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ABSTRACT. In this contribution, the concrete morphology is reconstructed with a simple algorithm
selecting a pixel value based on the small set of surrounding pixels. A deep neural network (DNN) is
used as a classifier, and the authors focus on studying different DNN architectures. The performance
of the proposed algorithm is evaluated on several statistical descriptors and the grain size distribution

curve.
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1. INTRODUCTION

The reconstruction of material morphology has be-
come an essential part of the numerical computational
modeling of heterogeneous materials. The first recon-
struction algorithms employed optimization routines
to minimize selected statistical descriptors, see [1H4].
The drawback of such an approach is the exhaustive
computational time caused by sequential pixel-by-
pixel replacement with subsequent evaluation of sta-
tistical descriptors. The second strategy concentrated
on material description using random fields with opti-
mized image-based correlation kernels, see [5]. This
method dramatically reduces the dimensionality of
the problem [6], however, it has the disadvantage of
preserving maximal second-order statistical moments.
The last approach is texture synthesis, which exploits
the relatively simple principle of texture locality and
stationarity for material reconstruction, see [fH9]. Lo-
cality means that a random pixel inside the texture
is related only to a small set of surrounding pixels
(see [10]), and stationarity can be explained by the
following example. Assume a movable window placed
in different positions in the texture. The regions of
texture marked by the movable window seem to be
always similar contrary to the situation of the general
image, where the observed regions are clearly differ-
ent. Our aim is to reconstruct the image using the
latter-mentioned approach, focusing on different DNN
architectures, see [I1], and the influence of their hyper-
parameters on the resulting concrete morphology. The
authors are aware of more progressive techniques, such
as generative adversarial networks or diffusion mod-
els, see [12HI4], requiring a relatively rich dataset of
images used for their training process, that might not
always be available.

2. METHODOLOGY

The reconstruction of the concrete cross-section is
based on the algorithm shown in Figure [ As an

input to the computation, we use a sample of the con-
crete cross-section characterized by a two-dimensional
image, introduced in the algorithm by a matrix of
values 0 and 1 representing the black and white col-
ors. The input and output data used for training the
model are generated from the original image. The
size of the dataset depends on the parameters of the
computation; however, it can be estimated that for
images ranging from 200 x 200 to 400 x 400 px, the size
of the dataset is around tens of thousands. The model
here is defined as a classification tool determining,
based on a given pixel neighborhood, whether a pixel
at a given position has a value of 0 or 1. The recon-
struction algorithm then uses the trained classifier
and the edges of the original image for the prediction
of a new concrete cross-section. The quality of the
new morphology is evaluated on our selected statis-
tical descriptors. The aim of the reconstruction is
to generate a similar sample with a statistically and
physically equivalent structure with respect to the
studied medium.

The pixel neighborhood is an important parameter
of the reconstruction algorithm. Figure [2] shows the
template as a function of the parameters w and h.
These two parameters define its dimension, which
significantly affects the properties of the entire re-
construction. The pixel neighborhood has two major
features:

(1.) It specifies the number of input values of pixels
needed for the output value. Yellow-labeled pixels
in the scheme are our input values, and the red-
labeled pixel is the output value. Since the values of
the yellow-labeled pixels have to be known, the re-
construction algorithm must always have the edges
of the original image enabling the prediction of the
first red pixel. Thus, the parameters w and h also
characterize the sizes of the boundary regions of
the original image, which are needed for the start
of the reconstruction algorithm.
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FIGURE 2. Template determining set of surrounding
pixels.

(2.) Moreover, it defines a template that moves pixel-
by-pixel within the reconstructed image and pre-
dicts the value of the red-labeled pixel. It can be
seen from the scheme that the rectangle of size
(2w+1)-(h+1) is used as a template, and for this
reason, we have to use blue-labeled and red-labeled
pixels as input values. These are the values that
are not taken from the original image but are ran-
domly and independently generated from a uniform
distribution satisfying the volume representation of
0 and 1 values in the original image.

Once the pixel neighborhood is set and the clas-
sifier is trained, the reconstruction algorithm starts
the execution with the given template from the upper
left corner of the initial image. The initial image is
shown in Figure [I with the edges representing the
morphology of the original media and the rest be-
ing randomly determined pixels so as to preserve the
volume representation. The red-labeled pixel is com-
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puted with the help of the classifier specifying the
probability of 0 and 1 for a given vicinity and the
pseudo-random number generator determining the fi-
nal value. The newly determined red-labeled pixel
becomes the yellow-labeled pixel, and then the tem-
plate is shifted one pixel further to the right. The
value of all reconstructed pixels is successively iden-
tified in this fashion. The reconstruction algorithm
terminates in the lower right corner of the image. Sub-
sequently, the metrics of the statistical and physical
descriptors are evaluated.

2.1. ARCHITECTURE OF DNN

Deep neural learning is the subclass of machine learn-
ing using DNN as a tool for solving complex prob-
lems. Each DNN has multiple layers of interconnected
nodes enabling one to learn complex representations
of data by discovering hierarchical patterns and fea-
tures, see [I5]. The regular DNN is composed of three
types of layers:

(1.) Input layer processing input data into the model,

(2.) hidden layers representing the key part of DNN
and applying weights to the inputs and directing
them through an activation function as the outputs,

(3.) output layer is the last layer in the neural network
calculating the final probability scores of desired
outputs.

The special case of DNN is the convolutional neural
network (CNN) developed for image classification and
data visual interpretation, see [I6]. It is based on the
principles of mathematical convolution extracting the
important features from the image with the help of
learnable filters. The CNN is primarily composed of
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dundant pores — 400 x 400 px.

FIGURE 3. Input image preparation.

convolutional layers and max pooling layers reducing
the number of weights in the neural network. Our
designed classifiers are built upon the standards of
DNN and CNN architectures.

3. EXAMPLE

The example devoted to the reconstruction of the
concrete structure using deep learning techniques is
illustrated in this section. The sample of concrete
morphology that is being reconstructed is depicted in
Figure[3al It is a CT scan of the concrete transformed
by a segmentation algorithm into a monochrome im-
age. The white pixels indicate the aggregates and
the pores, while the cementitious binder in between
is represented by black pixels. The sample image was
captured on a 74 mm diameter concrete cylinder. For
algorithmic simplicity, the largest possible square im-
age with dimensions of 816 x 816 px is selected from the
original segmented image, see Figure[3b] Although the
training process of our computational model is acceler-
ated on a graphics card (Nvidia GeForce RTX 2060),
it turns out that it is not possible to work with such
a huge dataset collected from the largest possible
square image. Therefore, we reduced the image to
a final resolution of 400 x 400 px minimizing the work
with large data files. Unfortunately, the segmentation
algorithm does not allow to identify between the pore
and the aggregate and labels both phases identically
as white pixels. Since the original grain size distri-
bution curve is known, a portion of the small white
pixels has been removed so that the grain size dis-
tribution curve is as close as possible to the original
mixture curve of the concrete sample. The histogram
shows the grain size distribution curve of the final im-
age determined by the principal component analysis
(PCA) and Feret’s characteristics (Feret), and the real
volume distributions of aggregates in the investigated
concrete, see Figure [4] The imperceptible differences
in the histogram are probably mainly caused by the
absence of the third grain dimension in the calcula-
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FIGURE 4. Grain size distribution curve of final image
utilized for the reconstruction process. The original
data (blue-labeled) represents the concrete mixture
used for the CT scanning. The red-labeled and orange-
labeled grain size distribution curves display the re-
sults computed for the PCA and Feret’s algorithm,
respectively.

tion of the grain size distribution curves. The final
400 x 400 px image, adjusted for redundant pores, is
shown in Figure

The computational image reconstruction algorithm
offers various solutions with different success rates
influenced by several variables. The variables affecting
the reconstruction process are mainly:

(1.) Hyper-parameters of the model. These are the
parameters controlling the neural network archi-
tecture, and some of their aspects are examined
here in detail. In particular, the type of neural
network layer and its input parameters such as the
number of neurons, the composition of the layers
in a sequence, or the total number of layers.

(2.) The size of the pixel neighborhood is the sec-
ond essential parameter that significantly affects
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FIGURE 5. The original and resulting reconstructed images (#1-#10).

Model ID Architecture of DNIN

#1 15x15_c(16,3x3)_c(16,3x3)_m(2x2)_d(64)_d(64)_d(64)

#2 15x15_¢(16,3x3)_c(16,3x3)_m(2x2)_d(128)_d(128)_d(128)

#3 15x15_c(32,3x3)_c(32,3x3)_m(2x2)_d(64,11_0.01)_d(64) d(64)
#4 15x15_d(128)_d(128)_d(128)

#5 15x15_d(128)_d(128)

#46 15x15_d(64)_d(64) d(64)

#7 15x15_c(16,3x3)_c(16,3x3)_m(2x2)_d(128)_d(128)_d(128)

#8 15x15_c(16,3x3)_c(16,3x3) _m(2x2)_d(128) d(128)

#9 15x15_¢(8,3x3)_c(8,3x3)_m(2x2)_d(128)_d(128)_d(128)

£10 15x15_¢(8,3x3)_¢(8,3x3) m(2x2) d(64) d(64) d(64)

TABLE 1. Model ID’s and abbreviated names of DNN architecture: For illustration, 15 X 15 stands for the pixel
neighborhood, i.e. the dimensions of w and h in pixels, ¢(16,3x3) is the convolutional layer with 16 filters of spatial
size 3x3, m(2x2) is the max pooling layer with 2x2 filter, and d(64) is the dense layer with 64 neurons.

the success rate of the entire model. This param-
eter has also been investigated; however, due to
the limited space of the paper, we limit ourselves
to claiming that for the problem illustrated here,
a pixel neighborhood of 15 x 15 px seems optimal.

The hyper-parameters of the model are investigated
on the image with dimensions of 300 x 300 px, see Fig-
ure bl The reason for reducing the image to acceptable
dimensions is again the higher computational effort
of the entire study, which is performed on a series of
10 architectures of the neural network with differently
composed convolutional, dense, and max pooling lay-
ers. The model ID’s and abbreviated names of DNN
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architecture are summarized in Table[Il It is obvious
that the possibility of designing the DNN architecture
is enormous, especially in terms of filter size or num-
ber of neurons; thus this study is limited more to the
comparison between the CNN and DNN architectures.

The resulting reconstructed images for ten differ-
ent DNN architectures are depicted in Figure |5} Be-
sides the visual comparison, the following table (Ta-
ble[2)) displays the values of errors in the statistical de-
scriptors computed for the original and reconstructed
structures. From the wide range of statistical descrip-
tors, three fundamental metrics are selected for our
study — the volume fraction (¢), the two-point proba-
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Model ID 6;ﬁ/hite e\évgite 6glzack ewivgite 6lzlzack
#1 0.001797 0.000157 0.000158 0.000171 0.000106
#2 0.009209 0.000185 0.000220 0.000205 0.000117
#3 0.010342 0.000238 0.000284 0.000202 0.000148
#4 0.011240 0.000247 0.000303 0.000213 0.000153
#5 0.054454  0.002175 0.002939 0.000796 0.000557
#6 0.055820 0.001978 0.003782 0.000727 0.000627
#7 0.060252 0.002672 0.003554 0.000884 0.000614
#8 0.092767 0.006558 0.007819 0.001403 0.000919
#9 0.094060 0.004631 0.010755 0.001173 0.001081
#10 0.113770 0.010151 0.011235 0.001756 0.001106

TABLE 2. The resulting values of errors calculated for the volume fraction, the two-point probability function, and

the lineal path function.

bility function (52), and the lineal path function (L2).
These statistical descriptors have been used in recon-
struction problems for a significant period and have
become an essential part of numerical studies devoted
to material morphology. Their particular formulations
are skipped here, and the interested reader referred
to, e.g., [I7] or [2] providing basic characteristics, il-
lustrative examples, and implementation strategies.
The values of errors are calculated according to the
following formulas expressing the differences between
values of selected statistical descriptors calculated for
the original and reconstructed image:

phase __ ;phase phase
6¢ - d)orig - ¢rec ’ (1)
where
h . . .
Gonig . is the volume fractions of a given phase corre-

sponding to the original image,
#Phase  is the volume fractions of a given phase corre-

sponding to the reconstructed image.

The values of errors for complex statistical descriptors
are evaluated as:

LA phase phase )2
21 Zl(prs,orig - prs,rec)
g = B¢

where
R and S are the image dimensions,

p is the chosen statistical descriptor, here p =
{52, L2}.

From the resulting values of errors and comparison
of the reconstructed images, two models #1 and #2
have been studied in detail and more runs of recon-
struction algorithm have been performed focusing on
the statistical moments of error analysis. The most
stable classifier is model #2, which is further utilized
for reconstructing the larger image of the concrete
cross-section in the following paragraph.

3.1. LARGE IMAGE EVALUATION

The final reconstruction is carried out on an image of
dimensions 400 x 400 px, the original image is shown in

(B). Reconstructed image obtained with
the model #2 — 400 x 400 px.

FI1GURE 6. Final image reconstruction.

Figure[6a] and the reconstructed result is in Figure [6b]
It is apparent that the reconstruction algorithm is
quite successful from the visual comparison of these
two images. However, some irregularities are observed
in the shape of the grains compared to the original
image. From the perspective of statistical descrip-
tors, the following values of errors — eghite = 0.001046,
e¥bite = 0.000171, and e}bite = 0.000069 — indicate
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FIGUurRE 7. Comparison of grain size distribution
curves obtained for the original and reconstructed
concrete cross-sections.

again good performance of proposed strategy. The
last comparison (see Figure [7)) shows the grain size
distribution curves of original and reconstructed im-
ages computed for the algorithm using Feret diameters
(Feret) and principal component analysis (PCA). In
the case of the PCA evaluation, the original and re-
constructed images differ in the representation of the
individual grain size as follows: size range of 0—4 mm
- 17.7%, 4-8mm — 8.6%, and 8-16mm — 9.1%. In
the case of the Feret diameters, the grain size dis-
tribution differs as follows: size range of 04 mm —
8.6 %, 4 8mm — 3.9%, and 816 mm — 4.7 %. Thus,
the reconstructed image contains more aggregates of
0—4 mm since both methods result in a higher volume
percentage, and conversely, size ranges of 4-8 mm
and 8-16 mm are less observed in the reconstructed
image. From the perspective of the grain size distri-
bution curve, the reconstruction process of concrete
morphology is less effective.

4. CONCLUSION

The reconstruction of the concrete cross-section area
using deep learning techniques is illustrated in this
paper. The proposed model can generate reasonably
accurate samples of concrete morphology in terms of
the selected statistical descriptors. Some limitations
are observed in the results of the grain size distribution
curve, and the shapes of the aggregates which appear
to be more irregular. Taking into account that the
computational hardware has some limitations and also
the fact that we only handled one image, the obtained
result can be evaluated positively.
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