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Abstract: Crop byproducts are alternatives to nonrenewable energy resources. Burning biomass
results in lower emission of undesirable nitrogen and sulfur oxides and contributes no significant
greenhouse effect. There is a diverse range of energy-useful biomass, including in terms of calorific
value. This article presents a new method of discriminating biomass, and of determining its calorific
value. The method involves extracting the selected texture features on the surface of a briquette
from a microscopic image and then classifying them using supervised classification methods. The
fractal dimension, local binary pattern (LBP), and Haralick features are computed and then classified
by linear discrimination analysis (LDA). The discrimination results are compared with the results
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obtained by random forest (RF) and deep neural network (DNN) type classifiers. This approach
is superior in terms of complexity and operating time to other methods such as, for instance, the
calorimetric method or analysis of the chemical composition of elements in a sample. In the normal
operation mode, our method identifies the calorific value in the time of about 100 s, i.e., 90 times
faster than traditional combustion of material samples. In predicting from a single sample image,
the overall average accuracy of 95% was achieved for all tested classifiers. The authors’ idea to use
ten input images of the same material and then majority voting after classification increases the
discrimination system accuracy above 99%.
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1. Introduction

Publisher’s Note: MDPI stays neutral On 14 July 2021, the European Commission adopted a package of legislative proposals

that set European Union policy goals for climate and energy adjustment. Member states
are obliged to cut their net greenhouse gas emissions by at least 55% by 2030 compared to
1990 [1]. Increasingly stringent regulations to protect the environment and air are spurring
the search for alternative biofuels, characterized by low emissions of atmospheric pollutants
and the highest possible energy efficiency.

Plant biomass is the basis for the production of biofuels, which can substitute or
supplement diesel, petrol, and other fossil fuels used for transport, heating, and other
applications. There are three categories of biofuels: first generation, second generation,
and third generation. First-generation biofuels are produced primarily from plants and
plant byproducts, such as vegetable oils, grains, and sugar cane. According to the rec-
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autotrophic aquatic organisms, such as algae [2,3]. According to the European Commission,
a minimum of 3% of energy should be produced by second- and third- generation biofuels.

Because of their availability and stability of supply, biofuels obtained from crop
byproducts should be preferenced [4]. The use of second-generation biofuels also helps
to reduce agricultural waste and does not require building expensive production lines,
in contrast to other energy sources. One of the second-generation biofuels is biomass
obtained from straw. According to cause-effect models, in Poland alone the economic
potential for energy production using straw will amount to 5.4 million tons (1.8 Mtoe) in
2030 [3]. Research by Lantz and co-authors [5] shows that greenhouse gas emissions from
straw and cereal biofuels are significantly lower than those from fossil fuels, with straw-
based fuels being the least harmful. The use of straw as a raw material for biofuel also
mitigates climate change via nitrogen fixation [3].

Effective use of straw for energy production requires careful identification of various
technical and economic parameters. Among the most important features of fuel are its
calorific value and thermal efficiency [6,7]. Calorific value is defined as the amount of heat
released during the complete combustion of 1 kg of biomass. Calorific value is the most
important determinant of combustibility. It ranges from 8.6 to 44 M]/kg, depending on the
fuel type [8]. Notwithstanding its many benefits compared to other fossil fuels, straw has
a relatively low calorific value. Its calorific value depends on the type of straw [9]. Straw
used for energy purposes comes most often from wheat, barley, rape, and maize. The dry
matter calorific values of these crops are as follows: 17.5-17.7 MJ /kg for wheat straw [10];
15.7 M] /kg for barley straw [11]; 15.3 M]/kg for rapeseed straw [12]; 16.1-20.9 M] /kg
for maize straw [12-14]. The noticeable differences in these values, in particular between
straw types, may be caused by sample heterogeneity and lack of consistency in calorimetric
procedures [13]. Nonetheless, Pordesimo and co-authors noticed that the energy content
of maize straw remains fairly constant, regardless of the fraction and harvest time [13].
Different straws, such as wheat or corn straw, can be mixed with other combustible wastes,
such as wood chips or crop-processing residues (grain hull, dry pomace). The resulting
mixture can be used for the production of fuel rods or block-shaped fuel. Mixing a certain
percentage of a binder in the form of another biomass waste with the crushed straw has
been found to increase the calorific value of the briquettes and decrease the energy required
for compression. The effects of the binder are related to its type and the percentage ratio of
the components [15,16].

The calorific value of highly variable solid fuels in terms of their chemical-physical
compositions can be measured directly using a calorimeter bomb [17,18]. In the combustion
process, the water vapor resulting from the oxidation of hydrogen is condensed and
cooled to the temperature of the main element—a bomb that releases about 600 kcal for
every kilogram of condensed water vapor, and which is usually released as vapor in the
exhaust gas. Measurement using a calorimetric bomb is complicated and time-consuming.
Moreover, it requires configuration procedures, as well as measurements and calculations of
partial results. The calorific value can also be estimated from the element composition [19],
although that is also a complex process. Conventional analysis to determine the basic
composition of fuels requires the use of modern laboratory equipment [20]. To the best
knowledge of the authors, no alternative methods have been developed, especially ones
based on image analysis, which are not so costly in terms of time and equipment.

Pressed biomaterials are composed of various components that can be distinguished
visually to some extent by macro- or microscopic techniques. The material surface presents
a set of textual features that can be assessed visually, and which together with color can
be subjectively related to the composition and characteristics of the surface morphology
(e.g., coarse, rough, and complex surfaces or smooth and uniform surfaces). However,
the resulting microstructures are often visually similar; therefore, experts have difficulty
recognizing their differences. The material can be subjected to computer analysis, which
transforms the texture image into a feature vector using a bank of filters, followed by
nonlinearity and smoothing steps for the purposes of further classification. Although there
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is no generally accepted definition of texture in computer vision, it has been established that
a texture image or region obeys certain statistical properties and exhibits repeated structures.
Because these properties may be linked to the structure of the studied object, texture is
currently being correlated with the chemical and physical properties of biomaterials [21].
Typing and distinguishing objects and materials based on texture is usually possible using
linear classifiers [22], provided that the correct set of features is selected, or that a complex
set of data is initially provided for further decomposition, as in the case of the PLS-DA
classifier [23]. In recent years, there has been growing interest in using image processing
techniques employing artificial intelligence classifiers to recognize textures and distinguish
between materials with only minor differences in terms of composition and processing [24].
Commercial uses for texture learning models are emerging: smartphone applications that
use neural networks have been developed around the world to determine the calorific
values of products and meals [25-27].

In this study, we propose an image analysis system for biomass discrimination based
on sample textures visible at the microscale. The motivation was to design and build a
tool that is capable of recognizing biofuel types for calorific testing purposes. There are no
reports in the literature on the use of the method of artificial intelligence to determine the
calorific value of biomass prepared in the form of pellets. Due to the innovative approach
to the subject, the described method was submitted to the Patent Office in order to protect
intellectual property. Detecting textural changes is essential for establishing a successful
link between the composition and properties of biofuels. We use a dataset of five biofuel
types, which differ in terms of the composition of their crop byproducts and calorific values.
Despite the different compositions of the biofuels, they are very similar in macroscopic
and microscopic appearance. This allowed us to test the ability of different linear and
nonlinear texture classifiers to discern the texture differences between similar materials.
The presented approach does not require advanced laboratory equipment and is a much
faster method than previously described.

2. Materials and Methods
2.1. Biomass Samples

In the presented method, the calorific values of biofuels are assessed indirectly by
texture recognition. The textures of the biomass samples are assigned to specific classes
with known heating parameters.

Five different types of materials were prepared from shredded straw and grains.
The shredded straw and grains were mixed in appropriate proportions (Table 1) and then
pressed using a hydraulic press with a pressure of 3 tonnes. This procedure is equivalent
to the process of biomass pelletization used in industry. Thickening is performed to make
the properties of straw biomass closer to those of coal, since the energy density of biomass
increases as a result of compression. Shapes and geometric dimensions are made uniform,
and the moisture content is lowered, which makes this type of processed biomass the basic
biofuel for commercial power engineering.

Table 1. Sample data for the tested biofuel materials.

Biofuel . Number Heating Combustion
Type Material Components of Images Value Heat [MJ/kg]
[M]/kg]

1 50% wheat, 50% wheat straw 100 15.6 17.15

2 50% wheat, 50% triticale straw 100 15.6 16.90

3 50% wheat straw, 50% triticale straw 100 15.5 16.80

4 100% wheat 100 15.8 17.20

5 100% wheat straw 100 154 17.10

The combustion heat of the tested samples was determined with the use of the calori-
metric bomb combustion method, according to the EN ISO 18125:2017 Solid biofuels—
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Determination of calorific value standard [28]. The KI-12Mn bomb calorimeter was used,
which is capable of determining changes in the temperature of liquid in the calorimetric
vessel with an accuracy of 0.001 °C. Due to the methodological requirements and the low
density of sawdust, the material was pressed using a hand press to form a pellet before the
measurements were taken.

The calorimeter measures and then records automatically three characteristic tem-
perature points and three basic periods in the time-temperature course of the combustion
process, as depicted in Figure 1. The measurement cycle of the calorimeter can be completed
in approximately 15 min for a single biofuel sample. The results for the calculated heat of
combustion are then averaged over 10 measurements, which takes 2.5 h.
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Figure 1. Time-temperature curve of the combustion process: (a) illustrative model of the time-
temperature curve with three characteristic temperature points, t;, t; and ¢ (explanations on the
legend), according to EN ISO 18125:2017-07; (b) exemplary time-temperature curve obtained for 100%
wheat-pressed material (biofuel type 4).

2.2. Biomass Image Acquisition and Preprocessing

Images of the biofuel samples (Figure 2) were captured using a digital camera mounted
on a Delta Optical microscope (Delta Optical, Poland), then transmitted to a Personal
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Computer (PC) via a Universal Serial Bus (USB) link and saved as JPEG-type disk files,
as shown in Figure 3. In total, 550 sample images representing 110 of each of the 5 classes
of biofuel were captured and stored. In our system, it is assumed that entering a single
image takes about 10 s to locate sample, focus objective, acquire image and save as a JPEG
file. One-time presentation of 100 images of a given biofuel type, necessary to associate the
texture of the material with its combustion heat, requires 100 x 10 s ~ 17 min. After such
associations for all materials have been established by the machine learning algorithm,
the biofuel identification requires only the input of 10 surface images.

Figure 2. Sample material of 100% wheat straw (biofuel type 5).
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Figure 3. Block diagram of the biofuel material identification system: PC—Personal Computer;
IDB—database of biofuel images for training the classifier; USB—serial connection between the
digital camera of the microscope and the PC.

The PC module is equipped with an Intel(R) Core(TM) i7-7700HQ Central Processing
Unit (CPU) with a 2.80 GHz clock, 16 GB Random Access Memory (RAM), and an NVIDIA
GeForce GTX 1050 graphic card with 4 GB fast access RAM as a Graphic Processing Unit
(GPU) for use in parallel computations. The images of known biofuel samples are collected
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in separate folders, composing the Image Database (IDB), and used for training the built-in
classifier. The captured images are stored in a raster of 2560 x 1920 pixels, with a resolution
of 9600 dpi, which corresponds to an image area of 6.77 x 5.08 mm in physical units.
Software implementing the proposed method was designed in the form of a Python script
executed in the Windows 10 operating system.

The software runs in two modes: the training mode and the mode of biofuel class
prediction, with training required before prediction. The training can be treated as a cal-
ibration stage in the proposed biofuel measurement system. Flowcharts of the method
algorithm in the two execution modes are shown in Figures 4 and 5. The image preprocess-
ing module is marked as subprocess block 3 in both figures. It incorporates three stages,
shown in Figure 6. The first stage consists of scaling down the image raster 8 times to
320 x 240 pixels, with bilinear interpolation. Scaling is performed using the Python resize
function included in the Python opencv library. This operation accelerates the computation
of textural features and training of the internal classifier. Equalization of uneven image
lighting [29,30] is carried out by subtracting from each image color component I its blurred
version G, which is with the average component intensity I, as given in Equation (1).
The blurred component G, is obtained by Gaussian filtering with the appropriate kernel
size and variance.

Ié = Ic - Gc +TC/
G = GaussianBlur(I., ksize, sigma), 1)

I = mf/‘;n(IC (xr y))/

where ¢ € {R,G,B}, GaussianBlur is a Python function from the opencv package,
ksize = (31,31) denotes the limited Gaussian kernel size, and sigma = 15 is the assumed
Gaussian standard deviation. Conversion of the color image I to grayscale is performed by
evaluating its YUV luminance according to the known formula in Equation (2) [30]

Iy = 0.2991 + 0.5871 + 0.11415. @)

2.3. Biomass Image Textural Feature Computing

To identify the type of biofuel material and therefore its caloric content, the textural
features of the pressed cereals are taken into account. The feature selection and extraction
modules are shown in Figure 7. To assess the texture of the biofuel, the Haralick textural
features Hj, ..., Hi3 of the image Iy are taken into account [31]. These statistical properties,
derived from the Gray Level Co-occurrence Matrix (GLCM) [31,32], are related to the inten-
sity differences between pixels of the image Iy at a fixed distance and thus indirectly refer
to the characteristics of the biofuel surface. The Python function mahotas. features.haralick
was used, which returns the mean values of all H features in four directions spaced every
45° on the image plane. The function is shown as Equation (3)

(Hy, ..., Hi3) = mahotas.features.haralick(Iy,distance = 2, return_mean = True), (3)

where distance = 2 is the assumed fixed distance between compared pixels in all directions.
We additionally used the features of fractal dimension, border mean, and border area pro-
posed for the Segmentation-based Fractal Texture Analysis (SFTA) [33]. To compute these
features, the gray-level image Iy must be binarized using one-level Otsu thresholding [34],
as described in Equation (4):

Iy = Torsu(Iy)- 4)
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Figure 4. Flowchart of the algorithm in training mode: RF—random forest classifier; LD A—linear

discrimination analysis; DN N—deep neural network.

The fractal dimension used in SFTA is based on the box-counting (Minkowski) dimen-
sion dimy,, (S), which is applied according to the formula
, . logN(e)
dimy,(S) = lim log(1/e)’ ®)
where € denotes the side length of the sliding cube, N is the number of cubes, and S is the
2D dataset of image pixels. The dimension D is estimated by the least squares method
using the linear equation y = Dx + A, where y = log(N) and x = log(1/¢€) [35]. To obtain
the value of D, gliding boxes of size [€; X €;] are used. The number of boxes N; = N(¢;)
containing at least one bright voxel in the border image A(Ip) is computed for each box
of size €; = s5,5/2,5/4,...,2, starting with an initial size s equal to the smallest image
dimension rounded down to the power of 2. The data (x;, y;) are computed for each box
size €;, according to Equation (6)

yi = log(N(e;)), x;=log(e:), (6)
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and then the least squares method of regression [36] allows linear approximation of the
data. The feature fractal dimension Dy shown in Equation (7) represents the negative slope
of the line y(x).

Dy =D, @)

START

1 | Reset the histogram Hc of predicted
biofuel class

A
2 Image acquisition of
biofulel surface

A

3 Image preprocessing

y
Extraction of image textural
features
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e e - RF
Classifier prediction of biofuel
6 material LDA
DNN

!

7 | Add prediction result to biofuel class
histogram Hc

more image
samples
2 Y

g | Select fuel class C in Hc by majority
voting: C=arg max(Hc)

A 4

( STOP )

Figure 5. Flowchart of the algorithm in prediction mode: RF—random forest classifier; LD A—linear
discrimination analysis; DN N—deep neural network.




Energies 2022, 15, 2514

9o0f23

Image preprocessing

Downscaling the image to a raster of
320%240 pixels, ~1200 dpi

A 4

|
|
|
|
|
|
: Uneven ligting equalization of R,G,B
|
|
|
|
|
|
|

image components

v

Convertion of color image into image
luminance

Figure 6. Flowchart of the image preprocessing stages.

Extraction of image textural features

Extraction of image Haralick features
H]_, cen ,H]_3

l |
l |
l |
l |
l |
| A [
[ Extraction of fractal dimension Dy, [
| border mean by, and border area b,, |
l |
l |
l |
l |
l |
l |
l |

features

A

Computing the normalized histogram
of an LBP-encoded image

Figure 7. Flowchart of the textural features selected for biofuel classification.

Other SFTA textural features are the border mean value b,;, and the border area b,,.
The by, is evaluated as the average brightness of the image Iy on the borders of white areas
in Ip, as expressed in Equation (8),

1 N
b = Ne Y Iy-Alg, Nx=)_ Alg(x,y), (8)
Aj=1 Xy

where Alp denotes the border image obtained from Ig and N, is the number of border
pixels. The border area defined in Equation (9) is the same as the value Nj.

bar = Nj. )
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The image features D Iz by, and by, are calculated using appropriate functions devel-
oped in the Python environment for the presented method. The last block of textural
features included in Figure 7 concerns the Local Binary Pattern (LBP) applied to the biofuel
image. The LBP transforms the intensity image Iy into the image I; pp with pixel values
encoded as bit sequences, where each bit is the result of comparing a pixel to each of its P
neighbors at a fixed distance of R pixels [37-39]. The values of I} pp are invariant of the Iy
gray-levels. The bit sequence of the I} pp pixel data is rotated to minimize the pixel value.
To obtain an LBP image, we used the function local_binary_pattern in the Python package
skimage. feature given by Equation (10)

I1gp = local_binary_pattern(Iy, P, R, method), (10)

where P = 8, R = 1 (explained in the text), and method =’ ror’ ensures I pp values

invariant of Iy rotation. The LBP features are prepared as a normalized histogram B of the
encoded image I;pp. The histogram function in Equation (11) is available in the Python
package numpy.

B = histogram(Ipgp, bins, range, density = True), (11)

where bins = 32 is the number of histogram bins and range = [0,255] is the range of image
values included in the histogram. All discussed features are interpreted as Ny = 48 columns
of one data sample row. The N; sample rows are collected as a single dataframe X of size
[Ns x Ny], which is submitted to the standardization stage described in the next section.
Image acquisition, preprocessing, and textural feature extraction are the initial stages of the
proposed classification method, illustrated as blocks 2, 3, and 4 of the algorithm flowchart
in Figures 4 and 5.

2.4. Textural Feature Scaling and Reduction

To avoid the influence of the different scales of the textural features on the biofuel as-
sessment, each of the features were standardized individually by centering them (resetting
the means) and then scaling to unit variance, as described in Equation (12). This operation
can be easily performed with the Python StandardScaler().fit_trans form(X) function in
the sklearn.preprocessing package, where X[N;s x Ny] is the data frame of the N features,
and each feature Ns; samples long [40,41]:

X — u;
_]Sj”’, je{l,..., Ny} (12)
where Xj and X; denote the j-th feature vectors before and after standardization, and u i
and s; are its sample mean and standard deviation, respectively. Zero-variance features
are eliminated, as they are irrelevant to differentiating the material class. Because the
textural features of images are often correlated, many of them add little information to
distinguish the biofuels. Therefore, Principal Component Analysis (PCA) is applied to
the original N¢-dimensional feature space, to transform it into a new principal component
space where the first component direction maximizes the variance of the projected data and
all space directions constitute an orthogonal basis [42,43]. The feature data components PC;,
i=1,..., Ny are uncorrelated and the first components are of the greatest importance for
distinguishing between biofuel classes. To carry out the PCA transformation of the feature
dataframe X in the Python environment, the PCA object functions fit and trans form in-
cluded in the package sklearn.decomposition can be used. These functions are implemented
as described in Equation (13)

X = pea.transform(X), pca = PCA(N,).fit(Xy), (13)
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where X[N; x N.| denotes the array of PCA feature components for N feature samples, N,
is the number of initial components left by the transform, the fit function calculates the pca
as a specific transform rule adapted to the feature training data X;[N; x N¢] of N; samples,
and the trans form function converts any input dataframe X[Ns x N¢|.

2.5. Biomass Classifier Models

Three types of classifiers are considered in this work: a Linear Discrimination Analyzer
(LDA) [44], a Random Forest (RF) classifier [45,46], and a Deep Neural Network (DNN) [47,48].
Each of these classifiers is represented as block 6 of the algorithm flowcharts shown in
Figures 4 and 5. The LDA classifier divides the space X of N, feature components by
hyperplanes positioned to optimally separate component samples from known, different
classes. The proposed classifier model is described by the LD A class in the Python package
sklearn.lda, as described in Equation (14):

lda = LDA(), (14)

where the LDA constructor parameters keep their default values. The Ida model object is
trained on the component data X; with the function given in Equation (15), which sets the
optimal separating hyperplanes among the classes:

lda.fit(Xt, yt)/ (15)

where X;[N; x N.| is the array of N; dataframe samples used for training, consisting of N,
component features, and y;[N;| denotes a vector of class labels. The fitted model is later
used to predict class labels using the function shown in Equation (16):

yp = lda.predict(X,), (16)

where X, [N, x N¢| contains N, samples with predictions returned by y,[N]. The Random
forest fits the number of decision tree classifiers to random dataset subsamples (with
replacement) and produces an ensemble prediction from individual tree predictions using
majority voting for a biofuel class. The classifier model is defined as an object of the
class RandomForestClassifier contained in the Python package sklearn.ensemble, with the
adjustable parameters shown in Equation (17) [49].

rf =RandomForestClassifier(n_estimators, max_depth, bootstrap, 17)
oob_score, criterion),

where n_estimators = 200 is the number of trees in the forest, max_depth = None de-
notes tree nodes expanded until all leaves are pure or until all leaves contain fewer than
two samples, bootstrap = True denotes that only bootstrap samples are used to build
each tree, oob_score = True uses out-of-bag samples to estimate the generalization score,
and criterion =' gini’ is the Gini Index criterion of splitting purity at each tree node [50].
The arguments in Equation (17) are adjusted experimentally to ensure high accuracy of
biofuel classification.

The rf model object is trained on the basis of the data X; and the known class answers
yt using the function described by Equation (18):

I”f.fit(Xt,yt), (18)

where X;[N; x N¢| is the array of N; dataframe samples, each consisting of N, textural
feature components used for training, and y;[N¢] is the vector of known biofuel classes cor-
responding to the samples of X;. Prediction is made by the function given in Equation (19):

yp = rf.predict(X,), (19)
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where X,[N, x N¢] includes N), samples with predictions returned in the class vector
Yp[Np]. An example fragment of a decision tree generated by this model is shown in
Figure 8.

PC2 <=-0.522
gini = 0.799
samples = 282
value = [89, 94, 87, 81, 99]

PC1 <= 2.568 PC24 <= -0.522
gini = 0.702 gini = 0.73
samples = 127 samples = 155
value = [82, 20, 63, 0, 44] value = [7, 74, 24, 81, 55]
PC5 <= -1.356 PC6 <= -0.933 PC19 <= 0.152 PC3 <= 0.196
gini = 0.614 gini = 0.422 gini = 0.484 gini = 0.72

samples = 96
value = [82, 20, 47, 0, 7]

samples = 31 samples = 32 samples = 123
value = [0, 0, 16, 0, 37] value = [0, 35, 3, 3, 10] value = [7, 39, 21, 78, 45]

Figure 8. Three initial levels of one of the randomly generated decision trees making up the RF
classifier. The five elements of value in each node correspond to splitting the sample data into five
classes. PCn denotes the n-th PCA component feature.

The proposed DNN classifier consists of a sequence of three dense neural layers, where
each neuron in every layer computes a weighted sum of activated neuron outputs from
the previous layer [47]. The components of the classifier model are visualized in Figure 9.
The layers from layer_1 to layer_2 implement the Rectifier Linear Unit (relu) activation,
while the output layer_3 uses a soft argmax (softmax) activator pointing to the output
neuron (class) that obtains the maximum value [51]. The DNN layers used in the classifier
are defined by the function Dense available in the Python module tensor flow.keras.layers.
The function of layers 1 to 3 is shown in Equation (20)

layer = Dense(units = S, activation = A), (20)

where S and A are set as summarized in Figure 9. S and A refer to the Output Shape and
Activation, respectively. Dropout layers 1 and 2 randomly set inputs to 0 with the rates
0.1 and 0.01, respectively, during training time, which helps prevent overfitting [51,52].
Each dropout layer is created by the function Dropout included in the Python module
tensor flow.keras.layers and illustrated in Equation (21).

layer = Dropout(rate = R), (21)
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where R denotes the proposed rate. The layers are stacked into the model object dnn of the
class tensor flow.keras.Sequential. The model is then compiled using the method given in
Equation (22) to configure it for training:

dnn.compile(optimizer = RMSprop(lr,decay, rho)), (22)

where RMSprop (Root Mean Square Propagation) is the function of the modern optimiza-
tion algorithm proposed by Geoff Hinton in the course Neural Networks for Machine Learn-
ing [53], also discussed in [54], [r = 5 x 10~* is the initial learning rate of the adaptive algo-
rithm, rho = 0.9 is the discounting factor for the gradient calculation, and decay = 5 x 10°
adjusts Ir per optimizer iterations incremented on each batch fit. The dnn model is
trained on the data X;[N; x N.], with the known class answers y;, using the function in
Equation (23):

dnn.fit(Xy, yt, epochs, batchsize), (23)

where epochs = 80 is the number of passes over the entire feature dataset, and batch_size = 5
is the number of samples propagated through the network in one forward /backward pass.
Prediction is performed by the function given in Equation (24):

yp = dnn.predict(Xp), (24)

where X,[N, x N¢] includes N, samples with predictions returned in the class vector
Yp[Np]. The classification accuracy in any classifier is defined by Equation (25) as the ratio
of the sum of diagonal elements in the confusion matrix to the sum of all its elements.

N¢
421 M,
— 1=
ace =y (25)
Y X M,
i=1j=1
where M[N¢ x N¢] denotes the confusion matrix and Nc = 5 is the number of bio-
fuel classes.
Layer (type) Output Shape  Activation  Param #
layer_1 (Dense) (None, 20) relu 500
dropout_1 (Dropout) 10% (None, 20) - 0
layer_2 (Dense) (None, 10) relu 210
dropout_1 (Dropout) 1% (None, 20) - 0
layer_3 (Dense) (None, 5) softmax 55

Total params: 765
Trainable params: 765
Non-trainable params: 0

Figure 9. Summary of the DNN model proposed for biofuel classification for N, = 24 inputs of the
layer_1.

2.6. Prediction Correction Method

Additional correction of classification results is covered in block 7 of the basic algo-
rithm flowchart shown in Figure 5. It is based on the assumption that several images are
captured for the same biomaterial and, as a result, several predictions regarding its class can
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be made. In the case of n independent classification results, the probability of k successes in
selecting one correct class can be computed using the binomial distribution with p as the
probability of a single success (proper class prediction) [55].

The final biofuel prediction accuracy p_acc is defined as the probability of more than
k = n/2 successes in n classification trials, which equals the probability of true class
prediction when the maximum value location in the histogram of n predictions is selected.
This can be computed using the Python binomial cumulative function scipy.stats.binom.cdf,
as shown in Equation (26):

p_acc =1 — stats.binom.cdf (k,n, p), (26)

where stats.binom.cdf is imported from the scipy package [56], p_acc is the final prediction
accuracy, n = 10 is the number of independent classification trials, and p is the expected
accuracy (probability of true class selection) in a single classification.

3. Results
3.1. Feature Space Scaling and Reduction

The algorithm for the discussed method of biofuel energy class identification was
tested for five material classes, listed in Table 1. All the acquired biofuel images used by
the image analysis program had the same dimensions of 2560 x 1920 pixels and physical
resolution of 2.6 um/pixel. The training mode requires 500 sample images (100 samples
per class). The prediction mode uses 10 sample images of the same, unknown biomaterial,
saved separately from the IDB. Figure 10a,c show example images of Class 1 and 2 biofuels,
respectively, after scaling down to 320 x 240 pixels. Figure 10b,d refer to the same images
after lighting equalization, as described by Equation (1). The results of converting the
images into the form of luminance are illustrated in Figure 11.

The original dataframe of textural features in the program training mode, before PCA
transform, consists of 500 sample rows (100 per class) as illustrated in Figure 12a, where
each row includes Ny = 48 textural features and an associated known class label (number).
The dataframe in program prediction mode is built of 10 feature rows of the same, unknown
biofuel class, as shown in Figure 12b.

On the PCA component plane (PC1, PC2) shown in Figure 13, positive or negative
correlations can be observed within several groups of the original textural features—e.g.,
a positive correlation in the groups Hy, Hs, Hip and Bj, B3, Hy3. Therefore, prior to
classification, it is reasonable to orthogonalize the feature base and further reduce the base
dimensionality. After PCA, the sample features are converted to the orthogonal basis of
feature components reduced to the first N, = 24 items.
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(0) (d)

Figure 10. Effect of equalizing the lighting of sample biofuel images, (a,c)—images from class 1 and 2
with uneven lighting, (b,d)—the same images after lighting equalization.

(b)

Figure 11. Example images from Figure 10 after conversion to grayscale, (a)—luminance of the image
from Figure 10b, (b)—luminance of the image from Figure 10d
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Figure 12. Dataframes of textural features, (a) in the training mode, (b) in the prediction mode.
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Figure 13. Biplot of textural feature variables on the plane of two major PCA components.

3.2. Classifier Validation and Computing Time

To test the quality of biofuel prediction, 110 feature samples (sets) from each of the
5 biofuel classes were taken and 10 of the samples per class were randomly selected for
prediction (total 50 samples). The remaining 100 samples per class were left for classifier
training (total 500 samples). After 10 validations had been made on the data split this way,
the prediction results were accumulated in confusion matrices obtained for the LD A, RF,
and DNN classifiers, as shown in Figure 14a—c, respectively.



Energies 2022, 15, 2514

17 of 23

1'({2'|3 |45 1'({2'[3 |4 |5 1'[2'[ 3|4 |5

1(91{8 (0| 1|0 19 |4 |0|0]|O0 1(97/3|0|0]|O0

2|19(91|{0(1|0 212(9|0(2|0 2198 |1|1]|1

3|{0|01|98(0|3 3[0(2(94| 0| 4 3[/0[0(9 0|4

4|10[1|0(98|0 4|10[(6|0(9%|0 4|10]| 0] 0100 O

5{0|0]|2]0]197 5[0[0|1|1]|98 5[0[0|5(|0(95
(@) (b) (©)

Figure 14. Cumulative confusion matrices for 10 validations of 50 feature sets with equal frequency in

each class, {1,...,5}—true classes, {1’,...,5'}—predicted classes, (a) LD A classifier, (b) RF classifier,
(c) DNN classifier.

The accuracy achieved in the 10 validation tests are presented in Table 2. The average
accuracy for the LDA, RF, and DNN classifiers was almost the same, at about 0.95.

Table 2. Prediction accuracy for 10 validations of 50 feature samples (10 per class). LD A—Linear
Discrimination Analysis, RF—Random Forest classifier, DN N—Deep Neural Network, av—mean
accuracy, sd—standard deviation.

Test 1 2 3 4 5 6 7 8 9 10 ao sd

LDA 096 0.88 098 096 096 096 096 098 090 096 0.95 0.03
acc RF 096 096 096 094 096 098 098 092 096 094 096 0.02
DNN 092 096 096 1.00 090 094 098 098 1.00 0.88 095 0.04

Once 10 independent feature samples per class have been predicted, the confusion
matrix row contains a histogram of the prediction results for that class. The prediction ac-
curacy of a class indicated by the histogram mode is increased to p_acc = 0.9999, assuming
p = 0.95 for single prediction success and n = 10 independent experiments, as shown in
Equation (26).

The loss function of the DNN classifier illustrated in Figure 15b is calculated as the
categorical cross-entropy, defined in Equation (27) [57]. This loss is a very good measure of
the diversity between two discrete probability distributions, represented by the categorical
output vectors y and §:

Nc
loss = — Y ;- log ¥, (27)
i=1

where #; is the i-th scalar value in the model output, and y; is the i-th element of a ground
truth binary output vector corresponding to the class value.
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—— valid accuracy
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Figure 15. Example changes in model metrics during DN N classifier training/validation, (a) accuracy
(b) loss.
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The number N, = 24 of first PCA components presented to a classifier was matched
to the assumed expected accuracy of the biomaterial classification, which is equal to about
0.95. Exemplary plots of the observed accuracy changes versus the number of components
are shown in Figure 16a,b. The execution times of various stages of the proposed algorithm
were measured for the computation unit using the hardware and software equipment
discussed in Section 2.2.

0.8- 0.8- Q
> > L4
Q o
© IS
3 3
g 0.6 g 0.6

0.4- 0.4-

[ ]
0 5 10 15 20 25 0 5 10 15 20 25
no components no components

(a) (b)
Figure 16. Observed changes in classification accuracy with the number of initial PCA components
used, (a) LDA classifier, (b) RF classifier.

The image preprocessing and feature extraction steps represented by block 3 and
block 4 both in Figures 4 and 5 require the execution times given in Table 3. The times
refer to the analysis of a single image and need to be multiplied by the number of images
required, which depends on the program mode. The total time needed for preprocessing
and preparing textural features for the built-in classifier does not exceed 2 s in the prediction
mode and 100 s in the training mode. Typical times characterizing the work of the proposed
classifiers are given in Table 4. They show the definite speed advantage of the LDA classifier,
which is about 6 times faster at prediction and 45 times faster in training than the proposed
RF classifier with 200 decision trees. The RF classifier is in turn about 100 times faster
than the DNN classifier during prediction and training, with the DNN classifier requiring
80 training epochs.

Table 3. Execution times of image preprocessing and textural feature computing for a single image,
S1—image rescaling, S2—lighting equalization and luminance computing, S3, 5S4, and S5—stages of
Haralick, SFTA, and LBP feature extraction.

Preprocessing Feature Extraction
S1 S2 S3 S4 S5
[ms] [ms] [ms] [ms] [ms]
126.60 8.06 23.36 13.20 25.86

Table 4. Times of classifier training and prediction for N, = 24 PCA feature components.

Classifier Training Prediction
[s] [s]
LDA 0.009 0.002
RF 0.413 0.012
DNN 39.187 1615

Nevertheless, even a time of around 40 s for training on 500 images appears to be
acceptable. It should be noted that the DNN model training function dnn. fit in Equation (23)
used GPU GTX 1050 parallel computing. The relatively long duration of the rescaling stage
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51 was spent reading from the disk hundreds of JPEG image files with large dimensions of
2560 x 1920 pixels.

3.3. PLSDA Linear Classifier

The classification accuracy of the proposed method was briefly compared with the
performance of the Partial Least Squares-Discriminant Analysis (PLSDA) linear classifier.
The input data, consisting of original textural feature values after scaling, were transferred
to the PLSDA model designed in R language [58,59]. The performance of the model
was evaluated using the R function mixOmics::perf, with 10-fold cross-validation repeated
100 times [60,61], illustrated in Figure 17 as the classification error rate. This rate is presented
as a function of the number of components included in the model. Separate plots are created
for the Mahalanobis and maximum distances between clusters in the textural feature
space [62]. The error rates do not fall below 9 = 10%, although as many as 24 components
from 48 dimensional feature space are used. The expected errors of the PLSDA model are
1.8 = 2 times as large as for the nonlinear classifiers. Balanced errors (BER) are the same as
overall for the balanced representation of class samples.

v | *
o

— overall e  max.dist
- - BER mahalanobis.dist

<
o

0.3

Classification error rate
0.2

0.1

0.0

Component

Figure 17. PLSDA classification errors for biofuel materials, overall—overall error rate, BER—

balanced error rate.

4. Discussion

It is easy to notice from Tables 3-5 that the computing time in the prediction mode (2 s)
and training mode (100 <+ 140 s) is negligibly lower than the time for activities related to
entering data into the system, that are 100 s and 5000 s respectively. The time of combustion
cycles for single material sample according to EN ISO 18125:2017-07 equals 9000 s instead
of 100 s in our system prediction mode, i.e., is 90 times slower. Among the several classifiers
used to identify the biofuel type, the linear discriminator LDA is preferred, as it is the fastest
during training and sample assessment. It also provides similar expected accuracy to other
methods for material recognition from a single image sample. Nevertheless, when the
group of biofuel materials to be recognized is expanded, the RF classifier with its nonlinear
separation ability may provide better accuracy, at the cost of a slightly extended training
and testing time.
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Table 5. Times of feature scaling and PCA transform.

Scaling PCA
Training Prediction Training Prediction
[ms] [ms] [ms] [ms]
0.65 0.15 9.20 0.10

So far, the calorimetric method or the study of the elemental composition was used
to assess the calorific value of biomass samples. The computer method proposed in
the article has not been found in the literature. According to the authors” knowledge,
the analysis of carbon surface textures was used only to better understand the behavioural
pattern of input material during agglomeration in the pressing chamber of a briquetting
machine. The analysis of the images allowed for the determination of statistical significant
differences in the particle size distribution of the material subjected to the briquetting
process [63]. The image segmentation and classification in the area of fuels was also used
for identification of maceral components of coal [64], but there is no information about
caloric assessment.

5. Conclusions

The proposed method enables objective differentiation of a specific group of solid
biofuel materials, based on their surface textural features. This approach avoids human
errors that could appear during visual assessment, because the samples look very similar
at both the macro scale and micro scale. The method is designed for quick assessment
of biomass calorific properties. It does not require burning all the tested samples in
a calorimetric bomb (as recommended by the standard EN ISO-18125), which is also
associated with a relatively slow measurement process. In total, the estimated time required
to measure the calorific value of one solid biofuel type using the traditional measurement
method is about 2.5 h. The method of assessing the calorific value of samples proposed
in this article, using the LDA, RF, or NN classifiers and a prebuilt database, reduces the
time needed for assessment by approximately 99%. The estimated time includes image
set (80100 items) acquisition, preprocessing, and sample classification. The calorific values
need to have been measured by physical methods only once, at the method calibration stage.
The presented method enables the identification of a biofuel sample with accuracy above
99%, using feature variations measured in many different areas of a single material sample.
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Abbreviations

The following abbreviations are used in this manuscript:

EC European Commission

IDB image database

PC Personal Computer

CPU Central Processing Unit

RAM Random Access Memory

GPU Graphic Processing Unit

GLCM Gray Level Co-occurrence Matrix

SFTA Segmentation-based Fractal Texture Analysis
LBP Local Binary Pattern

PCA Principal Component Analysis

RF Random Forest

DNN Deep Neural Network

LDA Linear Discrimination Analyzer

PLSDA Partial Least Squares-Discriminant Analysis
BER balanced error rate

PC1,PC2 principal components 1, 2
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