2802 2.1607 19.6134 1.1654

51 17.4100 15.6985 10.9023 19.0883 8.7924 15.9292 9.2959

52 18.1250 15.1079 19.9705 19.5102 7.0999 15.0743 20.2374

53 18.3560 18.5563 1.0796 20.4231 10.1213 18.6424 1.5364

54 18.3600 18.9057 2.8862 15.4880 18.5437 19.2237 4.4931

55 19.9700 19.3050 3.4445 15.7891 26.4798 19.5235 2.2868

56 17.1300 18.3694 6.7472 15.3239 11.7865 18.8436 9.0937

57 19.1600 18.3242 4.5610 17.0794 12.1822 18.3328 4.5124

58 17.5100 18.0403 2.9396 15.4153 13.5883 17.7446 1.3223

59 28.0500 27.5645 1.7612 17.3590 61.5876 27.5034 1.9874

60 19.8000 18.3721 7.7722 18.6795 5.9987 18.3017 8.1865

61 20.1000 19.1581 4.9162 18.2609 10.0706 18.8951 6.3765

62 21.8000 20.1709 8.0764 19.3496 12.6638 20.0335 8.8175

63 18.1100 19.7321 8.2207 19.3087 6.2080 19.5859 7.5355

64 19.9800 19.2149 3.9816 20.3462 1.8000 19.2216 3.9454

65 18.6000 19.4315 4.2791 19.2357 3.3047 19.2268 3.2602

66 17.2300 16.6676 3.3740 20.5344 16.0920 16.8179 2.4503

Average: 3.6213 Average: 8.8863 Average: 3.3740

No.
Measured 

HHV MJ/kg

MLP-1 MLP-2 MLP-3

Predicted 

HHV MJ/kg

Relative Error 

(%)

Predicted 

HHV MJ/kg

Relative Error 

(%)

Predicted 

HHV MJ/kg

Relative Error 

(%)

Table 4.  (Contd.)
Fig. 4. Structure of MLP-2 for proximate analysis. 
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3.2. Prediction equation based on proximate analysis

In the case of the ANN model based on proximate
analysis, three input parameters are used: FC, VM and
ASH. The output parameter is HHV. An input matrix
is formed by arranging three input parameters. From
the experimental HHV values, one output matrix is
created. Based on the trial and error method, 13 neu-
rons are considered in the hidden layers for predicting
the HHV. Figure 4 depicts the MLP-2 structure for
the proximate analysis.
3.3. Prediction equation based on the combination 
of proximate and ultimate analysis

The ANN model based on combined proximate

and ultimate analysis uses eight input parameters: N,

C, H, S, O, FC, VM and ASH. An input matrix is

made up of eight input parameters. The experimental

HHV values are used to generate one output matrix.

Based on the trial and error method, 13 neurons are

considered in the hidden layers of this ANN structure.
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Fig. 5. Structure of MLP-3 for combined proximate-ultimate analysis. 
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The MLP-3 structure for combined proximate-ulti-
mate analysis is depicted in Figure 5.

3.4. Validation of the correlation equations
A large dataset of proximate and ultimate HHV

analyses is compiled from various sources [16]. The
database was divided into training (75%) and test
(25%) sets for the development of the MLP-based
models. Back propagation based Levenberg–Mar-
quardt algorithm was used in the training algorithm.
While the training set is used to build the models, the
test sets were used to evaluate and validate the models'
generalization capability. Each model’s performance is
evaluated using statistical quantities such as coefficient of

correlation (R2), root mean square error (RMSE) and
mean absolute percentage error (MAPE), as defined
below; these are computed using the experimental and
model-predicted HHV (MJ/kg) magnitudes.

(1)

(2)

(3)

(4)

(5)

where N denotes the total number of data points, P
is the estimated average temperature and C is the aver-
age calculated temperature. Table 3 displays the calcu-
lated values of R, RMSE, MSE, MAE, and MAPE for
three MLP-ANN models, which indicate prediction
accuracy. The R values for all three MLP-ANN mod-
els are reasonably high, indicating that all three MLP-
ANN models have very good prediction accuracy. It is
also discovered that the MLP-ANN model MLP-3
has the highest R value (0.9965) and the lowest RMSE
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(0.4150), MSE (0.1724), MAE (0.3547), and MAPE
(0.0136) values of the three ANN models. This con-
firms that the MLP-ANN model based on combined
proximate-ultimate analysis can make the most accu-
rate prediction of HHV.

A comparison of HHV prediction accuracy and
generalization performance of MLP-based and exist-
ing models was performed on the basis of model-pre-
dicted and corresponding experimental studies.
Parikh’s HHV model [12] based on proximate analysis
was used for comparison with MLP models of existing
models. In the case of models based on ultimate anal-
ysis, MLP models are evaluated against the respective
models by Channiwala and Parikh, Milne and Friedl
[34, 35]. Ozveren U [38]used the ANN model to pre-
dict the gross heating value of lignocellulosic fuels and
found that it performed better with lower MAPE
(4.20%) and RMSE (0.0460%) than the nonlinear
regression model and published correlations. Darvis-
han et al. [15] used the multilayer perception (MLP)
ANN method to predict HHV using proximate analy-
sis data from 78 samples from the published literature.
They reported correlation coefficient values of 0.998
and 0.993 for training and testing sets, respectively.
Another study predicted HHV from proximate analy-
sis data using the MLP-ANN method, with reported
correlation coefficient values of 0.92 for the training
step and 0.90 for the testing step [39].

Table 4 compares estimated HHVs from different
MLP-ANN models with measured HHVs as well as
error performances of each MLP-ANN system. It is
seen that the average error percentage for MLP-1,
MLP-2 and MLP-3 are 3.6214%, 8.8864% and
3.3741%, respectively. As can be seen from Table 4, it
is clear that the best predicted rate is the MLP-3.

4. CONCLUSIONS

In this study, 12 types of biochars with high calo-
rific values were obtained from zeyrek pulp, which has
a waste potential. It was observed that HHV increased
in parallel with the increase in temperature. Three
ANN models based on proximate analysis, ultimate
analysis and combined proximate-ultimate analysis of
different biomass are developed in this study. It is dis-
covered that the HHVs predicted by all ANN models
closely track the experimental HHVs, with a correla-
tion coefficient value greater than 0.964. The devel-
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oped ANN model based on the combination of proxi-
mate and ultimate analysis outperforms the others,
with correlation coefficients, RMSE, MSE, MAE and
MAPE values of 0.9967, 0.4151, 0.1723, 0.3546 and
0.0138, respectively. The prediction accuracies of
these ANN models outside of biomass are assessed by
predicting HHVs for another set of biomass samples
from the literature. In this study, average error per-
centage is lower compared to published studies such as
[10, 40, 41]. It was revealed that the best prediction
performance was obtained from the MLP-ANN 3
model, which is consist of combination of two sepa-
rate analysis dataset, proximate and ultimate analyses,
given in Eq. (3).
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