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Sone, Su Pyae, Proactive resource allocation in spectrum sharing with radar
systems via ML-based wireless network time series forecasting. 
University of Oulu Graduate School; University of Oulu, Faculty of Information Technology
and Electrical Engineering
Acta Univ. Oul. C 857, 2022
University of Oulu, P.O. Box 8000, FI-90014 University of Oulu, Finland

Abstract

The prediction of wireless network parameters can help to facilitate proactive resource allocation
solutions not only in cellular networks but also in enterprise networks. In this thesis, temporal and
spatial analysis of network traffic using real traffic data of an enterprise network are presented,
where we use three different machine learning (ML-based) methods and two different classical
methods for temporal forecasting traffic usage. The results show that no universal best forecasting
method can predict the traffic usage of every AP in an enterprise wireless network. The ML-based
combined models are also used for spatio-temporal forecasting, improving the forecasting
performance of single AP traffic usage. However, analyzing and predicting only network layer
traffic data is not enough to execute decisions for resource allocation since the channels utilized
in enterprise networks are shared unlicensed channels. Therefore, analyzing and forecasting the
physical layer data of a channel are also investigated. In this thesis, we also improved the
performance of conventional ML-based methods for time series forecasting by proposing a
features-like grid training data structure which uses historical data as features.

After proving that physical layer data has more predictive power in the time series forecasting
aspect with all forecasting models, physical layer data transmit power (TP) and interference
prediction are applied in spectrum sharing with a radar system to improve the secure radar
protection and efficient transmission of APs. In particular, weather radar operating in the 5.6 GHz
band is considered a primary system and the secondary system is an enterprise network consisting
of APs in a university campus. First, the transmit power time series of APs in the campus are
modeled with multinomial distribution based on real collected data. Then, the aggregated
interference due to the transmissions from the APs at the radar is predicted using LSTM with
Monte Carlo (MC) dropout by considering model uncertainty. Finally, an efficient sharing and
radar protection (ESRP) system based on two algorithms is proposed by using an averaged and
predicted upper limit interference time series. The results show that the proposed ESRP system
with an upper limit of interference prediction ensures radar protection with better throughput than
the conventional radar protection systems. Moreover, better radar protection can be achieved with
a small trade-off for the throughput of the secondary users by adjusting the MC dropout value used
in the ESRP system.

Keywords: aggregated Interference, CNN, CNN-GRU, CNN-LSTM, DFS, forecasting,
GRU, Holt-Winters, LSTM, neural network, radar, real network data, SARIMA, spatio-
temporal, spectrum sharing, temporal, time series analysis, WLAN





Sone, Su Pyae, Ennakoiva resurssien allokointi taajuusspektrin jakamisessa
tutkajärjestelmien kanssa koneoppimispohjaisen langattoman verkon aikasarja-
ennusteen avulla. 
Oulun yliopiston tutkijakoulu; Oulun yliopisto, Tieto- ja sähkötekniikan tiedekunta
Acta Univ. Oul. C 857, 2022
Oulun yliopisto, PL 8000, 90014 Oulun yliopisto

Tiivistelmä

Langattoman verkon parametrien ennustaminen voi auttaa edistämään ennakoivia resurssien
allokointiratkaisuja myös yritysverkoissa. Työssä esitetään verkkoliikenteen ajallinen ja spatiaa-
linen analyysi yritysverkon todellisen liikennedatan avulla. Käytämme kolmea koneoppimisme-
netelmää (ML) ja kahta klassista menetelmää liikenteen käytön ajalliseen ennustamiseen. Tulok-
set osoittavat, että ei ole olemassa yhtä yleismaailmallista parasta ennustemenetelmää, jolla voi-
daan ennustaa jokaisen tukiaseman liikenteen käyttöä yrityksen langattomassa verkossa. ML-
pohjaisia yhdistettyjä malleja käytetään myös ajallispaikalliseen ennustamiseen, mikä paransi
yhden tukiaseman liikenteen käytön ennustamista. Pelkän verkkokerroksen liikennetietojen ana-
lysointi ja ennustaminen ei kuitenkaan riitä resurssien allokointipäätösten suorittamiseen, koska
yritysverkoissa käytettävät kanavat ovat jaettuja lisensoimattomia kanavia. Siksi tutkitaan myös
kanavan fyysisen kerroksen datan analysointia ja ennustamista. Paransimme myös perinteisten
ML-pohjaisten menetelmien suorituskykyä aikasarjaennusteissa ehdottamalla uutta tietoraken-
netta oppimiseen, joka käyttää ominaisuuksina historiallisia tietoja.

Sen jälkeen, kun on todistettu, että fyysisen kerroksen tiedoilla on enemmän ennustusvoimaa
aikasarjan ennustamisessa kaikissa ennustemalleissa, fyysisen kerroksen datan lähetystehoa (TP)
ja häiriöennustetta käytetään spektrin jakamisessa tutkan kanssa tutkasuojauksen ja tukiasemien
tehokkaan tiedonsiirron parantamiseksi. Erityisesti 5,6 GHz:n kaistalla toimivaa säätutkaa tutki-
taan ensisijaisena järjestelmänä ja toissijainen järjestelmä on yliopistokampuksen tukiasemista
koostuva yritysverkko. Ensin kampuksen tukiasemien lähetystehon aikasarjat mallinnetaan mul-
tinomijakaumalla todellisen kerätyn datan perusteella. Tutkalle tukiasemien lähetyksistä johtu-
vat häiriöt ennustetaan käyttämällä LSTM:ää Monte Carlo (MC) -pudotuksen kanssa ottaen huo-
mioon mallin epävarmuus. Lopuksi ehdotetaan kahteen algoritmiin perustuvaa tehokasta jaka-
mis- ja tutkasuojausjärjestelmää (ESRP) käyttämällä keskiarvotettuja ja ennustettuja ylärajan
häiriöaikasarjoja. Tulokset osoittavat, että ehdotettu ESRP-järjestelmä, jossa on häiriöennusteen
yläraja, varmistaa tutkasuojan paremmalla suorituskyvyllä kuin perinteiset tutkasuojajärjestel-
mät. Lisäksi parempi tutkasuojaus voidaan saavuttaa pienellä kompromissilla toissijaisten käyt-
täjien suorituskyvyssä säätämällä ESRP-järjestelmässä käytettyä MC pudotusarvoa.

Asiasanat: aikasarja-analyysi, ajallinen, ajallispaikallinen, CNN, CNN-GRU, CNN-
LSTM, DFS, ennuste, GRU, hermoverkko, Holt-Winters, LSTM, SARIMA,
spektrinjako, todellisen verkon data, tutka, WLAN, yhdistetyt häiriöt
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1 Introduction

1.1 Background and motivation

Compared to the previous generation of wireless networks, sixth-generation (6G)
wireless networks are expected to be the backbone of the digital transformation of
societies by providing connectivity to billions of devices with ultra-reliable low latency
communication (URLLC). To achieve this, more intelligent and efficient network
function modules which can perform data analytics and forecasting on key performance
indicators (KPIs) to facilitate proactive network resource allocation in a short timescale
will be required. At the same time, innovative artificial intelligence (AI) techniques
recently developed, especially those with machine learning (ML), have demonstrated
real success in various areas. Thus, ML techniques have become an enabler in wireless
communications to fulfill the increasing and diverse requirements in many aspects [1].
The cellular networks are based on the standards set by the 3rd Generation Partnership
Project (3GPP) with licensed spectrums. The 3GPP has introduced the AI-driven
automated centralized framework for fifth generation (5G) and beyond networks called
the network data analytic function (NWDAF) [2]. NWDAF is expected to perform data
analysis, forecasting, and executing decisions for network planning with the use of ML
models in the 5G core network for assisting traffic routing, background data transfer and
network performance [3]. Compared to cellular networks, wide local area networks
(WLANs), such as enterprise networks, are based on IEEE 802.11 standards with shared
unlicensed spectrums. Consequently, not only cellular networks but also enterprise
networks are being extended using data analytics modules such as NWDAF for better
wireless connectivity [4], for example, Cisco Meraki cloud controller for APs with IEEE
802.11 standards [5].

The traditional IEEE 802.11 standards do not consider the centralized control
mechanism. The network traffic prediction and proactive resource allocations cannot be
performed without centralized control mechanism for the APs of an enterprise network.
However, Cisco has introduced the Meraki cloud controller for WLANs in which the
administrators can build custom monitoring or reporting applications to manage the APs
of the network remotely [5]. By using centralized WLAN architectures, data collection,
traffic prediction, and resource allocation can be performed for the enterprise network. In
addition, new wireless applications are increasing the spectrum demands of both cellular
networks and enterprise networks. Spectrum sharing between wireless communications
and other wireless technologies is one solution to address the ever-increasing spectrum
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Fig. 1. An example of spectrum sharing with a radar system with ML-based centralized
framework in an Enterprise network.

demand [6]. In recent years, radar bands have generated immense interest in being
another candidate for sharing large amounts of spectrum [7]. Radar spectrum in L-band
(960-1400MHz), S-band (2700-3650MHz), and C-band (5-5.85GHz) have become
good potential candidates for spectrum sharing with different wireless technologies as
current networks, such as 4G Long Term Evolution (LTE), Worldwide Interoperability
for Microwave Access (WiMAX) and WLANs, are also operating in one of these bands
[8]. Since the challenge of using radar bands for spectrum sharing in WLANs is that
most radar systems have their critical functions for different types of radar, it is therefore
crucial to know the spectrum usage characteristics of a particular radar to design the
appropriate spectrum sharing model to maximize the usage of the shared spectrum
while protecting the primary radar operations. However, the current radar protection
systems cannot provide efficient spectrum sharing performance or comprehensive radar
protection due to the delays involved in the process of sensing, processing, and reporting.
To achieve optimized spectrum sharing and comprehensive primary user protection in
enterprise networks, ML-based automated centralized frameworks such as NWDAF are
required for better user allocations in spectrum sharing with radar systems.

Data analysis and prediction modules are the most important parts of such data-driven
predictive analytics frameworks. Therefore, the studies in this thesis can be divided into
two parts, as shown in Figure 1. In the first part, enterprise wireless network data relating
to various network parameters, such as traffic utilization (TU), channel utilization (CU),
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and the number of connected users at an access point (AP), are collected to perform
data analysis over time and space. Hence, analyzed data with a good prediction about
how much network parameters will be utilized at an AP or a group of APs can help in
effectively allocating appropriate resources in spectrum sharing with radar systems.
Predicting the total TU data of the entire network from the network’s perspective and
predicting the traffic of each AP of an enterprise network are both extremely helpful in
network management and proactive resource allocation. In general, time series temporal
analysis and forecasting methods can be applied to wireless network traffic data which is
one of the main network parameters. Moreover, spatial dependencies of neighbouring
APs also have an influence on predicting the wireless network TU time series of an AP.
Therefore, spatial analysis and spatio-temporal forecasting methods which make use of
spatial dependencies of the neighbouring APs to forecast the temporal TU of a target AP
should also be examined.

In fact, a channel in an enterprise network is shared among multiple wireless devices.
Hence, the traffic occupied on the physical layer channel can be more than the network
layer traffic of a certain AP or a group of APs. Having low TU at the APs with high
CU becomes a problem in proactive allocation by forecasting network layer traffic
data. Analyzing and predicting physical layer data, such as CU time series, to help in
allocating appropriate APs with the shared channel can be an alternative solution in
spectrum sharing with a radar system for the enterprise networks. Moreover, it will be
useful in network management to perform medium-to-short-scale network parameters
analysis and forecasting for both the network layer TU and physical layer CU time
series of a real enterprise network. It is also important to investigate which layer of
data is more predictive in the time series forecasting aspect to help in proactively
allocating appropriate resources of the APs in an enterprise network. Further, general
network data time series have only historical data without extra features to be able
to use in ML-based forecasting methods. To take advantage of neural network-based
ML forecasting methods which are exploiting the features or extra information, a new
training data structure for network data time series is also required for better forecasting
accuracy.

Although abundant literature on analyzing and forecasting network data of cellular
networks can be found, there is a lack of literature on research presenting detailed
analysis and prediction for network data of an enterprise network. In cellular networks,
most of the neighbouring base stations (BSs) are correlated and spatial dependencies
of these BSs can help in spatio-temporal forecasting for network traffic prediction.
However, an enterprise network is completely different from the cellular network due to
the following facts: 1) some APs in an enterprise network have their own purpose and do
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not correlate with other APs from the surrounding, and 2) the traffic usage of the certain
APs cannot be predicted, and considering spatial dependencies of these APs is also not
useful. Therefore, the forecasting methods used in the cellular networks can also be
applicable to enterprise networks, but the model parameters and training mechanisms
are completely different due to their distinct nature of traffic usage which is explained
above. In our considered enterprise network, the APs are based on 802.11 standards but
with centralized WLAN architecture such as the Cisco Meraki cloud controller [5].

Hence, separate studies of data analysis and forecasting methods for enterprise
networks are required. The different time series analysis and forecasting methods for
both network and physical layer data of a real enterprise network should be examined,
the forecasting accuracy of network time series should be improved, and it will be useful
to test which layer data have better performance in predictive aspect. In the second part
of this thesis, all these investigations and results are utilized to design the spectrum
sharing and radar protection system with an ML-based centralized framework, as shown
in Figure 1. The network data which gives better forecasting accuracy can be used
along with the suitable ML-based forecasting method in the novel efficient spectrum
sharing and secure radar protection system for the enterprise networks. Moreover, neural
network-based ML forecasting methods can also estimate the degree of uncertainty in
wireless network data prediction. To improve the performance of the novel spectrum
sharing and radar protection system, utilizing the uncertainty captured by ML-based
forecasting methods used in the radar protection algorithm is also one potential solution
for spectrum sharing in enterprise networks.

1.2 Literature review

The details of the network information that NWDAF needs to collect for data analysis
and predictions to optimize the network, such as the amount of traffic volume, number
of connected devices, locations, and so on, are stated in [3]. In general, most of the
collected network information such as traffic utilization and channel utilization are
in the form of time series [9]. A previous study [10] from 2016 stated that due to
highly dynamic behaviour and evolving distribution properties of wireless TU time
series, traditional temporal analysis such as removing trends and differencing data as
pre-processing steps for time series predictions are not suitable for wireless networks.
Instead, the wireless home network traffic time series in [10] are characterized by using
correlation-based similarity. Moreover, studying temporal behaviours and patterns of the
time series using correlation functions is common in wireless time series analysis as we
used in our work, for example, [11], [12]. In addition, [13], [14] and [15] showed that
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spatial dependencies of neighbouring cells or base stations also have an influence on
forecasting the cellular traffic time series of a target cell or a base station.

In this thesis, time series forecasting is mainly considered and most of the time series
forecasting methods are descended from sequence modelling techniques. Statistical
methods such as the Holt-Winters (HW) and Seasonal ARIMA (SARIMA) methods are
widely used for sequential modelling as well as time series forecasting, and they can be
considered as part of the general State Space models (SSMs) [16]. Hidden Markov
models (HMM), which are similar to the SSM but with finite state space, are also
well-known for sequence modelling [17]. However, HMM is not widely used for time
series forecasting since long-range dependencies cannot be captured by memoryless
Markov models and the linearity of transitions in HMM limits the model’s flexibility
for complex sequences [18]. The major drawback of SSMs and HMMs is that they
modelled each time series separately due to not being able to utilize the extra features.
The recurrent neural networks (RNNs), for instance, LSTM and GRU, became popular
alternatives to the SSMs and HMMs for sequence modelling as well as time series
forecasting. The main advantages of using RNNs are that they can handle non-linear,
non-Markovian dynamic data while exploiting the higher-order features within and
across time series [19]. Another well-known method, conditional random fields (CRFs),
is also used in natural language processing (NLP) as well as sequence modelling. CRFs
are similar to HMMs but the joint probabilities of the considered problem are maximized
in HMMs, while the conditional probabilities of the problem are maximized in CRFs
[20]. Although CRFs have advantages over HMMs for NLP problems, they are not
common for time series forecasting due to the drawbacks such as complex calculation
while training data and they are difficult to retrain when new data are added [21]. Only a
few works have used CRF for time series forecasting by combining it with deep stacking
networks (DSNs) whose computational complexities are very high and not efficient for
the considered centralized framework [22].

There are many previous works on analyzing and temporal forecasting traffic time
series of cellular networks with both statistical and machine learning methods. The
cellular radio traffic time series of a particular cell is predicted for one week in the
future with the Holt-Winters exponential smoothing method in [23]. Long short-term
memory (LSTM) and auto-regressive integrated moving average (ARIMA) are utilized
to predict the base station traffic in [24] and the aggregated network traffic in [25].
Reference [26] also demonstrated the high performance of recurrent neural networks
such as LSTM and gated recurrent unit (GRU) compared to ARIMA for network traffic
prediction. In [24], [25] and [26], LSTM performed higher than other methods. The
research in [27] presented performance comparisons of LSTM and GRU showing that
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one method can outperform another depending on input sequences, hence, there is
no clear winner between LSTM and GRU in time series prediction. Moreover, [28]
stated that a convolutional neural network (CNN) model can be applied to time series
forecasting problems as it is expected to be good on some noisy series due to its layered
structure.

Most recent works, such as [13] and [29], have focused on both temporal and spatial
cellular traffic analysis followed by prediction with ARIMA and the Holt-Winters
method for temporal forecasting as well as a combination of CNN and LSTM for
spatio-temporal forecasting with commonly used metrics, mean absolute error (MAE),
root mean square error (RMSE) and normalized RMSE (NRMSE). Moreover, another
temporal and spatio-temporal forecasting without grid-based region partitioning of the
cellular traffic data for each of the total 5,929 cell towers in a major city of China can be
found in [15]. Reference [14] proposed a strategy by combining auto-encoder and LSTM
for spatio-temporal prediction of cellular network traffic. However, [30] stated that
auto-encoder may fail to learn the fully characterized features for spatial dependencies
between neighbouring cells, hence, they established a CNN based framework while
[29] claimed that the state-of-the-art method, CNN-LSTM, outperformed the CNN and
LSTM for spatio-temporal mobile traffic forecasting. All these recent works have proved
that spatio-temporal forecasting improves the forecasting performance for a single AP.

The recent work [31] studied the use of deep learning techniques for the classification
of mobile encrypted traffic. The work in [32] utilized 1D-CNN and GRU as multimodel
deep learning and proposed the novel framework called MIMETIC to classify mobile
encrypted traffic data. Compared to [31] and [32], our work focused on temporal
and spatio-temporal forecasting of the traffic usage of an enterprise network. For our
spatio-temporal forecasting, 2D-CNN is used to extract spatial dependencies, and LSTM
or GRU is used to learn the temporal relations in CNN-LSTM or CNN-GRU where
CNN and LSTM or GRU combination is in cascade form which is different from [32].
Moreover, [33] proposed a mobile traffic super-resolution technique to make fine-grained
information from low-resolution measurements by inspiring an image processing model
which is a combination of Zipper Network (ZipNet) and Generative Adversarial neural
network (GAN). The proposed model is also able to capture spatio-temporal relations
between traffic volume snapshots with low resolution and the corresponding usage at
specific area levels with high resolution. Its dataset dealt with cellular traffic in the
licensed spectrum in the form of images and focused on image processing techniques to
capture both spatial and temporal relations of the traffic. In addition, the cellular traffic
time series used in [15] shows weak seasonality and similarities between weekdays and
weekends which is different from the cellular traffic series used in [29], [13] and [14]
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showing that cellular traffic time series analysis and forecasting results can vary for
different networks.

The extended version of ARIMA, the seasonal autoregressive conditional het-
eroskedasticity (ARCH) based model, is used to forecast the traffic time series of an
enterprise network in [34]. Only the total traffic of the network time series is used in
[34] and the data series is separated into weekdays and weekends. This study also stated
that the traffic time series exhibits non-stationarity with sometimes chaotic behaviour.
However, forecasting in [34] is only one step ahead and no detailed analysis of the
network data is presented. Despite the various types of research on traffic time series
temporal and spatial analysis for predicting TU data of cellular networks, there is a lack
of literature on research presenting both temporal and spatial detailed analysis followed
by predicting network data for an enterprise network. Since the channels utilized in
enterprise networks are shared unlicensed channels operating with IEEE 802.11 wireless
network standards, the traffic occupied on the physical layer becomes more important
for enterprise network data prediction than the network layer traffic data to help in
proactive resource allocations. So far, only a few researchers have presented results for
the enterprise networks using statistical methods such as [34]. Short-scale estimation of
the channel duty cycle using neural network-based forecasting methods was performed
in [35] and capacity utilization prediction in point-to-point microwave communication
links using ARIMA as well as neural network-based forecasting method was done in
[36]. It is also important to investigate which layer of data is more predictive in the time
series forecasting aspect to help in proactively allocating appropriate resources.

Whenever the idea of spectrum sharing is included, considering cognitive radio is
common since it is the form of a famous dynamic spectrum management process. In
cognitive radio, detecting the frequency holes is an important step so that the frequency
bands are utilized efficiently without any interference on the primary user. In [37],
reinforcement learning (RL) is combined with a CNN to improve the classification
performance of cooperative spectrum sensing. Most of the spectrum sensing in cognitive
radios are modelled as classification problems that are solved by using neural networks
(NNs), for example, [38], [39] and [40]. In this present thesis, the spectrum sharing
with a radar channel is considered and the radar channel allocation to the secondary
users is modelled as a time series forecasting problem. However, there is the term,
cognitive radar, which can be confusing but completely different from radar spectrum
sharing in WLANs. Cognitive radars are radar systems based on the continuous flow of
information and actions of cognition by sensing the environment, learning the behaviour
of the target, and adapting the radar sensor to optimally satisfy the desired goals [41].
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The famous RL is widely used in both cognitive radio [37] and cognitive radar
systems [42] as a learning problem mainly for dynamically trained networks. RL solves
the problem by assuming the world is Markovian which is not true in most cases.
Moreover, RL has a major drawback in that the high dimensionality of the iteration
approach leads to it being a limited model with high computational complexity [43].
The different techniques for radar coexistence in cognitive radar are discussed, and the
different approaches are compared, such as Sense-Predict-Avoid and Sense-Learn-Avoid,
in [44]. It has been stated that the Sense-Learn-Avoid approach which uses the RL
method performed worse on random intermittent radio frequency interference scenarios
while the Sense-Predict-Avoid approach showed good performance in such scenarios.
In fact, RNNs, such as LSTM, are widely used for both time series classification and
prediction in cognitive radar resource management [42]. It has also been stated that
NNs can reduce computational costs by using offline learning compared to the RL with
dynamic online learning. Due to these drawbacks and the sensitivity to random changes
in the RL method, this method has not been used in this thesis which mainly focuses on
time series prediction.

After several initiatives of spectrum sharing techniques such as TVWS, an unlicensed
wireless access search for underutilized licensed spectrum bands has increased and the
radar C-band which operates in 5GHz has become popular for spectrum sharing with
enterprise WLAN networks. Dynamic frequency selection (DFS) is widely used to
enable spectrum sharing between a primary system with the licensed spectrum and
the unlicensed secondary devices [45]. However, this is not efficient in searching for
available spectrum since it requires long sensing periods and long non-occupancy periods.
In [46], the authors considered aggregated interference to the radar for interference
threshold calculated under temporal DFS (DFS-T), which is the modified version of
the DFS system, with a cooperative sharing scheme. However, cognitive users, which
are WLAN devices in [46], [47] and [48], still need to sense the radar signal as in a
conventional DFS system. In [49], the characteristics and behaviours of a particular
weather radar in Finland were studied, which proved that radar patterns are not always
periodic but mostly quasi-periodic which is not reliable for tracking radar rotation and
sensing-based temporal spectrum sharing models.

In zone-based sharing with radar band, the radio environment map (REM) repository
is used to provide the sharing rules to users in a secondary network by collecting dynamic
information of radar and interference at a radar since [49] stated that sensing-based
sharing model does not work in a weather radar system. The REM architecture for
shared spectrum is also proposed in [50] to increase the connectivity of IoT devices
in both 5G networks and enterprise networks. The detailed mechanism of the REM
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elements to utilize for spectrum sharing in radar systems is also investigated in [51].
Instead of channel sensing at the secondary users’ side, using a sensor at the radar to
measure the interference has more guarantee of radar protection. Upon receiving the alert
of interference exceeding the limit from the ESC sensor implemented at the radar, the
spectrum manager in the REM repository updates the sharing rules based on the utilized
spectrum sharing model [52]. This also introduced two different database-assisted
spectrum sharing mechanisms such as a distributed unified channel access (UCA)
method and a cloud-based UCA method. However, this recently introduced dynamic
spectrum sharing with the cloud-assist REM repositories [49] also has a drawback of
delays in processing, reporting, and updating rules.

In [46], the authors considered an aggregated interference to the radar for interference
threshold calculated under DFS-T, which is the modified version of the DFS system,
with a cooperative sharing scheme. They modelled the interference from cognitive
users for both radar antenna main lobes and side lobes by using a link budget power
calculation. A mathematical model for the aggregated interference to the radar by
WLAN devices is presented and the WLAN devices are considered uniformly distributed
within a circle of radius R in [47]. The simulation model of cellular systems sharing the
same spectrum with rotating radar can be seen in [48]. The parameter values used for a
weather radar, such as tolerable interference-to-noise ratio (INR) and so on, are also
stated in this literature. However, cognitive users, which are WLAN devices in [46], [47]
and [48], still need to sense the radar signal as in a conventional DFS system. Designing
the new radar protection system with the aid of an ML-based forecasting algorithm
which can also consider the uncertainty of radio propagation becomes important. For the
radar protection system, we need to capture the uncertainty of the forecasting model to
ensure that the radar is fully protected.

To measure the uncertainty range, the Monte-Carlo dropout (MC-dropout) method
was introduced in [53]. The usages of MC-dropout and its benefits can be seen in [54]
and [55]. Most of the previous works used various NN-based interference predictions
without considering the computational complexity of the models such as [56] and [57].
As mentioned above, the previous work [27] stated that GRU is similar to LSTM but
with fewer operating gates resulting in lower computational complexity. Therefore,
the computational complexity of the aggregated interference prediction in the ESRP
system can be reduced by using the GRU model. To maximize the QoS and data rate of
connected secondary users, the non-contiguous CB technique [58] can be utilized also
in the spectrum sharing model of the weather radar system.
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1.3 Objective and scope

The main objective of this thesis is to find a solution for proactive user allocations in
spectrum sharing with a radar system in an enterprise network by using ML-based time
series forecasting methods. The topic of this thesis can be separated into two main parts:
1) Predicting the network and physical layer data of an enterprise wireless network, and
2) Proactive radar protection system using wireless network data prediction.

In the first part of the thesis, the objective is to present the step-by-step processes
of a system model to classify, analyze and predict wireless enterprise network data.
The collected network layer TU data are classified into different groups based on their
significant characteristics for ease of time series analysis. The aggregations and filtering
are done as the network data time series pre-processing before the analysis step. This
thesis studied the temporal and spatial dependencies of considered APs or a group of
APs deployed at the University of Oulu at which the data are collected over a period
of more than a month. Then, various time series forecasting methods for temporal
forecasting and spatio-temporal forecasting are investigated with two scenarios. The
temporal forecasting methods include 1) statistical methods such as Holt-winters and
seasonal ARIMA, and 2) ML-based methods such as LSTM, GRU, and CNN. The
spatio-temporal forecasting methods include combined ML-based methods such as
CNN-LSTM and CNN-GRU. After evaluating the performances of different forecasting
methods for network layer TU data, the investigation continued for the physical layer
CU data. Moreover, one of the objectives of this thesis is to improve the performance of
temporal forecasting by proposing a features-like grid (FLG) training data structure
utilizing the advantage of ML-based forecasting methods. The prediction accuracy
of network and physical layer data is also compared to discover which layer data
achieves better performance in the time series forecasting aspect. Finally, the challenges
encountered during our investigations of network parameter time series forecasting are
presented.

The second part of this thesis provides methods to implement an efficient spectrum
sharing and radar protection system by utilizing an ML-based network data series
forecasting model. As one solution to address the limitations of conventional radar
protection systems and as the main objective, this thesis proposed a novel efficient
sharing and radar protection (ESRP) system with interference in the radar prediction
by using the wireless network data of an enterprise network. The first part of this
thesis proves that the physical layer data have more predictive power than the network
layer data. Hence, the CU data which is also called channel occupancy data is used
in the ML-based prediction model of the proposed ESRP system. By assuming that
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the wireless transmission of an AP occurs at the maximum allowed power level (Pt),
the channel occupancy data indicates the power utilization percentage (T Pper) of the
total transmissions. Hence, the transmission power (TP) of an AP including all kinds
of IoT sources operating on the same specific channel within period t can be defined
as T P = T Pper×Pt . Due to the limitation in TP data collection, the model of TP data
mapping from the number of connected user data based on real collected data from
the University of Oulu is introduced as one of the objectives of this thesis. Only the
investigated ML-based forecasting methods are used in the proposed ESRP system to
utilize the uncertainty of the prediction model for better radar protection performance.
To generate the multiple prediction outputs which are considered the random variables of
a probabilistic distribution, the Monte Carlo (MC) dropout is used. From the statistical
properties of the outputs, the upper and lower limits of the predictions, the prediction
intervals (PIs), are computed. However, the main factor to consider for comprehensive
radar protection is a parameter called the permissible probability of harmful interference
at the radar (εp). This parameter specified for each radar system could vary over a wide
range depending on the application of primary radar [59]. For some sensitive radars, the
minimum value of allowable εp can be as small as 0.00001 [60]. In this thesis, the radar
protection performance of the proposed novel ESRP system is also improved in terms of
computational time complexity, radar protection, and spectrum sharing performances by
using different MC-dropout and PI values in the prediction model, especially with the
GRU model.

Based on the above-mentioned focus area, the following research questions are
formulated and answered:

Q1. How is detailed analysis done and how are these analysis results of a wireless
network parameter time series of an enterprise network utilized in time series forecasting?
In general, choices of time series analysis methods, such as auto-correlation (AC),
cross-correlation (CC), stationarity tests, and spatial correlation, are important as pre-
processing steps for time series forecasting to acquire accurate predictions. Moreover,
there are no pre-defined analysis methods that are suitable for all wireless parameter
time series, so it is necessary to investigate the analysis methods for pre-processing
steps of time series forecasting. The way of utilizing these analysis results also plays an
important role in wireless network parameter prediction. Q1 is one of the main research
questions in the original publication [I], Section 2.1, and Section 2.5 of this thesis.

Q2. Which time series forecasting method will be suitable for predicting the wireless
network parameter data of an enterprise network? As mentioned above, there has been a
lot of literature presenting cellular traffic prediction with different time series forecasting
methods. However, an enterprise network is completely different from a cellular network
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and some APs in an enterprise network have their own purpose with random traffic usage
which does not correlate with other APs. Hence, not every ML-based forecasting method
can outperform the traditional statistical methods. However, ML-based forecasting
methods become popular for certain reasons which have advantages of exploiting extra
features and are able to capture the uncertainty of the prediction. The investigations
to answer Q2 are presented in the original publications [I] and [II], Section 2.2, and
Section 2.5 of this thesis.

Q3. Can we ensure radar protection in spectrum sharing with the radar system
while maximizing the sharing performance of the SUs from an enterprise network? The
existing radar protection systems that have drawbacks such as DFS can guarantee radar
protection, but SUs will have lower chances for sharing the spectrum, DFS-T improved
spectrum sharing performance, although still with interruptions in transmissions of SUs,
and the recent dynamic radar protection schemes also have delays that cannot guarantee
comprehensive radar protection. To overcome all these drawbacks, the novel radar
protection system is required, which allows continuous transmission for all connected
SUs regardless of radar rotations by using predicted interference at the radar in order not
to have delays in processing. This can be achieved by using the above investigated
wireless network data forecasting methods with the help of the cloud-based REM which
can act as an ML-based automated centralized framework for proactive user allocation in
spectrum sharing with the radar system of an enterprise network. Q3 has been answered
in the original publication [III] and manuscript in preparation [IV], as well as Section
3.2 and Section 3.4 of this thesis.

1.4 Research methods and materials

This thesis presents solutions to the above research questions. The research methods
used in this thesis are mainly based on modelling, simulations, and visualizations of the
data and results. MATLAB is used to perform a detailed analysis of the wireless traffic
data of a total of 470 APs in original publications [I] and [II], such as data classifications,
aggregations, filtering, temporal analysis, and spatial analysis. Moreover, for temporal
forecasting, statistical methods such as Holt-winters and seasonal ARIMA (SARIMA)
are implemented in MATLAB. However, all ML-based forecasting methods including
both temporal and spatio-temporal methods are implemented by using the python
deep learning application programming interface (API) called Keras. When this thesis
investigated and compared the empirical computational complexity of each forecasting
method in the original publication [I], the models were estimated on the same hardware
architecture with the following specifications: Intel-R Core-TM i5-8250U CPU @1.6
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GHz, 8.00 GB RAM, x64 based processor in the same load condition without any
background processing. The TP modelling, link budget model of interference at the
radar, the system model of the proposed ESRP system, and the other radar protection
systems compared in the original publication [III] and manuscript in preparation [IV] are
simulated with MATLAB. The predicted data of interference at the radar are imported
into MATLAB from python control software. All visualization diagrams and graphs
presented in this thesis are executed in Visio diagramming software and MATLAB,
respectively.

The most important key player of this thesis is the collected wireless network
datasets which is the real measurement from the Linnanmaa campus of the University
of Oulu, Finland. The first dataset contains measurements of received traffic data (in
bytes), transmitted traffic data (in bytes), and the number of users in the form of time
series as well as names of the locations and ID numbers for a total of 470 APs. Each
measurement provides a data point at intervals of every 10 minutes between January 5,
2019, and February 8, 2019; hence, each time series has 5,040 observations. Among the
received traffic data at an AP, which is also known as uplink data, and transmitted traffic
data from an AP, which is called downlink data, the transmitted traffic data dominates
significantly over the received data at an AP. Due to this reason, only the transmitted
traffic data is mainly considered in this thesis. The collected TU dataset, the Wireless
Network Traffic Time Series of an Enterprise Network, has open access. The second
collected physical layer CU dataset is the percentage of the total amount of transmission
from all kinds of sources including APs operating on the same specific channel within
period t. A data point of CU time series is defined as: CUt =

1
T ∑

T
j=1 D j, where D j is

the jth binary decision of the signal presence or absence and T is the number of signal
detection iteration. The CU of a channel with 20MHz bandwidth operating in 2.4 GHz
is collected by using three measuring devices placed in one of the locations of the
University of Oulu where four APs are operating with high traffic transmissions. The
devices were configured to collect mean CU (CU-mean) and maximum CU (CU-max)
values of the channel at intervals of every 20 seconds between February 11 to February
24, 2019. Hence, each CU time series has over 50,000 data points. The details of the
collected CU time series and the measurement devices we used can be found in [61].

The final dataset contains the channel occupancy data from seven APs operating
with high traffic transmissions which are deployed in the student lounge area of the
University of Oulu, Finland. The APs were configured to collect the channel occupancy
data of a 5.6GHz WLAN channel at intervals of every 5 minutes between January 22 to
February 22, 2020. Hence, each physical layer data time series has over 8,000 data
points. The final dataset also contains the collected network layer data from the same
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APs deployed around the Linnanmaa campus of the University of Oulu together with
physical layer data collection. The received and transmitted traffic data, the number of
connected users, locations, and the names of each AP of a total of 470 APs, including
both types of APs using 2.4GHz and 5.6GHz, around the campus are collected as the
network layer data. There are around 50 APs that are using 5.6GHz on the university
campus. Each data point of a total of 5,040 of the time series provides the measurement
at intervals of every 10 minutes within the period of January 5 to February 22, 2020.
In a summary, there is a total of 3 different datasets used in this thesis. The First TU
dataset collected in 2019 is used in original publications [I] and [II], while the second
CU dataset collected in 2019 is used in the original publication [II], and the final dataset
including both TU and CU data collected in 2020 is used in the original publication [III]
and manuscript in preparation [IV].

1.5 Contributions to original publications

This section briefly summarizes the scientific contribution of each original publication
and specifies the roles of each author in the publications. The original publication [I]
addressed the system model to classify, pre-process and analyze time series followed by
the wireless network traffic data prediction methods. The contribution of the doctoral
candidate in publication [I] was to classify the collected wireless network traffic data
into different groups based on their characteristics. In addition, the doctoral candidate
was responsible for implementing the pre-processing steps, correlation-based analysis,
and statistical forecasting methods in MATLAB as well as the ML-based forecasting
methods in Python with Keras. The doctoral candidate’s supervisors, Dr. Janne, and Dr.
Zaheer, provided the collected TU datasets and guided the candidate with the general
ideas for the whole system model presented in the original publication [I]. Dr. Zaheer
also helped the candidate with one of the ML-based forecasting methods implemented
in Python using Keras. The doctoral candidate also had a significant role in writing
the paper and was responsible for the major parts of the paper revisions. The original
publication [II] is an extension of paper [I] as the physical layer data is also analyzed
and predicted. The main contribution of paper [II] is that the ML-based forecasting
performance is improved by proposing the FLG training data structure for the wireless
network parameter time series. The doctoral candidate was responsible for the original
idea of the paper [II] including writing the paper and implementing the simulation codes
in MATLAB and Python. The supervisor, Dr. Janne, and Dr. Zaheer provided the CU
dataset and guided the candidate with the general ideas for the whole system model
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presented in the original publication [II]. Furthermore, Prof. Kenta provided the ideas to
improve the writing and visualization of the results.

The original publication [III] proposed the novel ESRP system to improve the
transmission of the secondary users and radar protection performance in the spectrum
sharing with a radar system in an enterprise network. To solve the limitation in physical
layer data collection, Dr. Janne provided the idea of TP modelling and also helped
the candidate with the interference in radar modelling. The doctoral candidate was
responsible for implementing the simulation codes for TP modelling and interference
at radar modelling in MATLAB. Moreover, the doctoral candidate contributed the
main idea of the proposed ESRP system and implemented the simulation model in
MATLAB. In the original publication [III], Dr. Janne and Dr. Zaheer provided the third
collected dataset and guided the candidate with general ideas for the whole system
model presented. Prof. Kenta also helped by providing ideas to improve the writing.
Additionally, Ms. Zunera helped by providing ideas to improve the visualization of
the system models. The manuscript in preparation [IV] is currently under finalization
and is an extension of the original publication [III], which mainly presented the point
that by using the captured uncertainty of the forecasting model, the radar protection
performance of the novel ESRP system can be improved. The doctoral candidate
was responsible for the main idea of the manuscript [IV] and she implemented the
simulations in MATLAB. As in previous papers, Dr. Janne and Dr. Zaheer guided the
candidate with the general idea for the improvements of the novel ESRP system. Dr.
Kenta also helped provide the ideas to improve the writing and Ms. Zunera helped
provide the ideas to improve the visualization of the system model.

1.6 Outline of the thesis

The rest of this thesis is organized as follows. The first chapter, the introduction,
describes the motivation and scope of the thesis, while the main contents of the wireless
network data series classification and analysis are described in Chapter 2, Section
2.1. Section 2.2 contains a brief explanation of the time series forecasting methods
used in this thesis. The metrics in which the forecasting performances of wireless
network data time series are compared are also presented in Section 2.3. Section 2.4
presents the proposed system models for both traffic and channel utilization analysis and
prediction systems. At the end of Chapter 2, Section 2.5 shows the wireless network data
forecasting system model and the findings of this thesis regarding original publications
[I] and [II]. Chapter 3, Section 3.1 explains the current radar protection systems and
their drawbacks. Section 3.2 introduces the proposed ESRP system for spectrum sharing
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with a radar system in an enterprise network and Section 3.3 presents the main findings
from the original publication [III] and the manuscript in preparation [IV]. A discussion
on the results, main findings, and applicability of the proposed system are given in
Chapter 4. Finally, Chapter 5 summarizes the work and describes the potential future
directions of this thesis.
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2 Network and physical layer data of the
enterprise wireless network forecasting
system

2.1 Wireless network data analysis methods

As mentioned in Section 1.1, an enterprise network is completely different from a
cellular network. In an enterprise network, the majority of the wireless data is consumed
during working days, hence, proactive resource allocation and network management
are mainly required for weekdays. Therefore, wireless data classification and analysis
become important for network parameter forecasting to be able to utilize the predicted
data efficiently. The data classification are presented mainly for the first dataset used in
this thesis.

2.1.1 Classification of network time series

The collected traffic time series data over the period of one month shows that heavy
traffic usage of several APs can be seen during office/university hours on weekdays.
First, all of the time series are separated into weekdays and weekend data, and only
weekday data are used to be predicted for proactive resource allocation. For weekday
data, APs are classified into three groups based on their characteristics: Patternless, High,
and Low. The APs with random traffic patterns which have strong AC with previous
lags at first and followed by a linear fall-off are classified into the Patternless group
since these APs have the AC characteristics of a random walk time series with complete
random movement which are unpredictable [11]. Also included in the Patternless group
are APs with significant traffic usage but no significant correlations for their traffic time
series which is also a characteristic of randomness in the time series [11]. Those APs
with repetitive daily patterns during weekdays are classified into High and Low groups
depending on their mean traffic level. In the work for this present thesis, we used Otsu’s
algorithm with three thresholds which is well known for being used in image processing
[62] and is also used for automatic mean level thresholding of wireless communication
data [63]. APs whose rounded means are above or equal to the highest threshold are
selected as the representative APs of the High group with very high traffic usage. As the
collected data is huge, we select the same number of representative APs (as in the High
group) with the highest mean traffic usage from each classification group of APs.
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2.1.2 Data pre-processing before time series analysis

In general, network parameter time series collected from any network exhibit non-
stationarity, and their statistical properties change over time [34]. However, a specific
filter is applied to the traffic series of a wireless home network to obtain similar properties
to the stationary series in [10]. Therefore, we also try applying a median filter to both
our collected TU and CU data series as a process of time series smoothing. A median
filter with various window lengths is widely used for its ability to keep the important
pattern of the time series preserving the edges by distinguishing the outliers [64]. The
important part of applying a median filter is selecting an appropriate window length.
Example AC results of filtering the aggregated traffic series of the Low group for
weekdays with different window lengths are shown in Figure 2, which show that time
series traffic data are slightly sensitive to time aggregations and filtering. Moreover,
it can be observed that when we aggregated the time series of all 470 APs to see the
behaviour of traffic utilization from the network’s perspective, the resultant aggregated
time series became less noisy, and applying filtering to it further smoothed the time
series data. The individual APs and aggregated TU data (from the representative APs)
of each group are also considered in this thesis for later correlation-based analysis.
Then, we needed to downsample the collected CU-mean and CU-max time series so that
each data point provides the measurement of every 10-min period as in the aggregated
TU series since CU data is collected for two weeks of every 20 seconds. For TU data,
sampling is not required.

2.1.3 Temporal analysis

Temporal analysis of wireless network data time series mainly consists of auto-correlation
(AC) and cross-correlation (CC) analysis methods. To analyze the patterns in time
series data, it is typical to use AC and CC metrics to find the similarities, seasonality,
and differences of the time series of APs. To see how strong the connections between
the values of a single time series at different delays are, AC is evaluated, which can
provide information about any repeating patterns and predictive power of the time series
[11]. Let us denote the two different time series of single APs with x and y, and the
two different aggregated time series with X and Y , where xt ,yt ,Xt , and Yt represent the
traffic value at time t of each series. The AC function denoted as αxx(k) used for time
series analysis at time lag k is then given by [65]

αxx(k) =
cxx(k)
cxx(0)

, (1)
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Fig. 2. Auto-correlation functions of time series data with various filter length and original
data of an APs in Low group of weekdays. [Reproduced under CC BY 4.0 License from [I]
©2020, Authors.]

where cxx(k) is the auto-covariance function at time lag k and is given as

cxx(k) =
1
T

T−k

∑
t=1

(xt − x̄)(xt+k− x̄), (2)

cxx(0) is the sample variance and is given as

cxx(0) =
1
T

T

∑
t=1

(xt − x̄)2, (3)

and T is the number of time series samples and x̄ is the sample mean.
The correlation function helps to describe the evaluation of the process through time

and it is often called analysis in the time domain to detect the non-randomness in data.
In general, CC is evaluated to see how the values of different time series are connected.
In this thesis, CC is used to measure the similarity between the network time series of
different APs or different groups of APs as a function of the time lag of one relative to
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the other. The CC at a time lag k between two different time series x and y is

ψxy(k) =
cxy(k)√

cxx(0)
√

cyy(0)
, (4)

where cxy(k) is the cross-covariance between time series x,y and is given by

cxy(k) =
1
T

T−k

∑
t=1

(xt − x̄)(yt+k− ȳ), (5)

√
cxx(0) and

√
cyy(0) are the sample standard deviations of the series, T is the number

of time series samples, and x̄ and ȳ are the sample means. Unlike in AC, the CC at
different time lags are from different APs so that the results might be biased according
to our choice of APs. We can also find the average of all four representative APs in a
group to reduce the bias.

The average CC for APs within a group can be simply calculated as

ψ̂xy(k) =

M
∑

i=1
ψ i

xy(k)

V
, (6)

where V =
(PAP

2

)
represents the number of 2-combinations of APs from the considered

group with no repetition, PAP is the number of APs in one group, ψ i
xy(k) represents the

CC of the ith combination within the set, and x and y are the different time series from
the same group. Similarly, the average CC for APs across the groups can be defined as

ψ̂xy(k) =

N
∑

i=1
ψ i

xy(k)

R
, x ∈ G1,y ∈ G2, (7)

where R = P2
AP represents the number of 2-combinations between APs from two different

groups G1 and G2. For the aggregated time series, the CC, ψ̃XY (k), can be defined
similarly as in a single AP. The aggregated time series of a group can be expressed as
X = ∑

PAP
i=1 xi and the CC of aggregated time series across the groups can be calculated

using (4) by only substituting x = X and y = Y , where X and Y are aggregated time
series of different groups.

To evaluate the CC between user and traffic, sample Pearson correlation coefficients
are calculated by setting the number of connected users time series as the variables
which causes the changes in traffic time series variables. The sample Pearson correlation
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between two different variables is

ruw =

T
∑

t=1
(ut − ū)(wt − w̄)√

T
∑

t=1
(ut − ū)2

√
T
∑

t=1
(wt − w̄)2

, (8)

where T is the number of points in one time series data, ut ,wt are the sample points at
time t of different time series and ū, w̄ are the sample means. The results relating to the
correlation-based temporal analysis of the collected time series data for various APs
of different groups as well as relations between the number of connected users and
generated traffic are presented explicitly in the original publication [I].

For time series prediction, the stationarity of a time series is important since it
can strongly influence the behaviour and properties of a time series [66]. In general,
stationarity means the statistical properties of a time series do not change over time
and there are several different definitions of stationarity (e.g., strong stationarity and
weak stationarity). The previous literature [10] stated that wireless traffic time series
are not stationary both in the general sense and in a wide sense as their distribution
characteristics change over time. Therefore, our own time series data are tested
for stationarity using unit root tests such as Augmented Dickey-Fuller (ADF) and
Kwiatkowski-Phillips-Schmidt-Shin (KPSS) tests [67]. Both unit root tests are applied
to our data in two different ways. First, the short time periods of a time series are tested
by using an overlapping sliding window protocol with a specific time frame. Then, the
most frequently occurred outcome case is taken as the result for a short time period of
the whole time series, hence, the collected time series are analyzed and tested to use for
short-term predictions in the future. Second, the complete time series is tested for unit
roots in order to know the behaviour of the long-term traffic.

Since the absence of unit root in a time series does not guarantee stationarity [68], we
also tested for stationarity by checking whether mean and variance are constant over time,
and covariance between two time instants depends only on the time difference between
the two time instants and not the actual time at which the covariance is computed [69].
The individual APs time series, aggregated time series of each group, and an aggregated
time series of all 470 APs with 4-hour, 8-hour, 16-hour, and 24-hour time intervals are
tested. For covariance test, let Kxx(t1, t2) be the auto-covariance between windows t1 and
t2 of a time series x, and Kxx(τ) be the auto-covariance of τ th window of a time series x,
where t2− t1 = τ . It can be observed that none of the selected windows of the time
series satisfy the definition of weak stationarity. However, Figure 3 shows that when
the traffic of a further number of APs is aggregated, there is more similarity between
Kxx(t1, t2), Kxx(t3, t4) and Kxx(τ), where t2− t1 = t4− t3 = τ . This can be observed in

41



0 50 100 150 200 250 300

(a)

0

0.5

1
Auto-covariance of a single AP from High Group

0 50 100 150 200 250 300

(b)

0

0.5

1
Auto-covariance of 4 APs from High Group Aggregated data

0 50 100 150 200 250 300

(c)

Time in 10-min

-1

0

1

A
u
to

-c
o
v
a
ri
a
n
c
e
 v

a
lu

e
s

Auto-covariance of All APs Aggregated data

K
xx

(t
1
,t

2
)

K
xx

(t
3
,t

4
)

K
xx

( )

Fig. 3. Auto-covariance of non-overlapping sliding windows with a 24-hour time interval.
[Reproduced under CC BY 4.0 License from [I] ©2020, Authors.]

Figure 3(c). To summarise, the raw time series data are not stationary but when they are
aggregated, the results show a similarity to the stationary time series properties.

2.1.4 Spatial analysis

The APs in an enterprise network have different characteristics based on their own
purposes and locations. However, ML-based time series forecasting methods have the
advantage of being able to exploit the extra information so that spatial dependencies of
neighbouring APs can help improve the prediction accuracy of the forecasting methods
for an AP. Proactive resource allocation is essential for those APs with high utilization
deployed in the area with a high user density during weekdays. Therefore, we selected
the most crowded area of the university, the study and conference lounge, where a
total of 8 APs with high traffic utilization are located, as illustrated in Figure 4. Since
we are focusing on the spatial analysis for each AP located in the focus area of the
university considering the spatial dependencies of its neighbouring APs, we used only
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Fig. 4. Locations of APs in the study and conference lounge area. [Reproduced under CC BY
4.0 License from [I] ©2020, Authors.]

filtered traffic utilization values of the APs as a time series smoothing method without
aggregating any traffic time series of APs.

As in time series temporal analysis, correlation-based methods are also used for
spatial dependencies analysis. We examined spatial dependencies with two different
widely used metrics: the Pearson correlation [13], [14] and Moran’s I auto-correlation
[15]. The spatial correlation between a target AP, APu, and its neighbouring AP, APw,
can be measured by the Pearson correlation which is the same as in equation 8. Moran’s
I measures the overall spatial auto-correlation between APs of a focus area, which
is evaluated to see how APs in the focus area are similar to or different from their
surrounding APs. In general, let xt(i) denote the traffic value of an ith AP at time t, the
Moran’s I is given by

I =
n

∑
n
i=1 ∑

n
j=1 Wi j

×
∑

n
i=1 ∑

n
j=1 Wi j(xt(i)− x̄t)(xt( j)− x̄t)

∑
n
i=1(xt(i)− x̄t)2 , (9)

where W is the binary weight matrix and an individual entry, Wi j, is 1 when ith and jth

APs are adjacent and 0 if they are not, n is the number of APs located within the focus
area and x̄t is the mean traffic value of all associated APs at time t.
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2.2 Time series forecasting methods

As wireless traffic time series often exhibit seasonal patterns, one statistical approach
that is available for forecasting such data is the Holt-Winters method which is also
known as the triple exponential smoothing method [15]. Seasonal ARIMA which
is an extension of ARIMA supports the direct modelling of the seasonal component
and it can describe non-stationary time series satisfactorily by neglecting the random
fluctuations. Therefore, SARIMA is suitable to use for forecasting wireless traffic
data. Moreover, recurrent neural networks, such as LSTM and GRU, are famous and
well-suited to forecasting wireless traffic time series due to their advantage of preventing
gradient vanishing problems. Research shows LSTM to be one of the most powerful
tools in wireless traffic time series forecasting [70], which made a strong case for its
use to forecast wireless traffic data in this thesis. When the difference in forecasting
performances of LSTM and GRU is insignificant, GRU has the advantage of lower
computational complexity [27]. CNNs are famous in image processing [71] and are also
used in network traffic time series forecasting [72] due to their ability to capture the
temporal dependencies in the dataset through the operations of relevant filters.

Moreover, [28] also stated that a CNN model can be applied to temporal time series
forecasting problems to learn those filters which are able to recognize specific patterns in
the input data and use them to forecast future values. These reasons gave strong support
for choosing Holt-Winters, SARIMA, LSTM, GRU, and CNN methods to compare
and evaluate temporal forecasting in this thesis. Among the different combinations of
machine learning methods for spatio-temporal forecasting, auto-encoder with LSTM
and CNN with LSTM combinations are widely used [14]. However, [30] stated that
auto-encoder cannot guarantee learning the important features completely which is
not the case in CNN. Nevertheless, CNN-LSTM, which has been successfully used in
activity recognition in videos, and has also outperformed the other spatio-temporal
methods in cellular traffic forecasting [29]. We also established CNN-GRU to compare
with CNN-LSTM for spatio-temporal traffic forecasting since GRU is faster and simpler
than LSTM. For these reasons, modified ML-based methods such as CNN-LSTM and
CNN-GRU are selected to forecast the wireless traffic usage of a target AP.

2.2.1 Temporal forecasting

Holt-winters

The Holt-Winters method is used to forecast the time series by assigning exponentially
decreasing weights and values to the old data. Based on seasonality, the Holt-Winters
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method has two types of models, the additive model, and the multiplicative model.
However, we used only the additive model as wireless mobile traffic data series are more
compatible with the additive model [73]. Let lt ,bt and st be the sequences of level, trend,
and seasonal factors, respectively. The closed-form expressions used in the method to
forecast the traffic value pt+m of mth time instance ahead with seasonal length L are
expressed as in [74]:

Level : lt = α(xt − st−L)+(1−α)(lt−1 +bt−1),

Trend : bt = β (lt − lt−1)+(1−β )bt−1,

Season : st = γ(xt − lt)+(1− γ)st−L,

Forecast : pt+m = lt +mbt + st−L+1+(m−1)modL,

(10)

where α , β , and γ are level smoothing factor, trend smoothing factor, and seasonal
smoothing factor, respectively, which are optimized as usual to fit the training samples.

SARIMA

SARIMA has an AR term, MA term, and integrated (I) term to fit the seasonal data as
well as possible. This can be expressed as ARIMA(p,d,q)(P,D,Q)s, where p is the
number of AR terms, d is the number of differences, q is the number of MA terms,
P is the number of seasonal AR terms, D is the number of seasonal difference, Q is
the number of seasonal MA terms and s is the seasonal period of time series. The
SARIMA model can be trained to fit the data by adjusting the above parameters [75].
The prediction algorithm for traffic value xt and addictive white noise nt ∼N (0,σ2) at
time t is as follows [76]:

AR Term : φ(B) = 1−φ1B− ...−φpBp,

Seasonal AR Term : Φ(Bs) = 1−Φ1Bs− ...−ΦpBsp,

MA Term : θ(B) = 1+θ1B+ ...+θqBq,

Seasonal MA Term : Θ(Bs) = 1+Θ1Bs + ...+ΘqBsq,

Forecast : φ
∗(B)Φ∗(Bs)xt = θ(B)Θ(Bs)nt ,

(11)

where φ ∗(B) = φ(B)(1−B)d , Φ∗(Bs) = Φ(Bs)(1−Bs)D and B are the backward shift
operators of the algorithm.
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Fig. 5. A cell structure of an LSTM network. [Reproduced under CC BY 4.0 License from [I]
©2020, Authors.]

LSTM

LSTM is a variation of RNN and it is a type of artificial neural network whose one
application is to recognize patterns in time series data. The main part of an LSTM
network is called a cell which consists of 3 main regulation structures to control the
amount of information which are called the input gate, forget gate, and output gate
[77]. The gates of a cell in LSTM are in the form of sigmoid activation functions whose
outputs are between 0 to 1, where only 0 indicates that nothing can pass through the
gate, and 1 indicates that everything can pass through the gate. Let xt be the input time
series for an LSTM at time t, and the closed-form expressions for an LSTM unit can be
written as follows [78]:

Input gate : it = σ(wihht−1 +wixxt +bi),

Forget gate : ft = σ(w f hht−1 +w f xxt +b f ),

Output gate : ot = σ(wohht−1 +woxxt +bo),

(12)

where it , ft , ot are the gate parameters, wih, wix, w f h, w f x, woh, wox are the weight
vectors for the corresponding input time series, and bi,b f ,bo are biases for input gate,
forget gate and output gate, respectively. σ represents the sigmoid activation function of
the gate and ht−1 is the output series of the previous LSTM block. After computing the
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states of the gates, the cell of an LSTM network computes the candidate cell state (c̃t),
the current cell state (ct ) and the final output (ht ) as follows:

Candidate cell state : c̃t = tanh(wchht−1 +wcxxt +bc),

Cell state : ct = ft ⊙ ct−1 + it ⊙ c̃t ,

Final output : ht = ot ⊙ tanh(ct),

(13)

where tanh is the hyperbolic tangent and ⊙ means an element-wise multiplication. wch,
wcx and bc are the weights and bias of the cell.

The cost function (J) of the LSTM model used in our work is the mean absolute
error. If we denote all weights and bias (w,b) of the LSTM layer as wlstm,blstm, and the
dense layer as wdense,bdense, the objective function of LSTM model is defined as [79]

(ŵlstm, ŵdense, b̂lstm, b̂dense) = argmin
w,b

J,

= argmin
w,b

1
N

N

∑
t=1
|Yt − Ŷt |,

(14)

where N is the number of samples in a predicted period and ŵlstm, ŵdense, b̂lstm, b̂dense

are the updated weights and bias of LSTM and dense layers, respectively. Among the
different optimizers for LSTM model training, the Adam optimizer has been selected in
our work since it can converge faster than other optimizers [13]. The cell structure of
LSTM is shown in Figure 5.

GRU

GRU is introduced in [80]. As in LSTM, GRU has two gates called the reset gate and
the update gate using sigmoid activation functions. After the gating operations, current
memory, h̃t and final output, ht are calculated since GRU does not have a separate
memory cell, which is in LSTM, to compute the cell states. Let xt be the input time
series for GRU at time t, the closed-form expressions for a GRU unit can be written as
follows [81]:

Reset gate : rt = σ(wrhht−1 +wrxxt +br),

Update gate : zt = σ(wzhht−1 +wzxxt +bz),

Memory : h̃t = tanh(whh(rt ⊙ht−1)+whxxt +bh),

Final output : ht = (1− zt)⊙ht−1 + zt ⊙ h̃t ,

(15)

where rt and zt are the gate parameters, σ represents the sigmoid activation function
of the gate, ht−1 is the output series of the previous GRU block and ⊙ represents
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Fig. 6. The block structure of the GRU network. [Reproduced under CC BY 4.0 License from
[I] ©2020, Authors.]

an element-wise multiplication. wrh,wrx,wzh,wzx,whh,whx are the weight vectors for
corresponding input time series and br,bz,bh are biases for corresponding activation
functions. Hyper-parameters of the GRU model are the same as in the case of the LSTM
since we would like to compare their performance on the same ground for our time
series. The block structure of GRU is shown in Figure 6.

CNN

A common CNN consists of convolution layers that extract the high-level features from
data by convoluting data with a filter, pooling layers that reduce the size of convoluted
features to decrease the computational requirements and also help in extracting dominant
features, and fully connected layers which have connections to all activations in previous
layers to learn non-linearities of the high-level features from convolution layers. With
this structure, a CNN model can be applied to time series forecasting problems to learn
those filters which are able to recognize specific patterns in the input data and use
them to forecast the future values [28]. Let xt be the input time series at time t, the
closed-form expressions for a simple CNN can be written as follows [82]:
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Convolution Layer : zt1 = xt ⊛F,

Activation Layer : At1 = a(zt1),

Fully Connected Layer : zt2 = gt
⊺At1 +b,

Output : ot = a(zt2),

(16)

where F is the filter in a convolution layer, a() is the activation function, gt is a weight
matrix, b is a bias matrix and zt1,At1,zt2,ot are the outputs of their respective layers.

One important component for CNN is the activation function used in the network
which does the non-linear transformation. The sigmoid function and tanh function,
the updated version of the sigmoid function, were widely used during the early age of
CNN. However, they have the major drawback of losing information due to the gradient
vanishing problem. The Relu function is currently popular and most widely used due to
its advantages such as sparse activation, better gradient propagation, and scale-invariant
efficient computation. However, one main shortcoming of the Relu function is that the
derivative always zero when the input is negative, hence the gradient of the loss function
during network training becomes zero which can affect the final result. Nevertheless,
one variant of Relu, the leaky Relus function, can overcome this shortcoming. Moreover,
the softplus function is also famous for overcoming drawbacks of the Relu function
but it has higher computational complexity than the Relu function [83]. The overview
algorithms of temporal forecasting with ML-based methods can be seen in Algorithm 1.
Based on the temporal analysis results, specific filtered time series (FTS) are selected for
temporal forecasting as in Algorithm 1.

2.2.2 Spatio-temporal forecasting

CNN-LSTM and CNN-GRU

In a wireless network, spatial dependencies of neighbouring APs also have an influence
on forecasting traffic usage of an AP so that the machine learning models with the
combination of CNN and LSTM, which has been successfully used in activity recognition
in videos, are used as spatio-temporal forecasting [29]. In general, 2D-CNN can extract
the features of spatial dependencies from the input data and LSTM can learn the temporal
relations of the series. In our work for this thesis, we also established CNN-GRU
as an alternative to CNN-LSTM for spatio-temporal traffic forecasting. The same
hyper-parameters are used in CNN-GRU as in CNN-LSTM. Let si denote the ith

sample, N is the total number of samples in a selected time series used for forecasting
and T is the number of samples in the training dataset. The overview algorithms of
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Algorithm 1: Temporal Forecasting with LSTM/ GRU/ CNN
Load Data: Select one FTS with the highest AC values
from the groups with the highest CC values (or) one FTS whose properties are
similar to a stationary series.
Normalization: xi← si−µ√

σ2 , i = 1,2, ...,T
Divide Data: Dtr = {(x1,y1),(x2,y2), ...,(xb,yb)},

Dte = {(xb+1,yb+1),(xb+2,yb+2), ...,(xm,ym)}
// b = Ntr

batch_size ,m = T
batch_size

Define: Model = Sequential() // for time series
Set: layer.LSTM(nodes, activation, dropout) or GRU() or CNN()

layer.MaxPooling(stride_size) // only for CNN
layer.LSTM(nodes, activation, dropout) or GRU() or CNN()
layer.MaxPooling(stride_size) // only for CNN
layer.Dense(1) // for traffic value
Model.compile(optimizer=’adam’,loss=’mae’)

for i = 1 to No. of forecast intervals (FIs) do
Train Model :{z1,z2, ...,zb}←Model(Dtr)

optimize Lmae =
1

Ntr
∑

Ntr
i=1 |yi− zi| update weights

Predict Model(ith FI): {pNtr+1, pNtr+2, ..., pNtr+H}←Model(Dte(ith FI))
Update Training Data: Dtr ← add Dte(ith FI) into Dtr

end
Denormalization: fi←{pi ∗

√
σ2}+µ, i = Ntr +1,Ntr +2, ...,T

Evaluate: MAE = 1
T−Ntr

∑
T
i=Ntr+1 |si− fi| // also evaluate using

1)RMSE, 2)NRMSE and 3)R2 score

spatio-temporal forecasting with combined ML-based methods can be seen in Algorithm
4. Before forecasting, auto-correlations (AC), cross-correlations (CC), and stationarities
of aggregated or individual filtered time series (FTS), as well as spatial correlations of
individual FTS of APs from a focus area, are evaluated as temporal and spatial analysis.
According to these analysis results, specific FTS are selected for further spatio-temporal
forecasting in Algorithm 2.

2.3 Forecasting performance metrics

There are many different performance metrics to evaluate the time series forecasting
methods. First, performance metrics are required for hyper-parameter selection and
model training. Optimizing the hyper-parameters of both statistical and ML-based
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Algorithm 2: Spatio-temporal Forecasting with CNN-LSTM / CNN-GRU
Load Data: Select FTS of a single AP with the highest spatial correlations, FTS

of its neighbour APs (to use as features in xi of Dtr and Dte).
Normalization: xi← si−µ√

σ2 , i = 1,2, ...,T. // for each FTS
Divide Data: Dtr = {(x1,y1),(x2,y2), ...,(xb,yb)}, Dte = {(xb+1,yb+1),(xb+2,

yb+2), ...,(xm,ym)},// b = Ntr
batch_size ,m = T

batch_size
Define: Model = Sequential() // for time series
Set: layer.CNN(nodes, activation)

layer.MaxPooling(stride_size)
layer.CNN(nodes, activation)
layer.MaxPooling(stride_size)
layer.LSTM(nodes, activation,dropout) or GRU()
layer.LSTM(nodes, activation,dropout) or GRU()
layer.Dense(1) // for traffic value
Model.compile(optimizer=’adam’,loss=’mae’)

for i = 1 to No. of forecast intervals (FIs) do
Train Model :{z1,z2, ...,zb}←Model(Dtr)

optimize Lmae =
1

Ntr
∑

Ntr
i=1 |yi− zi|

update weights
Predict Model(ith FI): {pNtr+1, pNtr+2, ..., pNtr+H}←Model(Dte(ith FI))
Update Training Data: Dtr ← add Dte(ith FI) into Dtr

end
Denormalization: fi←{pi ∗

√
σ2}+µ,

i = Ntr +1,Ntr +2, ...,T
Evaluate: MAE = 1

T−Ntr
∑

T
i=Ntr+1 |si− fi|

// also evaluate using 1)RMSE, 2)NRMSE and 3)R2 score
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Table 1. Considered hyper-parameters for LSTM and GRU.

Hyper-parameter Considered values

No. of layers 1, 2, 3

No. of neurons 32, 64

Dropout 0.4 to 0.9

Learning rate 0.001

Losses MAE

Optimizer Adam

Epochs 50

methods is important to achieve optimal forecasting performance. Once the forecasting
models are trained with optimal hyper-parameters, these models can be evaluated and
compared by using the chosen performance metric values. In addition to forecasting the
accuracy of the models, computational complexity is also considered an important factor
for model comparison. Therefore, in this section, how hyper-parameters of the models
are selected and how models are compared by using which performance metrics are
explained below.

2.3.1 Hyper-parameter selection

In the Holt-Winters algorithm, the initial values such as l0, b0, and s0 are calculated and
assigned according to the given time series as in [74]. The smoothing factors such as
level, trend, and seasonal factors are also optimized by solving the minimum of the
constrained nonlinear multi-variable function to fit the training data. The optimal values
of the level, trend and seasonal smoothing factors for TU data are α = 0.004, β = 0, γ =
0.23 and for CU data are α = 0.001, β = 0, γ = 0.75, respectively. Moreover, there are
various ARIMA models to choose from for a certain time series. Initiating an appropriate
SARIMA model based on the auto-correlation function (ACF) and Partial ACF (PACF)
is common but it can also be inconclusive and misleading according to an example in
[74]. In general, [84] suggested initiating with the model whose order of AR-MA-I is
ARIMA(0,1,q)(0,1,1)s, where q can be 1 or 2 and s is seasonal period, for a time series
with strong seasonal pattern. Reference [84] stated that ARIMA(0,1,1)(0,1,1)s is the
most commonly used SARIMA model which is also essentially a seasonal exponential
smoothing model. According to correlation-based analysis results, s is assigned as
144. However, we chose the ARIMA(0,1,2)(0,1,1)144 model which gave an optimal
performance for all of our time series data.
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For neural network learning model selection, it is common to use the K-fold cross-
validation approach with K equal parts of randomly separated data. However, this K-fold
cross-validation method cannot capture the temporal dependency of the considered
time series, hence, it is not suitable for time series forecasting [85]. Therefore, the time
series cross-validation method is called the rolling origin evaluation in which j−1
chronological windows are used for training and the jth window is used as validation
[66] is used in this thesis. The generated training dataset of the total interference time
series is split into 3 windows, each with 5 days since the time series data used is in daily
periods and the hyper-parameters which gave the optimal averaged result of all windows
are selected for the LSTM model used in this thesis. In LSTM and GRU, which are
neural network-based machine learning methods, the hyper-parameters such as no. of
layers, no. of neurons, dropout value, and activation functions influence the performance
of the forecasting model.

The optimal hyper-parameters are selected by running through the possible com-
binations of considered parameters presented in Table 13. For neural network-based
ML methods, deep and narrow networks can create more complex feature represen-
tations of the current input than shallow and wide networks [86]. However, stacking
many layers does not always help for time series forecasting [87]. Hence, the optimal
hyper-parameters of LSTM or GRU for both TU and CU series are 2-layer each with
32 neurons. The optimal dropout values differ for different time series such as 0.5 for
TU data and 0.3 for CU data, where value 1 means no dropout is applied. Then, the
optimized LSTM or GRU model is followed by a dense layer with a linear activation
function. The linear activation function is used in the dense layer as it does not change the
weighted sum of the input of the dense layer and returns the predicted numerical value
which is suitable for regression-type predictive modelling problems [85]. Moreover, the
batch size is set to 1 since [88] is convinced that the method called online learning,
which is with batch size 1, is good for pattern recognition problems and is faster than
batch training. In addition, the averaged accuracy values of 200 iterations are presented
in this thesis by considering the stochastic nature of the neural network.

First, we used time series cross-validation methods for choosing optimal hyper-
parameters for CNN. We also tried with a filter size 30 since it gave an optimal result for
network traffic time series forecasting in [72]. However, the validation performance
differences between all combinations of the number of layers {1, 2, 3} and filters {30,
32, 64} are insignificant for our training dataset. Therefore, we tested all models with
the testing dataset and they have insignificant performance differences also for the
testing dataset. Nevertheless, the model with 2-layer 2D-CNN and 30 filters gave a
slightly better result than other combinations. Despite having insignificant performance
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differences between the models for our TU time series, the impact of increasing hidden
layers is significant in training time complexity. Additionally, if the number of the
hidden layer is increased, the model capacity, which is the ability to learn more complex
features during the training phase, becomes higher and it requires a huge amount of
training data. Hence, without a huge training dataset, increasing hidden layers can
overfit the training data. As well as this, the stride size of the pooling layer should be
small since the main purpose of the pooling layer is to reduce the size of data in CNN
[82]. Moreover, reference [72] also used the optimal Relu activation function so that
we adopted a 2-layer 2D-CNN each with 30 filters and ReLu activation followed by a
max-pooling layer with unit stride and dense layer at the end for our traffic time series.

To select the optimal hyper-parameters for CNN-LSTM, we first adopted the model
from [29] for initial hyper-parameters and calculated the optimal hyper-parameters as in
LSTM. The model consists of 2-layer 2D-CNN, each with 32 filters and ReLu activation.
The first layer is followed by a max-pooling layer with stride size 2 and the second layer
is followed by a max-pooling layer with a unit stride. Then, the output of 2D-CNN is
passed into LSTM with 64 nodes each followed by a dropout layer with a probability of
0.8.

2.3.2 Forecasting accuracy metrics

To evaluate and compare both temporal and spatio-temporal forecasting methods, we
need to introduce the performance metrics that can measure their accuracy. Among
many different metrics, the most common and widely used metric is called RMSE [66]
which is given as

RMSE =

√
1
M

M

∑
t=1

(xt − pt)2, (17)

where M is the total number of samples in a predicted period, xt is the true value and pt

is the predicted value. However, the disadvantage of RMSE is that it gives more weight
to larger errors. One way to reduce the effect of a few outliers in traffic data is to remove
the square term and use mean absolute error [66] which is expressed as

MAE =
1
M

M

∑
t=1
|xt − pt |. (18)

The above metrics are not normalized and the performance thresholds are varying
according to the true values. One solution to overcome this problem is to normalize
RMSE. Since there is no consistent definition of NRMSE [89] in the literature, we use
the difference between maximum and minimum to normalize RMSE to obtain NRMSE
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which is defined as

NRMSE =
RMSE

max(x)−min(x)
, (19)

where RMSE is the root mean square error as defined in (17), max(x) is the maximum
value and min(x) is the minimum value of true data series of x. Another way to compare
the performances using normalized standard metric is coefficient of determination which
is also known as R2 score [90]. This is calculated as follows:

Total Sum : Stot =
M

∑
t=1

(xt − x̄)2,

Sum of squared residuals : Sres =
M

∑
t=1

(xt − pt)
2,

Coefficient of determination : R2 = 1− Sres

Stot
,

(20)

where x̄ is the sample mean of the true data. In this thesis, RMSE, MAE, NRMSE,
and R2 score are used to compare the performance of different time series prediction
algorithms.

2.3.3 Computational complexity

The computational complexity of a time series forecasting model is mainly based on the
number of input variables and the hyper-parameters determining the complexity of
the model [91]. In [31] and [32], the number of trainable parameters and the Run-time
Per-Epoch (RTPE) based on ten-fold cross-validation reporting both mean and variance
of the performance are presented as the computational complexity of the deep learning
models. However, the nature of the statistical and machine learning model algorithms
are different, for example, RTPE can only be used for machine learning models, and
hyper-parameters can also vary with different time series even for the same method.
For these reasons, references [92] and [93] determined computational complexity by
presenting the running time of the forecasting models as time complexity (TC) in
seconds. Therefore, this thesis presented TC of different methods in two different
approaches: a) an empirical measurement for a complete running time of a model
including training and forecasting processes, and b) a theoretical expression of training
TC of a model using big-O notation. For the empirical TC measurement, we defined the
computational complexity of our forecasting models as the mean running time required
to train a given model and forecast the desired K FH of 10 iterations, which resemble
the range of iteration for averaging computational TC in [32].
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Table 2. Comparison of training time complexity of different models

Models Computational complexity

Holt-Winters [94] O(Ntr)

SARIMA [95] O(m3Ntr)

LSTM [96, 97] O((∑L
j=1 4Ni jH j +4H2

j +3H j +No jH j)Ttr)

GRU O((∑L
j=1 3Ni jH j +3H2

j +2H j +No jH j)Ttr)

CNN [98] O(((∑L
j=1 D1 jD2 jd1 jd2 jFj)/Fp)Ttr)

For the empirical TC measurement, the computational complexity of our forecasting
models is defined as the mean running time required to train a given model and forecast
the desired N FH of 10 iterations, which resemble the range of iteration for averaging
computational TC in [32]. The theoretical expressions of training (data fitting) TC for
our models, according to [94, 95, 96, 97, 98], are presented in Table 2, where Ntr is the
number of training samples, m is the order of SARIMA such as m = max(p,q+1,P,
Q+1), Ni j is the number of input samples of jth layer, H j is the number of hidden units
of jth layer, No j is the number of output samples of jth layer, Ttr is the number of time
steps to train all of the training samples, L is the number of layers, input samples size
(D1×D2) of CNN, Fj is the number of filters with filter size (d1×d2) of jth layer and
Fp is the filter size of max pooling layer in CNN. We assumed the theoretical TC of
GRU as in Table 2 based on the theoretical expression of LSTM according to equations
12, 13, 15 and [96]. Moreover, theoretical TC for the CNN model with one input channel
[98] is also expressed in Table 2.

2.4 Proposed system models

2.4.1 Traffic time series analysis and prediction model

Forecasting the total traffic usage of the entire network and forecasting the traffic
usage of each AP can be extremely helpful for proactive resource allocation in network
management. As shown in Figure 7, network traffic data from all of the APs around the
campus of the university are collected and separated into the weekdays and weekends
time series data to make the analysis simpler and more coherent. Moreover, as there
are some APs that exhibit different behaviour than the stated weekday and weekend
patterns, for ease of data analysis, we classified APs into three groups based on their
traffic utilization characteristics as mentioned above. The interesting observation about
the network time series data is that while the traffic of each individual AP can have
high variability, the aggregated time series of different APs within each classification
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Fig. 7. Diagram of the time series analysis and prediction system model. [Reproduced under
CC BY 4.0 License from [I] ©2020, Authors.]

group show less variability. This means that modelling individual AP data can be more
difficult as compared to the aggregated data. Therefore, we use both individual and
aggregated raw data in our analysis.

In addition, as the transmitted traffic time series show high variability and some
data points can be considered outliers of the main data pattern, certain filtering should
be performed in order to obtain smooth values. Among different types of series
smoothing, the median filter is mostly used to obtain the important pattern of the time
series preserving the edges which are not outliers [64]. Hence, along with raw data,
filtered time series data are also used in our analysis. Then, a stationarity test and
correlation-based analysis for both temporal and spatial dependencies are performed.
From the results of the time series analysis, those time series with the most interesting
characteristics are selected for further forecasting steps. After selecting the appropriate
time series, samples of the time series are divided into training data and testing data to be
utilized by different forecasting models. Two important features relating to forecasting
problems are forecast interval (FI) and forecast horizon (FH). The frequency with which
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new forecasts are prepared is called FI. The FH is the number of future time periods for
which forecasts must be produced.

For time series forecasting, we defined x = {x1,x2, ...,xNtr} as the input traffic series,
y = {y1,y2, ...,yNtr} as corresponding response traffic values of x, for example, if xi

is the current traffic usage, yi will be the traffic usage of next day at the same time
for 1-day ahead prediction. We also defined x̂ = {xNtr+1,xNtr+2, ...,xT} as the testing
data, where Ntr is the number of samples included in the training dataset and T is the
total number of samples in the time series. In general, time series forecasting can be
mathematically described as

Training, F : x, xi ∈ R → y, yi ∈ R,

Prediction, F : x̂, x̂i ∈ R → p, pi ∈ R,
(21)

where function F , which consists of weights, bias, or residual error matrices, represents
the relations between input and true response pairs of training dataset (x,y). The
function F is optimized during a model training phase and the forecasted time series p
is executed in a model prediction phase by applying optimized function F on the testing
data x̂. In our case, we assume that a forecasted time series of one FI is p = {pNtr+1,

pNtr+2, ..., pNtr+H} and H is the number of forecasted samples to be produced within
that FI. Let D be the number of samples for one day period. In the first scenario, 5-day
FH with only one FI, we forecasted traffic data for 5 days ahead continuously, where
H = 5×D without updating the training dataset by assuming the network does not
change for a certain period. In the next scenario, called 1-day FH with 5 FIs, we
forecasted traffic data for one day at a time (in each FI) to consider recent changes in
network traffic by updating the training dataset daily. First, the initial training dataset
(x,y) is used to produce forecasted series p = {pNtr+1, pNtr+2, ..., pNtr+D} within first FI,
then, (x,y) is updated at the end of that FI as (x,y) = {(x1,y1), ...,(xNtr+1,yNtr+1), ...,

(xNtr+D,yNtr+D)} where (xNtr+i,yNtr+i) is the (Ntr + i)th pair of input and true response
values. Then, the updated training dataset after each FI is used to retrain the model to
produce forecasted series for the next FI in a 1-day FH scenario.

2.4.2 Both traffic and channel utilization data analysis and prediction
model

After investigations of detailed analysis and prediction for network layer TU data of our
considered enterprise network, the physical layer CU data is also analyzed and predicted
using the same time series analysis and prediction model introduced above. Analyzing
and forecasting both TU and CU of an enterprise network within medium-to-short
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time periods, such as one hour (1-hr) ahead, can help in making decisions for resource
allocations of the network and channel more precisely, compared to predicting only the
TU data of the enterprise network. The physical layer CU data of a shared channel is
collected from a crowded area of the campus with only four APs operating. Hence,
only four APs, which are located inside the crowded student lounge with a shared
channel from which CU data is collected, are considered for TU data prediction. We
already observed above that we can utilize the benefits of resulting in less variability
if we aggregate the traffic series of numerous APs. Consequently, if the traffic time
series of K APs with a shared channel at the specific location are aggregated into a
total traffic time series, this can be defined as RTU = R1

tx +R2
tx + ...+RK

tx. Before the
time series forecasting step, a time series analysis of the TU and CU data, which in
turn can improve the forecasting performance, is performed using the same processes
explained above. As both TU and CU of a typical enterprise network are very low
during weekends, weekday (working days) data of both TU and CU time series are
focused on in this investigation. After CU data separation into mean and maximum
series, an hour window length of median filtering is applied. Then, the filtered collected
CU-mean and CU-max time series are downsampled to provide each data point as the
measurement of every 10-min period as in aggregated TU series because CU data is
collected for two weeks of every 20 seconds. Sampling is not required for TU data.

An illustration of the time series analysis and prediction system for both TU and CU
can be seen in Figure 8. The dataset with the total number of training samples Ntr is
divided equally into the pairs of input and target samples. The first pair of input and target
samples can be defined as X1 = {x1,x2, ...,xFH} and Y1 = {y1,y2, ...,yFH}, for instance,
if xi is the current traffic usage, yi will be the traffic usage of next hour for 1-hr FH. The
testing dataset is also divided equally where the first testing input and forecasted values
are defined as X̂1 = {xNtr+1,xNtr+2, ...,xNtr+FH} and P1 = {pNtr+1, pNtr+2, ..., pNtr+FH}
to evaluate the forecasting performance by comparing them. Time series forecasting is
the process of extracting useful information from historical data to determine possible
future data values. Compared to statistical methods, the main advantage of neural
network-based ML methods is that they can exploit the features or extra information to
improve the forecasting performance [99]. In general LSTM and GRU usage for time
series forecasting, only historical temporal data sequence is given as input data if there
is no extra feature available. However, this will require extra time and resources to
compute extra features of all time series in the whole enterprise network. Nevertheless,
if we use the two-dimensional training data structure with the same historical data as an
extra feature, the prediction performance can be improved. Therefore, the simple yet
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effective FLG training data structure is proposed to improve the performance of neural
network-based ML methods.

2.4.3 Feature-like grid training data structure

In the feature-like grid (FLG) training data structure, the 6 consecutive data points
(a 1-hr period) are used as extra features. For all neural network-based ML models,
multi-step forecasting is used to learn the complex dependent structures of inputs and
outputs of the model and to predict the multi-points ahead at once [85]. Hence, the first
training sample with the FLG structure can be defined as X1 = {x1,x2, ...,xFH} where
xi = {xi,xi+1, ...,xi+5}. The improvement of forecasting performance by using FLG
training data structure is also proved in this thesis. One input training sample is in the
shape of a 6x6 grid for 1-hr FH and a 6x144 grid for 1-day FH since each data point
provides the measurement value at every 10-min. In this case, the separation period
between samples and targets is important to make sure that they are not overlapping.
While preparing the training data, we used a 2xFH separation period between samples
and targets. Moreover, the data collection period of the TU time series is longer than
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the CU time series. Therefore, only the last 9 weeks of TU data are used to have the
same period as in CU data and represented as TU-R. The impact of different training
data sizes on forecasting performance is also investigated in this thesis by also using
the whole collected TU data which is represented as TU-all. For the CU series, we
evaluated the forecasting performance of both the CU-mean and CU-max time series. In
addition, only averaged accuracy of 10 times evaluation is presented the same as before
by considering the stochastic nature of neural network where results can be different for
each prediction with the same model.

2.5 Main findings

2.5.1 Traffic time series analysis and prediction results

First, we discovered that the APs of an enterprise network have different characteristics
and not all of them can be predicted. Hence, classification and weekdays/weekend
separations are required before data analysis. From the investigations, those APs
with high data utilization are the most important for proactive resource allocation in
the network. From AC-based analysis, the AC of traffic values for weekdays of a
representative AP in the High group for the next 10 minutes, 1 hour and 24 hours are
62%, 31%, and 22%, respectively. The AC of a representative AP from the Low group
also has the same behaviour as in the High group but with much lower AC values of
15%, 7%, and 4% for the next 10 minutes, 1 hour, and 24 hours, respectively. The AC of
aggregated traffic values in the High and Low groups show significantly higher values as
the AC even at the next 24 hours are 45% and 17%, respectively. These result tells us
that aggregated traffic of APs in the High group can be predicted using seasonality/daily
pattern-based methods for the next day with higher correlation than APs in the Low
group. The traffic of individual AP in the Patternless group exhibits randomness, hence
some APs show the AC characteristic of a random walk time series and some APs show
no significant correlations. The aggregated traffic of Patternless APs shows very weak
seasonality at 24 hours which becomes even weaker at the 48-hour interval but with
overall random walk time series characteristics.

For weekdays of individual APs, the CC between two different representative APs
within the same group and the CC between a representative AP of each group across
the different groups can be seen in Table 3. According to Table 3, there exists a very
small negative CC between the data points of a single AP from each group at a 6-hour
difference. The CC between two representative APs within the High group is significant
at 1-hour and 24-hour lags. Moreover, the High and Low groups are significantly
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Table 3. The cross-correlations between different single APs within and across the groups
considering only weekdays.

Groups Patternless High Low
1 hr 6 hr 24 hr 1 hr 6 hr 24 hr 1 hr 6 hr 24 hr

Patternless -0.015 -0.015 -0.001 0.025 -0.01 0.01 0.04 0.05 0.02

High 0.003 -0.023 0.032 0.24 -0.07 0.28 0.23 -0.04 0.26

Low 0.02 0.0008 0.033 0.29 -0.08 0.31 0.028 -0.02 0.034

Table 4. The average cross-correlations within and across the groups considering only
weekdays.

Groups Patternless High Low
1 hr 6 hr 24 hr 1 hr 6 hr 24 hr 1 hr 6 hr 24 hr

Patternless 0.04 0.03 0.02 -0.002 -0.003 -0.001 -0.001 -0.007 -0.008

High 0.003 0.022 0.005 0.21 -0.04 0.22 0.095 -0.024 0.099

Low -0.005 0.005 -0.000 0.11 -0.015 0.09 0.04 -0.009 0.04

correlated to each other, showing that they have similar characteristics. The rest of the
cases show no significant correlations. For the High group, all of the CCs within and
across the groups have consistent CC behaviour such that for 1 hour and 24 hours are
positively correlated and for 6 hours is negatively correlated unlike in the Patternless
group with CC values which are mostly close to zero with random fluctuations. The
results from Table 3 are based on a particular AP that we selected from the different
groups. Since we also investigated the average CC of all four representative APs in a
group to reduce the bias, the results are shown in Table 4. According to Table 4 for
weekdays, only APs in the High group show the significant CC at 1-hour and 24-hour
lags. For all other cases, there are very little or no correlations. By comparing Table
4 and Table 3, we see that the main difference coming from taking into account all
combinations within/across the groups is that averaging high and low groups results
in much less correlated values than using only single representative APs. For the
aggregated time series, the CC, ψ̃XY (k), can be defined similarly as mentioned above for
a single AP.

From the stationary tests, most of the 10-hour periods of the time series of all APs in
each group are absent of unit roots for both weekdays and weekends. Accordingly, most
of the APs in Patternless groups on both weekdays and weekends have unit roots and all
of the APs in other groups are absent of unit roots in the whole time series. Moreover,
the absence of unit root in a time series does not guarantee stationarity, hence, the week
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Table 5. The Pearson correlation between traffic and user variables for weekdays.

Index of AP Patternless High Low

AP1 0.056 0.66 0.45

AP2 0.084 0.50 0.14

AP3 0.050 0.50 0.29

AP4 -0.078 0.34 0.12

Fig. 9. Pearson spatial correlation between a target AP of study and conference lounge,
AP(1), and its neighbouring APs. [Reproduced under CC BY 4.0 License from [I] ©2020,
Authors.]

stationarity is also tested. None of the scenarios, such as individual APs time series,
aggregated time series of each group, and an aggregated time series of all 470 APs with
4-hour, 8-hour, 16-hour, and 24-hour time intervals, have shown constant mean and
variance. We observe that none of the selected windows of the time series satisfy the
definition of weak stationarity. However, the means and variances of an aggregated time
series of all 470 APs are observed to be flatter than other time series, as shown in Figure
3.

Next, we look into the relationship between the number of connected users and
generated traffic. For weekdays, especially in the High and Low groups, the number
of connected users time series shows a similar pattern to traffic time series. However,
Figure 10 shows that the patterns are not similar between the connected user time series
and traffic time series for the Patternless group. The works in [100] and [101] have
observed similar behaviour and the reason for this can be explained as follows. In Figure
10, a small number of users with heavy data usage contribute the majority of traffic in
APs so data usage patterns for users are highly uneven. We also found that mostly the
number of users that contribute to the most traffic is much lower than the total number of
users connected to that AP at a given time. Moreover, the ACs of connected users’ time
series and traffic time series of a single AP are compared. Unlike in a traffic time series
analysis, even for weekends, the connected users’ time series shows some correlations.
ACs of users are more highly correlated than traffic correlations. Pearson’s correlation
coefficients for each representative AP of each group during weekdays can be seen in
Tables 5. Despite having highly uneven data usage patterns for the connected users,
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Fig. 10. Pattern of traffic and the number of users in one representative AP of Patternless
group for weekdays. [Reproduced under CC BY 4.0 License from [I] ©2020, Authors.]

it can be seen that APs in the High and Low groups have high Pearson correlation
coefficients during weekdays.

For spatial analysis, the Pearson spatial correlations for each AP between it and its
neighbouring APs are presented. From the results for each AP, we selected only one
AP with maximum correlations to all of its neighbouring APs and with high traffic
utilization as a target AP, whose spatial correlations are given in Figure 9. APs are
arranged sequentially based on their distance from a target AP and placed in Figure
9 with respect to their actual locations on the map. Despite having a close distance,
AP(1) is not significantly correlated with AP(2). However, AP(1) and AP(4) are highly
correlated. Moreover, AP(2), AP(5), and AP(8) do not have any significant spatial
correlation with other APs while AP(4) is also highly correlated with AP(6) and AP(7).
In general, the Pearson spatial correlation is not sufficient for spatial analysis, hence,
we also examined Moran’s I spatial auto-correlation of a focus area. Figure 11 shows
Moran’s I values of APs in our focus area for 20 days. The mean Moran’s I value is
-0.2683 with negative spatial auto-correlation which means adjacent APs do not have
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Fig. 11. Moran’s I spatial auto-correlation of APs in study and conference lounge area for 20
days. [Reproduced under CC BY 4.0 License from [I] ©2020, Authors.]

similar behaviours but some distant neighbouring APs have. The above Pearson spatial
correlations also support the results of Moran’s I being negative.

Based on the results from the time series analysis, the filtered aggregated time series
of a total of 470 APs which have the most similar properties to a stationary series is used
to predict the total traffic usage of the network. Moreover, predicting high traffic usage is
typically important for network management and proactive resource allocation. Hence,
we focused on aggregated and filtered time series of the High group representing the
traffic usage of a group of APs, which also has the highest AC values, by using temporal
forecasting. For a single AP prediction, we focused on the traffic usage of a target
AP with the highest spatial correlations from a specific area by using both temporal
and spatio-temporal forecasting in this thesis. The proof that weekdays and weekends
separation of traffic time series is a better approach to gaining good forecasting results
for an enterprise network can be seen in Figure 12. This shows the temporal forecasting
performances of LSTM with 7-day FH and 1-day FH scenarios applied on filtered
aggregated time series of a total of 470 APs without separating weekdays and weekends.
We can see that LSTM predicts reasonably well when using 7-day FH although the
forecasted results for weekends are not very good. However, its performance degrades
significantly when using 1-day FH. Moreover, we tried the Holt-Winters double seasonal
forecasting method [102] by considering both daily seasonality and weekly seasonality.
However, forecasting performance for weekends was also significantly degraded.
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[Reproduced under CC BY 4.0 License from [I] ©2020, Authors.]

Table 6. Comparison for the aggregated time series of total 470 APs for 5-day FH.

Models RMSE MAE NRMSE R2 score

Holt-Winters 2.41×107 1.95×107 0.0701 0.8230

SARIMA 3.03×107 2.49×107 0.0882 0.7203

LSTM 2.20×107 1.67×107 0.0639 0.8526

GRU 2.24×107 1.87×107 0.0652 0.8464

CNN 2.42×107 1.98×107 0.0704 0.8217

Table 7. Comparison for the aggregated time series of total 470 APs for 1-day FH.

Models RMSE MAE NRMSE R2 score

Holt-Winters 1.97×107 1.41×107 0.0575 0.8811

SARIMA 1.99×107 1.49×107 0.0581 0.8786

LSTM 1.99×107 1.50×107 0.0592 0.8750

GRU 2.15×107 1.55×107 0.0625 0.8589

CNN 2.23×107 1.67×107 0.0650 0.8478
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Table 8. Comparison for the aggregated time series of representative APs of High group for
5-day FH.

Models RMSE MAE NRMSE R2 score

Holt-Winters 7.70×108 3.74×108 0.0781 0.6360

SARIMA 8.24×108 3.68×108 0.0827 0.5826

LSTM 7.94×108 3.88×108 0.0806 0.6122

GRU 8.28×108 4.21×108 0.0840 0.5782

CNN 8.29×108 4.04×108 0.0842 0.5773

Table 9. Comparison for the aggregated time series of representative APs of High group with
for 1-day FH.

Models RMSE MAE NRMSE R2 score

Holt-Winters 8.06×108 4.54×108 0.0818 0.6007

SARIMA 7.95×108 3.56×108 0.0807 0.6116

LSTM 8.43×108 4.46×108 0.0855 0.5636

GRU 8.23×108 3.67×108 0.0835 0.5836

CNN 9.00×108 4.51×108 0.0914 0.5019

For the filtered aggregated time series of a total of 470 APs, LSTM gives the
best result in every performance metric for 5-day FH, as shown in Table 6, while the
Holt-Winters method has the best performance for every metric in 1-day FH, which
can be seen in Table 7. According to Table 6, most of the machine learning methods
have better performances than statistical methods for 5-day FH. However, according
to Table 7, statistical methods give better results for 1-day FH which is completely
opposite to the previous situation. At the same time, the performance comparisons
of filtered aggregated time series of representative APs of the High group for 5-day
FH and 1-day FH scenarios can be seen in Table 8 and Table 9, respectively. For High
group time series in 5-day FH, the Holt-Winters method performs the best in RMSE,
NRMSE, and R2 score while SARIMA gives the best result of MAE. However, the MAE
difference between the Holt-Winters and SARIMA methods is not significant, hence, we
can assume the Holt-Winters method performs the best for 5-day FH in overall. For
1-day FH, SARIMA gives the best results in every metric for the filtered aggregated
time series of representative APs of the High group.

According to Table 8, machine learning methods, such as LSTM, GRU, and CNN,
have lower performance compared to statistical methods since they are sensitive to
unusual traffic fluctuations. The Holt-Winters and SARIMA methods give good results
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Fig. 13. The computational time comparison of both statistical and machine learning methods
for different scenarios. [Reproduced under CC BY 4.0 License from [I] ©2020, Authors.]

by forecasting only the main load of data assuming the unusual fluctuations as outliers.
For 1-day FH, machine learning methods failed to forecast the fluctuations in daily data
patterns the same as before. However, the Holt-Winters method started trying to forecast
the unusual fluctuations based on a daily update of the new training dataset so that it
also has lower performance. Only SARIMA, which is insensitive to outliers even in
the daily updating case, has the best performance for filtered aggregated time series of
representative APs of the High group. Although LSTM gives better results than GRU in
most cases, the performance difference between LSTM and GRU is insignificant while
GRU has the advantage of being simpler and faster than LSTM which can be seen in
time complexity results, specifically in Figure 13. In addition, CNN does not perform as
well as other methods for temporal forecasting of our time series. However, it has the
advantage of being able to handle spatial dependencies of the time series of APs which
is very useful in spatio-temporal forecasting.

The accuracy differences between the two scenarios are also significant in filtered
aggregated time series of a total of 470 APs. Every forecasting method gives better
accuracy values in all metrics for 1-day FH compared to 5-day FH. This indicates
that considering daily traffic changes and updating training data help to increase the
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Table 10. Comparison for the target AP of the study and conference lounge for 1-day FH.

Models RMSE MAE NRMSE R2 score TC(s)

Holt-Winters 1.50×108 1.07×108 0.0606 0.6630 0.921

SARIMA 1.60×108 1.01×108 0.0635 0.6133 2.432

LSTM 1.80×108 1.10×108 0.0716 0.5094 95.506

GRU 1.70×108 1.02×108 0.0704 0.5394 86.024

CNN-LSTM 1.36×108 0.90×108 0.0542 0.7207 299.645

CNN-GRU 1.38×108 0.92×108 0.05481 0.7149 261.63

performances of the forecasting algorithms. However, for filtered aggregated time
series of representative APs of the High group, all of the forecasting algorithms, except
SARIMA, receive worse performances in 1-day FH than in 5-day FH due to their
sensitivity to outliers in the daily updated training dataset. Only with SARIMA does
updating the training dataset daily help to increase the performance of the forecasting
algorithms. The time complexities of both statistical and machine learning models
are presented in Figure 13. The Holt-Winters and SARIMA methods have very low
complexity compared to neural network-based models. For LSTM and GRU, TC
increases with different scenarios, which is due to two reasons: 1) the results in Figure
13 for 1-day FH cases are for the last FI (last day) prediction which has an updated
training dataset with a higher number of samples, and 2) the optimal number of hidden
units for LSTM/GRU are higher for filtered aggregated time series of the High group.
However, there is not much difference in the TC of CNN for both types of time series
since we are using the same hyper-parameters in all cases except for having more
samples in the training dataset for the last FI of 1-day FH cases. In Table 2, the
theoretical time complexities of LSTM and GRU are also obviously higher than HW and
SARIMA. In general, the theoretical TC of CNN mainly depends on the input sample
size and filter size. Hence, with the hyper-parameter values of CNN used in our work,
its theoretical TC is lower than LSTM and GRU.

Moreover, we only focused on spatio-temporal forecasting with a 1-day FH scenario
in which machine learning methods did not outperform the statistical methods in
temporal forecasting. Before training the model, we needed to prepare the input data
into the grids for 2D-CNN to be able to extract the spatial dependencies. As in [29],
we prepared a data patch in the form of (2x4) grids for a total of 8 APs to have the
same placements as their actual locations on the map. One data patch for one time
instant is applied for spatial feature extraction, then, the model is trained and updated
in the same way as in the 1-day FH scenario of temporal forecasting. It can be seen
from Table 10 that one of the spatio-temporal forecasting methods considering spatial

69



dependencies of its neighbouring APs, CNN-LSTM, has the highest performance and
the highest TC for forecasting the traffic usage of a target AP. The first four methods are
only temporal forecasting without considering spatial dependencies for filtered time
series of target APs with no aggregation of different APs. CNN is excluded in this case
due to its low performance for temporal forecasting. However, when CNN is applied to
extract spatial features of the neighbouring APs and combined with LSTM or GRU, the
combined spatio-temporal models outperformed all of the temporal forecasting models.
Nevertheless, GRU outperformed LSTM in temporal forecasting for the 1-day FH
scenario as in Table 9, while CNN-LSTM outperformed CNN-GRU in spatio-temporal
forecasting for the 1-day FH scenario. However, CNN-GRU has the advantage of lower
computation complexity than CNN-LSTM. The empirical TC of the models for the
1-day FH (last day) scenario are also presented in Table 10.

2.5.2 Both traffic and channel utilization data analysis and prediction
results

Previously, all of the forecasting investigations have been for the long-term prediction
of the wireless network traffic data of an enterprise network such as 1-day FH and
5-day FH. Therefore, we also investigated both TU and CU data of the same network
for medium-to-short term prediction such as 1-hr FH and 1-day FH. As the system
model for both TU and CU data analysis and prediction is already explained above, the
important findings from this thesis are presented here in this section. The results show
that 1-hour window length performs well in each aggregated TU series, CU-mean, and
CU-max series for 1-hr FH and 2-hour window length provides decent increments in
the correlation of all time series. The stationarity of the analyzed time series is tested
as mentioned above after the aggregation, filtering, and correlation-based analysis.
Although both TU and CU time series do not have constant mean and variance over time
for any time windows, the CU-max time series shows very small mean and variance
changes over time. The covariance of different time periods such as t1 to t2, t3 to t4 and
time difference τ also do not overlap so that none of the time series satisfy the weak
stationarity properties. However, Figure 15 shows that the properties of CU-mean and
CU-max time series are more similar to the stationary time series than the aggregated
TU time series. After the time series analysis step, the analyzed time series which
can enhance the forecasting performances are ready to pass through the forecasting
algorithms.

All considered TU and CU time series in this case are filtered with a 1-hour window
of the medium filter. The forecasting performances of different time series with different
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Fig. 14. Forecasting performances for CU-max time series with 1-hr FH [Reproduced with
permission from [II] ©2021, IEEE].

Table 11. R2 score accuracy comparison of different methods for all time series in 1-hr FH.

1-hr FH HW SARIMA LSTM GRU LSTM-FLG GRU-FLG

TU-all 0.8290 0.8852 0.7100 0.7114 0.9596 0.9644

TU-R 0.7328 0.8645 0.7145 0.7132 0.9669 0.9645

CU-mean 0.8323 0.8935 0.8276 0.8274 0.9896 0.9893

CU-max 0.8708 0.9213 0.8633 0.8542 0.9901 0.9879

Table 12. R2 score accuracy comparison of different methods for all time series in 1-day FH.

1-day FH HW SARIMA LSTM GRU LSTM-FLG GRU-FLG

TU-all 0.8194 0.8574 0.7654 0.8513 0.8145 0.8169

TU-R 0.8424 0.8449 0.7557 0.7431 0.7991 0.8005

CU-mean 0.8653 0.8641 0.7766 0.7743 0.7908 0.8213

CU-max 0.9017 0.8996 0.8889 0.8984 0.9159 0.8992
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Fig. 15. Auto-covariance of non-overlapping sliding with 24-hour windows for both CU and
TU time series [Reproduced with permission from [II] ©2021, IEEE].

prediction models for 1-hr FH can be seen in Table 14. Among statistical methods,
conventional LSTM and GRU models, SARIMA gave decent accuracy for all considered
time series. As we expected, the accuracy is improved by using the proposed LSTM-FLG
and GRU-FLG in all cases due to their exploitation of extra information from the
features. In fact, LSTM-FLG has an overall better accuracy than GRU-FLG for 1-hr FH.
However, GRU-FLG has the advantage of simpler and faster operation than LSTM-FLG
if the performance difference between these two methods is not significant. According
to the results shown in Table 14, both CU-mean and CU-max time series have better
accuracy than the TU series. The CU-max time series has the highest accuracy with
LSTM-FLG for medium-to-short scale prediction. The performance comparison of
LSTM-FLG, SARIMA, and the Holt-Winters method for CU-max series with 1-hr FH
is presented in Figure 14. For 1-day FH, all considered time series are filtered with
a 2-hour median filter length to enhance the long-scale performance. The statistical
methods have better accuracy than conventional LSTM and GRU for all TU and CU
time series for 1-day FH, as shown in Table 12. Mostly, GRU-FLG has overall better
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accuracy than LSTM-FLG for 1-day FH. Nevertheless, LSTM-FLG outperformed
statistical methods and gave the highest accuracy for only CU-max series for 1-day FH.

Although LSTM-FLG and GRU-FLG improve the performances of conventional
LSTM and GRU for all time series, they can not outperform the statistical methods
in long-scale predictions of TU-all, TU-R, and CU-mean series. SARIMA gave the
highest accuracy for all TU series and the Holt-Winters method is the best for CU-mean
series. In general, most of the statistical time series forecasting methods assume that the
underlying process of the considered data is stationary, hence, they perform better on
stationary time series [66]. Moreover, the stationary time series can be modelled by
extracting their statistical properties better than the non-stationary time series. Therefore,
the physical layer data CU time series with properties similar to weak stationarity led to
higher performance than the network layer data TU time series.
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3 Proactive radar protection system using
wireless physical layer data forecasting

3.1 Spectrum sharing with a radar system

To solve the problem of huge spectrum demand in wireless communication, spectrum
sharing with radar systems becomes popular. Although spectrum sharing with a weather
radar can benefit the communication of secondary enterprise WLAN users, protecting
the incumbent radar system from any potential interference caused by secondary users
is the priority for the spectrum sharing mechanism. In this thesis, we discuss the
disadvantages and drawbacks of current spectrum sharing and radar protection systems.
This thesis also introduces the possible solution to overcome these drawbacks which is
an interference forecasting mechanism using ML-based algorithms in a cloud-based
REM repository. In general, the interference from the wireless systems can be measured
or generated by using realistic models and stored as a time series in the REM repository.
Medium-to-short-term interference levels can be forecasted using these historical time
series data. The original publications [I] and [II] investigated various time series
forecasting techniques for wireless traffic usage in an enterprise network and showed
that ML-based methods have many advantages, such as being able to utilize extra feature
information. The forecasting performances of ML-based methods are improved by using
FLG training data structure and proved that physical layer data has more predictive
power than network layer data in the time series forecasting aspect. By using these
findings from original publications [I] and [II], the novel spectrum sharing and radar
protection system is proposed in the original publication [III].

3.1.1 Current radar protection systems and their drawbacks

DFS and Temporal DFS radar protection systems

The DFS model is standardized for radar protection by detecting a radar at the user
side. In the DFS radar protection system, radar protection is done by detecting a
radar at the secondary user side. The DFS requirements standardized by International
Telecommunication Union (ITU) are a -64 dBm threshold when radiated power higher
than 200 mW, 60-sec channel availability check (CAC) time, and 30 min non-occupancy
period after detecting a radar signal [45]. For a considered weather radar, the rotation
time of the main beam to illustrate on the same area is 60 sec (rotating with 6◦ per
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sec) so that the radar signal will always be detected at the user side within 60 sec CAC
period [103]. This means the DFS system does not allow transmission within zone
2 where the received radar signal is stronger than the standardized threshold. If the
DFS system is applied, none of the APs from the university which is located within
zone 2 will be able to use the radar channel as the subordinate channel. The DFS-T
which is an extended version of DFS utilizing the temporal opportunity for secondary
users has also been widely used previously. The secondary users need to interrupt their
transmissions for the instants of time only when the radar signal is detected in DFS-T
instead of leaving the radar channel as in the conventional DFS [46]. In DFS-T, APs are
assumed to know the exact antenna pattern and periodic rotation of the radar and utilize
them to calculate the adjusted threshold. In reality, weather radars are quasi-periodic
[58] and it is difficult for APs to know the exact antenna pattern and rotation of the radar
[103]. The cooperative method with a combination of DFS-T and centralized dynamic
threshold proposed in [46] which allows secondary user transmission in zone 2 is only
for secondary users with constant transmission and lower aggregated interference than
a tolerable interference threshold of a radar which is not suitable for our considered
secondary users with stochastic transmission power and higher aggregated interference
level. To overcome the drawbacks of DFS and DFS-T systems, one possible way is to
utilize the real-time feedback data from the radar to ensure its protection.

Real-time radar protection system

A recent study [52] recommended the use of advanced cloud-based technologies such as
an REM repository with an online database to receive the interference information from
sensors and a spectrum manager to execute the dynamic temporal spectrum sharing.
Most of the frameworks currently used for radar protection mainly depend on the
spectrum monitoring ESC sensors. ESC equipment is deployed in the vicinity of the
protection zones to accurately detect incumbent user transmissions [104]. Moreover,
there is an extended version of ESC that can do multi-functions such as detecting the
presence of radar, measuring any interference from secondary users for incumbent
protection, and measuring the airtime utility of secondary users [52]. The detailed
implementation of an FPGA-based spectrum monitoring ESC sensor for shared access
with rotating radars, which is high-speed and low-cost compared to other ESCs, is
proposed in [61]. These sensors can periodically update the interference information on
the radar and send an alert to the cloud-based REM repository in case it exceeds the
interference limit. Instead of channel sensing at the secondary users’ side, using a sensor
at the radar to measure the interference has more guarantee of radar protection. Upon
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receiving the alert of interference exceeding the limit from the ESC sensor implemented
at the radar, the spectrum manager in the REM repository updates the sharing rules
based on the utilized spectrum sharing model [52]. It also introduces two different
database-assisted spectrum sharing mechanisms such as a distributed unified channel
access (UCA) method and a cloud-based UCA method. In these types of real-time radar
protection systems without forecasting interference, there is a drawback in that the
sharing rules are updated only when the interference at the radar has already exceeded
the threshold. In a real-time radar protection system, we have assumed that the measured
interference at the radar with the help of an extended ESC sensor at t−1 is fed back
to the cloud-based REM at every t and it is used to compute the decision for removal
of APs at t +1. This system provides the near-optimal secondary usage of the radar
channel with simple feedback and computing mechanism. However, the drawback of
a real-time radar protection system is that there are at least two time-step delays to
removing the necessary APs for radar protection although the interference at the radar is
already over the threshold. Moreover, it is impossible to keep the current interference
level below the threshold using previous values even when the silence period is on due
to the stochastic nature of the TP time series of APs.

3.2 The system models used in the proposed radar protection
system

The proposed efficient sharing and radar protection (ESRP) system consists of two
parts of algorithms with the aid of the cloud-based REM using predicted time series of
interference at the radar and non-contiguous channel bonding technique, as shown in
Figure 16. Instead of waiting for the real-time feedback data, we used a time series of
predicted interference at the radar. First, the interference historical data are calculated or
collected and the prediction of interference at the radar is computed at the cloud-based
REM. Around 50 APs are operating in 5.6GHz at the Linnanmaa campus. However,
only seven APs with high traffic transmission which are deployed in the student lounge
area of the university are allowed to collect their transmission power data. Hence, the TP
data of the remaining APs are generated with a model designed by mapping the number
of connected users to the TP time series of collected seven APs. The interference at the
radar is modelled with the link budget calculation method to generate the aggregated
interference at the radar caused by the secondary users. The ESRP system utilizes
a neural network-based LSTM prediction model which can estimate the degree of
uncertainty in the forecasted wireless interference values via the use of PIs generated
by using MC dropout. The benefit of using predicted interference is that the real-time
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Fig. 16. Novel efficient sharing and radar protection system diagram. [Reproduced under CC
BY 4.0 License from [III] ©2022, Authors.]

feedback from the radar is no longer required at which there can be a delay (which
reflects reality) in removing the necessary APs for radar protection. However, the
averaged prediction values are not precise enough to protect the radar completely. In
particular, the total interference at the radar is over the threshold when the predicted
interference is less than the real interference value at time t. Therefore, we also used a
time series of upper limits prediction of interference for an efficient radar protection
system.

The main advantage of using upper limits prediction is to ensure with a high
probability that the actual interference will not be over the upper limits of the predicted
time series. This provides almost perfect radar protection with the trade-off between
lower interference at the radar and higher throughput of the users. The required QoS
and data rate can be provided by combining the main channel outside the radar bands
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and a channel in the radar bands using the channel bonding (CB) technique which was
introduced to fulfill the IEEE 802.22 requirements on the speed in TVWS cognitive
radio systems [105]. Non-contiguous CB is widely used in cognitive radio technologies
and also used in this thesis due to its flexibility and higher data rate than contiguous CB
[106]. Our novel efficient sharing and radar protection system aims to achieve optimal
temporal sharing while ensuring that radar is almost completely protected and tracking
the radar rotation is not required.

3.2.1 Physical layer data mapping

As we studied the relation between TU data and the number of connected users in time
series in the original publication [I], the Pearson correlation between TU and connected
users of an AP is significant for highly utilized APs, although a small number of users
with heavy data usage can contribute most of the traffic in APs. Therefore, in this thesis,
we investigate the relation between the TP data and the number of connected users
for seven APs that are deployed in the crowded area of the university. Surprisingly,
the two time series have a similar pattern and are fitted together for most of the highly
utilized APs. We proved that most of the highly utilized APs have similar traffic and
user patterns above (in the original publication [I]) and most of the APs using 5.6GHz
channels are included in the highly utilized APs category. Hence, we can model the TP
time series for other APs with 5.6GHz channels by mapping the numbers of connected
users to the TP time series of collected seven APs. It is important to note that the
mapping is not one-to-one but stochastic mapping which gives a distribution of TP
values for each number of connected users. This reflects reality since channel usage by
users varies randomly. To be able to calculate and predict the total interference caused
by the university network, we need to collect historical data on the shared channel
occupancy of all APs. Despite being able to collect TP data from only seven APs in the
university, our investigation shows that it is possible to model the TP time series for
other 5.6 GHz APs of the university. Since the TP data series have a fitting shape with
the number of connected user time series and not all connected users are utilizing an
equal amount of power usage level at a time, the TP time series can be modelled as
follows. (There is also no strict limitation for the maximum TP percentage for a user.)

If we define TP percentages i = 0,1, ...,k for each user with k maximum TP per
user, no. of total connected users at time t as nt and set the optimal weights as
P = p0, p1, ..., pk, we can model the number of users U = u0,u1, ...,uk using ith TP
percentage at time t with multinomial distribution as U ∼Mult(nt ,P). Then, the total
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TP percentage of all users at time t (for a given AP) can be expressed as:

Φt =
k

∑
i=0

iui, (22)

where ∑
k
i=1 ui = nt . The weights, p0, p1, ..., pk, are modelled as a natural exponential

decaying function since there can be only a few users with heavy usage while others are
just connected. It is modelling with probability pi that a user consumes the i percentage
of the channel in the time domain. Then we use multinomial distribution to gain
random channel usage from nt users (where the number of users data comes from our
comprehensive measurements in the University of Oulu). For example, assume that the
studied AP has 10 connected users. Now, the multinomial output can be [5 3 2], which
means that 5 connected users are not using the channel, 3 users are using the channel with
1% utilization, and 2 users are using the channel with 2% utilization. Therefore, total
utilization is then 5×0+3×1+2×2 = 7 percent. Since the multinomial distribution
is random, another realization of the multinomial variable can lead to another output
(for example [4 4 2], now the channel utilization would be 4×0+4×1+2×2 = 8
percent). This means that the mapping from several connected users to time-domain
utilization of the physical channel is stochastic. The idea in selecting the weights pi is to
minimize the difference in the observed distribution of the TP data for a given number
of users and the distribution coming from the use of the multinomials.

However, brute force optimization to obtain the minimum difference between the
true TP data and TP data generated from the model is very difficult due to computational
complexity. To reduce the computational time, one possible solution is to model the
natural exponential function with 2nd degree polynomial for each weight value such as

px = exp(c2x2 + c1x+ c0), x = 0,1, ...,k, (23)

where c0,c1,c2 are polynomial coefficients which are the variables to optimize. Now we
have reduced the number of variables to optimize from k to only three which makes the
problem much simpler. However, the optimized differences between true TP data and
TP data generated from the model with 2nd degree polynomial for each weight value
become higher than optimizing all of the k weights. After comparing the weight values
from two different optimization schemes, we discovered that the slope between p0 and
p1 is huge and it cannot be modelled with 2nd degree polynomial for the initial weight
p0. The variable p0 is the probability that a connected user is not using the channel. In
fact, by modelling the initial weight p0 as a separate variable and modelling the rest
of the weights with the natural exponential function with 2nd degree polynomial as
above, not only is the computation time for optimal weights reduced but the minimum
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Fig. 17. Comparison of differences between true TP data and TP data generated from the
model for specific nt values. [Reproduced under CC BY 4.0 License from [III] ©2022, Authors.]

differences between true TP data and TP data generated from the model, as shown in
Figure 17, are also smaller than before. The variables p0,c0,c1 and c2 are optimized
using a nonlinear minimization method called the Nelder-Mead simplex method [107].
The weights c0,c1 and c2 are fed to the polynomial model, equation (23), in order to
obtain the probabilities px for x = 1,2, · · · ,k where k is the assumed maximum time
domain utilization per user.

3.2.2 Interference to the radar system

We consider a ground-based meteorological radar operating at 5610MHz band which
is located a certain number of kilometres away from the Linnanmaa campus of the
University of Oulu, Finland. This weather radar is equipped with an extended ESC
sensor that can measure the interference around the radar. We define three different
zones for the radar [50]: the radar channel will not be used by APs in zone 1, the radar
channel can be used by certain rules to avoid the interruption of the radar communication
in zone 2, and the radar channel is free to use in zone 3. A circle with radius Rc km can
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represent the campus area within radar zone 2 and a total of N active APs are operating
in the 5.6GHz band inside the campus circle. The measured aggregated interference
time series from the sensors can also be used in the efficient sharing and radar protection
system. In this thesis, we generated the realistic aggregated interference at the radar
time series by using real collected data from an enterprise network and using the model
for other possible transmissions. The downlink transmission of APs with an additive
white Gaussian noise (AWGN) channel is mainly considered since it dominates the
uplink transmission at all APs inside the campus as we mentioned above. We also
consider possible downlink transmissions such as other active WLAN devices using the
5.6GHz band in radar zone 2 which are outside and far from the campus area. With
the use of the DFS algorithm, APs have to avoid using the channel in zone 2 when
the radar signal is detected, and APs need to track the radar rotation with the DFS-T
algorithm [46]. However, the considered scenario for our proposed system is that even
when the radar main beam is on the campus area, APs operating in the same band as the
radar will continue operating. This is possible as long as the predicted interference at
the radar does not exceed the pre-calculated interference threshold which can occur
without service degradation of the radar. The proposed method can operate without
quasi-periodic time-domain gaps leading to more usability of the spectrum sharing
compared to DFS-T.

Assuming the radar main beam is on the campus area, the parameters used in this
work are provided in Table 13. If the required INR is set as -10 dB [48], this corresponds
to the maximum tolerable interference threshold of -104 dB, which is calculated as
[108]:

T hreshold = INR+N, (24)

where, N =−144(dBm)+10log10(Bradar)MHz+η(dB). We defined the path loss model
to calculate interference where the received signal power from an ith AP at the radar is:

Pri = P0

(
di

d0i

)−α

, (25)

where, di ≥ d0i is the distance between ith AP and the radar. The reference received
power P0 at the close-in reference distance d0i = max{ 2D2

λi
,D,λi} of ith AP is given by:

P0 =
Ptiλ

2
i

(4πd0i)2 , (26)

where Pti is the transmit power of an ith AP. Path loss between an ith AP and the radar is
defined as LPL,i =

Pti
Pri

. Then, the interference power at the radar caused by the secondary
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Table 13. Parameters used in Radar System Model.

Parameter Notation Values

TP Percentage per User (Max) k 30%

No. of APs (Inside Campus) N 50

No. of APs (Outside Campus) M 10

Radius of Radar Zone 1 R1 3 km

Radius of Radar Zone 2 R2 5 km

Radius of the Campus Area Rc 1 km

Radar Channel Bandwidth Bradar 10 MHz

AP Channel Bandwidth BAP 20 MHz

Centre Frequency fc 5.6 GHz

Wavelength (in metres) λ 0.0536 m

Antenna Length D 0.05 m

AP Transmit Power (Max) Pt 180 mW

Radar Gain (Max) Gradar(max) 44 dBi

Radar Gain (Min) Gradar(min) -21 dBi

AP Gain Gt 6 dBi

Path Loss Exponent α 3

Building Entry Loss LEL 11.5 dB

Noise Figure η 10

Interference to Noise Ratio INR -10 dB

users at time t is [108]:

Ωmain =
N

∑
i=1

Pti ·Gti ·Gradar(max) ·Bradar ·Φt

BAP ·LPL,i ·LEL
, (27)

Where LEL is the building entry loss of an AP located in the campus [109], Bradar and
BAP are bandwidths of radar channel and AP channel, respectively.

While the radar’s main lobe is on the university campus area, the interference at the
radar is not only from the main lobe of radar but also from the side lobes which are
directed to the outside of the campus area. To model the simulation, locations of the APs
are generated randomly within the campus area (the exact locations of the APs do not
significantly affect the aggregated interference at the radar) and we defined uniformly
distributed M active WLAN devices outside of the campus area within zone 2 as in [47].
The TP utilization of these WLAN devices at time t, Φt(side), is also generated uniformly
with a specific value, k, for maximum power utilization of each device. Hence, the
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interference power at the radar caused by the side lobes is [47]:

Ωside =
M

∑
j=1

Pt j ·Gt j ·Gradar(min) ·Bradar ·Φt(side)

B j ·LPL, j · LEL
. (28)

The total interference from both the main and the side lobes at the radar at time t is
Ωt = Ωmain +Ωside. Then, the time series of total interference at the radar is generated
by using this model.

3.3 Proposed efficient sharing and radar protection with interference
forecasting

The main objective of the proposed system is to maximize the averaged throughput over
all connected users over all time periods where the throughput of each user j connected
to an AP at time t is defined as:

T hroughput j = BAP · log2(1+SINR) ·φ j,

SINR =
PR

Pn +ω j
,

PR =
Pt ·Gt

Luser
,

Pn = η ·N0(linear) ·BAP,

(29)

while minimizing the aggregated interference points over the tolerable threshold of
radar, Pot , which is denoted with the indicator function at time t, Ip(t), as:

Pot =
T

∑
t=0

Ip(t),

Ip(t) =

1, if ΩR
t ≥ T hreshold,

0, if ΩR
t < T hreshold,

(30)

where φ j is the TP percentage of the user j, PR is the received signal power from an AP
that user j is connected, ω j is the interference at the user j caused by other APs, Luser is
the path loss between user and the connected AP, and Pn is the noise power with −174
dBm reference noise, N0. Moreover, T is the total number of time instances and ΩR

t is
the total interference at the radar at time t after the radar protection system is applied.

By considering the random nature of radio propagation, the radar protection of the
proposed system can be expressed in terms of the probability of total interference which
exceeds the tolerable radar interference level and the permissible probability of harmful
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interference at the radar, εp, as in [47] and [60]:

Pr[ΩR
t ≥ T hreshold]≤ εp. (31)

The value of εp varies depending on the operating frequency and the radar type [60].
Reference [47] considered εp = 0.05 for a weather radar operating in 5.6 GHz. For
simulation, we assumed that the university is inside zone 2 of a weather radar which
is 4 km away from the centre of the radar. Instead of sensing the radar or tracking its
rotation, the proposed algorithm is designed for the secondary users to be able to use
the radar channel even when the main beam of the radar is illuminating them. The
aggregated total interference at the radar is calculated based on the real collected data
from the university’s network. The APs inside the university are operating with the
main channel excluding a radar channel and a subordinate channel which is a radar
channel. Whenever the radar channel is allowed to be used as a subordinate channel
for an AP, the SINR channel bonding model introduced in [58] is used to bond the
main and subordinate channels for better throughput for the connected users of an AP.
The proposed algorithm ensures the radar system is protected by denying access to
necessary APs for subordinate channel usage with the help of the cloud-based REM.
This is divided into two parts as AP part (Algorithm part 1) and the Cloud-based REM
part (Algorithm part 2).

3.3.1 Algorithm 1 - AP part

In Algorithm 3, the algorithm 1 - AP part of the proposed ESRP system, all APs are
required to register with the cloud-based REM to be able to use the radar channel as a
subordinate channel. If an AP is in Zone 1 and Zone 3, the rules are the same as before.
If an AP is in Zone 2, the radar channel will be assigned as a subordinate channel. The
transmission on the radar channel will be stopped for a certain period (10 minutes in
our case) only when the notification from the REM is received and then the APs will
connect to the radar channel again. On top of the 10-min break period, there is also an
option called the silence period. The optional silence period is introduced to use during
busy hours (mostly from 10 am to 4 pm on weekdays) of the highly utilized APs from
the university’s network. As we analyzed the network data time series above, there is a
peak utilization period in most of the highly utilized APs, and TP levels will be high all
the time during these periods. Therefore, instead of connecting the radar channel again
after a 10-min break, AP cannot use the radar channel again once its access is denied as
long as the silence period for an AP is on. When the silence period is over for an AP, the
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Algorithm 3: Part 1 - AP part
Each AP i do
Select: A main channel p ∈Mp, where Mp is the set of available channels

excluding radar channels.
Assign a radar channel as a subordinate channel for higher data rate,
Initialize: Register with cloud-based REM.
Get: Rules for sharing with a radar system, zone, distances and silence period

for an AP i information
if zone == 1 or silence period for an AP i is on then

No Access: for a Radar Subordinate channel, only the main channel is
assigned.

end
else if zone == 2 and silence period for an AP i is off then

Select: Utilize a Radar channel as a Subordinate channel by defined rules.
for t = start to requested time interval do

if notification to move channel from REM is received then
Stop: Accessing a radar channel for a certain silence period
Perform: Transmission by using only a Primary channel during a

silence period
end
else

Continue utilizing.
end

end
end
else

Radar channels are free to use.
Select: A Radar channel as a Subordinate channel.

end
Perform: Non-contiguous channel bonding with the main and subordinate

channels.
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Execute:
• [I_AP1, I_AP2,…,I_APK] at  t
• I_pre at  t+1
• Threshold at radar

Calculate:
 R_I = I_pre – Threshold

Decide: r no. of APs where
R_I ≤ I_AP1+ …+ I_APr < 

R_I+ I_APr+1

Send: Notifications to 
r APs to stop sharing 
Radar channel at t+1

All connected APs 
use Radar channel 

as usual

AP_i 
Check: Is there notification

 from REM?

• Stop sharing Radar 
channel at t+1

• Use only primary 
channel

• Use Radar channel as 
subordinate channel

• Perform channel 
bonding

R_I < 0 R_I ≥ 0

Yes No

Algorithm 2: 

At cloud-based REM

Algorithm 1:

At each AP

Fig. 18. The flowchart of algorithms 1 and 2 of the proposed ESRP system.

radar channel can be assigned and used until it receives further notification from the
REM again.

3.3.2 Algorithm 2 - cloud-based REM part

The Cloud-based REM collects the necessary information of all APs, calculates the
interference data or collects the measured interference data from the ESC sensors at the
radar, and decides which APs to remove so that the tolerable interference threshold
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Algorithm 4: Part 2 - Cloud-based REM part
A radar channel is assigned as a Subordinate channel for a higher data rate.
Get: TP levels of APs
Set: silence indicator = 0
for Each time t do

if silence indicator > 0 then
Set: silence indicator = silence period - 1
if total interference at time t-1 ≥ threshold then

Set: Reduced Interference = 0
while Reduced Interference ≤ Amount of previous Interference over

threshold do
Denied: Access of an AP with highest TP level among updated

connected APs list
Calculate and Update: Reduced Interference and Connected

APs list
end
Send: Notifications to change channel only at t to APs whose

accesses are denied
end
else

Keep: The same connected APs list (do not allow already removed
APs to access during silence period).

end
end
Silence Period Off: if silence indicator ≤ 0 then

if Predicted total interference at time t+1 ≥ threshold then
Set: Reduced Interference = 0 and
silence indicator = silence period
while Reduced Interference ≤ Amount of predicted Interference over
the threshold at t+1 do

Denied: Access of an AP with highest TP level among total
connected APs

Calculate and Update: Reduced Interference and Connected
APs list

end
Send: Notifications to change channel only at t+1 to APs whose

accesses are denied
end
else

All APs to use radar channel as usual
end

end
end
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of the radar is not exceeded. The Cloud-based REM also computes the average and
upper limits of predicted total interference at the radar by using collected historical
data. The predicted total interference of the next period is compared with the threshold
and APs with the highest TP level are removed until the total interference is below
the threshold. If an AP is decided to be removed for the next period (10-min), the
REM sends the notification to the specific AP. Using a silence period is optional for the
efficient radar protection system with predicted total interference at the radar. When it is
applied, the silence period will be on for certain hours right after the first time removing
some APs. Once the silence period is on, the radar channel is not assigned again to
the already removed APs in the next period, and the interference at the radar at time
t−1 (after removing the previous APs) is used to compare with the threshold and to
decide the numbers of new APs to remove for the current period t. All the APs which
are removed during the silence period cannot use the radar channel until the silence
period is off again. In Algorithm 4, the algorithm 2 - Cloud-based REM part of the
proposed system, all the steps will be used when the silence period is applied, and only
the part after "Silence Period Off" will be used when the silence period is not applied.
The silence period is not required in the efficient radar protection system with Upper
limits prediction since the upper limits already provide the guard interval by considering
the stochastic nature of interference time series.

The process of the proposed ESRP algorithm 1 and 2 without silence period is
explained briefly in Figure 18. Algorithm 1 at the secondary user’s side is to stop
the transmissions of the AP on the radar channel for the next period only when the
notification from the REM is received. Algorithm 2 at the cloud-based REM side
calculates the amount of exceeded interference over the threshold as RI = Ipre −
T hreshold, where Ipre is the predicted interference. If RI is a non-zero positive value
and the list of interference caused by each APi sorted in the descending order is
defined as [IAP1 , IAP2 , ..., IAPK ], algorithm 2 finds the r number of APs such as RI ≤
IAP1 + IAP2 + ...+ IAPr < RI + IAPr+1 . Then, the notifications are sent to r APs to stop
sharing the radar channel so that the actual aggregated interference at the radar is
not over the threshold in the next period. In this way, the radar channel is allocated
efficiently to the secondary APs to maximize T hroughout j of each AP, and the specific
APs are instructed to stop sharing the radar channel to minimize Pot by utilizing the
predicted interference.
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Fig. 19. True Data within the forecasted prediction interval vs different dropout values for 1-hr
FH.

3.3.3 MC-dropout and prediction intervals of forecasting

From equations (27) and (28) in terms of generated TP values, the time series of total
interference at the radar at time t is calculated as Ωt = Ωmain +Ωside, where Ωmain

and Ωside are the interference at the main lobe and the side lobe of radar respectively,
caused by the secondary users at time t. The total interference at the radar is generated
at intervals of every 10 minutes for only weekdays (20 days) between January 22 to
February 22, 2020. Hence, the time series dataset used in the ESRP system has over
2,880 data points. The generated dataset used in the LSTM model is divided into a 75%
(15 days) training dataset and a 25% (5 days) testing dataset. The model training and
testing methods used in the ESRP are the same as in the original publications [I] and [II],
such as using an FLG training data structure and time series cross-validation method for
optimal hyper-parameter selection. General regression and machine learning methods
do not capture the model uncertainty [53].

The Monte Carlo dropout technique is the interpretation of the regular dropout as a
Bayesian approximation of the Gaussian process. The regular dropout is applied at both
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training and testing steps so that the output of the model is no longer deterministic. The
main purpose of MC-dropout is to generate the multiple prediction outputs and consider
them as random variables of a probabilistic distribution which is called Bayesian
interpretation. By using MC-dropout, the statistical properties of the outputs, such
as the upper and lower limits of the predictions can be computed. In statistics, the
range between the actual upper and lower limits of the expected estimate is called the
prediction interval (PI) and it is associated with a probability with which the true value
will be within that interval [110]. For example, the considered PIs vs percentages of true
data within the given PI for different dropout values with 1-hr FH is shown in Figure 19.
The benefit of considering upper limits of predictions with high probability PI in the
radar protection system is that capturing the wide range of uncertainty in interference
predictions guarantees comprehensive protection for a radar.

3.4 Main findings

In this section, performance comparisons of different radar protection systems are
presented. Before going to the numerical results of the different radar protection systems,
the performances of the forecasting method used in the proposed radar protection system
are also presented. To be able to utilize the uncertainty range of machine learning
methods, in the original publication [III], we used the LSTM forecasting method with
MC dropout to predict the averaged interference time series for a certain number of
realizations to capture the stochastic nature of the interference time series. The best
LSTM averaged prediction result is with dropout 0.5 in Table 14. Therefore, using the
average and upper limits of predicted interference time series with dropout 0.5 gave the
best efficient sharing and radar protection performances, which will be explained in
detail later. Although the upper limits prediction with 99.9% PI captured the highest
uncertainty range, using the upper limits predicted time series with 80% PI gives higher
throughput per connected user with a smaller εp value than using the average of predicted
time series which is also explained in a later section. In our original publication [III], the
different amounts of captured uncertainty and the computational time complexities
(TCs) of the prediction models are not considered in the interference perdition of the
ESRP system.

The performances of different radar protection systems such as DFS, real-time,
and proposed systems with predicted interference are compared based on two metrics:
(a) points over the threshold (Pot) for a certain period and (b) averaged throughput
of each user j connected to the APs in the university (T hroughout j). The ranges of
the permissible probability of harmful interference at the radar which is defined as
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Table 14. Comparison for interference forecasting with LSTM and different dropouts for 1-hr
forecast horizon.

Dropout RMSE NRMSE MAE R2 score

0.8 0.5396 0.0375 0.4291 0.9869

0.6 0.4291 0.0294 0.3381 0.9911

0.5 0.38752 0.0257 0.2880 0.9932

0.4 0.3833 0.0262 0.2901 0.9929

Naïve 1.6905 0.1159 1.1326 0.8629

εp =
Pot
T , to represent the radar protection performances for different radar protection

systems are also investigated. The comparison of total interference time series and points
over threshold for one example realization when different radar protection systems are
applied is shown in Figure 20. For the DFS system, points over the threshold will be
always zero since none of the APs can use the radar channel. For one realization, the
examples of interference at the radar time series vs calculated threshold for the proposed
radar protection system with real-time, average, and upper limits of predictions with
90% PI are shown in Figure 20. In fact, the number of points over the threshold for
different systems presented should also be averaged for a certain number of realizations
by considering the stochastic nature of interference time series. The averaged points
over the threshold for the real-time system proposed protection with averaged prediction
system, and DFS system are 27, 25, and 0, respectively. For proposed protection with
the upper limits prediction system, the averaged points over the threshold can vary from
0.45 with 99.9% PI to 22 with 80% PI.

From the results, the DFS system has the best radar protection and our proposed
efficient radar protection system with upper limits prediction has higher radar protection
performance than the rest. However, comparing the throughput of the users connected to
each APs of the university is necessary to optimize the transmission of connected users.
The averaged throughput per user connected to each AP in the university of different
radar protection systems are presented in Figure 21. Due to a trade-off between radar
protection and efficient sharing in the weather radar band, the averaged throughput with
the DFS system is significantly lower than any other system. The proposed system
with averaged prediction has slightly higher averaged throughput per user with better
radar protection (lower εp values) than in the real-time system. The radar protection
performance of our proposed system is improved by utilizing the upper limits of different
PIs so that a lower εp value is always achieved for the same averaged throughput per
user than in the system with averaged prediction and the real-time system. Our proposed
scheme with upper limits prediction can be used between εp = 0.0006 with 99.9% PI
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Fig. 20. The total interference at the radar vs calculated threshold for different radar protection
systems. [Reproduced under CC BY 4.0 License from [III] ©2022, Authors.]

and εp = 0.043 with 75% PI which does not exceed the recommended value, εp = 0.05,
for a weather radar operating in 5.6GHz [60]. The main advantage of the proposed
system with upper limits prediction is that it achieves higher averaged throughput per
user with lower εp value for 85% and 80% PIs compared to the real-time and averaged
prediction systems. The radar protection performance of the proposed system with an
upper limits prediction for 99.9% PI is also close to the protection performance of the
DFS system but with significantly higher averaged throughput per user, as shown in
Figure 21.

One main factor to consider for comprehensive radar protection is a parameter called
the permissible probability of harmful interference at the radar (εp). This parameter
specified for each radar system could vary over a wide range depending on the application
of primary radar [59]. The original publication [III] presented the relation between εp

and the different PI percentages set in the ESRP system. The minimum value of εp that
the recently proposed ESRP system with the use of different PIs can be used is 0.0006
with 99.9% PI. For some sensitive radars, the minimum value of allowable εp can be
less than 0.0006 [60]. The spectrum sharing and radar protection mechanism which can
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Fig. 21. Averaged throughput per user connected to each AP for different radar protection
systems vs εp of MC dropout 0.5. [Reproduced under CC BY 4.0 License from [III] ©2022,
Authors.]

be applied for a radar with εp less than 0.0006 while maximizing the throughput of the
secondary user is required for extremely sensitive radars. One possible solution in the
manuscript in preparation [IV] is to utilize the highest prediction uncertainty (higher Ipre

values) to ensure comprehensive radar protection by increasing RI values.
The radar protection performance of the ESRP system can be improved by using

a suitable MC dropout which gives higher Ipre values for upper limits of prediction.
For both LSTM and GRU, the MC dropout of 0.9 gives the highest percentage for
true data within PI for every PI, as shown in Figure 19. Using MC dropout 0.9, the
high uncertainty captured in the upper limits of interference prediction (higher Ipre

values) makes sure enough numbers of APs are stopped from sharing the radar channel,
resulting in higher RI values not exceeding the interference threshold. Moreover, in the
manuscript in preparation [IV], the computational TCs of LSTM and GRU are compared
in terms of theoretical big-O expressions and empirical measurements for a complete
running time of a model, as presented in the original publication [I]. Since GRU has
fewer gating units than LSTM, the theoretical big-O computation steps are also lower
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Fig. 22. Averaged throughput per user connected to each AP for different radar protection
systems (the ESRP system with LSTM) vs εp.

than LSTM, as shown in Table 2. Moreover, the empirical TC of the models are also
estimated on the same hardware with the specifications: AMD Ryzen 7Pro 4750U
CPU @1.7 GHz, 32 GHz RAM, x64 based processor in the same load condition. The
recorded empirical TC of 1-hr FH for GRU is 1063.28 seconds while TC for LSTM is
1232.86 seconds.

The results in Table 23 also show that the ESRP systems using MC dropout 0.9
with the upper limit prediction have the smallest εp values for both LSTM and GRU.
Now, the ESRP system with the upper limit prediction of both LSTM and GRU can
also be used for some sensitive radars with very small allowable εp, such as 0.00001 in
[60], by utilizing the uncertainty of interference prediction with different MC dropouts
and percentages of PI. For forecasting performances of every dropout, the prediction
accuracy of GRU is better than LSTM for the interference time series. This does not
mean all performances of the ESRP system with GRU will be better than with LSTM.
As shown in Table 23, the ESRP system with GRU has slightly higher T hroughout j

together with higher εp values in most of the cases. However, the εp values of 68%,
65%, and 63% PIs become smaller in GRU with an MC dropout of 0.9. Moreover,
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Fig. 23. Comparing performances of the ESRP systems with different prediction models.

the ESRP system can also achieve εp = 0 as in the DFS system with higher averaged
throughput per user than the DFS system, as shown in Figure 22. Therefore, using the
GRU with MC dropout 0.9 for the upper limit prediction of 99.95% PI in the ESRP
system is the optimal setting for the sensitive radars in terms of computational TC, radar
protection, and spectrum sharing performances.

There is a trade-off between radar protection performance (εp) and the spectrum
sharing performance (T hroughout j) for the ESRP system with an upper limit prediction
of different MC dropout and PI% values. However, this is not the case in the ESRP
system with averaged prediction in which the prediction accuracy (R2 score) mainly
influences the performance of the radar protection system. The averaged throughput per
user of the ESRP systems with the averaged prediction of different dropout values does
not increase even though the values of εp become higher except in the system with
dropout 0.9, as shown in Figure 23. The overall best performances for both spectrum
sharing and radar protection can be achieved with the ESRP system using MC dropout
0.5 for the upper limit prediction in both LSTM and GRU. Adjusting the MC dropout
values in the prediction model to improve radar protection can be applied only in the
ESRP system with the upper limit prediction. However, the random nature of radio
propagation and sudden changes in the transmission traffic of the secondary users
become the main challenges to maintaining the constant radar protection performance
while sharing the radar channel spectrum.
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4 Discussion

In the first part of the thesis, the real collected network layer TU data and physical
layer CU data of an enterprise network time series analysis and forecasting methods
are investigated. For data processing, the detailed analysis of the TU and CU time
series are explained above. While investigating the several time series forecasting
methods for wireless network traffic data, some challenges are encountered. Time
series forecasting itself has its own challenges since data points are time-varying and
most of them are non-stationary. For particular wireless network traffic time series,
the challenges are more specific. In Table 15, we present important factors and their
challenges to consider before forecasting wireless network traffic time series. We
presented the impact of different training data sizes on forecasting performance by
using two training data sizes for the TU series. Results for 1-hr FH in Table 14 show
that the accuracy of statistical methods was reduced along with the training data size,
while LSTM-FLG and GRU-FLG did improve the accuracy for TU-R when training
data is reduced. However, overall accuracy for TU-R is reduced in both statistical and
machine learning models for 1-day FH, as can be seen in Table 12. Wireless network
parameters are time-varying and non-stationary, hence, their statistical properties are
also changing with time. Therefore, the forecasting models need to be retrained with a
certain frequency for a time period. In this thesis, we presented the results of retraining
the foresting model with 5-day FI and 1-day FI. Moreover, most wireless network
parameters of an enterprise network have multiple seasonality which brings extra
complexities to the forecasting models. As an example, we also presented the weekdays
and weekends seasonality of the wireless network time series which can decrease the
forecasting performance. Some robust and strong forecasting models can predict the
irregular changes in the network parameters time series up to some extent for short
and medium-scale forecasting. However, it is almost impossible to predict the sudden
changes in the network for long-scale forecasting. Pre-processing the data before
forecasting requires the selection of the right parameters and determining the amount of
increased utility is also a challenging task.

The purpose of TU and CU data time series analysis and forecasting are to utilize
the forecasted network parameter values in the second part of the thesis for proactive
resource allocation in spectrum sharing with the radar system. At first, we believed that
forecasting the TU of an enterprise network can help in the connected APs management
for the radar protection system. However, we discovered that CU data have better
accuracy in the predictive aspect, and using CU data is much more practical for an
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Table 15. The important factors and their challenges of forecasting wireless network traffic
time series.

Factors Challenges

Training Sample Size It is almost impossible to say how much of a sample size is
enough to train the model in wireless traffic forecasting. The
amount of required training data depends on many different
aspects of the forecasting model and the considered wireless
network traffic time series.

Training Frequency Since data of wireless network traffic time series are
time-varying and can be non-stationary, the statistical
properties of the data distribution can change as new data
come in. For this reason, time series forecasting models are
required to retrain after some time so that the training
frequency should be set to obtain the optimal forecasting
performance, which becomes an interesting question.

Multiple Seasonality Most of the wireless network traffic time series including our
collected data series have multiple seasonalities such as daily
pattern, weekly pattern, and so on. Multiple seasonalities can
lead to complexities in the forecasting model and how to
handle these appropriately is still a challenging research issue.

Irregular Changes For wireless network traffic time series, sudden changes that
models can not predict can happen frequently due to the
uncertainty in a number of users or the uncertainty in utilized
data per person.

Data Processing To enhance the performance of forecasting models, before
their training, the time series data should be pre-processed
using techniques such as aggregating, filtering and preparing
appropriate training dataset. All these steps require the
selection of the right parameters to gain better forecasting
performance, which can be challenging.
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enterprise network with shared channels. Moreover, as we continue our research work,
forecasting aggregated interference at the radar from the secondary APs (in terms of TP
data) is more convenient to design an efficient sharing and radar protection system for the
considered enterprise network. Therefore, CU data, which is the same as TP percentage
when the transmission occurs at the maximum allowed power level, is transformed into
TP data as TP = TPper×Pt . Then, the aggregated interference at the radar in terms of
TP data is computed by using a link budget calculation, which is forecasted to allocate
the connected APs on the shared radar channel. Since aggregated interference time
series is also computed based on CU data series, the ML-based forecasting methods
investigated in the first part of the thesis can be used without further modifications. To
summarise, this thesis presents a step-by-step analysis and investigations of the wireless
network parameter time series forecasting methods. Further, it presents how we can
design the proactive resource allocation algorithm for radar protection in spectrum
sharing with the radar system of an enterprise network by using ML-based time series
forecasting methods.
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5 Conclusion and future work

The main goal of this thesis is to design a proactive resource allocation system for
spectrum sharing with radars with the aid of an ML-based time series forecasting
method by addressing the drawbacks of previous radar protection systems. Time series
forecasting uses the information in a time series (historical data) to forecast future
values of that series. Hence, we first started by studying the real network traffic data
and physical channel utilization data of an enterprise wireless network comprising 470
APs. According to the literature, time series analysis is essential to understand the
stochastic mechanisms of it before time series forecasting. The collected traffic dataset
is separated and classified into different groups. Time series pre-processing steps such
as aggregations, filtering, and smoothing are also done before analysis. In the temporal
analysis of traffic data, AC shows that only the High and Low groups of weekday data
have long-term predictive pattern and CC show that only High and Low groups have
strong similarities within and across the groups. We also examined two spatio-temporal
forecasting methods and compared them with four temporal forecasting methods for the
TU data of a target AP. By considering the internal structures discovered by temporal
and spatial analysis, one can use an appropriate temporal or spatio-temporal forecasting
model to predict the behaviour of network traffic usage which in turn will be useful for
proactive resource allocation.

For TU data, we compared five temporal forecasting methods with two different
scenarios, which are 5-day FH and 1-day FH. According to the main findings explained
above, the Holt-Winters method is the best method for a smoother series in short-term
forecasting and good for the series with unusual fluctuations in long-term forecasting.
SARIMA works well for spiky series in short-term forecasting due to its insensitivity to
outliers from the updated training dataset. Moreover, LSTM is good for forecasting
smoother series which do not have much noise (fluctuations) for long-term FH since
LSTM can keep the important data and forget the unnecessary data from the long-term
training data [78]. GRU has a better performance than LSTM in short-term forecasting
of spiky series with the advantage of having low computational complexity. When it
comes to the long-term forecasting of smoother series, CNN is better than SARIMA.
However, CNN would not be a good option to use for temporal forecasting wireless
traffic time series compared to the other machine learning methods. The performance of
five different time series temporal forecasting methods tested on the real network data
explains that there is no universally best temporal forecasting method for traffic time
series in an enterprise wireless network. The performance of spatio-temporal forecasting
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methods explains that considering spatial dependencies of the neighbouring APs helps
to improve the forecasting performance of a single AP.

Moreover, the forecasting performances of TU with different training data amounts,
CU-mean, and CU-max data of an enterprise network are also investigated. The
Holt-Winters method, SARIMA, the conventional LSTM, and GRU as well as the
proposed LSTM-FLG and GRU-FLG are used for 1-hr FH (medium-to-short scale) and
1-day FH (long-scale) predictions of both TU and CU time series. It is shown that the
proposed ML methods with FLG training data are suitable for medium-scale predictions
due to their ability to learn the complex relations of input and output data which is not
the case in statistical methods. However, the statistical methods performed well for
most of the cases in long-scale prediction. The question "Which layer data is more
predictive in a time series forecasting aspect to help in proactively allocating appropriate
resources for spectrum sharing with a radar system?" is also answered by presenting that
the physical layer CU data, especially CU-max data, has the highest accuracy in all
cases. As the future direction of the first part of this thesis, mutual information (MI),
which requires a calculation of joint probability density function (PDF), can be used for
time series data temporal analysis instead of correlation functions. Although correlation
functions are commonly used for wireless traffic time series [10], [12], MI is stated as a
better quantity to measure the dependence between two quantities since the correlation
function measures only linear dependence while MI measures the general dependence
[111]. Nevertheless, despite being able to describe both linear and nonlinear dependence
of the data, MI is difficult to calculate since it is still challenging to compute joint PDF
of the data unless they are jointly normal and results are prone to under/over-estimation
bias with no clear interpretation [112]. However, utilizing MI instead of correlation
functions would lead to a more comprehensive analysis.

Spectrum sharing between radars in the 5.6 GHz band and wireless enterprise
networks can help in providing higher capacity. However, designing such a sharing
scheme is challenging and to address this, we have proposed a machine learning-driven
technique which can facilitate efficient sharing. Our proposed technique enables a radar
protection system via neural network-based interference prediction which in turn helps
in optimizing spectrum sharing. While the proposed technique can be used for sharing
with any rotating radar system in various bands, our focus in this paper is on radar
protection for a weather radar that rotates quasi-periodically in a 5.6GHz band. To
model the interference generated to a radar system from an enterprise wireless network,
in our work, we studied the stochastic relationship between the number of connected
users and physical layer TP data of 7 different APs to model the TP time series for
50 APs operating with 5.6GHz in the real enterprise network. In simulations, these
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generated TP time series from the multinomial-based model which are used to calculate
the aggregated interference at the radar by using appropriate path loss models. The
calculated aggregated interference time series at the radar (which can also be measured
by a sensor) are utilized in training the LSTM-based machine learning model which
then makes interference-related predictions. To ensure robust radar protection, we
also consider the prediction intervals for the predicted interference values by using
the MC dropout method. The proposed efficient sharing and radar protection system
consists of two parts of algorithms. In part 1, the AP part, APs listen to the cloud-based
REM to decide whether to access the radar channel or not. Once the radar channel is
permitted access, the non-contiguous channel bonding is performed by the APs. In part
2, the Cloud-based REM part, the predicted interference at the radar is compared with a
tolerable threshold and some APs are removed with certain rules whenever the predicted
interference is about to exceed the threshold.

As well as this, we also compared different radar protection systems in terms of
how often the interference is exceeded over the threshold when a particular system
is used. Moreover, achieved averaged throughput per user connected to the APs is
also utilized to compare with other systems. According to the facts, the secondary
users located inside zone 2 of the considered radar will not be able to use the radar
channel as a subordinate channel when the DFS system is applied. The real-time radar
protection system and the proposed system with averaged predicted interference have
higher throughput per user than the DFS system but cannot provide comprehensive
radar protection. To address these limitations, the proposed system is made robust by
incorporating a PI-based technique in which an upper limit of predicted interference time
series ensures similar radar protection performance with significantly better throughput
per user than conventional DFS system. One main challenge of sharing a spectrum
with radars is that most of the radar systems have a different permissible probability of
harmful interference at the radar (εp) values to follow. Consequently, we proposed the
simple method, which is adjusting the MC dropout value set in the prediction model, to
improve the radar protection performance of the ESRP system (to be able to apply for
the radar with a very small εp value). We also showed that the ESRP system with, the
GRU model and upper limit prediction is optimal for sensitive radars which have a very
small allowable εp value.

Dynamic threshold calculation aims to achieve higher throughput than static thresh-
olds. However, the limitation in previous works considering dynamic threshold calcula-
tion (e.g. [46] and [47]) is that they cannot guarantee comprehensive radar protection
due to the inefficient radar sensing time and the quasi-periodic weather radar rotations.
To address this limitation as a future direction of our work, dynamic tolerable thresholds
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of the radar can be calculated with the help of neural networks-based radar rotation
prediction. With its powerful nonlinear mapping ability, neural networks-based time
series predictions can help forecast the quasi-periodic radar rotations which can be used
in calculating the dynamic tolerable threshold of the radar to guarantee comprehensive
radar protection. Unlike in this work, a sufficient historical radar signal time series
obtained using the approach, for example in [49], will be required for the radar rotations
prediction methods. Dynamic tolerable threshold calculation with neural networks-based
radar rotation prediction can provide throughput improvement compared to the current
efficient sharing and radar protection system which only considers the threshold of the
worst-case scenario that the radar main beam is illuminating the university.
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