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Abstract
Heterogeneous network and device-to-device communication are two possible solutions for improving wireless
network spectral efficiency. Techniques based on the Internet of Things (IoT) can interact between a large
number of smart devices as well as heterogeneous networks. The goal of this study is to investigate proposed
quality of service-aware resource selection in an IoT network for healthcare data using a deep auto encoder
neural network with spectrum reuse utilizing mixed integer nonlinear programming (MINLP). The suggested
MINLP spectrum reuse was used to address the optimization problem, and the spectrum allocation was done
using fast Fourier transform based reinforcement Q-learning. Increased transmission repetitions have been
identified as a promising strategy for improving IoT coverage by up to 164 dB in terms of maximum coupling
loss for uplink transmissions, which is a significant improvement over traditional LTE technology, particularly
for serving customers in deep coverage. Based on a comparison of existing methodologies, the experimental
study is performed using parameters such as bit error rate of 40%, signal-to-interference plus noise ratio of
72%, sum rate of 88%, and spectral efficiency of 98%.
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1. Introduction
Information and communication technology is increasingly being used in the healthcare sector as part
of smart city infrastructure, with network technology serving as the foundation for data transmission and
reception. Anyone who owns a mobile device or a smart sensor understands how important wireless
communication has become in their daily lives. The fact that these devices and sensors are linked to a
data network alters our overall perception of the Internet. After all, they can automatically communicate
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data with one another without the need for human intervention, resulting in machine-to-machine (M2M)
traffic, also known as MTC [1]. As a result of recent advancements in communication and networking
applications, there is a tremendous demand for a next-generation communication paradigm. According
to global telecommunication market trends [2], wireless communication networks (WCNs) are becoming
one of the most important aspects in the deployment of the Internet of Things (IoT) paradigm. Deviceto-device (D2D) communication is a promising method for increasing the spectral efficiency of WCNs.
A heterogeneous network (HetNet), as depicted in Fig. 1, is composed of various tiers of networks with
varying cell sizes/footprints and/or radio access methods [3].

Fig. 1. Schematic representation of heterogeneous network (HetNet).
HetNets are a good way to increase system capacity; improve network coverage, service quality, and
fairness; and make it easier to integrate new types of networks, connectivity, and applications [4].
Furthermore, rather than providing best-effort services, the quality of service (QoS)-aware routing
method is used to provide differentiated data transmission services. The Internet Engineering Task Force
has developed three methods to ensure the QoS needs of applications are met during data transmission:
IntServ, DiffServ, and MPLS [4].
With the advancement of technology over the years, it is now possible to diagnose and monitor a
variety of diseases using small technologies such as smart watches. Furthermore, technological
advancements have transformed the healthcare system from a hospital-centric to a patient-centric one.
Because a large amount of data is collected/recorded from various sources, data storage and accessibility
are especially important in the IoT system. The data collected by the aforementioned sensing devices is
accessible to doctors, care providers, and other authorized individuals. The ability to share this data with
healthcare providers via cloud/server allows for faster patient diagnosis and, if necessary, medical action.
Users, patients, and the communication module must all work together to ensure effective and secure
transmission [5]. QoS is an important component in such systems, as are usage perspectives with regard
to ProSumers. IoT is one of the fastest-growing technique paradigms used in every industry, which is a
critical component in such systems and usage perspectives with regard to ProSumers. Most recent
research works on QoS in IoT have used machine learning (ML) approaches as one of the evaluating
methodologies for increased performance and solutions. ML and related methodologies have become a

Human-centric Computing and Information Sciences

Page 3 / 16

common trend and requirement across a wide range of technologies and domains, including open-source
frameworks, task-specific algorithms, and the application of artificial intelligence (AI) and ML methods.
The following is the research's contribution:
⚫
To improve cellular network coverage and capacity, allowing for a better customer experience, and
to collect healthcare data using the IoT.
⚫
To enhance spectrum reuse using mixed integer nonlinear programming (MINLP)-based fast
Fourier transform-based reinforcement Q-learning (FFT RQL).
⚫
To design a QoS-aware resource selection system based on a deep autoencoder neural network
(DAENN) that maximizes a weighted total rate while meeting minimum rate and transmission
power requirements.
The remainder of the paper is organized as follows: Section 2 provides a brief description of works
found in literature. Section 3 describes the proposed IoT-based network for QoS-aware resource selection
and spectrum reuse, as well as the network optimization model. Section 4 presents the results of the
simulation. Section 5 concludes the work and suggests a few improvements for the future.

2. Related Work
The IoT generates large amounts of unstructured data from a variety of applications, such as smartconnected health [6–12], disease detection [13–15], Internet of Health Things (IoHT) [16, 17] and so
forth. The IoHT has brought about a widespread acceptance of IoT devices in our daily healthcare system.
Healthcare data connected with IoT devices over networks generate a massive amount of unstructured
data, which is quite impossible to process with traditional ML techniques. Thus, the importance of AIpowered IoT technologies for healthcare services is being regarded as one of the next-generation
network's killer applications. However, owing to security flaws, an unauthorized person might get access
to health-related data or operate IoT nodes linked to the patient's body, leading to adversarial and other
security effects [18–20].
A large number of studies on two-/multi-tier HetNets have been conducted with the goal of optimizing
user association, as well as research on energy-significant channel assignment and spectrum allocation
for homogeneous cellular networks [21]. A user association and interference management strategy that
maximizes the sum utility of average achievable rates was presented [22]. The authors of [23] proposed
a game-theoretic approach (GTA) for defining a throughput-maximizing user association problem. In
[24], the author proposed a general paradigm for combined resource partitioning and offloading on a twotier HetNet. They figured out the best way to increase the number of cell edge users. Their research,
however, did not take into account QoS requirements. Authors in [25] described a downlink HetNet cell
association as well as a resource allocation method for balancing network traffic. They also developed a
distributed method but did not consider the QoS requirements [26]. A comprehensive evaluation of LTE
uplink schedulers for M2M devices is provided in research [27].
According to the authors of this study, there are three major types of existing schedulers. Power-saving
schedulers are designed to reduce power consumption in M2M devices [28]. Multi-hop schedulers and
QoS-based schedulers [29, 30] are intended to provide QoS processing for various M2M applications. A
QoS hybrid uplink scheduler [31] is presented in order to reduce the number of base station (BS) while
improving system performance by increasing coverage area. Authors in [32] proposed a hybrid
scheduling approach for a HetNet that uses human to human (H2H) and M2M communications. In their
study, the authors proposed a cluster-based group paging (CBGP) technique for reducing congestion in
mMTC settings [33]. Authors in [34] investigated sum-rate optimization for D2D and cellular links, as
well as resource allocation (RA) and interference management issues in D2D communication
underpinning cellular networks. A centralized spectrum allocation approach was developed in [35] to
maximize system throughput while ensuring QoS of both cellular users (CUs) and D2D pairs. In [36], a
coalitional game strategy is used to solve the joint mode selection and RA problems. A cyber-physical
approach to health monitoring management had previously been proposed in [37].
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A distributed deep learning-based healthcare framework is proposed in [15] that uses network functions
virtualization. Using the dynamic voltage and frequency scaling method, [20] proposed a method known
as multiagent deep Q-network with coral reefs optimization, which combines the coral reefs optimization
method with the multiagent deep Q-network to minimize the energy consumption of data centers and
cloud resources. To perform automatic optimal RA, the author of [38] proposed a new framework that
employs a combinatory method based on reactive as well as proactive scaling that is sensitive to previous
and present fluctuations. The authors in [39] construct encrypted data classifiers based on dubbed
DataNets techniques: multilayer perceptron, convolutional neural network, and stacked autoencoder
using an open data set containing over 200,000 encrypted data samples from 15 applications. A data
preprocessing system is provided to process raw data packets and tested data sets in order to develop
DataNets. The study in [40] focuses on the use of DL to improve human activity recognition (HAR) in
IoHT situations. A semi-supervised DL framework is created and built for more accurate HAR, which
efficiently uses and analyzes weakly labelled sensor data to train classifier learning models.
According to our review of state-of-the-art methods, the two main problems that the research
community must address to propose a suitable solution for the services selection issue are identifying
techniques used to design an appropriate IoT environment and determining methodology used to
implement proposed solution. A third critical criterion is an evaluation stage for determining the
efficiency and efficacy of the proposed solution. When the number of people and devices increases, or
when multicellular situations are taken into account, these methodologies and approaches face
challenges. Furthermore, IoT solutions receive and generate massive amounts of data that standard QoS
assurance methods are incapable of handling, particularly when it comes to extracting relevant features
from this data. To improve and ensure QoS in the IoT, DL methods are proposed as a possible candidate
for addressing and handling the aforementioned issues.

3. System Model
This section discusses the proposed model of an IoT-based network for QoS-aware resource selection
and spectrum reuse with network optimization using a DAENN and MINLP integrated with FFT RQL.
Fig. 2 depicts the overall proposed model.

Fig. 2. Overall proposed model.
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3.1 Proposed Model in QoS-Aware Resource Selection using DAENN
First train an autoencoder for a DAENN by recreating raw data in relation matrix B and getting a hidden
layer H1∈R (N × t1). Then H1 is used as the next autoencoder's input. The rest of layers are completed in
the same way. The DAENN's architecture is depicted in Fig. 3.

(a)

(b)

Fig. 3. Deep autoencoder neural network (DAENN) operations:
(a) forward feature abstraction and (b) backward error feedback.
Consider a training set with {𝑥1 , 𝑥 2 , … , 𝑥 𝑛 } training data and 𝑥 𝑖 ∈ ℝ𝑛 for each training data. For 𝑖 ∈
{1,2, … , 𝑛}, the autoencoder objective is 𝑦 𝑖 = 𝑥 𝑖 , which means that the network's output will be equal to
its input. With this objective function in mind, the autoencoder attempts to learn a compressed
representation of the dataset, i.e., it learns the identity function 𝐹𝑊,𝑏 (𝑥) ≃ 𝑥, where W and b are the entire
network’s weights and bias vectors [41].
Forward feature abstraction: Assume that the DL network has N layers. The output of the jth node in
layer I, abbreviated as𝑛𝑖𝑗 , is obtained in two phases. To begin, node 𝑛𝑖𝑗 computes a weighted sum of all
of its inputs, which is indicated by 𝑧𝑖𝑗 . The output 𝑦𝑖𝑗 of node 𝑛𝑖𝑗 is then obtained by sending 𝑧𝑖𝑗 to a
nonlinear function f() given by Equation (1).
𝐿

𝑖
𝑖−1
𝑧𝑖𝑗 = ∑𝑘=1
𝑤𝑘𝑗
, 𝑦𝑖𝑗 = 𝑓(𝑧𝑖𝑗 )

(1)

𝑖
where 𝑤𝑘𝑗
is the weight from node 𝑛𝑖−1,𝑘 to node 𝑛𝑖−1,𝑗 , and 𝐿𝑖−1 is the layer𝑖−1 node count.

Backward error feedback: Starting weights are either random or empirical. These weight values are
altered via a backward error feedback approach to increase the accuracy of the learning system’s final
output. The error derivative for a node in the deepest layer, say node 𝑛𝑁𝑗, , is 𝑦𝑁𝑗, 𝑡𝑁𝑗 where 𝑦𝑁𝑗, and 𝑡𝑁𝑗
are generated as well as correct outputs, respectively. The error derivative of the lower layer link is then
calculated using Equation (2).
∂𝐸
∂𝐸 ∂𝑦𝑁𝑗
=
∂𝑧𝑁𝑗 ∂𝑦𝑁𝑗 ∂𝑧𝑁𝑗
where ∂𝐸/ ∂𝑦𝑁𝑗 = 𝑦𝑁𝑗 − 𝑡𝑁𝑗 and 𝑗 = 1,2, ⋯ , 𝐿𝑁 .
3.1.1 Encoding

(2)
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Encoding is the process of utilizing the mapping function 𝑓𝜃 to transform a pre-completed user vector
x0 to hidden feature vector (HFV) h. An affine transformation follows the nonlinear transformation using
Equation (3).
ℎ = 𝑓𝜃 (𝑥 ′ ) = 𝑠(𝑊1 × 𝑥 ′ + 𝑏1 )

(3)

where pre-completed user vector x0 has a dimension of d, and HFV h has a dimension of d0. The parameter
set is θ = W1, b1, where W1 is a d0×d matrix and b1 is an offset vector with d0 dimensions.
3.1.2 Decoding
Using the mapping function 𝑔𝜃′ , decoding is the process of turning an HFV into a d-dimensional
reassembled user vector y. After an affine transformation, a nonlinear transformation is usually utilized
using Equation (4).
𝑦 = 𝑔𝜃′ (ℎ) = 𝑠(𝑊2 × ℎ + 𝑏2 )

(4)

The autoencoder's is to reduce the reconstructed error between the pre-completed user vector x0 and
the recreated vector y; hence the goal of autoencoder training is to discover the best parameters θ and θ,
0 to reduce the recreated error in the training set. To calculate the reconstructed error, utilize the squared
error function 𝐸(𝑥, 𝑦) =∥ 𝑥 − 𝑦 ∥2 using Equation (5).
𝜆
𝜆
2
2
2
′
𝐽𝜃,𝜃′ = ∑𝑚
𝑢=1 ∥𝑥𝑢 − 𝑦𝑢 ∥2 + ∥W1 ∥2 + ∥W2 ∥2
2
2

(5)

where vector 𝑥𝑢 is the user u's pre-completed user vector, vector 𝑦𝑢 is the user u's rebuilt user vector, and
λ is a regularization parameter by Equation (6).
ℎ𝑖 = 𝑓(𝑚𝑖 ) = 𝑠(𝑊𝐻 𝑚𝑖 + 𝑑𝐻 )

(6)

𝑊𝐻 ∈ 𝑅𝑁×𝑑 and 𝑑𝐻 ∈ 𝑅𝑁×1 are the weights of the coding layer and bias vector, respectively and s() is
a nonlinear mapping function using Equation (7).
𝑜𝑖 = 𝑔(ℎ𝑖 ) = 𝑠(𝑊𝑂 ℎ𝑖 + 𝑑𝑂 )

(7)

where 𝑊𝑂 ∈ 𝑅𝑁×𝑑 , and 𝑑𝑂 ∈ 𝑅𝑁×1 are the weights of the decoding layer and the bias vector, respectively.
The main purpose of an autoencoder is to investigate condition of a parameter = {𝑊𝐻 , 𝑑𝐻 , 𝑊𝑂 , 𝑑𝑂 }, (𝜌ˆ𝑗 )
which will rebuild the original data in order to minimize raw data M and recreate deviation within data
O. Fig. 4 depicts the DAENN architecture with the encoder and decoder.

Fig. 4. Deep autoencoder neural network (DAENN) architecture with encoder and decoder.
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̅ = {0}𝑇×𝑑 , halted
The following linear approximation of Ψ 𝑇 is obtained by using Taylor's theorem at 𝒳
st
to 1 order using Equation (8):
̅ ) + ∇Ψ𝑘𝑇 (𝒳
̅ )[𝒳 − 𝒳
̅]
Ψ𝑘𝑇 (𝒳) ≈ Ψ𝑘𝑇 (𝒳
̅) = [
∇Ψ𝑘𝑇 (𝒳

̅ ) ∂Ψ𝑘𝑇 (𝒳
̅)
̅)
∂Ψ𝑘𝑇 (𝒳
∂Ψ𝑘𝑇 (𝒳
,
,…,
]
(1)
(2)
(𝑇)
∂𝑥
∂𝑥
∂𝑥
𝑇

(8)

̅)
∂Ψ𝑘𝑇 (𝒳
𝑥 (𝑡)
(𝑡)
∂𝑥

Ψ𝑘𝑇 (𝒳) ≈ ∑
𝑡=1

Since 𝑥 (𝑡) is a 𝑑-dimensional column-vector, it gives Equations (9) and Equation (10):
𝑇

𝑦𝑘𝑇

=

Ψ𝑘𝑇 (𝒳)

𝑑

̅)
∂Ψ𝑘𝑇 (𝒳

≈∑ ∑
𝑡=1 𝑢=1

𝑟

𝑇

𝑑

̅)
∂Ψ𝑘𝑇 (𝒳

ℎ𝑙 = 𝜎 (∑ 𝑤𝑙𝑘 ∑ ∑
𝑘=1

(𝑡)
∂𝑥𝑢

(𝑡)
∂𝑥𝑢

𝑡=1 𝑢=1

(𝑡)

𝑥𝑢

(9)

(𝑡)

(10)

𝑥𝑢 + 𝑏𝑙 )

The above can be expressed as Equations (11) and (12):
𝑟

(1)

𝑑

ℎ𝑙 = 𝜎 ∑ [∑
𝑘=1

𝑑

̅)
∂Ψ𝑘𝑇 (𝒳

𝑤𝑙𝑘 + ⋯ + ∑

(1)
∂𝑥
𝑢=1 ⏟ 𝑢

𝑢=1

̅)
∂Ψ𝑘𝑇 (𝒳
(𝑇)

⏟∂𝑥𝑢

(1)

(

(𝑇)

𝑤𝑙𝑢

Ψ𝑘𝑇 (𝒴) ≈ Ψ𝑘𝑇 (𝒴̅ ) + ∇Ψ𝑘𝑇 (𝒴̅ )[𝒴 − 𝒴̅ ] =

𝑇

𝑑′

≈∑ ∑

)

𝑤𝑢
𝑑′

𝑇

Ψ𝑘𝑇 (𝒳)

𝑤𝑙𝑘 ] + 𝑏𝑙

∂Ψ𝑘𝑇 (𝒴̅𝑢 )
(𝑡)

∂𝒴𝑢

𝑡=1 𝑢=1

𝑁𝑓

(11)

∂Ψ𝑘𝑇 (𝒴̅𝑢 ) (𝑡)
∑ ∑
𝒴𝑢
(𝑡)
∂𝒴𝑢
𝑡=1 𝑢=1
𝑎

𝑏
𝑓

(𝑡)

(12)

𝑓

(𝑡)

(13)

∑ ∑ ∑ 𝐾𝑝𝑞 𝑥𝜑(𝑢)
𝑓=1 𝑝=1 𝑞=1

Thus, providing Equations (13) and (14):
𝑟

𝑇

𝑑′

ℎ𝑙 = 𝜎 (∑ 𝑤𝑙𝑘 ∑ ∑
𝑘=1

𝑡=1 𝑢=1

∂Ψ𝑘𝑇 (𝒴̅𝑢 )
(𝑡)

∂𝒴𝑢

𝑁𝑓

𝑎

𝑏

∑ ∑ ∑ 𝐾𝑝𝑞 𝑥𝜑(𝑢) + 𝑏𝑙 )
𝑓=1 𝑝=1 𝑞=1

with
𝑁𝑓
′
𝑤𝑙𝑢

𝑎

𝑏
𝑓

(14)

𝐴𝐸
= ∑ ∑ ∑ 𝐾𝑝𝑞 𝑤𝑙𝑢
𝑓=1 𝑝=1 𝑞=1

′

(𝑡)
(𝑡)
̅=
Let 𝒳 (𝑡) = (𝑥𝜑(1) , … , 𝑥𝜑(𝑑 ′ ) ) be a column-vector of input at time-stamp 𝑡 , and considering 𝒳
𝐴𝐸(𝑡)

(0, … ,0)′ , 𝑏𝑙

𝐴𝐸(𝑡)

= 0∀𝑡 ∈ {1, … , 𝑇}, Taylor expansion of ℎ𝑙

yields Equation (15):
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𝑑′

𝐴𝐸(𝑡)
ℎ𝑙

≈

𝐴𝐸(𝑡)
̅)
ℎ𝑙
(𝒳

+

𝐴𝐸(𝑡) (𝑡)
∇ℎ𝑙
𝒳

𝐴𝐸(𝑡)

𝑑′

̅ ) (𝑡)
1
∂ℎ𝑙
(𝒳
1
′ (𝑡)
= +∑
𝑥𝜑(𝑢) = + ∑ 𝑤𝑙𝑢
𝑥𝜑(𝑢)
(𝑡)
2
2
∂𝑥
𝜑(𝑢)
𝑢=1
𝑢=1

(15)

3.1.3 QoS prediction
Choose related K users as well as services for QoS forecast after computing similarity between users
and services as shown in Algorithm 1. Prediction value is as follows on the user side by Equation (16).
𝑈
𝑞ˆ𝑢,𝑖
=

∑𝑣∈𝑁𝑆𝑢 ∩𝑁𝑖 𝑆𝑢,𝑣 ⋅ 𝑞𝑣,𝑖
∑𝑣∈𝑁𝑆𝑢 ∩𝑁𝑖 𝑆𝑢,𝑣

(16)

where 𝑁𝑆𝑢 is the set of users as well as neighbor’s, and 𝑆𝑢,𝑣 denotes similarity between users u and v. In
initial user-service invocation matrix R0, qu,i denote the QoS value, and Ni indicates the users who have
called service i. The prediction value is computed as follows on the service side using Equation (17).
𝑆
𝑞ˆ𝑢,𝑖
=

∑𝑗∈𝑁𝑆𝑖∩𝑁𝑢 𝑆𝑖,𝑗 ⋅ 𝑞𝑢,𝑗
∑𝑗∈𝑁𝑆𝑖 ∩𝑁𝑢 𝑆𝑖,𝑗

(17)

Algorithm 1. Algorithm for QoS-aware resource allocation
1: Initialization:
𝐷m
𝐷𝑚1
𝑣 𝑢𝑡 = max {𝑓(𝑝𝑘,𝑚
)}, 𝑣 𝑙 = min {𝑓(𝑝𝑘,𝑚
)}.
𝑚∈ℳ𝑘

𝑚∈ℳ𝑘

2: repeat
3: 𝑣 ∗ = (𝑣 𝑢 + 𝑣 𝑙 )/2;
𝐷
4: Calculate 𝑝𝑘,𝑚
opt
𝐷 opt
6: 𝑝𝑘,𝑚 can be readily obtained.
𝐷
𝐷
7: if 𝑝𝑘,𝑚
opt = 𝑝thr
, ∀𝑚 ∈ ℳ𝑘 then
8: end if
𝐷
9: Evaluate total power ∑𝑚∈ℳ𝑘 𝑝𝑘,𝑚
opt;
𝐷
10: if ∑𝑚∈ℳ𝑘 𝑝𝑘,𝑚 > 𝑝𝑡
𝐷
11: 𝑣 ∗ = 𝑣𝑡ℎ𝑟
then
12: else
13: 𝑣 ∗ = 𝑣 ∗ ;
14: end if
15: until |𝑣 𝑢 − 𝑣 𝑙 | ≤ 𝜖
16: return 𝑣 ∗ , 𝑝𝑘𝐷 opt,∀𝑚 ∈ ℳ𝑘

3.2 Spectrum Reuses and Network Optimization by FFT_RQL
Discrete Fourier transform on a finite group, which is a particular instance of a FT on a locally compact
group, is evaluated by utilizing FFTs, which are low-complexity methods.
For group 𝐺 = ℝ𝑟 FT of a function ∣ 𝑎 ∈ L1 (ℝ𝑟 ) is the bounded, continuous function using Equation
(18).
𝑎̂(𝑦): = ∫ℝ𝑟 𝑎(𝑥)exp (−2𝜋𝑖𝑥 ∙ 𝑦)𝑑𝑥, 𝑦 ∈ ℝ𝑟 , where 𝑥 ∙ 𝑦: = 𝑥1 𝑦1 + ⋯ + 𝑥𝑟 𝑦𝑟

(18)

The Fourier inversion formula can be used if certain assumptions are met, such that it belongs to totally
integrals given using Equation (19).
𝑎(𝑥) = ∫ℝ𝑟 𝑎̂(𝑦)exp (+2𝜋𝑖𝑥 ∙ 𝑦)𝑑𝑦

(19)
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The map 𝑥 ↦ ⟨𝑥, 𝑦⟩: = exp (−2𝜋𝑖𝑥 ∙ 𝑦) for the fixed y is a character on Rr, i.e., a continuous group
homomorphism from Rr into circle group S1 : = {𝑧 ∈ ℂ; |𝑧| = 1}.
The least common multiple given by Equations (20) and (21).
exp (𝐺): = lcm (𝑑1 , ⋯ , 𝑑𝑟 ) With ℤexp (𝐺) = {𝑘 ∈ ℤ; 𝑘𝐺 = 0}

(20)

𝐾 𝑟 × 𝐾 𝑟 → 𝐾, 𝑥 ∙ 𝑦: = 𝑥1 𝑦1 + ⋯ + 𝑥𝑟 𝑦𝑟 For 𝑥 = (𝑥1 , ⋯ , 𝑥𝑟 )

(21)

′
̅̅̅′
̅̅̅′
Let 𝑔 = (𝑔
̅̅̅,
̅̅̅)
1 ⋯,𝑔
𝑟 = (𝑔1 , ⋯ , 𝑔𝑟 ) hence 𝑔𝜚 = 𝑔𝜚 + 𝑘𝜚 𝑑𝜚 , 𝑘𝜚 ∈ ℤ , for 𝜚 = 1, ⋯ , 𝑟 . But then by
Equation (22).

∑𝑟𝜚=1 𝑔𝜚′ ℎ𝜚

𝑑
𝑑𝑒

= ∑𝑟𝜚=1 𝑔𝜚 ℎ𝜚

𝑑
𝑑𝑒

+ ∑𝑟𝜚=1 𝑔𝜚 ℎ𝜚 𝑘𝜚 𝑑 ∈ ∑𝑟𝜚=1 𝑔𝜚 ℎ𝜚

∑𝑟𝜚=1 𝑔𝜚′ ℎ𝜚

𝑑
𝑑𝑒

+ ℤ𝑑, and hence

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
𝑑
𝑑
= ∑𝑟𝜚=1 𝑔𝜚 ℎ𝜚
= 𝑔 ∙ ℎ.
𝑑𝑒
𝑑𝑒

(22)
𝜚

Consider that (−) ∙ ℎ = 0. for 𝜚 = 1, ⋯ , 𝑟 let 𝛿𝜚 : = (0, ⋯ ,0, , 0, ⋯ ,0) represents analogue of
1

standard basis such that (𝑔
̅̅̅,
𝑔𝑟 = ∑𝑟𝜚=1 𝑔𝜚 𝛿𝜚 for all 𝑔 ∈ 𝐺. Then 𝑑 ∣ ℎ𝜚
1 ⋯ , ̅̅̅)

𝑑
𝑑𝑒

or 𝑑𝜚 ∣ ℎ𝜚 and ̅̅̅
ℎ𝜚 =

0inℤ/ℤ𝑑𝜚 , i.e., ℎ = 0.
Let 𝜑: 𝐺 → ℤ/ℤ𝑑 be any homomorphism. Equation 𝑑𝜚 𝛿𝜚 = 0 implies 𝑑𝜚 𝜑(𝛿𝜚 ) = 0 in ℤ/ℤ𝑑; hence
𝑑
̅̅̅̅̅̅
𝜑(𝛿𝜚 ) = ℎ𝜚 = 𝛿𝜚 ∙ ℎ, ℎ𝜚 ∈ ℤ and for 𝑔 ∈ 𝐺: 𝜑(𝑔) = 𝜑(∑𝑟𝜚=1 𝑔𝜚 𝛿𝜚 ) = ∑𝑟𝜚=1 𝑔𝜚 𝜑(𝛿𝜚 ) = ∑𝑟𝜚=1 𝑔𝜚 𝛿𝜚 ∙
𝑑𝑜

ℎ = (∑𝑟𝜚=1 𝑔𝜚 𝛿𝜚 ) ∙ ℎ = 𝑔 ∙ ℎ and𝜑 = (−) ∙ ℎ.
Using periodicity given by Equation (23),
N
X1 ( + 𝑘) =
2

N
−1
2

𝑁
(r +𝑘)
∑ x1 (r)𝑊N 2
2
r=0

N
−1
2

= ∑ 𝑥1 (r)𝑊Nr𝑘 = X1 (𝑘)

(23)

2

r=0

Consider that D2D pair k as well as CU m share the mth subcarrier. Task can be phrased as follows to
maximize the spectrum efficiency of k and m by Equations (24), and (25):
𝐶𝐷
𝐶
𝐷
𝐷
𝐷
𝐷
max 𝑅𝑘,𝑚
(𝑝𝑘,𝑚
) ≜ 𝑅𝑘,𝑚
(𝑝𝑘,𝑚
) + 𝑅𝑘,𝑚
(𝑝𝑘,𝑚
)

𝐷 ,𝑘,𝑚
𝑝𝑘,𝑚

𝐷
𝐷
𝐷𝐵
𝑝𝑘,𝑚
ℎ𝑘𝐷𝐷
𝑝𝑘,𝑚
ℎ𝑘,𝐵
𝐶𝐷
2 ≥
𝐶
𝜎02
𝑝𝑚 ℎ𝑘,𝑚 + 𝜎0
𝐶 𝐶𝐵
𝑝𝑚
ℎ𝑡𝑤,𝐵
𝐷
𝐷𝐵
C2: 𝑝𝑘,𝑚
ℎ𝑘,𝐵
≤ 𝐶
− 𝜎02
𝑅𝑚,𝑚𝑖𝑛

s.t. C1:

2
𝐷
𝐷
C3: 0 ≤ 𝑝𝑘,𝑚
≤ 𝑃thr
𝐷

𝐷
𝑝𝑘,𝑚
≜ {0,

+ 𝜎02
(24)

−1

𝐶 𝐶𝐷
𝜎02 (𝑝𝑚
ℎ𝑘,𝑚 + 𝜎02 )
𝐷𝐵
𝐶 ℎ𝐶𝐷 ℎ𝐷𝐵
𝜎02 (ℎ𝑘𝐷𝐷 − ℎ𝑘,𝐵
) − 𝑝𝑚
𝑘,𝑚 𝑘,𝐵

𝐷,𝑚
𝐷
𝑝𝑘,𝑚
≜ {𝑃thr
,

𝐶 𝐶𝐵
𝑝𝑚
ℎ𝑚,𝐵
𝐶

𝐷𝐵
ℎ𝑘,𝐵
(2𝑅𝑚 − 1)

−

𝜎02
𝐷𝐵 }
ℎ𝑘,𝐵

}
(25)

As the D2D-Tx k on the mth subcarrier’s minimum and extreme achievable powers, respectively,
𝐷max
𝐷min
𝐷max
≤ 𝑝𝑘,𝑚
𝑠hould be satisfied in most cases. If 𝑝𝑘,𝑚
> 𝑝𝑘,𝑚
, the D2D pair k and CU m cannot
exchange resources. Using Equations (26) and (27), we can get the following:
𝐷min
𝑝𝑘,𝑚
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max
𝐷

𝑝𝑘,𝑚 𝑘,𝑚

𝐷
𝐷
𝑈(𝑝𝑘,𝑚
) ≜ log 2 (𝑝𝑘,𝑚
𝐴1 + 𝐵1 )
𝐷
𝐶 𝐶𝐷
−log 2 (𝑝𝑚
ℎ𝑘,𝑚 + 𝜎02 ) + log 2 (𝑝𝑘,𝑚
𝐴2 + 𝐵2 )

(26)

𝐷
−log 2 (𝑝𝑘,𝑚
𝐴3 + 𝐵3 )

s.t.

{

𝐷,𝑚
𝑝𝑘,𝑚

≤

𝐷
𝑝𝑘,𝑚

𝐷,𝑚
≤ 𝑝𝑘,𝑚
𝐷
𝑝𝑘,𝑚
=

if
0

𝐷,𝑚
𝑝𝑘,𝑚

≤

𝐷,𝑚
𝑝𝑘,𝑚

otherwise,

𝐶 𝐶𝐷
𝐴1 = ℎ𝑘𝐷𝐷 , 𝐵1 = 𝑝𝑚
ℎ𝑘,𝑚 + 𝜎02 ,
𝐷𝐵
𝐴2 = 𝐴3 = ℎ𝑘,𝐵
′

(27)

𝐶 𝐶𝐵
𝐵2 = 𝑝𝑚
ℎ𝑚,𝐵 + 𝜎02 , 𝐵3 = 𝜎02 .
D
D
By taking the first order derivative of the 𝑈(𝑝𝑘,𝑚
) versus 𝑝𝑘,𝑚
and setting the derivative to given using
Equations (28), and (29).

∂𝑈
1
1
1
1
⋅(
+
−
)=0
𝐷 =
𝐵
𝐵
∂𝑝𝑘,𝑚 ln 2 𝑝𝐷 + 1 𝑝𝐷 + 2 𝑝𝐷 + 𝐵3
𝑘,𝑚
𝑘,𝑚
𝑘,𝑚
𝐴1
𝐴2
𝐴3

(28)

𝐷
𝐷
𝑝𝑘,𝑚
+ 𝐵𝑝𝑘,𝑚
+𝐶
=0
𝐵
𝐵
𝐵
𝐷
𝐷
𝐷
(𝑝𝑘,𝑚
+ 1 ) (𝑝𝑘,𝑚
+ 2 ) (𝑝𝑘,𝑚
+ 3)
𝐴1
𝐴2
𝐴3
𝐶 𝐶𝐷
𝐴1 = ℎ𝑘𝐷𝐷 , 𝐵1 = 𝑝𝑚
ℎ𝑘,𝑚 + 𝜎02 ,

(29)

𝐷𝐵
𝐴2 = 𝐴3 = ℎ𝑘,𝐵
′
𝐶 𝐶𝐵
𝐵2 = 𝑝𝑚
ℎ𝑚,𝐵 + 𝜎02 , 𝐵3 = 𝜎02 .

The central unit learns internal state vector w(t) based on subsequent updating criteria to get the best
access probability vector p* by Equations (30) and (31):
𝑤𝑘 (0)
𝑣𝑘 (𝑡 + 1)
𝐺𝑘 (𝑡)

1 − 𝑝𝑘 (0)
= ln (
),
𝑝𝑘 (0)
= 𝑤𝑘 (𝑡) + 𝛼(𝑡){𝑢(𝑡) − 𝑢‾(𝑡)}𝐺𝑘 (𝑡),
(−1)𝑎𝑘 (𝑡)+1
=
𝑎 (𝑡)+1 ,
1 + 𝑒 𝑤𝑘 (𝑡)(−1) 𝑘

𝑢(𝑡) = log 2 (1 + 𝛽) ⋅ ∑𝑘 𝟏𝛾𝑘 ≥𝛽 (𝐚(𝑡))
𝑢‾(𝑡 + 1) = (1 − 𝜆)𝑢‾(𝑡) + 𝜆𝑢(𝑡), where0 < 𝜆 ≤ 1,

(30)

(31)

where λ is the proportion of times value of utility function is applied in average utility function at t timeslot. The Algorithm 2 is given for spectrum reuse based on proposed network design. The baseline is
defined as the average utility function that allows for steady secondary network performance
improvement in the reinforcement learning technique.
a) Spectrum sensing: The central unit collects interference values during this time in order to calculate
the first access probability of STX signal transmitter. Central unit receives a measured aggregate
interference value from every sensor closest to each STX. Sensor-measured aggregate interference
is referred to as Sk.
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b) Initializing: The access probability and the internal state vector are both initialized by the central
unit. With the interference level Sk recorded by the kth sensors, the central unit defines the primary
access probability p(0) of STXs, where k = 1, 2,..., N.
c) Access probability learning: The central unit is in charge of controlling the transmission of STXs
throughout time steps t = 1, 2, 𝑇𝑙 . The central unit gathers transmission results of STXs after they
have been transmitted in order to determine the advantage of transmission of every STX.
d) Determining final access probability: Following the completion of the REINFORCE learning
procedure, the central unit calculates the final access probability of STXs 𝐩𝑙 as follows using
Equation (32):
𝐩𝑙 = 𝐩(𝑇𝑙 )

(32)

Algorithm 2. Spectrum reuse
Input:K, αt , γ2 , T, S, ϵ, θ Output: π, r(s, a; θ) Initialize Q(s, a) = 0, ∀s ∈ 𝒮 and a ∈ 𝒜, γt = 0.98, ϵ = 0.1 For every NBloT device do Randomly produce an initial state s1 = st Start replay memory buffer D For every time-slot t do Check
state-space 𝒮Choose action at = ϵ[arg max Q(st , a ∣ θ)]Endate target action-value function Q̂ ← Q End For
Output:π, r(s, a; θ)
StartQ(s, a) = 0, ∀s ∈ 𝒮 and a ∈ 𝒜,γt = 0.98, ϵ = 0.1
Randomly produce an initial state s1 = st
For each NB-CloT device do
Initialize replay memory buffer D
Monitor state-space 𝒮
For every time-slot t do…..
Choose action at = ϵ[arg maxa Q(st , a ∣ θ)]
Independently execute action and receive
If reject is true then
Replace at with a′
If at ≠ a′ then
Set s ′ = (st , at , st+1 ) and store transition(st , at , rt , s ′ ) in D
weights using θ′ ← L(θ) using (9)
Initialization:
Set Ck = ℳ, ∀k, ℳk = ∅, ∀k, Pkini = 0, ∀k. πk,m = 0, ∀k, m, Ω = ℳ;Find all optimum transmitting power of DU pD∗
k,m
D∗
and sum spectrum efficiency RCD
k,m (pk,m ) by solving optimization issue.
Repeat
D∗
(k ∗ , m∗ ) = argmax(k,m):k∈𝒦,m∈Ck RCD
k,m (pk,m );
ini
D∗
D
if Pk∗
+ pD∗
k∗,mx ≤ pthr and pk∗,mx > 0 then
∗

ini
ini
∗
Set πk∗,m∗ = 1; Pk∗
= Pk∗
+ pD
k,m∗ ℳk = ℳk ∪ {m };
Ω = Ω ∖ {m∗ }; Ck = Ck ∖ {m∗ }, ∀k ∈ 𝒦;
else
Ckx = Ckx ∖ {m∗ };
End if
until Ck is empty set, ∀k ∈ 𝒦
if Ω ≠ ∅ then
repeat
D∗
Determine(k ′ , m′ ) = argmax(k,m):k∈𝒦,m∈Ω RCD
k,m (pk,m );
D
D
C
if RDk′,m′ (pD
k′ ,m′ ) + R k′ ,m′ (pk′ ,m′ ) − R m′ > 0 then

Set πk′,m′ = 1;
ℳk′ = ℳk′ ∪ {m′ };
else
Ω = Ω ∖ {m′ };
end

4. Performance Analysis
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Consider a scenario consisting of M = 50 APs and K = 30 MSs uniformly distributed randomly within
a square of area of 11 km2. The experimental result is discussed and the parameters used for analysis are
bit error rate (BER), signal-to-interference plus noise ratio (SINR), sum rate and spectral efficiency based
on the comparative analysis with existing techniques.
Table 1 and Fig. 5 show a comparison of proposed and existing techniques for RA and spectrum
allocation based on the number of users. The parameters measured in this case are BER, SINR, sum rate,
and spectral efficiency. Based on the comparison above, the proposed technique obtained optimal results
with BER of 40%, SINR of 72%, sum rate of 88%, and spectral efficiency of 98%, while the existing
techniques GTA obtained BER of %, SINR of 73%, sum rate of 82%, spectral efficiency of 92.5%, and
CBGP obtained BER of 42% SINR of 72.5%, sum rate of 84%, and spectral efficiency of 93%. The
proposed technique yielded optimal results based on this parametric evaluation.
Table 1. Comparative analysis of proposed and existing techniques in resource selection and spectrum
allocation based on the number of users (unit: %)
Technique

SINR

Sum rate

Spectral efficiency

44

73

82

92.5

CBGP

42

72.5

84

93

DAENN_FFT-DQL

40

72

88

98

80
60
40
20
0

100

Values Obtained (%)

Values Obtained (%)

BER

GTA

BER
SINR

90
80
70

Sum rate
Spectral efficiency

Technique

Technique

(a)

(b)

Fig. 5. Comparative analysis of proposed and existing technique in resource selection and spectrum
allocation based on number of users: (a) BER and SINR, (b) sum rate and spectral efficiency.
Table 2 and Fig. 6 show a comparison of proposed and existing techniques for RA and spectrum
allocation based on cell number. Based on the comparison above, the proposed technique achieved
optimal results with BER of 45%, SINR of 76%, sum rate of 87%, and spectral efficiency of 97%, while
the existing techniques GTA obtained BER of 53%, SINR of 74%, sum rate of 85%, spectral efficiency
of 94% and CBGP obtained BER of 50%, SINR of 75%, sum rate of 86%, and spectral efficiency of
96%. The proposed technique yielded optimal results based on this parametric evaluation. Fig. 7 depicts
a summary of the overall comparison.
The proposed approach for healthcare IoTs reduced computing delay, communication latency, and
network latency, as well as network utilization and RAM consumption. The experimental results
demonstrated that the proposed strategy for latency minimization using FC was more efficient.
Table 2. Comparative analysis of proposed and existing techniques in resource selection and spectrum
allocation based on number of cells (unit: %)
Technique

BER

SINR

Sum rate

Spectral efficiency

GTA

53

74

85

94

CBGP

50

75

86

96

DAENN_FFT-DQL

45

76

87

97
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Spectral efficiency

Technique
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(b)

Fig. 6. Comparative analysis of the proposed and existing techniques in resource selection and
spectrum allocation based on number of cells: (a) BER and SINR, (b) sum rate and spectral efficiency.
120
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Spectral efficiency

20
0
For number of users

For number of cells

Fig. 7. Overall comparative analysis of proposed resource selection and
spectrum allocation techniques.

5. Conclusion
This study proposed a method for QoS-aware resource selection and spectrum reuse in heterogeneous
networks. The goal here is to improve the network coverage and capacity of cellular methods, enabling
an enhanced customer experience and collecting healthcare data via IoT. For IoT networks, MINLPbased FFT_RQL improves spectrum reuse. Then, we design QoS-aware resource selection using a
DAENN to improve the weighted sum rate while meeting lower rate requirements and transmission
power constraints for the IoT-based healthcare systems. The model is tested with and without prediction,
and the results show increased bandwidth and low energy consumption, which results in the desired QoS
in terms of bandwidth and energy utilization. According to the findings, the prediction model aids the
system in allocating required resources based on traffic, applications, and events, thereby improving
resource utilization and achieving the required QoS. The proposed technique yielded optimal results with
BER of 40%, SINR of 72%, sum rate of 88%, and spectral efficiency of 98%. The proposed technique
yielded optimal results based on this parametric evaluation. Analyze the dependability and security of
future healthcare IoT data using various cryptographic procedures and methodologies can be explored.
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