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ABSTRACT Tabular data and images have been used from machine learning models as two diverse types
of inputs, in order to perform path loss predictions in urban areas. Different types of models are applied on
these distinct modes of input information. The work at hand tries to incorporate both modes of input data
within a single prediction model. It therefore manipulates and transforms the vectors of tabular data into
images. Each feature of the tabular data vector is spread into several pixels, corresponding to the calculated
importance of the particular feature. The resulting synthetic images are then fused with images representing
selected regions of the area’s map. Compound pseudoimages, having channels of both map-based and tabular
data-based images, are then being used as inputs for a Convolutional Neural Network (CNN), which predicts
the path loss value at a specific point of the area of interest. The results are clearly better than those obtained
from models based on a single mode of input data, as well as from the results produced by other bimodal-
input approaches. This approach could be applied for path loss prediction in urban environments for several
state-of-art wireless networks like 5G and Internet of Things (IoT).

INDEX TERMS Convolutional neural networks, data to image transformation, deep learning, path loss,
pseudoimages, radio propagation.

I. INTRODUCTION
Current state-of-art wireless networks like 5G and IoT require
the most accurate path loss calculation, especially in dense
urban environments. Ray Tracing modeling of radio propa-
gation has the potential to achieve high accuracy. However,
it is prone to slow response time in real environments, due
to its lack of computational efficiency. On the other hand,
modeling approaches based on artificial intelligence (AI), and
particularly on machine learning, provide fast and accurate
results, being computationally intensive only at the stage of
their initial training. While most of them use tabular data
at their inputs, models based on images are also gaining
momentum.

Those of the former category can be said to belong in the
‘‘classical’’ machine learning domain and implement tech-
niques such as Support Vector Machines [1], Multilayer Per-
ceptron Neural Networks [2], KNN [3], Random Forest [4],
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ANFIS [5] etc. This category of models uses data of tabular
format at their inputs. The second category of models, which
delivers its predictions based on images, is generally being
referred to as Deep Learning. CNNs [6]–[9] are used in order
to extract information from images and perform predictions.

The work at hand presents a framework which facilitates
the integration of both types of inputs (tabular data and
images). The resulting dual-mode model reaps the benefits
of both input types and delivers more reliable results.

More specifically, our work provides a method to trans-
form a vector of tabular data into an image. The importances
of the vector’s features are used in order to effectively popu-
late the pixels of the image. This artificial image, along with
images from the area’s map, is going to be integrated into a
compound pseudoimage, which will facilitate the simultane-
ous introduction of tabular data and image data into a deep
learning model.

The proposed bimodal approach delivers a MAE value
of 3.07 dB, while the models that rely on a single source
of input information reach errors of 3.32 dB (when using
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images) or 3.26 dB (for tabular data). Moreover, our method
outperforms other state-of-the-art fusion frameworks by at
least 0.08 dB (3.07 dB versus 3.15 dB).

The contributions of our work can be summarized as
follows:

1. The concept of compound pseudoimages, encapsulating
tabular data and images of the urban area’s built-up footprint,
is introduced.

2. A CNN regressor, capable of processing the
pseudoimages and producing better results than those
obtained from the single-mode models, is being fully
deployed.

3. A comparison with other dual-mode approaches,
in terms of fusion implementation and performance gain,
highlights the advantages of the proposed approach.

The rest of the paper has the following structure: Section II
presents the current state of the art, while Section III analyzes
the proposed method. The results are presented in Section IV
and further discussed in Section V. The conclusions are
contained in Section VI.

II. RELATED WORK
The need for accurate predictions of propagation path loss
has driven the research among various machine learning algo-
rithms [1]–[9]. Substantial efforts have been made in order to
optimally define their internal configuration [10]–[12], in an
attempt to achieve the best results possible.

However, it is the input of a machine learning algorithm
that lies at the core of its implementation and mostly con-
trols its performance [2], [13]. The manmade characteristics
(such as buildings and roads) of an urban area determine
heavily the propagation profile for a given wireless commu-
nications link [2]. It is therefore straightforward to claim that
machine learningmodels need detailed information regarding
the built-up profile of the area, in order to provide accurate
predictions [13]. This information could be either provided
through tabular data, or images.

A. TABULAR DATA-BASED MODELS
In the tabular data case, inputs describing the Line of Sight
path [14], the area around the receiver [15], or the whole
map of the area under investigation [16] can be found in
the literature. Some of the models rely on mean values of
the built-up characteristics [5], [10], while others use more
detailed input information, corresponding to specific regions
of the area [14], [15].

Each feature vector is then associated with the correspond-
ing path loss value. Machine learning algorithms [1]–[5] are
trained on sets of these pairs, in order to become able to
predict the path loss values for vectors that they have not seen
during their training.

Feature engineering determines the vector’s input and con-
sequently dictates the prediction’s success for the tabular
data-based models [17]. The manual extraction of features
is nevertheless a time and effort consuming process, without
any guarantee regarding its possible success [6], [8].

B. IMAGE-BASED MODELS
While the classical machine learning models that depend on
tabular data have already proved their value, a new category
of models, based on deep learning and using images as their
inputs, has emerged [6]–[9], [18].

Their fundamental advantage is that the preprocessing step
of producing handcrafted features can be skipped. That is,
these models are able to directly extract the information they
need from appropriate images of the area under investigation.
Their internal architecture can therefore be broken down into
two distinct and consecutive units that respectively perform
the tasks of: a) feature extraction, and b) regression.

Satellite images [6], [7], as well as vector images rep-
resenting the built-up area footprint [8], [18], have been
used at the inputs of image-based prediction models. It has
been concluded that both image types lead to similar results,
with the benefit of reduced model complexity for the case
of vector images [18]. Moreover, the images may differ
with regard to the boundaries of the represented area: they
could either depict the whole area between the transmitter
and the receiver, or a particular area of predefined size around
the receiver [8], [18]. Better results have been reported for
the whole area depiction [18].

C. MODALITY FUSION TECHNIQUES
The co-existence of diverse modes of input information
naturally raises the question of their combination. That is,
a framework facilitating the collaboration of the multiple
input representations is needed in order to profit from every
type of information and provide an enhanced final predic-
tion [19]. Two are the state-of-the-art techniques that can
help towards this direction: a) model ensembling through
stacked generalization and b) feature concatenation inside
a CNN.

Stacked generalization [20] can be conceived as a
general-purpose ensembling technique. It provides a way to
combine heterogeneous regressors (base learners), through
the proper combination of their individual predictions from
a second-order meta-model. That is, the meta-regressor
uses the predictions of the base learners as input features
in order to make its own, final predictions. Within that
context, stacked generalization can serve as a modality
fusion technique, provided that the base learners are grown
based on diverse input modes. It should however be men-
tioned that fusion takes place indirectly: the distinct modes
are mixed through the combination of their corresponding
models’ results.

Feature concatenation [18], [19] on the other hand can
be performed inside a CNN: that is, two distinct branches,
respectively extract features from the tabular data and the
images. These features are then concatenated and fed into
the CNN’s regressor part, which performs the predictions.
Though fusion happens earlier as compared to stacked
generalization, it must be noted that features are being inde-
pendently extracted. This means that the influence of a
modality’s features might suppress the contribution of the
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FIGURE 1. Three monochrome images, made from the map and the
tabular data, act as the channels of a compound pseudoimage. The CNN
performs its predictions based on both sources of information.

other modality. Feature concatenation has been applied to
path loss prediction problems in [7] and [18], respectively
resulting to error rates of 1 dB (for 60000 training instances of
a university campus) and 6 dB (for a set of 125000 instances
from inherently different measuremet campaigns).

Our approach investigates modality fusion at the input
level, through the creation of pseudoimages: concurrent pro-
cessing of images and tabular data is facilitated through their
integration into a compact, though bimodal, input.

III. PROPOSED METHOD
The workflow of our approach is presented in Figure 1. Two
images, taken from two regions of interest from the raster map
of the area, occupy two of the pseudoimage’s channels. The
raster map is a grayscale image which contains information
regarding the footprints and the heights of the area’s build-
ings. More precisely, the tallest buildings have the darkest
colors, while the roads are white. The mapping between
building height and grayscale value is linear. This information
can be obtained through either a building database of the
area, or through OpenStreetMap [21] (for the footprints) in
conjunction with the open source software QGIS (for the
building heights).

The third channel of the pseudoimage is being filled with
a synthetic image, which acts as the carrier of the tabular data
information. Feature importances are used in order to assign
more space to the most dominant features.

The pseudoimage contains therefore information from
both the area’s map and the vectors of tabular data, acting
as a single, though compound, source for the CNN regressor
who then performs the path loss predictions.

FIGURE 2. Creation of images corresponding to the two regions of
interest: (a) The positions of the Transmitter, Tr, and the Receiver, R,
within the map. (b) The orthogonal area between Tr and R. (c) The
rectangular area around R. (d) Transformation of the orthogonal area into
a rectangle. (e) Both rectangles have the same size.

An analysis of all the individual steps is being carried out
through the remainder of the current section.

A. RASTER IMAGES REPRESENTING MAP INFORMATION
Figure 2 shows a way to extract two equisized images from
the map of the investigated area. The regions of interest are
defined with regard to the positions of the transmitter and
the receiver. The first region is the orthogonal area bounded
from the transmitter at its down-left corner and the receiver
at its top-right one [8] (2b) and includes the Line of Sight
path, which has been shown to strongly influence the level of
received power [4], [14]. This area is then transformed to a
rectangle of predefined size (2d). The built-up profile of the
area around the receiver is also influencing path loss [15].
Thus, the second region of interest is a 40m wide rectangular
area having the receiver at its center (2c), depicting its closest
roads and buildings. It is transformed to the same dimensions
(2e), with the previously extracted image. The area near the
transmitter, when he is placed well above the surrounding
rooftops, is of negligible influence.

B. IMAGES MADE OF TABULAR DATA
Tabular data is organized in the form of vectors. Each vector
contains values of a number of features (or predictors), as well
as the corresponding target’s value (which is the path loss
value for our case). Our goal is to create a synthetic image
from each data vector, which will still hold the information
contained within the individual features.

An approach towards this direction is the one introduced
in [22], where each data vector was multiplied by its own
transposition, resulting to a data matrix. This matrix was
then represented by a rectangular gray pixel image, whose
dimension (in pixels) was equal to the number of features held
by the data vector.
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FIGURE 3. Transforming a tabular data vector, containing five features,
to a synthetic image.

Our approach is capable of creating an arbitrary sized
image, making use of the feature importances that a wide
variety of machine learning models are able to calculate. That
is, the percentage of the synthesized image’s pixels that corre-
spond to a certain feature, is dictated through the importance
of the particular feature. The values of the pixels are then
populated from the normalized values of the corresponding
features.

More precisely, the first step of our approach is the nor-
malization of the raw data in the [0,1] range, in order to
eliminate the differences stemming from the different scales
that the numerical features use. Using the notation xi for the
i-th numerical feature of each raw data vector, we can produce
the normalized values xi of each feature according to the
following equation:

x ′i =
xi −min(xi)

max(xi)−min(xi)
(1)

where min(xi) and max(xi) are respectively the minimum and
the maximum values of each feature.

Besides the normalization of the data vectors, another step
towards the data-to-image transformation is the calculation
of the individual feature importances. An extensive anal-
ysis of the concept of feature importances can be found
in [23]. Briefly speaking, the importance of each feature
(when tree-based models are concerned) is being denoted
from its participation in the process of node-splitting during
the growth of the individual trees. As a result, features are
being assigned a percentage, which depicts their relative
importance. Our approach uses these importances in order
to assign pixels for each feature when transforming tabular
data to an image. An example is shown in Figure 3: the size
of the image’s patches corresponds to the importance of its
features, while their greyscale values reflect the data vector’s
values.

FIGURE 4. Assembling a pseudoimage (a,b,c) Three monochrome images
occupy the three channels of the pseudoimage. (d) All types of input data
have been fused within the pseudoimage.

C. PSEUDOIMAGES CONTAINING MAP AND TABULAR
DATA
Our goal is to use the images taken from the map, as well as
the image, which was produced from the tabular data, inside
a standalone prediction model. We have therefore chosen to
use the three aforementioned monochrome images as inde-
pendent channels of a new image. This pseudoimage encap-
sulates all the previously deployed sources of information
(Figure 4) and therefore paves the way for their concurrent
processing.

D. CNN-BASED REGRESSION FOR PATH LOSS
PREDICTION
CNNs have the ability to perform predictions, based on
images of the area’s as map [6]–[9]. The same holds true
when these networks receive appropriate pseudoimages at
their inputs.

The way that CNNs operate [24], could be broken down
into two parts: the first part extracts features from the input
images, while the second part uses the extracted features
in order to perform predictions. Feature extraction is being
operated through a series of convolutional and pooling layers,
while predictions are conducted from a set of fully connected
layers. Figure 5 presents a CNN regressor’s architecture.

The evaluation of the prediction performance is quanti-
tively reflected into the values of error functions, such as the
mean absolute error (MAE), the mean absolute percentage
error (MAPE) and the Root Mean Squared Error (RMSE).

Their mathematical expressions are given in the following
equations:

MAE =
1
N

N∑
p=1

|t(p)− yo(p)| (2)

30444 VOLUME 9, 2021



S. P. Sotiroudis et al.: Fusing Diverse Input Modalities for Path Loss Prediction: A Deep Learning Approach

FIGURE 5. The pseudoimage at the input of the CNN facilitates the concurrent extraction of features based on images and tabular data, thus performing
the pathloss prediction based on both modes of input data.

MAPE =
1
N

N∑
p=1

∣∣∣∣ t(p)− yo(p)t(p)

∣∣∣∣ · 100% (3)

RMSE =

√√√√√ 1
N

N∑
p=1

[t(p)− yo(p)]2 (4)

N denotes the total number of test patterns, t(p) is the
calculated (from the Ray Tracing software) path loss value
for the pth test pattern and y0(p) is the path loss value that
the machine learning model predicts for the same pattern.
According to the machine learning model used, the test pat-
tern represents either a tabular data vector (when using a
‘‘classical’’ machine learning method) or an image (for the
CNN case). The lower the values of the above indicators are,
the better the precision of prediction is.

IV. NUMERICAL RESULTS
A. PROBLEM DESCRIPTION
A total of 146 areas, each consisting of 100 buildings, were
created within a special software [25], implementing the Ray
Tracing [26] technique for the calculation of path loss. The
heights of the buildings were randomly distributed between
5 m and 29 m, while the transmitter was always placed
at the rooftop of the first bottom-left building, at a height
of 35m. The lengths and the widths of the roads were also
randomly defined. The frequency of operation was set equal
to 900 MHz.

The path loss was calculated in the roads and the crossroads
of all the areas, producing a total of 35395 path loss values.
Each of these values was associated to a specific point for
each of the 146 maps, as well as to a vector of tabular data,
consisting of 23 numerical features.

An analytical presentation of the numerical features lies
beyond the scope of our current work. An interested reader
could refer to our previous work [27] for more details about
the features. In summary, ten features describe the Line
of Sight path, while eight of them are gathered from the
receiver’s vicinity; finally, five features describe the positions
of the transmitter and the receiver, along with the distance
between them.

The 35395 values, along with the corresponding images
taken from the map and created from the tabular data vectors,

TABLE 1. Input types and model parameters.

were randomly split into three disjoint sets, according to a
60/20/20 ratio, producing the training, validation and test-
ing sets. The training and validation sets were used to fit
and fine-tune the parameters of the corresponding machine
learning models, while their final performance was measured
through their predictions on the testing set.

B. BENCHMARKS AND PROPOSED MODEL
We first evaluate the performance of models that make their
predictions either based only on tabular data, or on images.
Each model’s parameters (shown in Table 1) were tuned via
exhaustive Grid search, using the GridSearchCV instance
of the scikit-Learn [28] open source library, implemented
in Python language. XGBoost [29] was used to process the
tabular data, while a CNN [24] was employed for the images
(Tr_to_R_area). The same CNN was also used for the pseu-
doimages of the proposed model.

The size of all the (pseudo)images was set equal to 64×64
pixels. A bigger image size has been shown able to produce
better results [8] and could therefore be tried; however, this
work focuses on the improvement brought by combining
images and tabular data for a given image size and network
configuration.

In order to use the same CNN architecture for both the
monochrome images and the colored pseudoimages, we have
transformed the monochrome images to colored ones, by
simply making three copies of the same channel.

Figure 6 presents the process of fine-tuning the CNN: it can
be seen that for the first 100 epochs the training error keeps
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FIGURE 6. Training and validation error for 100 epochs.

on becoming smaller (due to overfitting), while the validation
error remains practically stable after a number of epochs.
The validation error reached its minimum value (2.96 dB) at
the 42th training epoch. The CNN’s weights at this epoch,
were used in order to produce its estimations for the testing
set.

C. COMPARATIVE RESULTS
Figure 7 presents the MAPE, MAE and RMSE values for the
single mode approaches (based either only on images or on
tabular data), as well as for the proposed bimodal approach
which the pseudoimages facilitate. It is clear that the proposed
approach superceeds the single mode inputs, profiting from
the combination of the available data types.

The series of diagrams included within Figure 8, depict the
comparison between the actual and the predicted path loss
values, as well as the statistical distribution of the error values
and the absolute error values.

A comparison among the models’ predictions for a ran-
domly chosen urban area, is presented through Figure 9. It can
be seen that the contour plot that was produced according to
the pseudoimage method, is the most similar to the one that
relies on Ray Tracing’s calculations.

D. OTHER BIMODAL APPROACHES
Besides testing against its unimodal counterparts, we have
also compared our method with the state-of-the-art
bimodal approaches of stacked generalization and feature
concatenation, that were presented in Section II C.

Figure 10 highlights the architectural differences among
the three bimodal approaches, with regard to the imple-
mentation of modality fusion. These differences are further
explained in Table 2. The pseudoimage approach facilitates
an early fusion at the input level, while feature concatenation
fuses the different modalities after feature extraction. The
ensembling technique of stacked generalization provides an
indirect fusion approach, through the combination of the
unimodal models’ results.

We have implemented the aforementioned approaches in
order to compare their results with those obtained from

FIGURE 7. The combination of images and tabular data, via the
compound pseudoimages, leads to predictions with enhanced precision.
(a) Comparing MAPE values (b) Comparing MAE values (c) Comparing
RMSE values.

the pseudoimage-based method. We have therefore used the
StackingRegressor instance of the Mlxtend [30] package
in order to deploy the stacked generalization ensemble. Its
base learners were the unimodal models of Table 1, while
a linear regressor was chosen as a meta-model, according
to [31].

Feature concatenation was implemented by adding a sec-
ond feature extraction branch [7], dedicated to the processing
of the tabular data input within the CNN. After parameter
tuning by exhaustive Grid search, the branch was defined to
be consisting of two fully connected layers, having 23 and
16 nodes respectively.
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FIGURE 8. Scatter plots, error histograms and absolute error histograms for the three different types of inputs.

Table 3 presents the error metrics for the three different
bimodal approaches (stacked generalization, feature concate-
nation and pseudoimages), along with the unimodal ones.
It can be seen that the proposed approach provides better
results according to all error metrics. Moreover, all bimodal
approaches outperform those that rely on a single input
modality. A final remark is that the earlier the fusion happens,
the better the results are. That is, an early integration of the
available sources of information leads to the most efficient
prediction model [19].

V. DISCUSSION
A. EVALUATING CHANNEL CONTRIBUTIONS
In order to evaluate the contribution of the individual channels
to the prediction performance, we have examined the cases
where each image was fed to the CNN in the absence of the
other two, as well as the cases where two images formed the
CNN’s input: more specifically, we have converted each of
the three grayscale images into colored ones, so as to either
fill all three channels from three copies of the same image, or
to use one of them for two of the channels and fill the third
channel with a second image.

The three first cases of Table 4 correspond to using
each monochrome image as a colored one. Case_1 has
already been presented in the results’ section. It is clear

that Tr_to_R_area is important for the path loss prediction.
The same holds true for case_3. It is clear that tabular data,
though having been converted to an image, enables trustwor-
thy predictions. Comparing case’s 3 MAE value with that
obtained when processing the tabular data in its original form
with the XGBoost method, we notice a small performance
drop (3.34 dB against 3.26 dB). This means that tabular data
information remains almost intact despite its transformation
to an image. This small performance drop can be tolerated
because it facilitates the creation of pseudoimages and the
benefits associated with them.

Case_2 leads to a total performance degradation. This is
due to the fact that the image of the area around the receiver,
on its own, cannot provide sufficient information for reli-
able predictions. When combined with another image, the
Area_around_R offers a small improvement, as seen when
comparing case_4 to case_1 or case_5 to case_3.

Case_4 shows thatmap information (throughTr_to_R_area
and Area_around_R) cannot surpass the 3.27 dB barrier.
However, the combination of Tab_to_Im and Tr_to_R_area
(case_6 and case_7) offers a significant performance boost,
proving that these two images are the most useful ones.
The addition of the Area_around_R leads to case_8 which
exhibits the best performance, stemming from the concurrent
employment of all three images. It can therefore be clearly
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FIGURE 9. Path loss predictions for a randomly chosen urban area: the proposed bimodal method superceeds the unimodal
ones.

FIGURE 10. Architecture of the three modality fusion approaches.

concluded that the coexistence of the three different channels
offers the best results.

B. TABULAR DATA AND PERFORMANCE GAIN
The current paragraph highlights the performance improve-
ment brought by the injection of tabular data, by com-
paring the CNN’s performance with and without its
presence.

As Figure 11 implies, the incorporation of either a single
image (Tr_to_R_area), or even the addition of a second
one (Area_around_R), lead respectively to error values
of 3.32 and 3.27 dB.

However, the injection of transformed tabular data
(Tab_to_Iim) at the third channel of the pseudoimage,
provides an error drop of 0.2 dB, thus offering a MAE value
equal to 3.07 dB.
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TABLE 2. Comparative description of the modality fusion approaches.

TABLE 3. Results of all the unimodal and bimodal approaches.

TABLE 4. Pseudoimage configurations and their results.

FIGURE 11. The injection of tabular data offers a performance
enhancement of 0.2 dB.

C. THE ROLE OF FEATURE IMPORTANCES
Feature importances have been used in order to define the
percentage of pixels occupied from each feature. However,
the transformation of tabular data to images could take place
without considering feature importances: that is, all pixels
could be equally distributed among the available features.

This approach would lead to images having 178 pixels for
21 of the features, while two of them would have 179 pixels

FIGURE 12. Two ways to transform tabular data to images: (a) Treating all
features as equally important (b) Giving more space to the most
important features.

(for images with 64 × 64 pixels). A comparison among
the images produced with, and without, the consideration of
feature importances is shown in Figure 12.

In order to examine the usefulness of the feature impor-
tance consideration, we have replaced the (feature importance
dependent) corresponding channel of the pseudoimages, with
its counterpart which treats all features as equally important.
It turned out that the prediction performance became a little
worse, resulting to a MAE value of 3.12 dB (as opposed to
the 3.07 dB of the original setting).

This means that the CNN was actually helped from see-
ing more pixels of the most important features. However,
even the simplistic approach of considering all features as
equally important and presenting them as such in the CNN,
is still offering a considerable enhancement as compared
to the case where only map information was presented to
the CNN.

Moreover, we have randomly changed the order of
features, thus changing the relative positions of the corre-
sponding patches inside the Tab_to_Im channel. A negligible
fluctuation (of 0.005 dB) was observed within a set of ten
experiments.
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VI. CONCLUSION AND FUTURE WORK
The integration of images and tabular data in the form of
compound pseudoimages has facilitated the estimation of
path loss with a higher degree of precision, in comparison
with the single-mode respective models. Moreover, the pro-
posed approach led to better results in comparison with
other methods of modality fusion, resulting in a MAE value
of 3.07 dB against the 3.15 dB of the established bimodal
approaches.

The presented framework is general and can therefore
incorporate changes and/or additions within the tabular data
or the images that constitute its individual channels. Further-
more, transfer learning and image augmentation techniques
can be applied in order to further profit from the introduction
of the pseudoimages and the deep-learning-based approach
that was introduced in the work at hand.
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