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Abstract: The presented article presents a summary of research findings based on a comparison of two statistical
methods, both of which were applied to the same problem. These were data that were measured during the biomass
compaction process, with softwood used as the input material. The aim of the analysis was to create models for
both selected statistical methods that would sufficiently describe the given process and subsequently compare
them. The second very important step was to compare the applicability of these methods from the point of view of
limiting criteria and to define their advantages and disadvantages in practical use. For the purposes of the
experiment itself, the biomass pressing process was used using a uniaxial press. In the case of this process,
parameters were defined that significantly affect the quality of the resulting press, which is represented by the
measured quantity - the press density. The parameters already mentioned, which by their nature significantly affect
the quality of the press, are the pressing pressure, pressing temperature, humidity of the pressed material and the
size of the pressed material fraction. The process itself and the subsequent experimental obtaining of results from
the given research took place in laboratory conditions using an experimental uniaxial press. Subsequently, through
the steps of statistical analysis, we carried out estimates of effects, individual tests of hypotheses about the
significance of the model and effects and, last but not least, also the predictive ability of the models thus obtained.
The obtained models, which were created using the two methods already mentioned, were subsequently compared
based on their predictive ability, specifically through the so-called predictive ability of the model, which is
represented by the coefficient of determination R2, which is defined as the ratio of the sum of squares SSM
explained by the model to the total sum of squares SST. As a result, it expresses the degree of agreement of the
observed values with the model. Based on the experimental knowledge thus obtained, the aim is to point out the
significance and importance of statistical methods and methodologies that are useful in processing data of various
nature and scope. It is precisely the modelling of a process, which is often complex in nature or demanding on the
data obtained, that needs to be differentiated in the statistical methods used. The research results presented in the
paper demonstrate their significance.
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1 Introduction

Statistical methods play an increasingly important role in the analysis and evaluation of tasks
in all industries [1]. The same is true in the case of engineering practice. In many cases, thanks
to an appropriately used statistical method, it is possible to perfectly describe the given (e.g.
production) process with regard to the monitored (required) output [2]. In the given case, we
are talking about revealing the dependence between the input variables and the output variables
of the given process [3].

The mentioned methods differ according to their applicability with regard to the nature of
the given variable and their amount (number) [4 - 9]. According to these parameters, we can
divide the methods leading to the detection of the dependence of variables according to Figure
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1. As can be seen from the given figure, some methods can be used for multiple types of
variables. Of course, all the mentioned methods have their limitations and conditions of use.
Much depends on the nature of the variables, their quantity, etc. In our article, we therefore
decided to compare the selected method from the above list with a method that is still less
known in some industries. This is the use of artificial neural networks.

The use of artificial neural networks is a relatively young method that is gradually finding
its application in several industries [2, 6, 7]. This method, unlike other statistical approaches
that depend on the assumption of a certain statistical distribution of classified data, does not
assume such a distribution, or he doesn't expect him. In the case of classical statistical methods,
it is assumed that each class in the variable space will have some n-dimensional distribution
[5]. However, in such a case, the problem with the statistical approach is that the assumed model
may not fit the type of data in n-dimensional space [8]. As a result of this fact, statistical
approaches can be considered limiting precisely because of the strict assumption of a certain
data model [3].
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Fig. 1 Overview of the applicability of individual methods for detecting dependencies

2 Materials and methods

The basis for the comparison of the mentioned methods were the results of the experiment,
which was carried out in laboratory conditions and whose target was to describe the biomass
compaction process by a statistical model.

The main target of the first phase was the analysis of the measured data in the statistical software
environment. In this case, it was a matter of dividing the analysis into two parts - a part devoted
to analysis through the classical method (see Fig. 1) and a part devoted to analysis through an
artificial neural network.

In our case, we focused on regression analysis, as it is the most frequently used method in
statistical practice [10]. Specifically, with regard to the processed data, we devoted ourselves
to multiple regression analysis. The reason was that in the given case we had several input
(independent) variables and one output (dependent) variable [11]. As an alternative solution
(for comparison), we chose the method of artificial neural networks.

As Figure 2 shows, the individual variables were of different character, some were
continuous and some were discrete. In the case of pressing pressure and temperature, it was a
continuous variable that can take on values in the range (63kPa - 191kPa) [12]. The pressing
temperature also has the character of a continuous variable and its values are in the range (55°C
- 130°C) [12-13]. Discrete variables include moisture content of the compacted material (%)
and fraction size (mm) [11-12]. These variables can acquire previously known values from the
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given range. The mentioned four variables belong to the group of independent variables [13].
The dependent variable in this case is the density of the resulting compact (kg.dm3) and
represents the only dependent variable.

Pressure - p | Temperature - T | Humidity - w Faction-L | Measured density
[kPa] [°cl [2a] [mm] [kg.dm3]

95 85 2 1 1,135
159 85 a8 1 1,157
95 115 2 4 1,167
159 115 a8 4 1,206
95 85 12 1 0.2
159 85 12 1 1,007
95 115 12 4 1,128
159 115 12 4 1,135
95 85 4 1,085
159 85 4 1,081
95 115 1 1,191
159 115 1 1,236
95 85 12 4 0,755
159 85 12 4 0,96
95 115 12 1 1,174
159 115 12 1 1,236
63 100 10 2 1,023
191 100 10 2 1,101
127 35 10 2 0,972
127 130 10 2 1,146
127 100 3 2 1,186
127 100 15 2 1,053
127 100 10 0,5 1,024
127 100 10 4 1,012
127 100 10 2 1,016
127 115 15 0,5 1,155
191 115 15 0,5 1,187
191 130 ] 0,5 1,152
127 130 3 0,5 1,206
95 130 5 0,5 1,201

Fig. 2 Table of input values

3 Processing the measured data using an artificial neural network

In the next step, using the SAS JMP 17 software, we prepared a proposal for processing the
measured data using an artificial neural network with three neurons in a layer. This was the
basic setting we used for the given case. A schematic representation of the mentioned proposal
is shown in Figure No. 1.

As we mentioned in the introduction, the principle of data processing by neural networks is
their learning and subsequent evaluation of the result with a repeated verification process. As
Figure 4 shows, the result of the analysis in JMP 17 statistical software are two result values.
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Pressure - p

Temperature - T

Humidity - w

Fraction - L

Fig. 3 Diagram — neural network with three neurons

4 Training 4 Validation
4 Density 4 Density
Measures Value Measures Value
RSquare 0,9943059 RSquare 0,8922261
RASE 0,0082411 RASE 0,0455831
Mean Abs Dev  0,0069252 Mean Abs Dev  0,0409353
-LoglLikelihood -81,11245 -LoglLikelihood -10,01567
SSE 0,00163 SSE 0,0124669
Sum Freq 24 Sum Freq 6

Fig. 4 Summary of fit for artificial neural network — 3 neurons
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Fig. 5 Actual by predicted plot — 3 neurons

The first column in Figure 4 shows the results of the model that was generated by the selected
"training data". In this case, it is the data through which the model trains, or optimizes its values
up to the best achieved criteria parameters. The second column contains the validation model,
i.e. a model that serves to validate the model created on the training data. The validation model
is created on a group of data other than the training data, but from the given range. As the results
show, the achieved R? value is more than 99% for the training data. However, in the case of the
validation model, it is only 89%.
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Figure 5 shows the interpolation of a linear straight line in the case of training data, or of the
model created by training data and interpolation by validation data (validation model). As can
be seen from the graphic display, in the case of training data, it is a better overlap with a straight
line, or the points gets closer to the given straight line. In the case of validation data, it is exactly
the opposite.

In the same way as with the design of three neurons on one layer, we also proceeded in the
case of five neurons in a layer. Figure 6 shows a schematic representation of the proposal. The
procedure itself for analyzing the artificial neural network designed in this way is the same as
in the previous case.

In the case of the second design of the artificial neural network, we proceeded in the same
way as in the previous case, figure 6.

Pressure - p

Fraction - L

Fig. 6 Diagram — neural network with five neurons

The result in the second case is the data in Figure 7. The first column contains the results of
the model, which was implemented on "training data", and the second contains the validation
model. As the results of the second case show, the achieved value of R? is more than 75% in
the case of training data. In the case of the validation model, it is more than 99%.

4 Training 4 Validation
4 Density 4 Density
Measures Value Measures Value
RSquare 0,7550548 RSquare 0,9999959
RASE 0,0505712 RASE 0,0003198
Mean Abs Dev  0,0223079 Mean Abs Dev  0,0002284
-Loglikelihood -37,57043 -Loglikelihood -39,77377
SSE 0,0613787 SSE 6,1353e7
Sum Freq 24 Sum Freq 6

Fig. 7 Summary of fit for artificial neural network — 5 neurons
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Figure 8 shows the interpolation of a linear line by points in the case of training data and
also validation data. As can also be seen from the graph, in the case of training data there is a
worse overlap with a straight line than in the case of validation data, where it is exactly the
opposite.
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Fig. 8 Actual by predicted plot — 5 neurons

4 Processing the measured data using a regression analysis

The second, compared, method is regression analysis. As with artificial neural networks, we
used the same SAS JMP 17 statistical software.

In the first step, we estimated the parameters of the regression model. Figure No. 11 shows
estimate of individual parameters of the model, variables and also their mutual interactions.

4 Parameter Estimates

Term Estimate Std Error tRatio Prob>|t|
0,7994324 0,105552 157 -

Intercept

Pressure 0,0008498 0,000363 2,34 0,0303*
Temperature 0,0043225 0,000726 595 «
Humidity -0,02196 0,005023 -4,37

Fraction -0,014995 0,009119 -164 0,1166

(Pressure-130,2)x(Temperature-103,5) -2,955e-5 2,676e5 -1,10 0,2833
(Pressure-130,2)x(Humidity-9,8333) 0,0001117 0,000137 0,81 04256
(Pressure-130,2)x(Fraction-2,0333) -7,168e5 0,000292 -0,25 0,8085
(Temperature-103,5)x(Humidity-9,833) 0,0012285 0,000381 3,23 V!
(Temperature-103,5)x(Fraction-2,033) 00001651 0.000606 0,27 10,7882
(Humidity-9,8333)x(Fraction-2,0333) .0 000255 0004429 -006 09548

Fig. 9 Parameter estimates

The next step was to determine the effects of individual parameters. In picture no. 10, the
mentioned effects are shown together with the order according to the size of the effect from the
largest to the smallest. The graph also graphically displays the limit of the effectiveness of the
given effect.
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4 Effect Summary

Source Logworth PValue
Temperature 3,005 : 0,00001
Humidity 3,484 ] 0,00033
Temperature x Humidity 2,334 0,00443
Pressure 1,519 J 0,03030
Fraction 0,933 | 0,11655
Pressure x Temperature 0,548 0,28333
Pressure x Humidity 0,371 0,42557
Temperature x Fraction 0,103 | 0,78818
Pressure x Fraction 0,002 | 0,80850
Humidity x Fraction 0,020 0,95477

Fig. 10 Effect summary results

Last but not least, we performed an analysis using the ANOVA method (analysis of variance)
for the entire model. As the results in Figure 11 show, the criterion value is less than the value
of p < 0.05, which means that the given model is statistically significant [14].

A Analysis of Variance

Sum of
Source DF Squares Mean Square  F Ratio
Model 10 0,32725180 0,032725 71,8823
Error 19 0,07388237 0,004152 Prob > F
C. Total 29 0,40613417 <,0001*

Fig. 11 ANOVA for regression model

The last step was to evaluate the quality of the given model through the evaluation criterion,
which in our case was the value of the coefficient of determination R2.

A Summary of Fit
R5quare 0,805773 AlCc -50,7408
RSquare Adj 0,703548 BIC -52,2792
Root Mean Square Error 0,064434
Mean of Response 1,097833
Chbservations [or Sum Wats) 30

Fig. 12 Summary of fit for regression model

As Figure 12 shows, the value of R? in the case of the regression model was 81%, which
represents a value at the limit of acceptability of the model (>80%). However, the value of R?
can increase as the number of effects in the model increases, because the model can better fit
its curvature to the observed values, even if this does not correspond to the true dependence
[13-14]. Therefore, the adjusted coefficient of determination R?,qj is used to express the degree
of agreement of the model with the observed values. The value of the criterion R%.g; in this case
is 70.3%, which represents a very low value.
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4 Actual by Predicted Plot
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PValue=<,0001

Fig. 13 Actual by predicted plot

Figure 13 shows a graph of predicted and measured values. As can be seen, the values deviate
considerably from the straight line and are also outside the prediction range. This only confirms
the quality of the given model in its absolute value, represented by the R? criterion.

In the case of the comparison of the results of both methods and the subsequently performed
analyzes by these methods, we were not concerned with the absolute value of the R? criterion,
but with the comparison of this value in the given methods. We did not evaluate the quality of
the model itself, but the quality of the model by one method and another. The reason for the
quality of the given model can be measured data (outliers, etc.) or other influences.

In general, however, we can conclude that the use of artificial neural networks gave us a
better % value of the evaluation criterion R?, i.e. this method in this case gave us a more accurate
model than the regression analysis method. Added value is the conditions under which neural
networks can be used.

CONCLUSION

By means of the mentioned research, the use of two selected statistical methods was
compared on a selected case of analysis of measured values. The main conclusions we can state
as a result of this study are:

« The advantage of artificial neural networks is that they are independent of the statistical
distribution of the data, the normality of the data is not required, nor the sample size, and no
particular model is expected.

»  The accuracy of the model obtained through the use of artificial neural networks was
significantly higher than the model obtained by regression analysis. The value of the criterion
R? was in the case of the regression analysis R? = 81% and in the case of the artificial neural
network R? = 99%.

» Inthe same way as when using other statistical methods, it can be stated that even when
artificial neural networks are used, the so-called relearning the network, which in practice
means that fewer neurons in a layer can bring a better result of the quality of the resulting model
than a higher number of neurons. The R? value was R? = 99% for a network with 3 neurons and
R? = 76% for a network with 5 neurons.
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»  The advantage of the application of artificial neural networks is the use of the so-called
training data and subsequent verification by validation on selected data from the scope of the
given selection.

* A very positive aspect of the use of artificial neural networks for data classification is
the relatively high classification success achieved.

+ The advantage of artificial neural networks is that their output can be discrete,
continuous, vector or combined.

« Disadvantages of artificial neural networks are relatively long training time and
demanding, less transparent internal processing (so-called "black-box™).
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