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Impairment analysis of WDM Ro-FSO system under
different weather conditions employing machine learning
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In this work, a WDM Ro-FSO communication system has been designed for transmitting data at 80 Ghps with 8 different
channels carrying phase shift keying (PSK) modulated signals over a wavelength range of 1546.91 nm to 1552.52 nm at a
data rate of 10 Gbps. Quality of signal received at the output of each channel has been analysed for clear air, low haze,
heavy haze, and light fog conditions. Artificial neural network (ANN) and support vector machine (SVM) techniques have
been implemented to investigate and predict the signal impairments at the receiving end. Root mean square error (RMSE)
and R? values of 0.148 and 0.98 respectively have been observed in case of ANN model. With RMSE and R? values of
0.937 and 0.76, Linear SVM exhibits the best performance in estimation of Q factor of the received signal.
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1. Introduction

Capacity requirements in optical networks had
increased dramatically with the development of 5G
technology along with rise in demands of applications
related to high-definition video and internet of things. To
fulfil these demands, low-margin networks employing
optical fiber and free space optics (FSO) are attracting
attentions [1, 2]. Planning tools with higher accuracy and
accurate models for prediction of impairments and quality
of transmission (QoT) are the key elements to achieve this.
As modern optical networks are heterogeneous in nature, it
is difficult to build accurate modelling and monitoring
tools employing traditional analytical methods. Data-
driven artificial intelligence (Al) and machine learning
(ML) provides a promising path for predicting the signal
impairments and enabling optical performance monitoring
(OPM) [3, 4].

FSO a.k.a. “Optical Wireless” or “Fibreless Optics” is
a wireless communication technology that relies on an
optical light source to transmit information from one
location to another. FSO communication employs same
principles and have similar capabilities as with an optical
fiber at a reduced cost. Optical light transitions take place
above the atmosphere rather than in the fiber's core in
order to eliminate both optical fiber costs and elapsed
time. Numerous other benefits of this technology include
higher data rate transmission, low power consumption,
high security, immunity to radio frequency interference
and high bandwidth [5, 6].

FSO technology can support the rapid growth of
bandwidth requirements arising from different cloud
applications including internet and cell phones. The
technology being wireless, can create more flexible
networks than optical fibers leading to decrease in power
consumption and faster deployment [7].

A drawback of the FSO communication is that the line
of sight (LOS) propagation is required for accurately

conveying the optical signals from the transmitter to
receiver. The sensitivity to atmospheric medium, where
fog remains as the main source of attenuation results in
amplitude and the phase changes of the received signal.

The light transmission through the atmosphere is
significantly impacted by different weather conditions
such fog, rain, haze, snow, and smoke [8]. Atmosphere's
medium also experiences random variations in air
temperature (turbulence), where the turbulence is caused
by eddies or distinct cells that function as refraction
indices. Scintillation results from changes in the phase and
amplitude of the optical beam as a result of interaction
with the turbulent medium [9].

The optical beam of light must travel through air
medium with extreme accuracy in order to minimize the
deterioration of the signal received at the other end of
radio over free space optics (Ro-FSO) communications
system. Relationship between the optical wavelength size
and atmospheric particle size determines that the longer
wavelength of a laser source perform well than the shorter
ones in the given range of allowed wavelength spectrum.
For example, 1550 nm is preferred choice as compared to
1310 nm or 750 nm [10].

Over the past few years, Ro-FSO system have attained
significant stature and is being considered as one of the
effective data transmission technologies for 5G
applications and for delivering high-speed broadband
communication links in rural areas [11].

A digital radio signal operating in the frequency range
of 3 kHz to 300 GHz is used in radio frequency (RF),
wireless communication system for sending data over the
air [12, 13]. The first transmission of RF signals
modulated over free space optics employed transmitter
and receiver and two optical fibers to control the signal
through an FSO connection [14]. In 2014, two modes
division multiplexing (MDM) channels, (LG00) and
(LG10), each carrying data at 20 Gbps over 1 m length,
have been created by employing hybrid orthogonal
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frequency division multiplexing (OFDM) scheme over Ro-
FSO system to transport data at 40 Gbps [15].

Wave division multiplexing (WDM) has also been
researched for sending distinct wavelengths through FSO
link. In 2015, Ro-FSO communication system have been
utilised to load 10 Ghps of data onto four separate WDM
channels (2.5 Gbps x 4), each of which carried 2.5 Gbps
across a 2 km-long atmospherically attenuated medium
[16].

Interest in OPM has increased as a result of
advancements in optical networking, particularly with
regard to signal quality metrics including optical signal-to-
noise ratio (SNR), Q-factor, and dispersion. The
sophisticated monitoring techniques may allow fault
management and quality-of-service (QoS) monitoring to
be expanded into the optical domain [17]. Table 1 depicts
the review of different data analysis techniques employed
for given performance targets in optical networks.

In this work, we present a WDM Ro-FSO
communication model for transmitting data at 80 Ghbps.

Different channels occupy bandwidth over a wavelength
range from 1514.38 nm to 1547.98 nm and carry signals at
data rate of 10 Gbps. Performance of the system has been
investigated under clear air, low haze, heavy haze, and
light fog conditions and ML techniques have been
employed for prediction of signal impairments at the
receiving end.

2. Proposed system model

Schematic diagram of the proposed WDM Ro-FSO
communication system is shown in Fig. 1. Continuous
wave (CW) laser wavelengths of 1546.91, 1547.71,
1548.51, 1549.31, 1550.11, 1550.91, 1551.72 and 1552.52
nm have been employed to transport 80 Gbps of
information over wireless propagation channel under
different weather conditions. Each MZM optically
modulates a PSK electrical signal to generate
corresponding wavelength channel.

Table 1. Optical performance monitoring employing different modelling targets

Reference | Objective Data Analysis Technique | Performance Target
No.

[17] Optical performance monitoring and Principal component OSNR, CD and DGD
modulation format identification analysis monitoring

[18] Channel estimation in FSO Deep Neural Network Symbol Error Rate
communication system

[19] Channel coefficients estimation in FSO | Maximum likelihood BER monitoring
link with optical turbulence generating | estimation, Bayesian
chamber estimation

[20] Deep Learning for Improving Deep learning, maximum | SNR, BER monitoring
performance of OOK Modulation over | likelihood estimation
FSO Turbulent Channels

[21] Optical performance monitoring from Neural Network, Support | OSNR Estimation,
directly detected PDM- QAM signals Vector Machine modulation format

classification

[22] OSNR Monitoring by Deep Neural Deep Neural Network OSNR monitoring
Networks trained with Asynchronously
sampled data

[23] Optical performance monitoring of Artificial Neural Network | OSNR, CD and DGD
QPSK signals using parameters derived monitoring
from Balanced- Detected
Asynchronous diagrams

[24] Machine- learning method for quality K-nearest neighbours, BER monitoring
of Transmission Prediction of Random Forest
unestablished Light paths
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Range = 0.2 km

Attenuation = 113.2 dB/km
Tx aperture diameter = 5 cm
aperture diameter = 20 cm
Beam divergence = 1.5 mrad

Fig. 1. Block schematic of eight-channel WDM Ro-FSO system (color online)
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Fig. 2. Block schematic of WDM Ro-FSO system employing ML (color online)

Eight MZMs are employed in the system to generate
optical modulated signals, which when combined together
resulting in a multiplexed signal propagating through the
FSO channel. An optical amplifier, an avalanche
photodiode (APD), a bandpass filter (BPF) has been
employed to extract the transmitted RF or wavelength. A

quadrature de-modulator extracts the input data from the
corresponding channel and delivers at the output. The
wavelengths are split and distributed at the receiver as a
result of wavelength division de-multiplexing (De-WDM).
WDM Ro-FSO system uses phase shift keying (PSK) for
generating digitally modulated RF signals. The carrier
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wave's phase changes but the amplitude of the electrical
modulated PSK signal remains constant. When using
methods of (1 Q) input signals, the PSK approach might be
termed as QPSK. Two parallel sequences are created from
the input message as given in equations (1), (2) [25].

I.,=s, =+Ecosf (1)

Q, =5, =+vEsin@ (2)
2

QZE (i — 1)+e,and M=2" (3)

where M is the number of a possible sequence of binary
digits, h is the number of bits per symbol, @ is the phase

2E
s, = +/2E/T, cos 8 x cos (2nf.t) — ’T—bsinﬂ x sin (2nf.t)

This electric RF signal is modulated into an optical
wave (a laser) by Mach-Zehnder modulator (MZM) in
order to be sent via free space optical link. Received
power at the other end of the FSO link is expressed as:

2

P

received Pt'mﬂsmi!:tsd m 10~ 01aks {7)

where L, is the path length, d, and d, represent the
transmitter and receiver aperture diameters in meters (m)
respectively, & is the beam divergence in milliradians
(mrad) and a is the atmospheric attenuation (dB / km).
Molecular aerosol absorption and scattering causes
attenuation of the optical signal which can be expressed in
terms of specific attenuation coefficient in dB / Km. Fog
particles are formed by fine droplets of water or ice which
are spread near the Earth’s surface, these are characterized
by size, humidity, distribution coefficient and temperature.
FSO link operating wavelength may be chosen so that size
of the particles is not comparable to the wavelength
resulting in lower value of absorption loss. Thus,
contribution of scattering is more in the total attenuation.
Different empirical models use visibility data,
obtained from the meteorological departments in cities to
estimate the fog attenuation. The attenuation coefficient
Prog IS expressed using Kruse model and is a function of
visibility range L (km) and wavelength of operation. A

(um).

A

13
Prog = T (ggg) "  dB/Km (€))

where g represents the size distribution of scattering
particles and its value is determined as:

q = 1.6 for high visibility (L = 50 Km)
1.3 for average visibility (6 Km < L < 50 K'm)
0.585 LY/3 for low visibility (L > 6 Km (9)

offset. The two signals are applied to modulator multiplier
with carrier signals represented by cosine and sign
expressions as given in equation (4) and (5) respectively.

@1 = /(2/ T,)cos(2nf.t) (4)
@1 = /(2/ T,)sin(2nf.t) (5)

Here f; and Ty, are carrier frequency and bit duration
respectively.

Equation (6) represents a phase-variable electrically
modulated signal based on the input data conditions where

VE cos@ and E sin8 are the signal's amplitudes.

(6)

Specific attenuations (dB / km) considered for the fog
and haze weather in the present work have been listed in
Table 2.

Table 2. Specific attenuations for various weather conditions

[26]
Weather condition Specific attenuation Value
Clear 0.14 dB / km
Low Haze 1.53dB / km
Heavy Haze 10.11dB / km
Light Fog 9dB/km

Fig. 2 depicts the schematic block diagram of WDM
Ro-FSO system employing ML techniques. Data rate,
input power and attenuations as a result of different
weather conditions have been given as input parameters
and features to the simulation and ML model respectively.
BER results obtained through simulation has also been
applied to ML model as modelling targets. Training the
model with ANN and SVM ML algorithms thus predicts
the performance in terms of BER for unseen dataset.

3. Results and discussion

In order to analyse the proposed WDM based Ro-FSO
system, numerical simulations have been carried out
employing Optisystem19. Firstly, performance of the
system is investigated in terms of quality of received
signal under clear air, low haze, heavy haze and light fog
conditions. Next artificial neural network (ANN) and
support vector machine (SVM) have been utilized to
construct predictive models for determination of different
performance metrics. Simulation parameters used for
analysis of system performance has been listed in Table 3.
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Table 3. Simulation parameters

Simulation Parameter Value

Bit rate 10
Gbps

Transmission power -5to 5dBm

Transmitter aperture diameter 5cm

Receiver aperture diameter 20 cm
Beam divergence 1.5 mrad
Gain of optical amplifier 10dB

Optical amplifier Noise figure 3dB

Gain of APD 10
Responsivity of APD 3 AW
Dark current of APD 5nA

Figs. 3 to 6 depict the Q factor of the received signal
at the output of the receiver as a function of varying
transmission ranges for different atmospheric conditions of
clear weather, low haze, heavy haze and light fog
respectively. Transmission of information up to 3.3 km,
1.5 km, 0.9 km and 0.4 km have been achieved under clear
air, low haze, heavy haze and light fog conditions.
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Fig. 3. Q factor versus FSO Range under clear air condition
(color online)
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Fig. 4. Q factor versus FSO Range under low haze condition
(color online)
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Fig. 5. Q factor versus FSO Range under Heavy haze condition
(color online)
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Fig. 6. Q factor versus FSO Range under Light fog condition
(color online)
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Train Network

m Train the network to fit the inputs and targets.
Train Network

Choose a training algorithm:
.Scaled Conjugate Gradient |

This algorithm requires less memory. Training automatically stops when
generalization stops improving, as indicated by an increase in the mean
square error of the validation samples.

Train using Scaled Conjugate Gradient. (trainscg)

W Retrain

Results
& samples & mse @r
W Training: 106 1.20610e-1 9.80426e-1
@ Validation: 23 2.33314e-1 9.78700e-1
[ ] Testing: 23 1.48482e-1 9.83087e-1
Plot Fit Plot Error Histogram

Plot Regression

Fig. 7. Scaled conjugate gradient as ANN data training algorithm for Q factor estimation (color online)

Q factor estimation of different channels to investigate
the signal impairments at the receiver's end has been
carried out at the output of the receiver by employing
ANN and SVM as ML techniques. FSO range,
attenuations over the turbulent FSO channel, input power
level and the number of channels act as some of the input
features for the models. Coefficient of determination (R?),
root mean square error (RMSE), mean square error (MSE)
and mean absolute error (MAE) have been considered as
the performance metrics for the analysis.

The scaled conjugate gradient ANN data training
algorithm has been employed for analysis based on the
input features of FSO range, number of channels,
atmospheric attenuation, and input power level. The data
has been divided into three subsets of training, validation
and testing with percentages of 70%, 15%, and 15%,
respectively. The results of ANN model in terms of R?
values achieved for training, validation and testing data
sets along with MSE has been shown in Fig. 7.

RMSE and R? values of 0.148 and 0.98 respectively
have been observed as shown in the figure. An ANN
model with 20 hidden neurons has been trained with
number of epochs, performance, gradients and validation

Training: R=0.98043

a
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Test: R=0.98309

O Data
Fit =
v =T
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checks to validate the measure of performance (MOP) as

shown in Fig. 8.
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Fig. 8. Neural network with hidden neurons, epochs,
performance, gradients and validation checks (color online)
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Fig. 9. Regression fit plot for SNR target data set employing ANN (color online)
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The results of trained data for the test set with 98.309

percent accuracy and error histogram are shown in Fig. 9

. . : v | j
and Fig. 10, respectively. Sort by: | Model Number it @
1.1 SVM RMSE (Validation): 0.97064
Error Histogram with 20 Bins
20k Last change: Linear SVIM 4/4 features
I Training
[ validation gy
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5l Zero Emor Last change: Quadratic SVYM 4/4 features
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£ 1.4 SVM RMSE (Validation): 0.78811
5| Last change: Fine Gaussian SVM 4/4 features
1.5 SVM RMSE (Validation): 0.41011
0 Last change: Medium Gaussian SVIM 4/4 features
S ¥PLITRRNELEBIINIIISIBIILER
RI3IISBJAEHRTETgegeges 1.6 SV RMSE (Validation): 0.8887
TTTefseccecceeggecccss Last change: Coarse Gaussian SVM /4 feat
Errors =Targets -Olitputs a5l change:. L.oarse Laaussian calures
Fig. 10. Error Histogram for SNR target data set employing ANN Fig. 11. Regression Models for training data on SVM (color
(color online) online)
Table 4. Performance comparison of different SVM models
SVM Model R? RMSE | MSE | MAE
Linear 0.937 0.879 | 0.740
0.76
Quadratic 0.95 | 0.415 0.173 | 0.345
Cubic 0.98 | 0.271 0.073 | 0.220
Fine Gaussian 0.70 | 1.044 | 1.091 | 0.870
Medium Gaussian 0.94 | 0473 | 0.224 | 0.385
Coarse Gaussian 0.69 | 1.062 1.129 | 0.838
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Observation 13
13+ 09 13 —— Parfect 0.9 ' 0.9
12| 0.8 12 0.5 12 . o8
« " Noz & 07 % 0.7
11| A ) 25 . ' 1| . | 0.6
e i 0.6 g 0.6 g' .
] - § 10 | 0.5
3 10 wa e 0.5 10 / 0.5 Ahow
"~ . U
Z - 0.4 % . bl 0.4 % 9 N4 :_:
* M - -
E . 0.3 L ! ~ 0.3 = 8 o s
8 » 0.2 8 i 02 1 -
7 - 0.1 7 01 7 o
i 8 0
(]
7 B 9 10 1 12 13 oo 0 7 8 9 10 11 12 13
True Response True Response True Response
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Fig. 12. Response plots of true and predicted values for different SVM Models (color online)
Table 5. Comparative analysis of performance in terms of BER employing SVM model
System | Weather Attenuation Q- without ML |  with ML Difference
Model | Conditions (dB/Km) Factor Log (BER)
WDM Clear 0.14 13.11 -12.97 -12.86 0.11
Low Haze 1.53 11.35 -1.57 -7.44 0.13
Ro- Heav 10.11
FSO s ' 6.43 -2.46 -2.21 0.25
SYSIeM 5 ht Fog 9 721 3.22 -3.00 0.22

Next, Regression Models for training the dataset have
been employed to different SVMs i.e., Linear, Quadratic,
Cubic, Fine Gaussian, Medium Gaussian and Coarse
Gaussian. Performance metrics such as root mean square
error (RMSE), coefficient of determination (R?), mean
square error (MSE) and mean absolute error (MAE) have
been obtained as observed in Fig. 11 and Table 4
respectively. With RMSE and R? values of 0.937 and 0.76,
Linear SVM exhibits the best performance in estimation of
Q factor of the received signal at the receiving end of the
proposed Ro-FSO model.

Further, the response plots for true and predicted
values of different SVM Models have been depicted in
Fig. 12, indicating linear SVM as the best fit model.

Table 5 depicts the comparative analysis of
performance of the proposed system in terms of BER
obtained through simulation and by employing ML model.
It has been observed that the ML model performs well in
validating the results and prediction of the performance of
the system.

4. Conclusion

WDM Ro-FSO wireless communication system has
been used to transmit digital signals at a data rate of 80
Gbps under four different weather conditions of clear air,
light rain, heavy rain, and light fog. Different electrical
signals have been optically modulated using laser sources
operating in the frequency range of 193.1 to 193.8 THz. A
20 GHz, RF signal has been transmitted at a data rate of 10
Gbps using PSK modulation technique. To account for the

channel impairments as a result of different weather
conditions, prediction accuracies of ANN and SVM
classification and regression models have been determined
for proposed Ro-FSO model. ANN approach results in an
accurate model with RMSE and R? values of 0.148 and
0.98 respectively. RMSE and R? values of 0.937 and 0.76
suggest linear SVM to be best-fit model in prediction of
quality of received signal. It has been observed that the
ML model performs well in validating the results and
prediction of the performance of the proposed system.
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