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ABSTRACT
This article addresses the issue of optical communication with Free Space Optics (FSO) and its use. The article deals with the
design and construction of a monitoring system designed for the collection and processing of data characterizing the nature of
conditions along the transmission path of a hybrid FSO system with a radio communication link. Due to the vulnerability of the FSO
transmission channel to weather conditions, it is necessary to predict the strength of the received signal and switch to a backup line

based on machine learning using decision trees.
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1. INTRODUCTION

Demand for high bandwidth in metropolitan networks
with short access times is increasing. In addition, the
requirements of flexibility and cost-effectiveness of service
provision cause imbalances. This issue is often referred to
as the "last kilometer obstacle".

Optical fiber is the first most visible way of addressing
the lack of bandwidth. Fiber is undoubtedly the most
reliable means of optical communication, but digging, fiber
storage costs and time to market are the most serious
disadvantages of optical fiber. The second option is
communication via radio frequency (RF) [1]. This
technology is advanced and often deployed today. Radio-
based networks require huge investments to obtain
spectrum licenses, but they cannot be compared to fiber-
optic transmission capacity. The third alternative is Free
Space Optics (FSO) communication. FSO is the optimal
solution in terms of technology, bandwidth scalability,
deployment speed and cost-effectiveness [2].

Free Space Optics (FSO) communication involves the
transmission, absorption and scattering of light through the
Earth's atmosphere. The atmosphere interacts with light due
to the composition of the atmosphere, which normally
consists of molecules of various gases and small suspended
particles called aerosols [3].

Hybrid Wireless Free Space Communication (FSO) and
Radio Frequency Communication (RF) (Fig. 1) is a way to
ensure reliable communication for critical real-time
outdoor traffic as weather like fog affects FSO much more
than RF connections [4]. The main condition for using the
FSO is that the receiver must be in line of sight with the
transmitter [5]. This interaction delivers a wide range of
optical phenomena:

e Selective mitigation of radiation that is propagated
in the atmosphere.

e Absorption at specific optical wavelengths due to
molecules.

e  Generation by distraction (blue sky, red sunset, etc.)

e Radiation emission of the optical beam.
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e Scintillation action due to air refractive index
change [6].
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Fig. 1. Figure caption
2. HYBRID FSO/RF SYSTEMS

An important task for the operation of a hybrid FSO/RF
system is to monitor weather conditions along the
atmospheric channel using sensors such as a temperature,
humidity, wind speed sensor and more [7]. The
measurement results are used as inputs for machine
learning methods, for processing and prediction of received
optical power, which is the implementation of Received
Signal Strength Indicator (RSSI) parameter in hybrid
FSO/RF line switching (Fig. 2).
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Fig. 2. Scheme of the Hybrid FSO/RF System
Computational performance and open operating system

are suitable features of a minicomputer to be implemented
in an experimental system to analyze the availability and
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reliability of FSO systems [8]. A substantial part of the
selected minicomputer is the GPIO bus, which is used to
connect analog and digital sensors.

The first head from the used steam FSO line located in
the area of the Technical University of Kosice (TUKE) is
located on the roof of the building marked PK13. The
second FSO warhead is located on the roof of the main
building TUKE (Letna 9) shown in fig. Distance between
FSO heads is around 230 meters.

The author presents his main ideas, mathematical
formulations and their derivation. This part should be
accompanied by exact references.

3. METHOD OF SWITCHING FSO/RF SYSTEM

Machine learning techniques are widely used today for
many different tasks. Different data types require different
methods. The task of machine learning in a hybrid FSO/RF
system is to predict the strength of the received optical
signal, which is affected by weather conditions [9]. A form
of machine learning to the gradient boosting on the decision
tree, which works by gradually training more complex
models, is designed to maximize the accuracy of
predictions. Gradient enhancement is particularly useful for
predictive models that analyse organized data and
categorical data. Decision trees are used for RSSI
classification prediction.

A decision tree is a classifier expressed as a recursive
part of an instance space. A decision tree consists of nodes
that form a rooted tree, which means that it is a directional
tree with a node called "root" that has no incoming edges.
All other nodes have exactly one incoming edge. A node
with outgoing edges is called an internal or test node. All
other nodes are called leaves [10]. In the decision tree, each
inner node divides the instance space into two or more
subspaces according to a certain discrete function of the
input attribute values [11]. In the simplest and most
common case, each test considers one attribute, so the
instance space is divided by the value of the attributes. For
numeric attributes, the status refers to a range.

Enhancing decision tree is one of the most efficient
ways to make models. The combination of gradient
enhancement with decision trees enables results in applied
applications with structured data. There are two types of
errors that can lead to inappropriate inductive bias:
overfitting and underfitting [12]. Overfitting occurs when
the prediction model selected by the algorithm is too
simplified to represent the underlying relationship in the
dataset between descriptors and the target function.
Underfitting, on the other hand, occurs when the prediction
model chosen by the algorithm is so complex that the model
is too closely associated with the data file and becomes
sensitive to noise in the data. It is an effort to use techniques
to get your own model in an iterative way. During the first
iteration, the algorithm learns the first tree to reduce errors.
If the model has a significant error, it is not a good idea to
create large decision trees, including preliminary data. The
second iteration (Fig. 3), in which the algorithm learns one
tree to reduce the first tree error. The algorithm repeats this
procedure until the appropriate model.
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Fig. 3. Scheme of the Hybrid FSO/RF System

Gradient Boosting (GB) is a method of implementation
in the absence of an objective function. The normal pre-
classification approach utilizes logarithmic loss, while
regression optimizes with mean squared error (MSE). Each
GB step combines the following steps:

e Gradients of the loss function are calculated for each
input object.

o Prediction of loss gradients using decision tree [13].

In the classification problem, use different metrics as a
criterion for tree splitting. One option is an index that
expresses the measure of total variance between classes K.
When creating a decision tree, the input and training set is
divided into smaller subsets, which gradually characterize
the values of the output variables. The recursive division
process is performed until the termination condition is met.
In the process of atmospheric channel analysis for the
FSO/RF system, a relatively extensive system of cases of
input variables X with the corresponding mute output stages
was designed. variables y. The output variable y is RSSI in
this case. The general training set of cases has the following
structure.

X11  X12 X1k V1
X21  X22 Xok V2

P = ()
Xn1  Xn2 Xnk Yn

The input and training set is split to create a decision tree
smaller subsets that gradually characterize the values of the
output variables. The training matrix of the input variables
for the FSO/RF system has the following structure.

P T, GV, Hy w;
P 2 TZ GZ Vn H n WZ (2)
P T, Gy Vu Hy W,

where P is barometric pressure (hPa), H represents ambient
humidity (%), T is air temperature (°C), wind speed W (m/s),
G represents concentration Airborne particulate matter
(mg/m3) and visibility (m). The matrix of the output
variable y (target), which represents the received optical
power of RSSI, is interpreted as follows:
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y = [Vrssta Yrssiz > Yrssin]T 3)

Different termination conditions and methods for
selecting the next node lead to different learning
approaches. The best-known of these approaches are leaf
and depth schemes. Using the leaf node approach, the
algorithm divides the area to achieve the best improvement
in the lossy function, and the process continues until a fixed
number of leaves is obtained [14]. The depth approach
algorithm builds tree-by-level until a fixed-depth tree is
created. Choosing such decision trees has several
advantages over conventional trees:

e Simple installation.

e Effectively implement on CPU.

e The ability to produce very fast model applicators.
tasks due to

e Provide Dbenefits for

regularization.

many

Shared memory can be used for aggregation, which is
characterized by its speed. Since one limitation is the size of
shared memory, it is convenient to group several functions
into one to achieve maximum computational performance.
The learning algorithm of the classical decision tree is
computationally demanding. In order to find further
distribution, we have to evaluate the number of observation
times for different distribution conditions. This leads to a
large number of possible differences for large data sets
through continuous inputs and, in many cases, overfitting.
Fortunately, it is possible to significantly reduce the number
of divisions that we need to consider. We can make a rough
approximation of the input functions. The easiest way to
quantify is to use the quantiles of the input element
distribution.

The algorithm solves feature problems and supports
category-based functions. Handling categorical elements is
one of the challenges of machine learning. The most
commonly used technique for solving categorical predictors
is single hot-coding. The original function is removed, and
a new binary variable is added for each category. This
approach also has disadvantages:

e Deep decision trees need to be built to restore
dependencies in the event of high cardinality. This
can be solved by a hash trick, but such an approach
significantly affects the resulting quality.

e Such an approach does not work for values of
unknown categories such as values that do not exist
in the learning data set.

Training set is used to create a description that can be
used to predict previously unseen examples. Attributes
(sometimes called fields, variables, or functions) are
typically one of two types: nominal (values are members of
an unordered set) or numeric (values are real numbers).
Attribute a, it is useful to mark its domain values v;j €
dom(a;) as:

“)

Instantial space (a set of all possible examples) is defined
as the Cartesian product of all input attribute domains:

dom(a;) = {Vi,lfvi,z: ---rvi,ldom(ai)l}

X = dom(a,) X dom(a,) X ...x dom(a,)

)
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Universal instance space U is defined as the Cartesian
product of all inbound attribute domains X and target
attribute domains dom(y):

U =X x dom(y) (6)

A training set is an instance consisting of a set of m-tics.
Formally, the training file is marked as S(B) =
({x1, Y1) s X, Vi) where x; € X and y, € dom(y)
[15]. It is usually assumed that the training sets are
generated randomly and independently according to some
fixed and unknown common probability distributions of
attribute domain D above U. Generally, it is a
generalization of a deterministic case when the supervisor
classifies the set using the function 'y = f (X) [7].

To create a prediction W using a node in a tree that
contains a set of instances, the weight of the instance in the
current tree is predicted:

MSE(a,X) = $Zi_y(a(x); — (n))? (7)
Overwritten in terms of residues:

MSE(a,X) = %Z%zl(rf — 2w+ w?) 8)
After simplifying the substitution for Y!_, 7 as R :
MSE(a,X) = %zﬁzlrl? —Rw+ %nwz ©)

By substituting for the loss function for the simultaneous
iteration and simplifying, we get the effect of predicting w*
in the given leaf:

1R?

Il n

(10)

As a basic algorithm it can be usually choose the simplest
algorithm, for example short decision tree:

MSE(a,X) = >3l 7

(11)

The second algorithm must be designed to minimize system
error:

by (%) = argminy Ly (b(x) — (i — by (x))?

Then it is possible to derive the formula by(X):

1 N-1 2
1
by(x) = argmin, 72 [b(xi) - ()’i - Z bn(%‘))l

(13)

by (x) = argminy, 7311 (b(x;)) — ;)2

(12)

One of the most popular opensource libraries for machine
learning in the Python programming language is Scikit-
learn. The scikit-learn [17] library contains a Decision-
Tree-Classifier class that can train a binary decision tree
with entropic impurities. The prediction of RSSI parameter
that can be used to switch the FSO line and backup RF line
[18].

Determination coefficient or score determines the
probability of how well the learning model will predict
future samples of the output variable y [19]. The best
achievable score value is 1. The max depth parameter is
selected based on optimum mse and score values. For the
selected algorithm, the max depth parameter was gradually
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tested from value 5 with step 1 to value 300. Fig. 4 shows
the development of the mse and score depending on the max
depth. The cyclic training model showed that the optimal
value of the parameter max depth (blue line) for mse = 0.94.
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Fig. 4. Max depth parameter

The comparison of predicted and real RSSI values is
shown in Fig. 5.
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Fig. 5. Measured and predicted data from the input matrix
4. CONCLUSIONS

Due to the high impact of weather on FSO transmission
a backup RF line is required, which is less prone to weather
condition, but much slower than FSO link. For this reason,
a hybrid FSO/RF line is required, which can be switched to
the hard or soft switching principle. To create such a
system, it is necessary to analyse the conditions and thus
obtain the characteristics of the variables that affect the
transmission channel. Appropriate weather prediction,
using machine learning methods, makes it possible to
quickly switch over communications over the RF line and
back to a faster FSO line. In this way, it is possible to
increase the efficiency of communication via the hybrid
FSO/RF system.

For efficiency, the tree can also be pruned using the max
depth parameter. However, it is not always easy to find out
which value is best to do a grid search or cross validation.
Of course, it is extremely important to avoid over-
specialization in the training set, which could lead to a
model learning, so it is often necessary to carve a tree at a
certain level. In this way, it is easier to find a good
compromise between training and accuracy. If the model is
not too large, it is possible to manually test different values
and select the optimum value.

ISSN 1335-8243 (print) © 2020 FEI TUKE

ACKNOWLEDGMENTS

This work was supported by following research grants:
APVV-17-0208 - Resilient mobile networks for content
delivery and VEGA 1/0584/20 - Person Monitoring by
UWRB Sensor Systems Operating in Real Conditions.

REFERENCES

[1] BRAZDA, V.-FISER, O.—SVOBODA, J.: FSO and
radio link attenuation: meteorological models verified
by experiment, Free-Space and Atmospheric Laser
Communications XI, A. K. Majumdar and C. C.
Davis, Eds. SPIE-Intl Soc Optical Eng, sep 2011.

[2] SINGAL, P. — RAI, S. — PUNIA, R. — KASHYAP,
P.: Comparison of different transmitters using
1550nm and 10000nm in FSO communication
systems, International Journal of Computer Science
and Information Technology, vol. 7, no. 3, pp. 107—
113, jun 2015.

[3] AL-GAILANI, S. - MOHAMMAD, A. -
SHADDAD, R. — JAMALUDIN, M.: Single and
multiple transceiver simulation modules for free-
space optical channel in tropical malaysian weather,
in 2013 IEEE Business Engineering and Industrial
Applications Colloquium (BEIAC), April 2013, pp.
613-616.

[4] TOTH, J.: High availability and reliability in wireless
optics using data analytics techniques - 2017, SCYR
2017. - Kosice : TU, 2017 S. 118-119. - ISBN 978-
80-553-3162-1.

[5] RIEDIGER, M. L. B. - SCHOBER, R. - LAMPE,
R.: Blind detection of on-off keying for free-space
optical communications, Canadian Conference on
Electrical and Computer Engineering, May 2008, pp.
001 361-001 364.

[6] NADEEM, F. — KVICERA, V. — AWAN, M. —
LEITGEB, E.— MUHAMMAD, S. - KANDUS, G.:
Weather effects on hybrid FSO/RF communication

link, |IEEE Journal on Selected Areas
Communications, vol. 27, no. 9, pp. 1687-1697, dec
2009. [Online]. Available:

https://doi.org/10.1109%2Fjsac.2009.091218

[71 HASTIE, T. — CHAMBERS, J. M.: Statistical
models., Statistical Models in S. Routledge, 2017. 13-
44.

[8] GAVIN, H.: Mastering Machine Learning with
scikit-learn. Packt Publishing Ltd, 2017.

[91 BRZOSKA, M.: Modellierung zwischen ,,overfitting*
und ,,underfitting‘, Rationale Entscheidungen unter
Unsicherheit, pp. 152-156, 2018.

MITTAG, S. — MOLLER, S.: Detecting Packet-Loss
Concealment Using Formant Features and Decision
Tree Learning, Interspeech 2018, Feb. 2018.

ISSN 1338-3957 (online), www.aei.tuke.sk



Acta Electrotechnica et Informatica, Vol. 20, No. 4, 2020

31

[11] ZHONG, X. — LI, W.: A Decision-Tree-Based Multi-
objective Estimation of Distribution
Algorithm, International Conference on
Computational Intelligence and Security (CIS 2007),
2007.

ROKACH, L. - MAIMON, O.: Top-Down Induction
of Decision Trees Classifiers—A Survey, IEEE
Transactions on Systems, Man and Cybernetics, Part
C (Applications and Reviews), vol. 35, no. 4, pp. 476—
487, 2005.

MAIMON, O. — ROKACH, L.: Introduction to
Supervised Methods, Data Mining and Knowledge
Discovery Handbook, pp. 149—-164.

BHATLAVANDE, A. S. — PHATAK, A.: Data
Aggregation Techniques in Wireless Sensor
Networks: Literature Survey, International Journal
of Computer Applications, vol. 115, no. 10, pp. 21—
24,

SHAIKHINA, T. — LOWE, D. — DAGA, S. —
BRIGGS, D. — HIGGINS, R.— KHOVANOVA, N.:
Decision tree and random forest models for outcome
prediction in antibody incompatible kidney
transplantation, Biomedical Signal Processing and
Control, vol. 52, pp. 456462, 2019.

HAMSA, H. - INDIRADEVI, S. -
KIZHAKKETHOTTAM, J. J.: Student Academic
Performance Prediction Model Using Decision Tree
and Fuzzy Genetic Algorithm, Procedia Technology,
vol. 25, pp. 326-332, 2016.

BRIMS, F. J. - MENIAWY, T. M. — DUFFUS, 1. —
FONSEKA, D. D. - SEGAL, A. - CREANEY, J. —
MASKELL, N. — LAKE, R. A. - KLERK, N. D. —
NOWAK, A. K.: A Novel Clinical Prediction Model

[12]

[17]

ISSN 1335-8243 (print) © 2020 FEI TUKE

for Prognosis in Malignant Pleural Mesothelioma
Using Decision Tree Analysis, Journal of Thoracic
Oncology, vol. 11, no. 4, pp. 573-582, 2016.

ZHU, X.; KAHN - J. M.: Free-space optical
communication through atmospheric turbulence
channels, IEEE Transactions on communications,
2002, 50.8: 1293-1300.

KHALIGHI, M.A. — UYSAL, M.: Survey on free
space optical communication: A communication
theory perspective, IEEE communications surveys &
tutorials, 2014, 16.4: 2231-2258.

(18]

[19]

Received May 28, 2020, accepted August 13, 2020

BIOGRAPHIES

Renat Haluska (Ing.) received Ing. (MSc.) degree with
honors from intelligent systems in 2017 at Department of
Cybernetics and Artificial Intelligence, Faculty of
Electrical Engineering and Informatics of Technical
University of Kosice. Since September 2017 he has been
at Technical University of KoSice as PhD. student. His
research interest is mainly focused on all optical fiber
networks and hybrid FSO/RF systems.

Lubo$ Ovsenik (doc., Ing., PhD.) received Ing. (MSc.)
degree in radioelectronics from the Technical University of
Kosice, in 1990. He received PhD. degree in electronics
from Technical University of KoSice, Slovak Republic, in
2002. Since February 1997, he has been at the Technical
University of KoSice as Associate Professor for electronics
and information technology. His general research interests
include  optoelectronic,  photonics, fiber  optic
communications and fiber optic sensors.

ISSN 1338-3957 (online), www.aei.tuke.sk



