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In Cognitive Radio (CR), unused spectrum is used for secondary user communication.
Efficient usage of the free spectrum is challenging in CR; dynamic sensing of free spectrum,
inference management, energy efficiency, and security are critical problems. Moreover, the
selection of channel and routing in Cognitive Radio Wireless Sensor Network (CRWSN) is
a challenging problem during microclimatic fading conditions. In this paper, a joint
interaction algorithm is proposed for channel selection and routing in CRWSN, using
microclimatic data, and it avoids microclimatic fading. The proposed algorithm for channel
selection are Rule-Based Bayesian Optimized Multiple Regression (RMR) and Rule-based
grid-search-optimized Gaussian process Regression (RGR), which ensures a minimum
number of channel switches and reduces the delay in sensing an idle channel. Rule based
random search optimized Logistic Regression (RLR) method is proposed for routing, which
includes microclimatic data. From simulations experimental analysis, proposed RMR
Channel Selection method and RLR Routing algorithm (CSRLR) combination perform
better than traditional channel selection algorithms and routing protocols. The CSRLR
algorithm is implemented in a test bed and obtains high Quality of Service (QoS). The
proposed CSRLR algorithm reduces average delay by 41.7% and 34.4% while improving

throughput by 43.6% and 31.8% compared to EXGPCSA and GPCSA, respectively.

1. INTRODUCTION

Wireless devices enable high transmission of information
due to growth in embedded systems and internet technologies.
The rapid development in wireless communications plays a
vital role in various applications such as education, medicine,
and the military. Wireless communication has challenges in
the allocation of spectrum resources due to an increase in
usage. Spectrum allocation in Cognitive Radio (CR) is a major
problem. Wireless Sensor Networks (WSNs) are used widely
in industry due to low power embedded systems. In WSN,
nodes with sensors track environmental and atmospheric
conditions such as temperature, humidity, pressure, wind
speed, or rain. The nodes communicate with each other
through wireless and form a network to collect, process,
transmit, and receive data. The nodes in WSN have low
computing power, limited onboard energy, and size. The nodes
in WSN are powered using a battery. Energy saving increases
the capability of the device’s operation [1]. The problems in
WSN can be solved through energy efficient protocols, data
compression, and cluster-based routing. In recent days,
Cognitive techniques such as spectrum sensing and spectrum
sharing are used in WSNs. CR technique is performed based
on the WSN node parameters. CR techniques in WSN reduce
the major problems in WSN such as energy saving, latency,
and throughput. In CR, the idle spectrum is utilized based on
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requirement. In a CR network, the primary user (PU) uses the
spectrum band at any time, and secondary users (SUs) use the
spectrum when the PU is in an idle condition [2]. In any
wireless transmission, the path between the transmitter and
receiver channel has attenuation during transmission of
signals. The signals from the transmitter arrive at the
receiver’s end with scattered amplitudes and phases, which
causes fluctuations [3]. The change in received signal power
is due to Fading. Fading refers to changes in signal parameters
such as amplitude and phase over time, space, geographical
position, and radio frequency variations, which lead to poor
performance. Apart from fading, other factors that affect the
quality of transmission are noise and interference [4]. Urban
environments are prone to multipath fading. Signals from
multiple paths are called non-Line of Sight (non-LOS) due to
the obstacles [5].

The CR techniques in WSN improve network stability,
energy efficiency, and security. CR plays a vital role in recent
days, which enables dynamic spectrum allocation and solves
the spectrum scarcity problem. The maximum utilization of
free spectrum is based on communication parameters. PU
spectrum is allocated when PUs are free to the SUs; later, it
automatically relinquishes the allotted spectrum [6]. CR has
the capability of learning information from the operating
environment and changes the transmission parameters
depending upon the current status of the spectrum [7].
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Figure 1 displays the types of fading in WSN. The fading is
classified as large scale fading and small-scale fading. The
path loss caused by the motion over a large area is called as
large scale fading. Shadowing refers to the signal attenuation,
where the signal penetrates through buildings and walls. The
above phenomenon is referred to as slow fading, which has a
duration of about a few seconds to minutes. Any spatial change
between the receive and transmit station leads to rapid change
in signal phase and amplitude and is termed as small scale
fading.

Multipath delay measurement is based on the difference
between the arrival time of the initial component and final
component. Multipath delay spread leads to flat fading
andfrequency-selective fading. When the channel’s coherence
bandwidth is higher than the signal’s bandwidth, referred to as
flat fading. If the channel’s coherence bandwidth is lower than
the signal’s bandwidth, referred to as frequency-selective
fading. Spectral broadening is due to time rate change in the
radio channel and is called Doppler spread. Doppler spread
causes fast or slow fading. Fast fading occurs due to the
impulse response of the channel, which changes immediately
within the symbol duration. Slow fading is caused due to
impulse response of channel changes in slower rate than the
transmitted signal. Multipath fading is due to the radio signal
reaching the receiver in multiple paths, which leads to the
superposition of multiple versions of the same signal with
varying amplitudes. This phenomenon happens due to
obstacles such as buildings or hills in the environment, which
cause the signal to reflect or bounce. For mitigation of the
multipath fading, fading diversity is used. In the fading
diversity technique, the signal is simultaneously transmitted
across more than one channel, where fading happens
independently, as not all channels fade simultaneously. The
next type of small-scale fading is the Rician fading. In Rician
fading, the received signal is combined with an LOS
component, or the received signal is combined with scattered
components with no LOS component.

Small Scale
Fading
‘ Flat Fading
Frequency? -
Selective Fading
Doppler -
Spread Fast Fading
-oclimatic Slow Fading

Multipath
Delay Spread

Path Loss

Doppler Spread

Figure 1. Types of fading in Wireless Sensor Network
(WSN) and novel microclimatic fading

In WSN, fading of the signal is solved through repeated
transmission of the data signal between nodes. Selection of the
next node is done in an efficient way; fading can be avoided.
Microclimate refers to the measurement of the climatic
condition in a localized area that is closer to the earth’s surface.
Factors that influence microclimate are the wind, temperature,
rain, turbulence, atmospheric pressure, frost, precipitation, and
heat balance. The above factors lead to slow fading in channels
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and are termed microclimatic fading. In this paper, the
proposed methods are designed to overcome microclimatic
fading in CRWN. The proposed method considers
microclimatic data as a parameter for channel selection and
routing.

1.1 Problem statement

The fading of the signal during transmission is the major
problem in WSN. Microclimatic fading is not considered
during the mitigation of fading. Mitigation of fading in CR
networks / WSN considers atmospheric fading and never
microclimatic fading. However, microclimate fading in WSN
leads to a higher impact on QoS.

Microclimate refers to the measurement of the climatic
condition in a localized area that is closer to the earth’s surface.
Factors that influence microclimate are the wind, temperature,
rain, turbulence, atmospheric pressure, frost, precipitation, and
heat balance. In WSN, channel fading occurs due to
microclimatic fading rather than atmospheric conditions. In
WSN, channel fading occurs due to multipath propagation and
reflection from obstacles. During deep fade, receivers do not
have signal power and communication fails. In existing
methods, the channel fading in WSN is avoided through
shifting of node locations. Researchers analyse the effects of
Rayleigh, Nakagami, Fast Rayleigh, and Rician fading in
WSN. These fading affect the QoS parameters in WSN. The
various methods adapted for mitigation of fading in WSN are
power efficient clustering protocol, optimal transmission rate,
optimal power hopping techniques, and opportunistic
transmission. The above method performed based on
atmospheric fading and never with microclimatic fading.
WSN needs an efficient technique for mitigation of channel
fading due to microclimatic fading, which varies from place to
place.

Channel selection in Cognitive Radio Wireless Sensor
Network (CRWSN) is crucial due to limited bandwidth,
energy, security, and dynamic network conditions. To
overcome the above issues, an efficient channel selection
algorithm is required, which solves the interference due to
microclimatic fading problem and improves. Once the channel
is selected for transmitting data, the next step would be the
selection of an effective routing algorithm. The unpredictable
and dynamic nature of spectrum allocation in CR without
considering microclimatic fading leads to frequent failures and
the need for effective routing algorithms that can adapt to
microclimatic fading, which occurs in the network during data
transmission.

Existing methods such as GPCSA, EXGPCSA, Q-learning-
based channel selection, multicast routing, and optimization-
based routing protocols are developed based on channel
parameters such as spectrum availability, interference,
throughput, and energy consumption. The above methods do
not consider microclimatic factors, such as solar shortwave
radiation, land surface temperature, sealed surface
temperature, building wall temperature, humidity, and wind
conditions, which influence signals; CRWSN placed at the
ground level signals are faded due to microclimatic conditions.

In the proposed Channel Selection and Routing using
Logistic Regression (CSRLR), Bayesian optimization is used
within the RMR channel selection and automatically identifies
optimal parameter configurations, improves prediction
accuracy, and reduces computational overhead. Microclimatic
sensing data are integrated directly into both channel selection
and routing decisions, enabling the network to mitigate



microclimatic fading effects rather than reacting to channel
degradation. CSRLR improves channel reliability, reduces

retransmissions, minimizes

enhances

energy
overall network performance under varying

consumption, and

microclimatic conditions through optimal channel selection.

1.2 Contributions

*To propose Rule based Machine Learning algorithms such
as (i) RMR, (ii) RGR, (iii) RLR, and (iv) CSRLR to mitigate
microclimatic fading due to surrounding wind, temperature,

and rain parameters.

*To analyze the microclimatic data which is collected at

each node through the sensors, and selection of the spectrum
for transmission of data is performed in the CRWSN with
microclimatic data and mitigates microclimatic fading in the
channel.

*To analyze the proposed Rule base Machine Learning
algorithm, this considers the selected microclimatic data for
analysis in routing path selection. The selection of data for
analysis from collected microclimatic data depends on the
climatic season and is used in the proposed algorithm for
routing the data in CRWSN.

Table 1 shows the research gap, novelty, and contributions
of the proposed CSRLR method.

Table 1. Research gap, novelty, and contributions of the proposed Channel Selection and Routing using Logistic Regression
(CSRLR) framework

Existing Research Gap Limitation in Existing Studies Proposed Novelty Contribution of CSRLR
Most Cognitive Radio Wireless ~ Microclimatic fading effects are Incorporation of microclimatic Improved channel reliabilit
Sensor Network (CRWSN) largely ignored despite their parameters, including temperature, P y

studies consider conventional
fading models such as Rayleigh,
Rician, and Nakagami fading.

Existing channel selection
methods mainly rely on spectrum
availability and QoS metrics.

Traditional routing protocols use
shortest-path or energy-based
routing strategies.
Existing studies treat channel
selection and routing as separate
optimization problems.

Most machine learning
approaches focus on single-scale

significant impact on sensor
networks deployed near the
ground.

Environmental influences
affecting channel quality are not
considered during channel
selection.

Routing decisions may fail under
sudden microclimatic changes
and channel fading conditions.
Independent optimization may

result in suboptimal network
performance.

Lack of comprehensive feature
representation limits prediction

Introduction of Rule-Based Random
Search Optimized Logistic Regression

Joint interaction framework integrating

combining environmental sensing data

network parameters. accuracy.

Reduced robustness in
heterogeneous deployment
environments such as urban,
semi-urban, and agricultural
areas.

Existing CRWSN solutions offer
limited adaptability to changing
environmental conditions.

Adaptive microclimate-aware channel

and reduced signal
degradation under dynamic
environmental conditions.

humidity, wind speed, and solar
radiation, into channel and routing
decisions.

Development of Rule-Based Bayesian
Optimized Multiple Regression (RMR)
and Rule-Based Grid Search Optimized

Gaussian Process Regression (RGR)

Accurate channel prediction
and adaptive spectrum
utilization in CRWSNSs.
models.

Selection of reliable routing
paths based on both QoS and
microclimatic conditions.
Enhanced throughput,
reduced delay, and improved
packet delivery performance.
Improved decision-making
accuracy for channel
selection and route
establishment.

(RLR) for adaptive routing.

channel selection and routing into a
unified CSRLR algorithm.

Multi-scale feature extraction

and network QoS metrics.

Increased network robustness
and reliability across diverse

and routing selection framework. .
deployment scenarios.

2. LITERATURE REVIEW

Many studies have been done for optimization of the
channel selection and routing in CRWSN. This review mainly
focuses on channel selection algorithms and improves QoS
during multipath fading, shadowing, multi-hidden terminal
issues, and receiver uncertainty. Wang et al. [8] develop a
method of joint interaction among channel selection and route
selection, which handles channel failure more effectively by
analyzing the acquired data. The method of joint channel
selection and route has routing stability and reduces route
latency. Jang et al. [9] suggest a dynamic Q-learning based
channel selection band to meet the system demands. The
authors use a Q-table and a reward function, which consider
parameters based on the channel. The Rewards for channel
utilization are for selecting the band and channel, and effective
frequency usage is implemented. Han et al. [10] analyzed the
channel allocation methods and maximized the overall
performance in a vehicular network system and used the
submodular set function in the algorithm. Li et al. [11]
analyzed channel allocation in vehicular ad-hoc networks and
elevated the overall system’s reward based on semi-Markov

decision process (SMDP). Chowdhury et al. [12] suggested a
routing algorithm for a cognitive ad-hoc network, which
selects the path and channel and minimizes the latency. The
protocol in CR networks has less interference from PUs during
transmission. Che-aron et al. [13] developed a protocol termed
the Robustness-Aware Cognitive Ad Hoc Routing Protocol.
The above protocol ensures transmission path based on the
availability of PUs, performs the fast route, and recovers the
strategy. The protocol reduces Path Delay. Jyothi and
Subramanyam [14] energy efficient fuzzy clustering and
congestion control algorithms, are applied and enhances the
energy efficiency. The authors consider the availability of
spectrum; queue length for the selection of cluster head
increases the energy efficiency. To control congestion, the
Queue Management Algorithm is implemented. Aghaei and
Avokh [15] developed a joint multicast routing, scheduling,
and channel selection problem in CR wireless mesh networks.
The cross-layer algorithm is called “Multicast Routing,
Channel Selection, Scheduling and Call admission control
(MRCSC)”, which adopts a collision-free method and leads to
multicast transmission. In the recent work done by Darabkh et
al. [16], an adaptive FD-CR network protocol for routing,
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which implements a control channel. The adaptive FD
communication is applied in the above protocol whenever
secondary users adapt, based on PUs channel. A spectrum
handover protocol is proposed by Sangi et al. [17]. The authors
developed a packet buffering and forwarding mechanism; the
end-to-end average throughput is enhanced. Channel route
messages of these protocols are updated through spectrum
handoff when backup channels in the PU are active, reducing
packet drops. Alvi et al. [18] developed a multi-objective relay
selection method, which considers throughput, battery power,
buffer status, and delay performance simultaneously in the
relay node and maintains signal-to-interference-plus-noise-
ratio (SINR).

3. METHODOLOGY

This paper proposes the CSRLR algorithm, which is a joint
interaction algorithm for channel selection and routing
combined with channel fading in CRWSN. CR technique is a
type of Software-Defined Network (SDN), which selects the
channel for data transmission. Each node in CRWSN consists
of a finite number of channels. Due to microclimatic fading, a
delay in the transmission of the signal. The node's signal loses
its strength and power. In CRWSN, channel selection is
performed using machine learning algorithms. Based on
microclimatic sensor data of the channel during different
microclimatic conditions, and QoS data such as delay,
throughput, and energy efficiency are used for selection of the
channel through the proposed algorithm. In the proposed
CSRLR method, the machine learning technique Logistic
Regression (LR) is applied to select the channel and optimum
route-based node microclimatic data. The proposed CSRLR
method is shown in Figure 2. Microclimatic environmental
conditions cause microclimatic fading. The machine learning
algorithm selects the channel. Once the channel is selected, the
routing protocol is implemented using the Logistic Regression
method. Channel selection in CR networks is achieved by
implementing Multiple Regression (MR). MR is a statistical
technique that can predict the result of an independent variable
using more than one explanatory variable. The MR shows the
linear relationship between independent and a dependent

variable.

3.1 Logistic Regression

LR is a supervised algorithm for classification. The major
difference between LR and linear regression is the data points;
LR is not lined in rows. The classification based on LR has a
set of arbitrary inputs, and the output is generated by the
classification of the input data. During classification, the
function output is 0 or 1, which represents two classes.
Therefore, the foregoing function argument values range from
positive infinity to negative infinity. LR has two phases: (i)
Training Phase: the system is trained using stochastic gradient
descent and the cross-entropy loss. (ii) Testing Phase: For a
given sample X, p (y|x) is computed, and the higher probability
label, with the value of y =0 ory = 1, is returned. The objective
of LR is to train the classifier and make a decision about the
new input group of observations, which is done by the sigmoid
classifier.

3.1.1 The sigmoid function

A single input ‘x’ for an observation is represented as a
feature vector [x4, x5,...., X, ]. The output of the classifier ‘y’
has the value either 0 or 1. To check whether the observation
is a member, finds the probability P(y = 1|x). This is performed
by LR through learning from the training set, which consists
of weights and bias. The weight w; is a number associated with
a feature vector ‘x;’. The weight represents the importance of
the input feature in the decision of classification, and it can be
positive or negative. In the proposed CSRLR, microclimatic
features form the feature vector; it returns a negative weight if
the Micro Climatic Decision (MCD) is not good for a
particular channel transmission of data, and a positive weight.
If the MCD is good, weights are learned in the training phase;
the classifiers multiply each feature vector by its weight x;’ by
its weight. ‘w; and add all the weights of the features and then
add the bias, indicated by ‘b’. The final number, indicated by
‘z’, denotes the weighted sum of the class, as in Eq. (1),

z=<;Wi,xi>+b (N

Q;ospheﬁc Chm
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Joint Interaction
Rule-based Machine |,
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(i) RMR
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M

Figure 2. Methodology of the proposed Channel Selection and Routing using Logistic Regression (CSRLR) algorithm for
channel selection and optimum route



where,

w; represents the importance of the ith feature.

x; denotes the ith microclimatic or QoS parameter.

b is the bias term.

z is the combined decision score.

To generate the probability ‘z’ is passed through the
sigmoid function o(z). The equation of the sigmoid function is
written as in Eq. (2):

1
1+eZ

o(2) = )

where,

o(z) represents the probability of selecting a reliable
channel or routing node.

Values closer to 1
conditions.

LR predicts the probability of successful transmission of
data in CRWSN. Routing through LR is modelled by
determining the relationship between the unused spectrum, the
characteristics of the channel, and the probability values. This
model is trained using the previous historical data of
successful and unsuccessful transmission of data through
different nodes. After training with the previous data, the
model predicts data transmission through a particular node
depending upon the microclimatic condition of the localized
area.

indicate favourable transmission

3.2 Rule based machine learning

3.2.1 Channel selection using Rule based Bayesian
optimization in multiple regressions

Each node in the CRWSN consists of sixteen channels.
Among these, half of the channels are reserved for
transmission (T,) of signals and the other half is for receiving
(R,) the signals. The RMR algorithms predict any one channel
in the node using the Multiple Regression algorithm, which
takes the decision depending upon the previous performance
of the channels during different microclimatic conditions. The
equation for multiple regression is of the form:

Y =By + B Xy + B Xy + -+ BiXi

Y represents the dependent variable, X;, X3, ... X; represent
the independent variables, and Sy, f1, S2, ... P« represent the
coefficients of the regression equation. These coefficients
denote the relationship among the independent variables and
the dependent variable [19]. In CRWSN, the dependent
variable is the channel quality, and the independent variables
consist of various parameters such as the strength of the
received signal, occupancy rate of the channel, interference
level, and microclimate data. MR algorithm uses the collected
data and predicts the channel quality. The multiple regression
equation predicts the channel quality from a set of independent
variables. After predicting the channel quality, the WSN node
in CRWSN, based on microclimatic data, transmits the data to
the next node. In CRWSN, nodes dynamically select the best
channel.

In WSNs, Bayesian optimization combined with rule-based
multiple regressions offers a sophisticated methodology for
optimizing parameters and harnessing the predictive power of
multiple regression models. WSNs operate in dynamic and
resource-constrained environments, necessitating efficient
parameter tuning and accurate data modeling for optimal
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performance. Bayesian optimization provides a principled
approach and iteratively selects the parameter configurations
based on observed performance metrics, effectively
navigating the complex parameter space minimizes resource
consumption. This is particularly valuable in WSNs where
experimentation is costly in terms of energy and time. Rule-
based multiple regression, on the other hand, offers a flexible
and interpretable framework for modeling complex
relationships within WSN data. By combining expert-defined
rules with multiple regression techniques, this approach can
capture nonlinearities and interactions in the data and provides
valuable insights into sensor behaviour and environmental
dynamics. Integrating Bayesian optimization with rule-based
multiple regression allows WSNs for effective tune of hyper
parameters and select relevant features, ultimately enhancing
predictive accuracy and adaptability to changing
microclimatic  conditions. This synergistic approach
empowers WSNs and achieves optimal performance in
different applications, such as environmental monitoring,
industrial automation, and healthcare monitoring. By
leveraging the strengths of Bayesian optimization and the
interpretability of rule-based multiple regressions, channel
selection in CRWSN is implemented.

3.2.2 Rule based grid search optimization Gaussian process
regression for channel selection
Gaussian Process (GP) is a non-parametric Bayesian
process. This technique focuses on the conditioning and
marginalization of Gaussian distributed function for solving
problems using regression. Gaussian Process regression
(GPR) achieves channel selection based on microclimate data
[1]. Han et al. [20] investigated Gaussian Process techniques
for wireless communications and demonstrated their
suitability for modelling uncertain communication
environments. A GP is a cluster of random variables and
consists of a finite number of joint Gaussian distributions and
is characterized by the covariance k(x, x") and mean function
m(x) which are defined as in Eq. (3).
m(x) = E[f(x)] 3
which indicates the average of all the functions in the
distribution computed for input x. The mean function is set to
m(x) = 0, which avoids the complex posterior computations
and infers through the covariance function. The covariance
function k(x, x") is the dependence between the values of the
functions at various input points x and x’ as in Eq. (4).

k(e x') = E[(f(0) —m@)(fG&) -m&D)] 4
The equation of the GP is as in Eq. (5).
fO)~gp(m(x), k(x,x")) &)

In a Gaussian distribution, individual random variables of a
vector are indexed based on the positions instead of time
instants. The argument ‘x” in the function f{x) takes the role of
the index. Each input ‘x” has a random variable f{x), which
indicates the stochastic function ‘f* in that position. For any
GP, the attention is a finite subset of the function with value
of f as (f(xy), f(x3), ... f(x,)), follows regular Gaussian
distribution f~N(u, 2). Supervised learning methods learn the
values based on each parameter of the function; the Bayesian
method is based on a probability distribution with all



combinations. Linear function y = w,+€, Bayesian method
defines prior distribution p(w) for component ‘w’, adjust
probabilities based on empirical data as in the Bayes rule
which is shown in Eq. (6).

posterior
_ priorXLikelihood

" marginal likelihood Ip(wly, X)
p(v1X)

(6)

In channel selection, GPR models the relationship between
the channels and the target variable as a GP. The algorithm
captures the patterns and relationships in the data and makes
predictions based on new data points. GPR is used for the
evaluation of the importance of every channel in CRWSN
estimation of the marginal likelihood of the data given in each
channel. This process finds the posterior distribution over the
parameters of the GP for each channel. The channel with the
greatest posterior probability is considered an informative and
relevant channel and is selected in CRWSN for data transfer.
Grid search optimization combined with rule-based GPR
presents a robust methodology for optimizing channel
selection in WSNs. In WSNs, selecting the optimal
communication channels is crucial for maximizing data
transmission efficiency and minimizing interference. Grid
search optimization offers a systematic approach for exploring
the space of possible channel configurations by discretizing
the parameter space into a grid and exhaustively evaluating
each configuration. This method ensures thorough coverage of
potential channel selections, although it may become
computationally intensive for large parameter spaces. Rule-
based GPR enhances the process by providing a flexible and
interpretable framework for modeling complex relationships
in the WSN data. By incorporating expert-defined rules into
GPR, the model captures nonlinearities and interactions,
allowing for more accurate channel selection decisions.
Integrating grid search optimization with rule-based GPR
enables WSNs to efficiently identify the optimal channel
configuration, considering both the channel characteristics and
the specific requirements of the application. This approach
empowers WSNs, achieves enhanced communication
performance, improves network reliability, and enables
efficient resource utilization in diverse deployment conditions.
Table 2 shows the sample rules for prediction of channel.

Prediction of Channel:

*In contrast to wind and humidity, rising temperatures also
result in rising land surface temperatures.

*In contrast to wind and humidity, a decrease in
temperatures also results in decreasing land surface
temperatures.

3.3 Routing

The network layer in each node sends the data packets from
source to destination with minimal hops, delay, and packet loss
with maximum throughput. Routing in CRWSN is challenging
due to channels in each node, and therefore defining a
universal communication protocol is not possible. Every
channel is based on its own factors that affect microclimatic
fading. The routing protocol in CRWSN differs from other
WSN networks due to data centric in nature, and data flows
from a single channel to a sink. The routing process encounters
various challenges in selecting the route and considers the type
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of the network, performance metrics, and characteristics of the
channel. The design challenges for routing in WSN are (i)
Energy efficiency- as they are battery powered, (ii)
Complexities- due to inadequate hardware capabilities, (iii)
Scalability- as an n-number of sensors can be installed at any
time in the network, (iv) Delay — quick response, and (v)
Robustness- nodes get expired or leave the network. The
routing protocol in CR never incorporates sensing of the
spectrum and allocates spectrum. The challenge in a CR
network is the lack of efficient coordination between the
selection of the route and spectrum decision. The proposed
CSRLR method considers previous microclimatic data for
each node for evaluation of the authorization of the channel
and reduces the interruption during the data transmission
process. This leads to higher throughput and reduces delays in
data delivery. Rodriguez-Colina addressed multiple-attribute
dynamic spectrum decision-making in cognitive radio
networks, highlighting the importance of considering several
channel-related attributes when selecting an appropriate
spectrum resource [21]. Routing remains another important
issue in wireless sensor networks, as the selection of suitable
forwarding paths directly affects network reliability and
energy consumption [22].

3.3.1 Joint interaction algorithm for channel selection and
routing in Cognitive Radio Wireless Sensor Network

The process of routing is proposed using the RLR method.
Microclimatic data in each node is stored and used as variables
for channel selection and routing. The channel selection in
each node is performed using RMR; the joint interaction
algorithm is termed CSRLR. CSRLR is the combination of the
RLR and RMR algorithms. In CRWSN, spectrum sensing is
done for every node. The following data are collected such as:
(i) Every node has neighboring own routing table, (ii) All
nodes updates MCD value depending upon topography, (iii)
Nodes in network has similar capacity to send and receive the
data, (iv) Prior information about the location of each node is
available to all other nodes, (v) All nodes chooses the shortest
path first and if the MCD value of any node in the shortest path
is 0 then an alternate route is found. In Figure 3, a simulation
of the proposed CSRLR routing protocol is shown.

/ Source \
O () 3McD=0
////I 2
Vs d
1 O’ O SHED O 5Destination

S \ A
©;

Nodes with Microclimatic data value=0

Successful Data transmission

/

Figure 3. A simulation of the proposed Channel Selection
and Routing using Logistic Regression (CSRLR) routing
protocol

The scenario of the proposed CSRLR is explained in this
Figure 4 section. Every time there is a request to transmit data
from the next node in CRWSN, the source node has to check
the microclimatic (MC) data of the neighboring nodes.



Table 2. Sample rules for prediction of channel

Wireless Sensor Network (WSN) Sensor Data

Temperature (T)  Wind (W) Humidity (H)

Land Surface Temperature (LST)

Rules

High Low Low High Consider T/W/LST data for channel selection
Low High High Low Consider W/H/LST data for channel selection
Routing based on RLR
|
k
Initialize node by sending
READY message
Check v
(=]
whether it is
destination
Check node Receive data
MCD and send REP
value to source node — CSRLR
Wait for next
{ N
i 2 REQ message
Receive Discard
data REQ
| | Continue
Broadcasting

Figure 4. Flow chart of the proposed Rule based Random Search Optimized Logistic Regression (RLR) routing and Rule-Based
Bayesian Optimized Multiple Regression (RMR) based channel selection combination in Channel Selection and Routing using
Logistic Regression (CSRLR) algorithm

Each node will maintain an MCD value, which is the
combination of the microclimatic data and temperature of the
microcontroller. If the microclimatic condition of the node is
free from rain, heat, cloudiness, and other factors, then the
MCD value is predicted as ‘0’ or’1’. If the MC of a particular
node is not free from these factors, then the MC value is set to
0 based on RLR. Along with the microclimatic data, the
temperature of the microcontroller has to be considered,
because the microcontroller’s temperature increases; routing
cannot be done through that particular node. Therefore, if the
temperature of the microcontroller is higher than the threshold,
then the MC value is 0, which is the prediction of RLR. The
value of the MCD is set by analyzing the particular node data
from previous transmissions. Every time a source node or an
intermediate node selects the next hop based on this MCD
value, which is obtained using RLR. In order to transmit data,
the source node sends a READY message to all neighboring
nodes. On receiving the READY message, all nodes should
update their microclimatic flag value; i.e., as a CRWSN
network is dynamic and the MC data may change at any time,
the value should be updated every hour. If the microclimatic
data of a node that has the shortest path is bad, then the MCD
value of that node is set to 0, which is obtained from RLR, and
the next possible node is selected. After this READY message,
the REQ (Request) message with the data packet is sent by the
source node. The data packet is passed from one node to
another if the MCD value is 1, which is obtained from RLR. If
the next neighboring node is the destination, the message is
delivered, and the destination node sends a REP (Reply)
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message to the sender as an acknowledgement; otherwise, the
next hop is selected for the shortest path based on the value of
the MCD. The following flow chart depicts the routing process
of the proposed CSRLR algorithm.

Hindia et al. [23] examined the integration of cognitive
radio technology with 5G networks and discussed its potential
for improving spectrum utilization and communication
flexibility. Logistic regression has also been widely used as a
statistical learning approach for classification and prediction
problems [24], while Zou et al. [25] investigated optimization
strategies for logistic regression and demonstrated their
effectiveness through case-based analysis. In cognitive radio
networks, Sengottuvelan et al. [26] proposed a channel
selection approach considering heavy-tailed channel idle
times, showing the importance of accurately characterizing
channel availability for effective spectrum access. However,
these approaches generally consider communication or
network parameters independently and do not jointly account
for microclimatic variations and node conditions. In contrast,
CSRLR integrates microclimatic, spectrum, and node-level
information for adaptive channel selection and routing,
thereby providing a more comprehensive approach for
maintaining communication reliability and QoS during
varying environmental conditions.

4. RESULTS AND DISCUSSION

This section discusses the performance of the proposed
algorithms, such as RMR and RGR, and compared with other



channel selection algorithms. A topographical area (800 x
800) is considered for simulation. Simulation parameters listed
in Table 3.

Table 3. Parameters used in Channel Selection and Routing
using Logistic Regression (CSRLR)

Simulation Parameters Parameter Values

Packet rate (packets/s) 20
Packet size (bytes) 1500
Primary users 5
Secondary users 40
MAC protocol IEEE 802.11
Number of nodes 60
Topography/Area (m2) 800 x 800
Transmission range 300 m
Simulation time 200's
Traffic model Constant bit rate (CBR)
Routing protocol CSRLR
MCD value 0/1
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Figure 5. (a) Performance comparison of the proposed
Channel Selection and Routing using Logistic Regression
(CSRLR) method with EXCPSCA and GPCSA based on

delay in finding an idle channel, (b) number of channel

switches and transmission time of a node in Cognitive Radio
Wireless Sensor Network (CRWSN)

The proposed RGR and RMR are compared with traditional
channel selection algorithms based on the metrics for delay in
finding an idle channel against the channel sensing interval
time. The algorithms are Extended Generalized Predictive
Channel Selection Algorithm (EXGPSA) and Generalized
Predictive Channel Selection Algorithm (GPSCA). The
proposed CSRLR method is better than traditional algorithms
and finds idle channels and routing, as shown in Figure 5(a).
The performance evaluation of the proposed CSRLR method
is done by analyzing the hand off rate versus transmission time
of secondary users. The hand off rate is measured as the
number of channel switches done, while the source node
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demands a channel for nodes. The results of CR Autonomous
Metropolitan University (CRUAM-MAC) [27], Fuzzy
Analytical Hierarchical Process (FAHP) method [28],
Analytical Hierarchical Process (AHP) [29], and Dijkstra
algorithm [30] are compared with the simulation results of the
proposed CSRLR method; the results are depicted in Figure
5(b).

Table 4 compares the channel switching performance of
CSRLR with the existing EXGPCSA and GPCSA methods
under different sensing intervals. The results show that
CSRLR achieves more effective channel utilization and
maintains stable channel selection performance, reducing the
impact of microclimatic fading in CRWSNss.

Table 4. Comparison of channel switching rate of node in
Cognitive Radio Wireless Sensor Network (CRWSN)

Inter- CSRLR

Sensin EXGPCSA GPCSA- GPCSA-  (Proposed)

Intemgl 7] 12[26]  1]26] (RMR &

RLR)

0.2 540 550 1400 1480
0.4 600 675 1010 1050
0.6 500 550 980 1025
0.8 510 530 970 1000
1.0 500 520 960 980

PE

)

52

(=7

-

2]

21

=

o

20 40
Nodes in CRWSN

OFFT [32] @mRTLD [32] OSCA [32] OMCF [32] @ CSRLR (Proposed)

60
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BFFT [32] @RTLD [32] ESCA [32] A MCF [32] 8 CSRLR (Proposed)
(b)

Figure 6. (a) Comparison of throughput and latency of four
different routing protocols and the proposed system, (b)
comparison of latency and nodes in Cognitive Radio
Wireless Sensor Network (CRWSN) of four different routing
protocols and the proposed system

A series of experiments were performed to evaluate the
performance of the proposed CSRLR method. Figure 6(a)
shows the throughput achieved by CRWSN. Generally, node
activity increases, then the throughput decreases. The study
conducted by Zubair et al. [31] evaluates the performance of
routing strategies such as Flooded Piggybank ant routing
(FFT), Real Time Load Distribution (RTLD) routing protocol,



and Scan Ant (SCA) algorithms. The results of the above
protocols are compared to the proposed CSRLR by comparing
the metrics throughput and latency. Figure 6(b) displays the
result of latency due to node PU activity. The proposed
CSRLR algorithm performs better than other algorithms by
maximizing the throughput and minimizing the latency.

For the proposed CSRLR algorithm, packet delivery ratio
and average throughput are analyzed. The extended Weighted
Cumulative Expected Transmission Time (xWCETT) [32]
routing protocol is compared with CSRLR. The results of the
(WCETT) are compared with the proposed CSRLR method.
CSRLR method outperforms two methods, such as AODV
[33] and Efficient Routing Protocol for Cognitive Radio
(ERCR) [34]. The results are compared with the proposed
CSRLR system. The proposed CSRLR method is better than
traditional methods with a high packet delivery ratio (PDR)
and maximizes the throughput. The above listed algorithms are
evaluated using the performance metrics jitter (the change in
the amount of delay) and delay in delivering the packets from
source to destination, and the results are depicted in Figures
7(a) and (b).

120
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Packet Delivery Ratio (%)  Average Throughput (Kbps)

EAODV[34] mWCETT [33] OxWECTT [33]
OERCR[35] O CSRLR (Proposed)
(a)
0.0045
0.004 —
0.0035
0.003 —
0.0025
0.002
0.0015
0.001
0.0005
0
Jitter (s) Delay (s)
HAODV[34] oOWCETT [33] BxWCETT[33]
OCSRLR (Proposed)

(b)

Figure 7. (a) Comparison of packet delivery ratio (PDR) and
average throughput, (b) performance comparison of jitter and
delay

Figure 7(a) shows the packet delivery ratio and average
throughput achieved by CSRLR and existing routing
protocols. The proposed CSRLR method delivers higher
throughput and packet delivery performance due to adaptive
channel selection and routing strategy based on microclimatic
conditions. Figure 7(b) compares the jitter and end-to-end
delay of CSRLR with conventional methods. The result shows
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that CSRLR effectively reduces transmission delay and jitter
by avoiding routes affected by microclimatic conditions,
leading to reliable communication.

The average hop count for the methods ONBTM [35], spray
and wait, and PROPHET [36] are analyzed and compared with
the proposed CSRLR method. Comparison results are depicted
in Figure 8(a). From the proposed RLR results, the proposed
CSRLR method performs better with the minimum hop count.
The routing algorithm efficiency is better than traditional
algorithms [37]; routing overhead in the network is reduced.
Routing protocols such as NCPR [38], DPR [39], and AODV
are chosen for comparison, and the CSRLR method has lower
routing overhead compared to other protocols, as shown in
Figure 8(b).
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Figure 8. (a) Comparison of average hop-count, (b)
comparison of routing overhead x 10*with speed of nodes

Energy consumed by the network is very crucial because
WSN operates on batteries and resources need to be utilized
carefully. The energy consumed by the protocols such as
AODV, Scalable Neighbour-based Routing (SNBR) protocol
[40], and Dynamic Scalable Neighbour-Based Routing
(DSNBR) [41] protocol are compared with the proposed
CSRLR method, and results are displayed in Figure 9(a). As
the number of nodes increases, more energy is consumed.
Energy consumption in the proposed CSRLR method is
considerably reduced, and packets are transmitted based on the
MCD value, and unwanted transmissions are avoided.

Figure 9(b) shows the network connectivity rate while
transmitting the data. The proposed CSRLR method performs
after considering the microclimate data of a particular area and
the temperature of the microcontroller in the network. These
validations enable the entire network to be more stable and
reduce energy consumption compared to traditional protocols.

Figure 10(a) depicts the impact of the size of the network
based on the MAC collision rate. IEEE 802.11 protocol shares



control and data packets in the same channel. Redundancy
causes collisions and leads to massive packet drops. The
average number of packets dropped due to collisions in the
MAC layer is called the MAC collision rate. The collision rate
of the traditional AODYV protocol is huge, and rebroadcasting
occurs, and causes collision and interference. The traditional
method, namely Neighbour Coverage-based Probabilistic
Rebroadcast (NCPR) and Dynamic Probabilistic Route (DPR)
[42] Discovery results are shown in Figure 10(b).
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Figure 9. (a) Performance comparison of energy consumed
by the network, (b) comparison of stable network
connectivity

From Figure 10(a), the proposed method CSRLR's
performance is better than the other three protocols and
reduces the MAC collision rate. As the collision rate is
reduced, packet drops are reduced. A comparison result of the
traditional algorithms such as Optimal Relay and Channel
Selection (ORCS) [43], Delay-Constrained Energy-Efficient
Multicast Routing (DCEEMR) [44], and Delay-Constrained
Energy-Efficient Multicast Routing (MEMT) is depicted in
Figure 10(b), which shows that the proposed CSRLR method
reduces the number of packet drops because of the reduced
collision rate.

Figure 11(a) shows the packet loss rate because of collision
among nodes in CRWSN, which is compared with other
algorithms such as Spectrum Aware — Dynamic Channel
Assignment (SA-DCA) [45] and Selective Broadcasting -
Channel Selection (SB-CS) [46]. The proposed CSRLR
algorithm considerably reduces the packet loss ratio when
compared to other algorithms. The channel selection accuracy
of the proposed CSRLR is compared with traditional
algorithms, namely, Fixed GA-Optimization [47], Prob PSO
optimization [48], Fixed IWO-Optimization [49], A-Change
[50], Prob IWO optimization [51]. The results show that the
proposed CSRLR method has higher accuracy in channel
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selection compared to other methods. Figure 11(b) shows
Channel selection accuracy with the proposed CSRLR
compared to existing methods.
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Figure 11. (a) Packet loss rate due to collision with the Pus,
(b) channel selection accuracy with proposed Channel
Selection and Routing using Logistic Regression (CSRLR)

Figure 12 shows the test bed for CSRLR algorithm
implementation.

Table 5 shows the qualitative comparison of CSRLR with
existing algorithms in terms of performance, scalability,
robustness, security, and spectrum management. The proposed
CSRLR method demonstrates superior overall performance by
incorporating microclimatic-aware channel selection and
routing mechanisms.



Significant processing power and computational resources
are needed for EXGPCA. Its performance is modest since it
depends on how accurate the channel modeling is, although
CSRLR. By examining the combined interactions between
many aspects, it aids in the selection of the most pertinent
traits, resulting in good performance. In GPCSA, as the CR
network grows in size and complexity. In cognitive radio
networks, where data may be noisy or deformed, CSRLR is
robust to noise and can handle noisy data successfully, but the
GPCSA algorithm may have scalability issues in maintaining
its performance and efficiency. The computational cost of K-
Nearest Neighbors (KNN) increases with dataset size and
complexity. Its low efficiency when extrapolating to fresh,
unknown data is limited by its prediction-making. In contrast,
CSRLR can deal with dissimilar data, which is typical in
cognitive radio networks where certain classes may have a
disproportionately high number of instances compared to
others. Support Vector Machine (SVM) performs worse when
working with big datasets. The performance is influenced by
the regularization term and kernel choice, and it fails to
converge to the global minimum. On the other hand, non-
linear connections—which are frequent in cognitive radio
networks where there may be non-linear interactions between
features—can be efficiently handled by CSRLR. Additionally,

it can manage feature interactions well, which is typical in
cognitive radio networks where complicated feature
associations may exist. Furthermore, CSRLR can handle
imbalanced, high-dimensional, missing values, non-linear
relationships, interactions, flexibility, interpretability,
robustness to noise, and energy efficiency.

Figure 12. Test bed for Channel Selection and Routing using
Logistic Regression (CSRLR) algorithm implementation

Tables 6 and 7 show hyperparameter settings for proposed
algorithms and training and initialization parameters.

Table 5. Comparison of proposed Channel Selection and Routing using Logistic Regression (CSRLR) with other algorithms

Features EXGPCSA GPCSA KNN SVM  Proposed (CSRLR)
Performance Low Low Medium Low High
Scalability Low Low Low Medium High
Robustness Low Low Low Medium High
Handling Data Medium Low Low Low High
Security Low Medium Medium Low High
Efficiency Low Medium Medium Medium High
Accuracy Low Low Medium Medium High
Spectrum Management Medium Low Medium Low High

Note: KNN = K-Nearest Neighbors; SVM = Support Vector Machine.

Table 6. Hyperparameter settings for proposed algorithms

Algorithm Hyperparameter Value/Range Optimization Method
Learning Rate 0.001-0.1 Bayesian Optimization
RMR (Rule-based Bayesian Numbe'r of Initial I"oints 10 Bayes?an Opt%m%zat%on
Optimized Multiple Regression) Max1.m.u.m Iterathns >0 Bayesyan Op timization
P P & Acquisition Function Expected Improvement (EI) Bayesian Optimization
Cross-Validation Folds 5 Model Validation
Kernel Type RBF, Matern, Rational Quadratic Grid Search
RGR (Rule-based Grid Search Length Scale 0.1-10 Grid Search
Optimized Gaussian Process Noise Level (a) 105-10"" Grid Search
Regression) Grid Search Combinations 100 Grid Search
Cross-Validation Folds 5 Model Validation
Regularization Parameter (C) 0.01-100 Random Search
RLR (Rule-based Random Search Maximum Iterations 1000 Random Search
Optimized Logistic Regression) Solver Lbfgs Random Search
Number of Random Trials 50 Random Search
Cross-Validation Folds 5 Model Validation

Table 7. Training and initialization parameters

Parameter Value
Training Dataset Split 80%
Testing Dataset Split 20%
Random Seed 42
Convergence Criterion Validation loss change < 10
Maximum Optimization Iterations 50

Feature Inputs
Output Variable

Temperature, Humidity, Wind Speed, Solar Radiation, QoS Metrics
Optimal Channel/Routing Decision
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Table 8. Statistical analysis of Channel Selection and Routing using Logistic Regression (CSRLR) performance (95% confidence

level)

Metric GPCSA (Mean EXGPCSA (Mean  CSRLR (Mean 95% Confidence Interval t- D-
+ SD) + SD) + SD) (CSRLR) Value Value
Throughput (kbps) 850 + 245 780 = 283 1120+ 18.7 1110.8-1129.2 1284  <0.001
Delay (ms) 160 = 8.2 180+ 9.5 105+ 5.6 102.2-107.8 10.67  <0.001
Packet D‘E;]V)ery Ratio 902+ 1.8 88.5+2.1 971412 96.5-97.7 891  <0.001
Energy Efficiency (%) 80.1+2.7 76.4+32 923+1.9 91.4-93.2 948  <0.001
Channel Selection 894+23 86.7+2.9 98.2+0.9 97.8-98.6 1422 <0.001

Accuracy (%)

Table 9. Confidence interval and variability analysis of Channel Selection and Routing using Logistic Regression (CSRLR)

Metric Mean (%) Standard Deviation Standard Error 95% Confidence Interval
Throughput 96.8 1.4 0.44 95.9-97.7
PDR 98.1 0.9 0.28 97.5-98.7
Energy Efficiency 93.5 1.6 0.51 92.5-94.5
Delay Reduction 42.7 1.8 0.57 41.6-43.8
Accuracy 97.9 0.8 0.25 97.4-98.4

Here, to improve reproducibility, detailed hyperparameter
settings, optimization ranges, initialization points, and
convergence criteria for the proposed RMR, RGR, and RLR
algorithms have been added in Tables 6 and 7. These tables
provide the parameter search spaces, iteration limits,
validation strategy, and optimization settings used during
model training and evaluation.

Table 8 shows the statistical analysis of CSRLR
Performance (95% Confidence Level) with t-value and p-
value.

In Table 8:

Mean + SD: Average performance over multiple simulation
runs with standard deviation.

95% Confidence Interval (CI): Range within which the true
mean is expected to lie with 95% confidence.

t-value: Result of an independent two-sample t-test
comparing CSRLR against baseline methods.

p-value < 0.05 indicates statistically
improvement.

p-value < 0.001 indicates highly significant improvement.

To evaluate the statistical reliability of the results,
additional experiments were conducted over multiple
simulation runs. The mean, standard deviation, 95%
confidence intervals, and independent t-test results are
included. The obtained p-values (<0.001) confirm that the
improvements of CSRLR than existing methods such as
GPCSA and EXGPCSA.

Table 9 shows that, to assess the stability and statistical
significance of the proposed CSRLR algorithm, additional
statistical analyses were performed. Mean values, standard
deviations, standard errors, 95% confidence intervals, and
independent t-test results are presented. The low standard
deviations indicate stable performance across multiple runs,
while the obtained p-values (<0.001) confirm that the
improvements achieved by CSRLR over GPCSA and
EXGPCSA are statistically significant.

The CSRLR framework combines the Rule-Based Bayesian
Optimized Multiple Regression (RMR) model for channel
selection with the Rule-Based Random Search Optimized
Logistic Regression (RLR) model for routing. Several design
choices improve robustness in challenging environments:

*Bayesian optimization in RMR

Bayesian optimization is suited for problems with limited

significant
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data, which explores the parameter space and avoids excessive
model complexity. This reduces the risk of over fitting due to
a small number of microclimatic datasets.

*Rule-based decision filtering

The rule-based components in both RMR and RLR provide
an additional layer of robustness by incorporating domain
knowledge.

*Microclimatic feature integration

Instead of relying solely on instantaneous signal quality
measurements, CSRLR considers multiple microclimatic
features such as temperature, wind, humidity, and surface
conditions and improves resilience to fluctuations in single
measurement.

*Adaptive routing through RLR

The RLR routing model evaluates the MCD value of
neighboring nodes. If a node experiences unfavorable
microclimatic conditions, the routing process can select an
alternative path, maintain network connectivity, and reduce
retransmissions.

Throughput optimization under Rician fading improved
communication performance [52], while recursive distributed
filtering enhanced estimation accuracy over Rayleigh fading
channels [53]. Cooperative spectrum sensing and optimal
threshold-based methods further increased spectrum sensing
reliability in cognitive radio networks [54, 55]. Efficient
resource allocation and power optimization techniques also
improved network performance under fading conditions [56-
58]. In addition, deep learning approaches achieved high
accuracy in image restoration and signal classification tasks
[59, 60]. However, these methods primarily address individual
challenges and do not jointly consider microclimatic
conditions, channel selection, and adaptive routing. The
proposed CSRLR framework addresses these aspects
simultaneously, resulting in improved communication
reliability, spectrum utilization, and overall QoS in CR-WSNs.

5. CONCLUSIONS

In this paper, CSRLR, the joint interaction algorithm for
channel selection and routing in CRWSN, is proposed for
mitigation of microclimatic fading. CRWSN allocates the
spectrum to nodes for data transmission. Effective channel



selection is done by implementing the proposed RMR
algorithm for channel selection in each node. Once the channel
is selected, a dynamic and effective routing protocol using the
proposed RLR algorithm is implemented and selects a reliable
route from the source to the destination. The main factor to be
considered while finding the route is the mitigation of
microclimatic fading. As the microclimatic condition of a
particular area changes frequently, the value of MCD is
checked now and then to select a particular node. This
validation avoids packet loss, interference, and delay caused
by microclimatic fading in a particular area, results for reliable
network that is obtained through CSRLR. The performance of
the proposed CSRLR is evaluated using network metrics such
as throughput, delay, latency, packet delivery ratio, collision
rate, packets dropped, energy consumption, network
connectivity, and number of channel switches in CRWSN. The
results depict that the proposed CSRLR method outperforms
traditional channel selection algorithms and routing protocols.
The proposed CSRLR framework has improved the channel
selection accuracy, throughput, delay, and energy efficiency
under microclimatic fading conditions. The issues in the
proposed method are limited availability of large-scale
microclimatic datasets and rapidly changing environmental
conditions that may require frequent model updates.
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NOMENCLATURE

X input feature vector containing microclimatic and

QoS parameters
Y output class label (routing/channel decision), 0 or 1
P(y=1x) probability of successful channel selection/routing, 0—
1

Wi weight associated with the ith feature, real value

B bias term of Logistic Regression model, real value

V4 weighted sum of features before sigmoid activation,

real value

o(z) sigmoid activation function output, 0—1

T temperature measured at a node, °C

H relative humidity, %

w wind speed, m/s

SR solar shortwave radiation, W/m?

LST land surface temperature, °C

RSSI received Signal Strength Indicator, dBm

D end-to-end delay, Ms

TH throughput, Kbps

EE energy efficiency, %

MCD microclimatic Decision value, 0 or 1

Bo regression intercept coefficient, real value

B1...Bx regression coefficients of independent variables, real

value

Xi ith independent variable in regression model

Y predicted channel quality value

u(x) mean function of Gaussian Process Regression, real

value

k(x,x") covariance (kernel) function in GPR, real value

A noise variance parameter in GPR, real value

C regularization parameter of Logistic Regression, real

value

N number of sensor nodes in CRWSN, integer

Ch available communication channel, integer

PU primary user

SU secondary user
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