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Abstract. This paper presents a novel approach utilizing an artificial neural net-
work (ANN) for optical wireless communication (OWC) between satellites in
geosynchronous earth orbit and lower earth orbit, covering a distance of 45000 km.
The objective of this ANN based intersatellite optical wireless communication
(IsOWC) system is to intelligently predict the quality factor considering different
wavelengths. To enhance the transmission performance between these satellite
systems, the mean squared error (MSE) is minimized using the Levenberg—Mar-
quardt optimizer. Remarkably, after 25 epochs, the MSE value reaches an impres-
sive 0.000373. The results demonstrate that the ANN-based learning outperforms
other machine learning algorithms, exhibiting a significantly lower MSE. Further-
more, this system has a high convergence rate as well as resistant to outliers and
overfitting. Even if the number of features is small, it can be predicted accurately.
Such systems hold great promise for future wireless designs and integrations,
spanning from satellite to terrestrial and underwater OWC systems.
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1 Introduction

Over the last two decades, optical wireless communication (OWC) technology has
increased dramatically due to its wide bandwidth, high data rate, requires less power,
and easy implementation [1]. As a result, it has triggered research interest in 5G/6G and
internet of things (IoT) applications that use light amplification by stimulated emission
of radiation (LASER) as signal carriers [2]. Due to advancement in photonics based
devices, semiconductor laser diode produces a monochromatic and coherent beam of
optical light in the form of infrared, visible, and ultraviolet rays, all of which are part of
the electromagnetic spectrum [3]. On the contrary to radio frequency (RF) bands, these
optical frequency bands are very fancy for satellite communication and many other
applications. In addition, these bands are easily implemented in the space link due to the
absence of atmospheric turbulence (AT) [4].

Radio frequency (RF) based terrestrial systems garnered global attention in the past,
showcasing notable achievements across various atmospheric turbulent channel models
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[5]. Recently, the performance of these systems has been investigated by using advanced
modulation and coding techniques, as well as diversity techniques in space, time, wave-
length, and other approaches [6]. Nevertheless, the design of RF based communication
system posed numerous challenges for these systems. As a result, there has been a shift
towards adopting OWC-based space link systems to meet the demanding requirements
of future wireless communication systems.

On the other hand, inter-satellite optical wireless communication (ISOWC) system is
advocating as a promising application of OWC technology. In this system, two satellites
revolve around the earth’s axis within three different earth orbit paths, namely geosta-
tionary earth orbit (GEO), medium earth orbit (MEO), and lower earth orbit (LEO).
Recently, the performance of IsOWC systems has been investigated using advanced
techniques like wavelength division multiplexing (WDM) and multiple input multiple
outputs (MIMO) [7]. But due to external chaos, the quality factor of the system has been
degraded up to certain values. However, with continuous technological advancements,
the performance of the ISOWC system has been further enhanced through the utiliza-
tion of machine learning (ML) algorithms. Presently, more advanced ML algorithms are
being integrated into ISOWC systems [8].

In this paper ANN based [SOWC system is investigated to intelligently predict the
quality factor between two satellites. The input variables consist of the laser diode wave-
lengths, while the output variable is the quality (Q) factor. The optimization process aims
to minimize the mean squared error (MSE) performance metric by gradually reaching a
global minimum point, utilizing a very small learning rate.

2 System Model

The transmission setup of the proposed ISOWC system is shown in Fig. 1. The pseudo-
random bit sequence generator generates a bit sequence of length 127 bits with a data
rate of 2 Gbps, which is further encoded into pulse form through a non-return to zero
pulses generator. The electrical pulse signal is modulated with a laser diode using a
Mach-Zehnder modulator with 30 dB extinction ratio. The filtered electrical signal is
analyzed through a bit error rate analyzer. The received power P; for the SOWC system
can be expressed as [9]:
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where P;, 1, 0y, (X/4TER)2, A R, Gy, Gy, Ly, and L, represent transmitted power, optical
transmitter efficiency, optical receiver efficiency, free space path loss, operating wave-
length, propagation distance, transmitter aperture gain, receiver aperture gain, transmitter
pointing loss factor and receiver pointing loss factor, respectively. Moreover, scintillation
is not considered in the present calculation due to the absence of atmospheric turbulence.
The relationship between the diameter and aperture gain of an antenna is given as [10]
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putting Eq. (2) in (1), it can be expressed as:

P, = Py Lo, 22 i (3)
r = LNt NrLlgLey 2R

Equation (3) reveals that as the operating wavelength is decreased, the overall
received optical power increases gradually, and therefore, the optical signal-to-noise
(OSNR) ratio increases, which enhances the quality factor of the ISOWC system.
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Fig. 1. Transmission set up of ANN-based [SOWC system

3 Machine Learning and Its Applications

3.1 Machine Learning

Machine learning (ML) is a straightforward algorithm that enables computers to learn
autonomously, eliminating the need for explicit programming [11]. ML encompasses
three main types of learning processes: i) supervised learning, ii) unsupervised learning,
and iii) reinforcement learning. Supervised learning relies on labeled data, whereas
unsupervised learning utilizes unlabeled data. On the other hand, reinforcement learning
involves agents performing specific tasks in an environment and making decisions based
on the outcomes. Furthermore, ML encompasses various statistical algorithms, including
decision tree (DT), naive Bayes algorithm, gradient boosting algorithm, adaboosting
algorithm, k-nearest neighbor (KNN), random forest (RF), and support vector machine
(SVM), which are employed for prediction or classification purposes [12]. The entire
ML process entails crucial steps such as feature extraction, data pre-processing, model
training, validation, and model deployment, all of which are essential for developing a
robust ML model [13].

Moreover, ML models has primarily relied on the feature selection method and data
pre-processing techniques. Earlier, a variety of ML approaches were used to improve
the ISOWC system’s performance. In order to improve the performance of an ISOWC
system for better optical wireless connectivity, this system has been shifted to advanced
ML techniques. This is because the model is robust against outliers, and requires less
time and memory space to complete its training process.
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3.2 Deep Learning

DL is a subset of machine learning that build an intelligent machine capable of performing
tasks that typically require human intelligence. It mainly focuses on regression and
classification problems, image segmentation, and object detection [14].

The basic architecture of ANN contains single or multilayer perceptron (MLP) along
with feed-forward and backpropagation paths. The single-layer perceptron of the ANN-
based ISOWC system is shown in Fig. 2. MLPs are most commonly used for linear and
non-linear data, which is motivated by the self-learning procedure, which is the same as
biological neuron models [15].
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Fig. 2. Single layer perceptron (SLP) of an ANN-based [SOWC system

ANN model is widely used in regression and classification problems. While opti-
mizing the error, the most important thing is to update weight and bias parameters. It
converges to a global minimum point keeping the learning rate very low. Besides the use
of ANN in the ISOWC system, the transmission performance of the [SOWC system will
be further improved by using advanced algorithms like convolutional neural network
(CNN), recurrent neural network (RNN), long-term short memory (LSTM), generative
adversarial networks (GAN), transfer learning, vision transformers, and auto encoders.

4 Simulation Setup Description

4.1 Dataset Building

The supervised ANN based ISOWC systems are considered for the present investigation.
The wavelength of laser diode, along with the Q-factor, is used for training the ANN
model. Each variable contains 130 samples, where the wavelength ranges from 800 to
1600 nm and the Q- factor ranges from 5.01761 to zero. Out of 130 samples, 70% of
samples are randomly selected for the training dataset, the remaining 15% for the testing
dataset and the remaining 15% for validation dataset.
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4.2 Performance Metric

Mean squared error (MSE) is commonly used metric for evaluating of regression of
model. It quantifies the average squared difference between the predicted values and
the actual values in a dataset. A lower MSE value indicates better model performance
it means the predicted values are closer to the actual values on average. Therefore, the
value of MSE directly reflects the performance of the system. For the proposed model,
various parameter is taken for the simulation of an ANN based ISOWC system, as shown
in Table 1.

Table 1. Parameters used for simulation of an ANN based ISOWC system

Parameter Value

Number of ANN layer 03

Number of hidden neurons 10

Number of epochs 31

Optimizer Levenberg-Marquardt (LM)
Performance metrics Mean squared error (MSE)

5 Results and Discussions

Best Validation Performance is 0.00037341 at epoch 25
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Fig. 3. Mean squared error vs. epochs of an ANN-based ISOWC system
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The transmission performance of an ISOWC system is investigated using the ANN
technique. Figure 3 shows the variations of MSE with epochs of training, validation,
and testing accuracy of the given ANN based ISOWC system. It can be seen from Fig. 3
that the MSE value of different curves, i.e., the blue line (training accuracy), the green
line (validation accuracy), and the red line (test accuracy), exponentially decreases as
the number of epochs increases. After several iterations, the MSE value is obtained
as 0.000373 with respect to the validation dataset, which clarifies that the model has
predicted very well on the test or unseen datasets. After the four iterations of a proposed
ANN model, the MSE value of the validation accuracy is slowly increased, and after
that, it remains constant.

Afterwards, in order to investigate the coefficient of determination (R) analysis also
known as R-squared among three training, validation, and testing parameter, the output
predicted versus target graph is plotted as shown in Fig. 4. It can be observed from Fig. 4
that the overall (R) is obtained as 99.98 %, which signifies that most of the datasets follow
the best-fit line. Therefore, the model has shown that it strongly correlates with the target
variable and predicted output.
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Fig. 4. Output vs. target for the different parameters of an ANN model (a) training parameter
(upper left), (b) validation parameter (upper right), (c) test parameter (lower left), and (d) overall
value of R (lower right)

Figure 5 shows the error histogram with 20 bins of different training, validation, and
testing accuracy of the given ANN model. The error can be represented in histogram
form with different rectangular sizes having a blue box (training accuracy), green box
(validation accuracy), and red box (test accuracy). A zero-error line is set in the middle
of the graph and signifies no error among these three parameters. In Fig. 5, one bin has a
high number of instances showing that training and validation accuracy are very close to
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the zero-error line, representing that the mean squared error value is optimized correctly

to a significant level. Furthermore, the number of instances decreases on either side of
the zero-error line.
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Fig. 5. Instances vs. errors of an ANN based Fig. 6. Output and target vs. wavelength of
IsOWC system training, validation, and test parameter (upper
part) and error vs. input (lower part)

Figure 6 shows the fit function of the proposed ANN based ISOWC system. The
training target and outputs (represented as a blue dot and plus sign), validation target and
outputs (represented as a green dot and plus sign), and test target and outputs (represented
as a light red dot and plus sign) follow the wavelength vs. quality factor graph. However,
the error vs. input graph is plotted at the lower part of the function fit graph. It shows
that at which wavelength the quality factor is maximum or minimum. Also, this graph
shows three ranges of wavelength where the fit function is invalid, i) 900-1000 nm,
ii) 1300-1350 nm, and iii) above 1600 nm. At these wavelengths, error is more which
signifies that system has faced more disturbance due to the vibration of satellites or
pointing error. It can be seen that the proposed ANN based I[SOWC system performs
better than the previous reported results [16].

6 Conclusion

The ANN based IsOWC system is used to intelligently estimate the quality factor
without the requirement of channel state information. Depending on the wavelength
selected, ANN based regression model assists in determining signal quality in the pres-
ence of atmospheric attenuation, transmission range, beam divergence, interference
and crosstalk, and receiver sensitivity. Based on these findings, the suggested ANN
approaches have a high potential for automating satellite communication systems. The
LM optimizer occupies less memory and converges quicker than other optimizer.

Finally, these ANN based IsOWC will be integrated with underwater networks as
well as terrestrial networks to satisfy the high expectations of 5G beyond communication
and to develop a truly intelligent network.
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