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Abstract: Interest in biomass has increased due to current environmental issues, and biomass analysis
is usually performed using element and proximate analyses to ascertain its fuel characteristics.
Mainly, element component prediction models have been developed based on proximate analysis,
yet few studies have predicted proximate components based on element analysis. Hence, this
study developed a proximate component prediction model following the calorific value calculation.
Analysis of Pearson’s correlation coefficient showed that volatile matter (VM) and fixed carbon (FC)
were positively correlated with hydrogen and oxygen, and with carbon, respectively. Thus, the model
correlation was developed using a combination of the “stepwise” and “enter” methods along with
linear or nonlinear regressions. The optimal models were developed for VM and ash content (Ash).
The VM optimal model values were: R? =0.9402, root-mean-square error (RMSE) = 7.0063, average
absolute error (AAE) = 14.8170%, and average bias error (ABE) = —11.7862%. For Ash, the values
were: R? = 0.9249, RMSE = 2.9614, AAE = 168.9028%, and ABE = 167.2849%, and for FC, the values
were: R? = 9505, RMSE = 6.3214, AAE = 18.3199%, and ABE = 15.0094%. This study provides a model
to predict the proximate component by element analysis. Contrary to existing method, proximate
analysis can be predicted based on elemental analysis, and shows that consume samples can be
performed at once.

Keywords: proximate analysis; element analysis; prediction model; biomass

1. Introduction

Interest in environmental issues and climate change has increased globally, leading
to an increased interest in using biomass rather than fossil fuels such as coal. Various
technologies such as torrefaction and pyrolysis have been suggested for the use of solid
biomass. Particularly, there is increasing interest in biochar, which is inherently important
in terms of response to climate change, soil improvement, energy production, and waste
management. Evaluation of fuel characteristics is important for methods to use as a solid
energy source, such as biochar or torrefaction. To analyze the fuel characteristics of solid
biomass, element and proximate analyses should be performed. The amount of element
composition of carbon (C), hydrogen (H), nitrogen (N), sulfur (S), and oxygen (O) can be
ascertained by element analysis. The amount of moisture content (MC), volatile matter
(VM), fixed carbon (FC), and ash content (Ash) can be analyzed by proximate analysis.
Additionally, the predicted calorific value based on element or proximate analyses has
been suggested; however, these analyses are expensive and time-consuming. Various
studies have been conducted to solve the problems as follows: the elemental composition
derived through proximate analysis was confirmed [1-3]; the prediction of elemental
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composition was developed using proximate analysis in the biomass ranges of 4.7% < FC
< 38.4%, 57.2% < VM < 90.6%, 36.2% < C < 53.1%, 4.36% < H < 8.3%, and 31.37% <
O < 49.5% [4]; the prediction model of higher heating value (HHV) was suggested using
element and proximate analysis of biochar [5]; and conventional prediction models of HHV
were compared and a developed prediction model was suggested [6]. Recently, a method of
predicting using artificial intelligence (Al) has been proposed. The prediction of elemental
composition was developed using proximate analysis via Al models such as artificial
neural network (ANN), adaptive neuro-fuzzy inference system (ANFIS), and multilinear
regression (MLR) [7]. The above-mentioned studies predicted elemental composition either
by using proximate analysis alone or by predicting the heating value using element or
proximate analyses. However, as the earlier studies predicted elemental analysis based on
proximate analysis, very few studies have been conducted on the prediction of proximate
analysis using element analysis, which is the main objective of this study. Additionally,
using the result of the predicted proximate analysis, this study further predicts the calorific
value for verification. Through this, it was considered that fuel characteristic analysis such
as fuel ratio, which can be confirmed through proximate analysis only through elemental
analysis, could be confirmed.

2. Materials and Methods
2.1. Collection and Selection of Suitable Data

A total of 299 element and proximate analyses data sets were collected from previous
research. The collected 244 element and proximate analyses results were used to derive
correlations [2-4,6-47], and thereafter, 55 data sets were obtained for correlation validation
(Table 1). The data for correlations derivation and validation are summarized in Table S1
and Table 1. For calorific value, 149 data sets were used for prediction and validation. The
linear and nonlinear regressions were performed on the ultimate analysis data using IBM
SPSS 22.0 to obtain correlation equations with different goodness of fit. The data fitting and
analysis in this study combined the “stepwise” and “enter” methods in SPSS software.

2.2. Element and Proximate Analyses

In this study, untreated pepper stem and samples of torrefied pepper stems at 200, 230,
and 270 °C for 20, 30, and 40 min were analyzed. Based on the quality test method for solid
fuel products stipulated by the Ministry of Environment in Korea [48], elemental analysis
was conducted to determine the contents of the elements C, H, N, and S (FlashEA 1112,
Thermo Fisher Scientific, MA, USA). The oxygen content was calculated as follows.

O [%] =100—- (C+H+N+S) 1)

Proximate analysis of the selected biomass samples was conducted following ISO
standards protocols for moisture content [49], VM [50], and Ash [51].

Table 1. Data set for correlation validation (n = 55).

C H N o S VM FC Ash Ref
[%] [%] [%] [%] [%] [%] [%] [%]
44414 6.07 0.977 40.2 0 76 9.05 3.55
45.241 5.514 0.858 31.007 0 75.1 13.09 3.61
45.533 5.603 0.989 30.269 0 74.21 14.48 391
45.222 5.928 1.001 30.132 0 73.9 15.73 6.61
48.417 5.841 1.008 29.208 0 73.25 16.51 3.6 This study
50.262 5.549 1.034 30.726 0 72.27 18.42 3.68
50.629 5.533 1.098 27.841 0 72.03 19.15 3.56
54.011 5.501 1.08 24.995 0 67.9 23.6 3.98
54.954 5.738 1.218 25.817 0 65.56 25.92 42
55.038 5.492 0.927 25.474 0 65.36 26.53 3.96
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Table 1. Cont.
C H N (@) S VM FC Ash Ref
[%] [%] [%] [%] [%] [%] [%] [%]
43.25 5.57 0.6 41.89 0 73.87 17.44 8.69
48.18 5.46 0.69 36.2 0 71.53 19 9.47 [52]
55.03 497 0.82 28.63 0 62.59 26.86 10.55
61.7 4.19 0.94 21.88 0 45.45 43.26 11.29
59.980 5.400 0.250 33.350 0 66.47 28.55 0.98
60.980 5.100 0.210 32.690 0 62.85 32.36 0.98
63.440 5.100 0.180 30.720 0 65.71 30.24 0.54 [53]
64.370 5.000 0.180 29.800 0 65.71 30.24 0.65
51.910 6.100 0.100 41.000 0 69.80 18.20 0.74
50.300 5.300 0.000 44.400 0 84.20 15.50 0.30
51.700 5.400 0.000 42.900 0 80.60 19.20 0.35 [54]
54.400 5.200 0.000 40.400 0 75.70 24.20 0.40
47.000 6.070 0.210 46.600 0.120 82.94 16.14 0.92
47.920 3.500 1.340 47.060 0.170 30.56 43.17 26.27
58.430 3.010 1.020 37.380 0.160 20.82 57.19 21.99 [55]
67.310 2.670 0.870 28.980 0.170 5.33 77.35 17.32
74.080 2.500 0.500 22.740 0.170 4.72 83.25 12.03
62.200 5.180 1.690 24.210 0 60.77 32.50 6.72
71.130 4.030 1.940 15.050 0 29.85 62.30 7.85 [56]
74.880 2.880 1.770 10.410 0 23.19 66.75 10.06
80.010 2.720 1.280 6.590 0 14.86 75.73 9.40
45.150 5.150 0.750 42.920 0.140 75.55 18.58 5.87
71.340 3.930 1.430 10.840 0.240 27.06 62.72 12.22 57]
75.030 2.620 1.410 7.790 0.240 17.49 69.60 12.91
78.480 1.880 1.530 3.940 0.320 11.49 74.66 13.85
44.430 6.160 0.180 49.230 0 67.30 19.50 1.70
45.710 5.890 0.000 48.400 0 69.60 18.80 0.90
79.970 3.530 0.010 16.490 0 32.10 60.00 3.10
79.820 3.550 0.010 16.620 0 29.20 61.30 4.80 58]
77.480 3.640 0.100 18.780 0 25.00 69.10 2.00
78.190 3.220 0.690 17.900 0 27.60 66.80 2.80
76.950 3.320 0.740 18.899 0 26.10 68.10 1.00
78.540 3.250 0.590 17.620 0 25.00 71.30 1.00
46.370 6.290 46.790 0.550 0.110 83.46 14.26 2.17
41.920 4.210 53.640 0.230 0.100 71.18 26.94 1.77
47.160 4.730 47.850 0.250 0.130 71.86 25.52 2.49 [59]
52.700 3.800 43.220 0.280 0.140 62.19 34.46 3.22
58.250 2.810 38.680 0.310 0.150 51.85 44.04 3.95
45.650 5.120 39.630 1.660 0.920 73.94 14.39 7.020
58.040 4.280 18.790 2.750 0.870 43.82 37.21 15.270
59.140 3.470 14.540 2.530 0.790 31.78 42.38 19.530
62.590 3.360 9.910 2.510 0.770 21.12 51.78 20.860 [60]
63.930 0.670 9.430 2.150 0.860 18.73 54.11 20.960
63.830 1.650 9.330 2.110 0.630 17.83 54.07 22.390
62.010 1.850 9.790 2.220 0.670 17.50 54.01 23.460

2.3. Evaluation of Correlations

Pearson correlation was used to ascertain the correlation between each element (C,
H, N, O, S) and the proximate analysis results (VM, FC, Ash). The degree of correlation
between two populations can be analyzed using the Pearson correlation coefficient, which
is expressed in Equation (2). The range of correlation through analysis is from —1 to 1.
Positive or negative correlations were analyzed as proportional or inverse relationships,
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respectively. The closer the values were to —1 or 1, the more linear the correlation was; the
closer the values were to 0, the lower the correlation in the relationship [61]. The correlation
can be explained as the best-fitted regression line if the estimation error tends to be zero [62].
However, the low estimated error values could not indicate the high correlation completely.
For choosing the most appropriate correlation equation, the average absolute error (AAE)
and average bias error (ABE) were evaluated to select the best correlation [5]. AAE and
ABE were expressed as shown in Equations (3) and (4). The coefficient of determination
value (R?) was calculated as shown in Equation (5) to determine the degree of goodness of
the proposed correlation [46,63,64].

(Lo (Xi = X) (Y - Y))

R= @)
2 2
VEL (X - X)L (v - 7)

1 & | Value, — Valuey
AAE = n g Valuey ‘ )

1 & [ Valuey, — Valuey
ABE =2 z;[ Valuep }' @)
R_1— Y4 Valuey, — Valuep 5)

Y" | Valuey, — Valuep

The AAE basically quantified the proximity of the predicted to the experimental value
such as VM, FC, Ash, and HHYV, with the lower AAE indicating a higher accuracy of the
specific correlation. The positive ABE value implied that the average predicted value of
VM, EC, Ash, and HHV was higher than the measured value. The smaller the absolute
value of the ABE, the smaller the deviation of correlation. Considering that the correlation
of each element was a nonlinear relationship, the square or square root was also considered
for correlation.

2.4. Prediction of HHV

For predicting HHYV, the Equation (6) by Ref. [5] was followed. The measured HHV
was compared with that of the calculated using the proximate analysis results. Thereafter,
HHYV was calculated using derived optimal model of VM, FC, and Ash, and was compared
with that of the measured HHV. The stepwise progression of this study is summarized in
Figure 1.

HHYV = 36.5FC + 18.8VM — 2.1Ash, (6)
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Figure 1. Flow chart depicting the stepwise progression of this study.

3. Results & Discussions
3.1. Pearson Correlation

The Pearson correlation is shown in Table 2. Through the Pearson correlation, the
correlation between the element and proximate components was ascertained. VM showed
a significantly positive correlation with H and O, but had a strong negative correlation with
C. However, C was significantly positively correlated with FC. Ash was correlated with H,
N, and O, but it was not as strong when compared to FC and VM with H, O, and C.

3.2. Prediction Equation of VM

The prediction results were based on elemental data of various kinds of biomass,
including C, H, N, O, and S. The analytical data used in the independent variable range
was 34.02 < C <90.68,05<H <821,343<0<572,0<N<792,and 0 <5 <1.38. As
presented in Table 3, for one-dimensional equations, the equation using H had the highest
correlation, which was due to the high correlation between H and VM. The equation using
the square of H and O showed a lower correlation than that of the first-order equation.
Although in C, a slight increase in correlation was observed. Optimal fitness correlation
in linear regression is as in Equation (C9). In nonlinear regression, the overall correlation
of the resulting equation was higher than that obtained by linear analysis. Equation (C13)
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gave the best prediction, with R?, RMSE, AAE, and ABE as 0.9250, 6.66, 15.7622, and 0.3097,
respectively.

Table 2. Result of Pearson correlation between C, H, N, O, S, VM, FC, and Ash.

C H N 0 S VM FC Ash
C 1 —0.5505**  0.1434 * —0.7256**  0.0318 —0.7053**  0.8622 ** —0.0253
H —05505* 1 —0.2842 % 0.6765 ** 0.0215 0.8966 ** —0.8243*  —(0.5461 **
N 0.1434 * —0.2842 %% 1 —0.2536 **  0.2917 ** —0.3554 **  (0.2596 ** 0.3108 **
0 —0.7256 **  0.6765** —0.2536 ** 1 —0.1745**  (0.8159 ** —0.7708 **  —0.4648 **
S 0.0318 0.0215 0.2917 ** —0.1745* 1 —0.0279 0.0043 0.0382
VM —0.7053 **  0.8966 ** —0.3554 **  (.8159 ** —0.0279 1 —0.9222 %%  —(.5928 **
FC 0.8622 ** —0.8243 **  (.2596 ** —0.7708 **  0.0043 —0.9222 % 1 0.2596 **
Ash —0.0253 —0.5461 **  0.3108 ** —0.4648 **  0.0382 —0.5928 **  0.2596 ** 1
**: The correlation is significant at the 0.01 level (both sides). *: The correlation is significant at the 0.05 level
(both sides).
Table 3. Correlations used for predicting the VM of biomass based on element analysis.

Sr. Equation R? RMSE AAE ABE
No. [-] [-] [%] [%]
(C1) VM = 127.462 — 1.333C 0.4974 17.0704 54.4482 34.1155
(C2) VM = —12.186 + 13.461H 0.8038 10.6537 25.3121 5.9353
(C3) VM = 13.802 + 1.2390 0.6657 14.4275 50.6227 33.4789
(C4) VM = 87.763 — 0.011C2 0.4975 17.0928 54.6742 30.1169
(C5) VM = 12.983 + 1.54H? 0.7691 11.5869 27.1061 12.6207
(C6) VM = 42.716 + 0.0080? 0.6256 19.7179 74.6681 48.2968
(C7) VM = 18.811 — 0.412C 4+ 9.716H + 0.3230 0.8930 7.9366 20.3251 5.9650
(C8) VM = 23.219 — 0.438C + 9.618H + 0.2890 — 1.292N 0.9000 7.6557 19.3833 48161
(C9) VM = 13.647 — 0.344C + 8.902H + 0.5470 — 2.02N +3.945S  0.9067 7.3231 19.4227 3.0326

(C10) VM = 36.348 — 0.005C2 + 1.165H2 + 0.0020? 0.8587 9.1222 22.7587 8.3646

(C11) VM = 37.389 — 0.005C? + 1.163H? 4 0.010% — 0.272N? 0.8834 12.7811 29.5636 25.5124

_ 2 2

(C12) 3{340702‘i0§§;5éﬁ;§‘§?4g;41;9g _%’%(;‘555 2.896H 0.9175 6.9817 16.2266 5.2507
VM = 100.873 + 71.894H + 1.5690 — 0.005C2 — 2.891H2 —

(C13) 0.00602 + 2.965C%° — 147.959H%% — 8.6620%5 + 1.54N + 0.9250 6.6600 15.7622 0.3097
0.031N? — 5.932N05

(C14) VM = 14.649 + 36.404H%° — 0.003C2% — 5.644N%5 + 0.8529 9.225 28,407 10,3855

3.7380 — 22.5380%5 + 0.862N2 — 0.01902

3.3. Prediction Equation for Fixed Carbon

Table 4 summarizes fixed carbon prediction equations. For the one-dimensional
equations, those using C had the highest correlation, which was due to the high correlation
between C and FC. This trend was similarly observed for the squared or 0.5-squared of
each element. Unlike VM, FC showed a relatively high correlation in a linear equation.
Compared with the one-dimensional equation (Equations (C15)—(C20)), Equations (C21)
and (C22) showed an increased improvement in correlation. Optimal fitness correlation in
linear regression was selected as shown in Equation (C23). For the nonlinear regression, the
overall correlation of the resulting equation was higher than that obtained by linear analysis.
Equation (C28) gave the best prediction, showing R?, RMSE, AAE, and ABE as 0.9268,
5.62353, 18.9730, and 9.4295, respectively. Compared with Equations (C23) and (C28),
a good correlation was observed in Equation (C28), although lower ABE was observed
in Equation (23). Hence, both the models (Equations (C23) and (C28)) were selected as
optimal.
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Table 4. Correlations used for predicting the FC of biomass based on element analysis.

. R? RMSE AAE ABE
Sr. No. Equation ] -] (%] [%]
(C15) FC = —44.34 +1.419C 0.7433 10.4127 31.8162 11.3907
(C16) FC = 86.126 — 10.748H 0.6795 11.3906 36.4873 15.7797
(C17) FC = 72.757 — 1.2140 0.5941 12.9860 33.5692 14.5535
(C18) FC = —2.037 + 0.011C2 0.7421 10.7255 30.2706 10.2721
(C19) FC = 66.737 — 1.259H? 0.6443 11.9632 40.5426 16.3633
(C20) FC = 58.372 — 0.0210? 0.5670 13.3558 37.6647 11.3571
(C21) FC = 16.459 + 0.919C — 6.805H — 0.0070 0.9171 5.9237 19.5598 5.3955
(C22) FC = 13.801 + 0.931C — 6.666H + 0.0080 + 0.808N 0.9180 5.8812 19.6145 5.3913
FC =
(C23) 8.714 +1.029C — 6.273H + 0.040 + 0.624N — 1.413S 0.9204 5.7581 19.2783 4.6649
(C24) FC = 35.479 + 0.007C? — 0.737H? — 0.0030? 0.9016 6.4338 22.3712 9.9211
(C25) FC = 34.019 4 0.007C% — 0.719H? — 0.0030? + 0.221N? 0.9054 6.2763 21.5914 8.1136
(C26) FC = —23.481 + 14.992C%5 — 26.012H%5 + 0.52700° 0.9104 6.1652 20.0298 5.3331
(C27) FC = 37.854 4 0.964C — 26.536H + 0.288N? 0.9115 6.0648 19.5750 5.9540
FC = —19.694 4 0.009C — 48.623H + 2.035H? +
(C28) 97 102105 + 0252N7 — 2151N05 + 2 471905 0.9268 5.6253 18.9730 9.4295
3.4. Prediction Equation for Ash Content
The prediction equation for Ash had the lowest correlation compared with VM and
FC, which was likely because the components of Ash were few in C, H, N, O, and S as
shown by elemental analysis. The correlation used for predicting the Ash is summarized
in Table 5. In the linear regression model, Equations (C31) and (C32) showed high R? and
low RMSE values, which were R? of 0.6484 and 0.6560 and RMSEs of 5.3865 and 5.2976,
respectively. In the nonlinear regression model, most of the models had an R? value over
0.6 except for Equation (34). Among them, Equation (39) showed the highest R? (0.6728)
and lowest RMSE (5.1776). Compared to the linear regression model in Equations (C31)
and (32) and the nonlinear regression model in Equation (C39), the correlation and RMSE
of Equation (C39) were higher, while AAE and ABE were lower, respectively. Therefore,
Equations (C31) and (C32) were selected as the optimal models.
Table 5. Correlations used for predicting the Ash of biomass based on element analysis.
Sr. Equation R? RMSE AAE ABE
No. 1 [-] [-] [%] [%]
(C29) Ash = 28.877 — 3.37H 0.2982 7.9190 303.3270 285.9455
(C30) Ash = 23.709 — 2.277H — 0.1130 + 1.144N 0.3380 7.3494 194.8745 167.9517
(C31) Ash = 74.551 — 0.653C — 2.853H — 0.50 + 0.802N 0.6484 5.3865 103.6460 76.8950
Ash =
(C32) 75.431 — 0.653C — 2.683H — 0.5290 + 0.995N — 3.063S 0.6560 5.2976 125.2741 1024342
(C33) Ash = 60.279 — 4.418H — 3.83C%° 0.4299 6.8310 221.2780 191.7969
(C34) Ash = 112.918 — 2.756H — 8.323C%° — 5.0110%° 0.6052 5.6840 157.2964 135.5372
Ash =
(©35) 94340 — 8240H — 8.325C05 — 4.973005 4 20.801H 0.6077 56679 1488836 1245218
Ash = 46.519 — 44.925H — 8.343C%5 — 4.7710%5 +
(C36) 1024951105 + 18512 0.6442 5.4023 152.1289 131.2397
Ash = 42.152 — 44.323H — 8.16C%° — 4.5860%° +
(C37) 101.844H%5 + 1.817H2 + 1.681N%5 0.6672 5.2237 129.8906 109.7289
Ash = 50.852 — 39.585H — 8.445C%° — 4.90%° +
(C38) 91.971HO + 1.572H2 + 2.325N05 _ 3250505 0.6728 5.1776 130.2347 109.3955
_ _ 0.5 _ 2 _
(C39) Ash = 53.468 —10.2795 ™ + 5.6885 — 0.306N 0.6527 5.6506 174.3943 157.5633

2.638H + 2.309N — 0.5210 — 0.004C2
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3.5. Validation of Correlation Equation

To verify the availability of the correlation equations, the data in some studies that
measured the biomass were selected and tested shown in Table 6 and Figure 2. For
VM, Equations (C9) and (C13) showed higher R2. Equation (C9) showed a lower RMSE
than the model, and Equation (C13) showed a higher RMSE. The AAE and ABE of each
equation was 14.8170 and —11.7862, and 17.9723 and —15.9829, respectively. Equation (C9)
showed fewer errors than Equation C13. Hence, Equation (9) was selected as the optimal
model. Comparing Equations (C23) and (C28) for FC, Equation (C28) showed a well-fitted
correlation, with an R? of 0.9585. Moreover, Equation C23 had a lower RMSE of 6.3214,
while Equation C28 showed 6.3810. A comparison between Equations (C23) and (C28)
in terms of AAE and ABE showed that Equation (C23) was higher in AAE but lower in
ABE. Therefore, both models (Equations (C23) and (C28)) were selected as optimal. For
the validation of Ash, Equation (C32) was shown to be a better-fitting model; however, the
RMSE, AAE, and AAE values showed that Equation C31 was more optimal.

Table 6. Summary of validation results of VM, FC, and Ash.

R? [-] RMSE [-] AAE [%] ABE [%]

Equation (C9) 0.9402 7.0063 14.8170 —11.7862

VM Equation (C13) 0.9476 6.8838 17.9723 —15.9829
FC Equation (C23) 0.9505 6.3214 18.3199 15.0094
Equation (C28) 0.9582 6.3810 17.7130 16.1190

Equation (C31) 0.9249 2.9614 168.9028 167.2849

Ash Equation (C32) 0.9326 3.0426 202.5436 201.9132

3.6. Prediction of HHV

The measured HHV were compared with that of the calculated values using mea-
sured proximate analysis, and the result comparing the measured and calculated HHVs by
measured proximate component was named as “Measured.” R2, RMSE, AAE, and ABE of
Measured were observed as 0.7733, 2.1876, 8.6677, and 4.1273, respectively. Additionally,
predicted VM, FC, and Ash calculated from the optimal model were used for calculating
HHYV. The combinations of models are summarized in Table 7, showing a total of 8§ combina-
tions. Table 8 showed the result of HHV prediction. All combinations were shown to have
better correlation than that of those measured, although Comb_5 and Comb_6 showed
lower RMSE, AAE, and ABE than the other combinations: RMSE 1.9382 and 1.9356, AAE
7.4788 and 7.4612, and ABE 4.3765 and 4.3413, respectively. Figure 3 showed scatter plots
showing the comparison between predicted and experimental HHV of each combination.

Table 7. Summarization of each combination model for prediction of HHV.

VM FC Ash
Measured Equation Equation Equation Equation Equation Equation
(C9) (C13) (C23) (C28) (C31) (C32)
Measured v - - - - - -
Comb_1 - VA - Vv - Vv -
Comb_2 - v - - Vv _ v
Comb_3 - - v Vv - v -
Comb_4 - - v - i _ v
Comb_5 - v - Vv - Vv -
Comb_6 - v - - Vi - Vv
Comb_7 - - v i - Vv R
Comb_8 - - v - i _ v
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Figure 2. Scatter plots depicting the validation result of each model: (a) Equation (C9), (b) Equation
(C13), (c) Equation (C23), (d) Equation (C28), (e) Equation (C31), and (f) Equation (C32).
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Figure 3. Scatter plots showing the comparison between predicted and experimental HHV for
the (a) Measured, (b) Comb_1, (¢) Comb_2, (d) Comb_3, (e) Comb_4, (f) Comb_5, (g) Comb_6,
(h) Comb_7, and (i) Comb_8. * The black line implies &+ 10% error band line.



Energies 2023, 16, 509

11 0f 14

Table 8. Summary of HHV prediction results.

R? [-] RMSE [-] AAE [%] ABE [%]
Measured 0.7733 2.1876 8.6677 41273
Comb_1 0.8369 2.1455 8.6944 5.8966
Comb_2 0.8369 2.1433 8.6834 5.8615
Comb_3 0.7805 2.4764 10.1171 7.6254
Comb_4 0.7803 2.4734 10.0993 7.5902
Comb_5 0.8485 1.9382 7.4788 4.3765
Comb_6 0.8488 1.9356 7.4612 4.3413
Comb_7 0.8343 2.1223 8.5481 6.1052
Comb_8 0.8345 2.1186 8.5293 6.0701

4. Conclusions

In this study, contrary to the method of predicting elemental analysis through proxi-
mate analysis, which was widely conducted in the past, this study attempted to predict
proximate analysis results based on that of the elemental analysis. Additionally, calorific
value was predicted using the result of predicted proximate composition for verifying the
result of proximate composition ratio. From previous studies, a total of 299 data were
collected, 244 of which were used for model production, and 55 data which were used
for verification. Based on the data, the Pearson’s correlations of several elements and the
proximate analysis component were ascertained. VM and FC showed strongly significant
positive correlations with O and H, and with C, respectively. Based on these, prediction
models for VM, FC, and Ash were developed. Furthermore, the calorific value was pre-
dicted using the HHYV prediction model. Various models have been suggested to predict
VM, FC, and Ash, and optimal models for each component were determined as follows:

VM = 13.647 — 0.344C + 8.902H + 0.5470 — 2.02N + 3.945S (VM model)

FC = 8.714 4 1.029C — 6.273H + 0.040 + 0.624N — 1.413S (FC model)
Ash = 75.431 — 0.653C — 2.683H — 0.5290 + 0.995N — 3.063S (Ash model)

VM showed an RMSE, AAE, and ABE of 7.0063, 14.8170%, and —11.7862%, respec-
tively. FC and Ash showed an RMSE, AAE, and ABE of 6.3214, 18.3199%, and 15.0094%,
2.9614, 168.9028%, and 168.2849%, respectively. Especially, the AAE and ABE of Ash were
higher than 168%. It was determined that the main component of Ash did not comprise
C H,N, O, and S. Comb_5 and Comb_6 should be used for predicting HHV based on the
predicted proximate component due to their low RMSE, AAE, ABE and high R?. Overall,
this study provides a method of predicting proximate analysis using only element analysis
results. Through this, it is considered that time and resource consumption can be reduced
by predicting proximate analysis only with elemental analysis, which is the disadvantage
of having to analyze the existing elemental analysis and proximate analysis separately. In
the future, more correlation models should be developed in future studies to improve the
model for lesser error.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/en16010509/s1, Table S1: Element and proximate analyses results
for correlation.
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