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Abstract—Multi-hop Device-to-Device (D2D) enabled relay net-
works are envisaged to be utilized by the Internet of Things
(IoT) and massive Machine Type Communication (mMTC) traffic
for the purpose of offloading data in Beyond Fifth Generation
(B5G) networks. The emerging challenge of spectrum scarcity
and overloading of cellular base stations can be addressed using
such relay nodes in terms of spectrum and energy efficiency. In
order to improve spectral efficiency, in this paper, we intend to
employ several frequency bands concurrently in the relay node
rather than the traditional concept of specifying one channel
on a specific band at a time. A deep learning-based predictive
channel selection method is leveraged to unravel the potential
challenges associated with the dynamic channel conditions in the
multi-band relay networks. For predicting the most appropriate
channel based on its quality, Signal-to-Interference-plus-Noise-
Ratio (SINR) is adopted as the metric, which is predicted by the
proposed Convolutional Neural Network (CNN) model. The best
modulation and coding rates of the predicted band are attained
in order to transmit the packets received from the source or
previous relay node to the successive relay node/destination. Two
proactive channel assignment strategies, referred to as controlled
and smart prediction schemes, are employed to exhibit the
performance of the shallow and deep-CNN models. The proposed
model is evaluated on multiple publicly available datasets from di-
verse network systems and compared with several machine/deep
learning methods. Our proposal leads to encouraging results for
proactively predicting the conditions of the channels and choosing
the most suitable ones in multi-band relay systems.

Index Terms—Internet of Things (IoT), Device-to-Device
(D2D), Beyond 5G (B5G) network, deep learning, Convolutional
Neural Network (CNN).

I. INTRODUCTION

In Beyond Fifth Generation (B5G) networks, wireless relay-

based communication technologies (e.g., Device-to-Device

(D2D) communications) are developing as a propitious tech-

nique in the era of Internet of Things (IoT) and massive
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Fig. 1: Our research focus compared to the traditional focus

for selecting the best channel of multi-band relay networks.

Machine Type Communication (mMTC) [1]–[5]. The legacy

cellular networks were initially employed to fulfill human-

driven services, and hence were unable to keep up with the

surging IoT/mMTC traffic. Various mobile devices, such as

user-smartphones, Unmanned Aerial Vehicles (UAVs) and so

forth, can be exploited as D2D nodes or relays [6], in order to

augment cellular base stations as represented in Fig. 1, which

does not require any additional transmission power [7]–[9].

Therefore, a greater coverage area can be attained to deploy

IoT devices over remote communities and a greater radius of

natural resources (e.g., forest, oil-rigs, energy supply lines,

and so forth). In such systems, it is vital to preserve channel

quality and minimize the delay and packet drop rate for a more

efficient spectrum and throughput. In the traditional data trans-

mission technique, namely Decode and Forward (DF) [10],

[11], data are encoded and forwarded from a source to

relay nodes where decoding and demodulation are performed

and re-encoded to pass to the succeeding relay/destination

node [12]. Nevertheless, this process of reception followed by

decoding, encoding, and forwarding at the relay node triggers

a considerable delay and high packet drop rate. Another

technique called Truncated Decode and Forward (TDF) was

proposed by one of the co-authors [13], that utilized multiple

bands for concurrent data reception and transmission over a

wireless network. The propositioned concept was such that,

while receiving data through one of the channels of the node,

data will be simultaneously transmitted to the following node

through another channel of the node. This paper justifies the

improvement of throughput by implementing a preemptive
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approach of predicting and then selecting the best channel

and band for data transmission in advance in multi-hop relay

systems offloading massive IoT traffic.

The prediction of network traffic flows and Channel State

Information (CSI) using Artificial Intelligence (AI) have been

heavily analyzed throughout the years [14]–[16]. However,

none of these systems have exploited the notion of predicting

optimal band/channel in a multi-band relay system, as shown

in Fig. 1 where each relay node employs miscellaneous

bands (e.g., 5GHz, 2.4GHz, and 920MHz). These stated relay

nodes are considered to be resource-constrained and, therefore,

are unable to train a complex deep learning model locally.

In order to solve this problem of the multi-band, multi-

channel prediction task with marginal error, we intend to

implement various pre-trained AI models [17]–[19] such as

Linear Regression (LR) [20], Auto Regression (AR) [21],

Artificial Neural Network (ANN) [22], and Convolutional

Neural Network (CNN) [23] with shallow and deep layers. In

the adopted shallow architecture and deep architecture for both

the ANN and CNN models, we employed one hidden layer

for the shallow construct, and multiple hidden layers (four

layers) for the deep construct. These pre-trained DL models

will be installed locally in the relay nodes to make precise

channel quality predictions. From the experimental results, it

is found that, among these models, shallow-CNN provided

the most promising outcome in predicting the best channel

for transmitting data in the resource-constrained relay nodes.

After an optimal channel is predicted in the relay node through

our distinct deep learning model, the modulation, coding rate,

and sending rate are acquired from the Modulation and Coding

Scheme (MCS) table, that are used to calculate the link rates.

The necessity for these data transfers is determined by first

transferring the header of the data frame to the relay node

followed by transfer of rest of the data based on a respective

decision. The data is then further forwarded to the destination

node from the relay node through another band. Since data is

being transferred simultaneously in this method, the delay is

minimized significantly, and thus this method performs better

than the conventional approach where data is transmitted only

after the reception of the entire data frame. The model is

validated using extensive computer-based simulations and real

datasets in order to ensure accuracy and efficacy.

The rest of the paper is constructed as follows. Sec. II

surveys the relevant research work. The proposed multi-band

network architecture is described in Sec. III. The following

Sec. IV describes the existing problems related to channel

selection in multi-band systems. Our proposed input represen-

tation and deep learning model are demonstrated in Sec. V.

Then, in the Sec. VI, the algorithmic analysis of the proposed

method is conducted. An illustrative example of how the

proposed model produces the output from the input through

different stages is manifested in Sec. VII. The performance

of our proposal is assessed in Sec. VIII and contrasted with

those of LR, and AR. Finally, Sec IX concludes the paper.

II. RELATED WORK

In this section, an extensive literature review has been

performed by assessing from the standpoint of two domains –

implementations of machine/deep learning models to predict

diverse parameters related to network condition and construc-

tions of various algorithms to improve spectral efficiency of

the overall scheduling process.

A. Wireless Network Condition Prediction Using AI models

An extensive survey conducted by Mao et al. [17] es-

tablished the significance and possibilities of deep learning

in numerous wireless network scenarios. AI techniques have

been utilized to predict network traffic efficiently. Predictors

from multiple classes, including classic time series, ANN

model-based, and wavelet transform-based predictors, have

been proved to be viable for predicting network traffic [24].

A deep learning architecture based on the deep belief network

is proposed for predicting network traffic in the wireless

mesh network [25]. In the wireless network domain, AI-based

models have also been exceptionally prevalent for predicting

link qualities and links susceptible to failure [26]–[28]. The

work in [29], evaluated the link quality using channel rank

measurement along with machine learning algorithms based on

the network’s Received Signal Strength Indicator (RSSI) and

Link Quality Indicator (LQI). Herath et al. [30] predicted a

successive series of signal strength data based on previous

time-slots using Recurrent Neural Networks (RNNs) such

as Long Short Term Memory (LSTM) and Gated Recurrent

Unit (GRU) models. The proposed models in [30] were

able to surpass baseline techniques like linear regression and

autoregression; however, their work assumed such complex

computations to be conducted at the base stations with ade-

quate computational resources. Therefore, the deep learning

prediction can be further enhanced for light-weight real-time

predictive channel assignment by transferring to resource-

constrained relay nodes.

B. Multi-Band Scheduling Over Relay Networks

In a prior study conducted by one of the coauthors’ [13], the

spectral efficiency in a multi-band relay transmission scenario

was heightened while keeping the end-to-end communication

delay minimal. A TDF method was integrated at the relay

node instead of the traditional DF method to perform demod-

ulation, de-interleaving, de-puncturing, and Viterbi decoding.

To evaluate the channel quality, Signal-to-Noise-Ratio (SNR)

was considered for each channel, and an MCS table was

used in addition to calculating the transmission duration and

the channel with lowest transmission time was selected for

data transfer. In an extension to the work [31], the Signal-

to-Interference-plus-Noise-Ratio (SINR) was assumed while

selecting the channel in addition to a finite buffer size at the

relay node. Moreover, the impact of physical proximity and

channel conditions upon the interface of a multi-band system

in order to improve the efficiency was stated in [32].

The research works stated above reveals a significant gap

in the realms of channel selection and channel assignment

in wireless systems. Therefore, it can be established that the

prevailing studies have not explicitly explored the problem of

multi-band channel prediction in relay networks for proactive

assignment.
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III. PROPOSED SYSTEM MODEL

In this section, we discuss the multi-hop, multi-band net-

work architecture, and transmission model that has been

regarded in this paper.

A. Network Topology

The relay network topology is represented as a cohesive

cellular-D2D system containing a set of N transmitter-receiver

(Tx-Rx) pairs. The Tx-Rx pair can contain different config-

urations as follows: (i) a source node S, such as an IoT

device, that transfers its collected data to a mobile User

Equipment (UE) (e.g., an energy and performance constrained

user-smartphone); (ii) a D2D relay node R that transmits data

to the succeeding node; and (iii) A D2D Rx node also called

destination node D (such as cellular gateway or base station),

that receives data from a D2D relay node. The Tx-Rx pair

can communicate over links having L frequency bands with a

finite number of channels C. The regarded network topology’s

routing matrix can be stated as R = [rnlc] ∈ {0, 1}{N×L×C}.

If the data is routed across band l and channel c between

nodes, the element rnlc equals 1; otherwise, it is 0. In order

to improve throughput of this whole architecture to perform

improved scheduling, the channel quality qC should be de-

tected precisely. To perform a predictive channel assignment

system, the ground truth, i.e., the channel quality in terms of

SINR, can be established by the following formulation:

SINR = 10log10
PS

(PI + PN )
, (1)

where PS , PI , and PN denote the desired signal power,

interference signal power, and noise power, respectively. PS

is measured as follows.

PS = PT (
v

4πdl
)2, (2)

where PT , v, d, and l denote the transmission power, the

velocity of light and the distance between the Tx-Rx pair

and the frequency band of the currently assigned channel,

respectively.

In addition to that, the interference signal power PI is

computed as follows.

PI =

∫

ω

PT (
v

4πdl
)2 nI ∗ ρ(x, y)dS, (3)

where dS indicates an infinitesimal area (i.e., the communica-

tion range) in the circles centered both at the Tx and Rx nodes

given by ω; ρ(x, y) denotes the probability density function of

the interfering nodes in the communication area of the Tx-Rx

pair; and nI represents the total number of nodes distributed

around the Tx-Rx pair. For each channel c on each band l, a

separate nI value needs to be considered.

B. Packet Transmission Model

A TDF model was considered to carry out packet transmis-

sion, that employs multiple channels for simultaneous data

transfer from source to destination node using (N -2) relay

nodes. In order to comprehend the necessity of relay node

transmission, the header of the data block is forwarded to

the subsequent relay node initially. If a successful header

transmission occurs, the rest of the data is also forwarded to

the relay node. The link rate Lr of the links between the

source and relay (S-R), and relay to destination (R-D), can be

calculated as follows:

Lr = smrc, (4)

where s, m, and rc denote the symbol rate, symbol density,

and coding rate, respectively. s can be calculated as follows.

s =
W

1 +B
, (5)

where W and B represent the roll-off rate and bandwidth,

respectively. Next, m is calculated as:

m = log2 M, (6)

where M denotes the number of waveforms on which the

binary digits are mapped. Additionally, the transmission time

of header Th, and data from source to relay TS−R and relay

to destination TR−D for each channel is calculated based on

the data size Sd. In other words,

Th =
Sd

Lr

(7)

IV. PROBLEM STATEMENT

This section discusses the traditional optimization-based

approaches employed in the literature and the challenges

related to optimal channel selection in dynamic network

conditions in the multi-band relay system, in a resource-

constrained manner. A communication method comparable

to that of [33] recognizes the channel selection problem in

multi-band systems as Mixed Integer Non-Linear Program-

ming (MINLP) optimization problem. This communication

architecture computes such a problem by relaxing the NP-

hard problem into Master Problems (MPs) and forming a

column generation-based procedure to determine the MPs in

the multi-radio base stations, considering they have adequate

computational resources. However, a centralized server re-

quires substantial processing power and memory or a powerful

Software Defined Network (SDN) controller in order to solve

such an optimization problem. Therefore, to address this issue,

the computations should be performed locally, in a light-

weight manner at the resource-constrained relay node. Hence,

our system model in (Section III) took into account such

resource-constrained relay nodes that are unable to solve the

optimization problem locally in dynamic network conditions

such as varying network traffic, data size, the various distances

among the relay nodes, etc. The problem can be defined as

utilizing a string of past data for Tw time steps, which can be

represented as, XT = {x}T
T−(Tw−1), based on measures like

SINR, SNR, CSI or RSSI, in order to predict the next few

time steps Pw, i.e., YT = {y}T+Pw

T+1 . Such inferencing task for

channel quality prediction is expected to be performed in the

resource-constrained relay nodes averting the heavy computa-

tions. Thus, the channel assignment time can be considerably

reduced along with the improvement of throughput for the

whole data transmission architecture as potential packet loss

at the relay node can be averted. In the following section,
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Fig. 2: Proposed CNN-based training and inference model.

we fathom a sustainable deep learning-based solution to the

problem mentioned above.

Algorithm 1: Predict Channel Quality (Features).

Input : Various features (f ) of signal strength with

time

Output: Quality of a particular channel

1 Choose the best values for all the hyperparameters

(i.e., k, SF and Ω), based on experimental results

from the considered corresponding values set

2 Scale and pass f through input layer and forward to

hidden layers

3 Forward the sum of hidden layers through Ω followed

by sub-sampling operation

4 Extract new features in the convolutional layers and

forward to fully connected layer

5 Predict qC in output layer

V. PROPOSED DEEP LEARNING-BASED ALGORITHM

This section presents a deep learning-based approach as a

solution to the problem stated in Section IV. In this approach,

the model is first trained in a centralized network with avail-

able traffic datasets containing channel conditions and other

network signal measures. For various bands, the trained model

in intended to correctly predict the channel quality (qC) in

advance. At each relay node, the pre-trained channel inference

model is then transported. The proposed deep learning-based

CNN model is depicted in Fig. 2. Here, the number of hidden

layers used to construct the model is represented by k. Each

hidden layer consists of a 1-D (one-dimensional) convolution

layer, a regularization layer (i.e., dropout), and a 1D Max

pooling layer. The 1-D convolution layers have an initial filter

size of SF in the first layer and Sigmoid as activation function,

Ω [17]. We have used a dropout layer as the regularization

method, with a rate of α to avoid overfitting during the training

phase [34]. Afterward, the 1-D max pooling layer is added,

which reduces the feature size and decreases the computational

cost requirement of the model [35]. The channel prediction

model utilizes the past signal data in a sliding window of

Tw size in order to predict the channel quality of the next

Pw steps. The window is slid further Pw steps in order

to predict the channel quality of the next time frame. Two

strategies are exploited by the model in order to forecast the

channel quality, which are: (i) controlled prediction, and

ii) smart prediction. The controlled prediction strategy

operates by choosing the actual signal strength features as

the input of the deep-learning model rather than the newly

predicted value. A speedier convergence can be achieved with

this strategy; however, due to the lack of accessibility of the

previous data during prediction in the test dataset, the model

experiences difficulties with generalization. Alternatively, the

smart prediction strategy offers a prediction of future time

steps based on the newly predicted values. Thus, the prediction

error can be minimized through this online learning. To

measure the performance of the model in the test window,

we have employed Root Mean Square Error (RMSE) [36] as

an error measurement method to find the difference between

the predicted value (Vp) and the actual value (Va) as calculated

below employing Eq. 8.

RMSE =

√

√

√

√

1

Pw

Pw
∑

i=1

(Va − Vp)2. (8)

Algorithm 2: Predictive channel assignment of each

relay node.

Output: Optimal channel to be assigned to outgoing

link of the relay node.

1 for Each band do

2 for All available channels do

3 QC+ = Invoke algo. 1 to obtain qC
4 end

5 Sort values in QC of each band from best to worst

6 The coding rate of best channel rc is collected

from MCS table (Table I)

7 Compute Link rate Lr using Eq. (4)

8 Calculate TS−R, Th and TR−D using Eq. (7)

9 end

10 while TS−R > TR−D + Th do

11 Select min(Th + TR−D − TS−R) such that

(Th + TR−D − TS−R) > 0
12 end

The deep learning-based CNN model to predict the qual-

ity of the channel is described in Algorithm 1. The signal

strength parameters such as band-specific channel quality

measurements of the channels in the training window Tw (e.g.,

SINR measured by Eq. 1 or others such as RSSI, CSI) along

with other features such as energy information, packet loss,

throughput, delay are passed to the deep learning-based model.

The best value for hyperparameters, such as the number of

hidden layers (k), activation function (Ω), and size of the filter

(SF ) are chosen after hyperparameter tuning. The features

are passed through input layers to the hidden layers where

a sequence of convolutions is performed. TheF sum of the

convolutions is forwarded through activation function and a

sub-sampling operation is performed after that. New features

are extracted from the layers and the features are forwarded to

fully connected layer where the output, i.e., the channel quality
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TABLE I: Considered Modulation and Coding Scheme (MCS)

[13].

SINR Modulation Scheme m rc

SINR ≤ 2 No Tx 0 0

2 <SINR ≤ 5 BPSK 1 1/2

5 <SINR ≤ 9 QPSK 2 1/2

9 <SINR ≤ 11 QPSK 2 3/4

11 <SINR ≤ 15 16QAM 4 1/2

15 <SINR ≤ 18 16QAM 4 2/3

18 <SINR ≤ 20 16QAM 4 3/4

20 <SINR ≤ 25 64QAM 6 2/3

25 <SINR 64QAM 6 3/4

(qC) is predicted for prediction window Pw. The channel

quality is then used to perform scheduling using the optimal

channel as shown in Algorithm 2. A vector of channel quality

QC for all the channels in each band is predicted using the

adopted CNN model. The vector elements are then sorted

according to their respective channel quality values, and thus,

the best channel is selected. Subsequently, the selected channel

is used to find the coding rate rc from MCS table (Table I).

The link rate and transmission time of the channels are then

computed as per Eq. 4 and Eq. 7, respectively. The channel

where the transmission time of source to relay is larger than

that of relay to destination is thus selected in advance. If the

condition is not satisfied, the algorithm will look for another

channel that fulfills the specified condition.

VI. ALGORITHMIC ANALYSIS

In this section, we investigate the algorithm’s computational

complexity and the time cost to run the proposed deep

learning-based channel quality estimator for multiple bands.

The analysis essentially centers around the algorithm com-

plexity in the training phase and running phase via calculating

the frequency of each operation (e.g., addition, subtraction,

multiplication, division, and square root, etc.). The time cost

of every procedure is denoted by ADD, SUB, MUL, DIV,

and SQRT to precisely express the complexity. We analyze

the training and prediction steps’ complexity of the proposed

model in terms of the number of different operations required

by various steps of the algorithm. The outcomes from the

complexity analysis are further explored in the performance

evaluation section (Sec. VIII) for conducting a numerical

analysis of the proposed model to manifest results in terms

of processing time, throughput, and memory consumption to

demonstrate the proposed model’s applicability in the IoT

environment.

A. Pre-processing Phase

Before starting the training phase, we scaled the dataset

using the standardization technique to normalize the feature

values in a particular range and it also helps in speeding up

the calculations in the algorithm as mentioned in the steps 1-

2 of Algorithm 1. Each ith feature from input feature f is

passed to the training phase after applying the standardization

formula denoted by Eq. 9,

x
′

i =
(xi − x̄i)

σ
(9)

σ =

√

∑

(xi − x̄i)2

Nxi

(10)

Here, xi is the feature vector and x̄i, σ (expressed in Eq. 10)

are the mean and the standard deviation of the xi, respectively.

For each ith feature xi, if we consider the length of the feature

vector as Nxi
, then to compute the mean x̄i requires (Nxi

−
1) ADD and one DIV operations. Then, to calculate σ from

Eq. 10, it requires (Nxi
− 1) ADD, Nxi

SUB, one DIV, one

MUL, and one SQRT operations. Finally for computing the

scaled values employing Eq. 9, one DIV and (Nxi
− 1) SUB

operations are necessary. Since the scaling is performed for

the number of features in the input vector denoted as fn, the

overall computation complexity of the pre-processing process

for all the features can be expressed in terms of (2∗fn∗(Nxi
−

1)) ADD, (fn ∗ (2Nxi
−1)) SUB, (3fn) DIV, (fn) MUL, and

(fn) SQRT operations.

B. Training Phase

The main purpose of the training phase is to harness

previous data regarding the channels’ condition and predict

future channel quality for Pw steps. In this phase, the proposed

CNN model’s computation complexity is analyzed during

the learning or training period, referring to the steps 3-5 of

Algorithm 1. In the training phase, the model gets trained

for Tw time window, and later in the prediction phase, the

trained model is used to estimate the channels’ conditions.

For each ith convolution layer having the number of neurons

in, filter size SF and activation function Ω, the computational

complexity of ith convolution layer can be expressed as

Eq. 11,

Oconv = (in ∗ (SF ∗ (fn − (SF − 1)))− (fn ∗ (SF − 1))+

in))ADD, (in ∗ (SF ∗ (fn − (SF − 1))))MUL, (in)DIV.

(11)

After the convolutional layers, the model will have fully

connected layers. If we assume the number of node in jth fully

connected or dense layer to be jn, the computation complexity

will be, Odl = (jn ∗ yi ∗ (fi − 1)) ADD, (jn ∗ yi ∗ fi) MUL.

Step 5 of the Algorithm 1 will return the predictions of the

training phase. Since, according to the steps 1-4 of Algorithm 2

considering the number of bands = Bn, number of channels

in each band = Cn and the number of layers in the model to

be k can be written as Eq. 12,

Otraining = (Bn ∗ Cn ∗ k ∗ (Oconv +Odl)) (12)

Hence, for each type of operation, the complexity will be

increasing by k (number of layers). Furthermore, for Bn bands

and Cn channels, the required number of operations will be

multipled by Cn and Bn.

C. Running Phase

After getting the predicted channel quality from all channels

of all the bands, step 5 of Algorithm 2 will sort the predicted

channel quality (qc) for each band. Considering the sorting
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algorithm to be quick-sort of n number of channel quality

of a band, the required operations for the sorting will be 3n
ADD, (n−1) SUB. In steps 6-7, for all the bands (Bn) the best

channel’s coding rate will be selected, and the link rate Lr will

be calculated. Therefore, these steps will require Bn ADD, Bn

MUL and Bn DIV. The following step 8 of the algorithm will

determine the values of TS−R, TR−D, and Th, which will

result in 3 ∗ Bn DIV. In the last few steps of the algorithm,

specifically from step 10-12, min(Th + TR−D − TS−R) will

be determined. Considering the loop in these steps will run for

m number of times, for Bn bands, it will require (Bn*(2*m

ADD, m SUB)) operations to be performed. Therefore, in

the running phase of the model, the computation complexity

required by the proposed model can be written as Eq. 13,

Orunning = (3n ∗Bn +Bn +Bn ∗ 2 ∗m)ADD + ((Bn∗

(n− 1)) +Bn ∗m)SUB + (Bn)MUL, (4 ∗Bn)DIV

(13)

VII. AN ILLUSTRATIVE EXAMPLE OF THE PROPOSED

MODEL

In this section, we demonstrate a simple example for illus-

tration of how our proposed algorithm operates, and feature

size evolves in diverse layers of the model. Fig. 3 represents

an illustrative example for this purpose. In this example, we

have considered a shallow-CNN model consisting of a single

layer. We assume 14 features, for instance, to pass through the

layers of the proposed model. The number of filters is set to

150, and the kernel size is 3. Therefore, the overall filter size

(SF ) is 150x3.

Firstly, the input will be passed to the convolution layer,

and the filters will try to find out insights and patterns in the

data by performing the sum of element-wise multiplication of

the input and filter. We assume striding value of 1 for the

filter, and hence after each filter is applied on the dataset, the

output size is going to be reduced to 12 from the initial size

of 14. Therefore, for 150 filters, the output size is going to be

150x12. Now let us determine how the filters convolve over

the input vector and update the values. Assuming the input, f

= [-8.41, 5.90, 7.35, 3.13 , -2.41 , -1.60, 5.92, 4.91, 22.7, 0,

15.92, 0, -8.39, -4.97] and the filter 1, τ1=[ 0.76, 0.08, 0.60].

The results after the filter are applied on the input vector can be

denoted as fτi , and the first step of fτi is determined as (0.76∗
−8.41 + 0.08 ∗ 5.90 + 0.60 ∗ 7.35) = −1.48. Subsequently,

the calculated fτi will be passed to the sigmoid activation

function (Ω) and hence, Ω(fτi)=0.190. This procedure will be

applied at each step using a striding value of 1 on the whole

input sequence, which will result in an output of size 12 for

a single filter. Consequently, for 150 filters, the final output

shape in this step will be 150x12.

The dropout phase is a regularization technique of the

proposed method will not change the shape of the output as

it will only ignore a few nodes in order to avoid overfitting.

The following step is the max pooling with a pool size of

2 and striding of 2. Therefore, the maximum value will be

selected from the pairwise comparison at each step. The size

of the output of this step is 6 for each input from a particular

filter. Hence, for all 150 filters, the output size will be 150x6.

After the max-pooling layer, at the penultimate stage, the

flatten layer will be applied to the feature set, which will

reconstruct a multi-dimensional matrix of features into a vector

that can be fed into a fully connected dense layer of the

neural network classifier. Therefore, the 150x6 sized output

of the max-pooling layer will be converted into a 900 length

vector. Lastly, for determining the output scalar, the output

vector of the flatten layer will go through a fully connected

layer. Summation of element-wise multiplication of the output

vector of the flatten layer and the weight vector will be

passed through the activation function (Ω) to get the final

output value (1.015), which indicates the channel quality of

the corresponding band. This procedure is conducted in terms

of each band to obtain the predicted value for channel quality.

In this example case, we have considered a shallow-CNN

of our proposed model, where we assumed the number of

convolution layers to be one to perceive how the input vector

transforms for different layers. The deeper architecture of

the proposed model will employ the output of the preceding

layer as input to the subsequent layer and will contain similar

calculations in each of the layers.

VIII. PERFORMANCE EVALUATION

In this section, we demonstrate the experimental results

to evaluate the performance of the proposed deep learning-

based proactive channel assignment to the multi-band relay

nodes. A brief description of the datasets used to feed to our

proposed deep learning model is first presented, followed by

experimental results and discussion.

A. Data Preparation

We have employed three datasets, denoted by DS1, DS2,

and DS3, respectively, for performing the channel quality

prediction. Brief details of the datasets are given below.

1) DS1: This dataset consists of RSSI data obtained with

a mobile robot in two environments: indoor and out-

door [37]. RSSI data of five wireless receivers in indoor

conditions are collected using the a youBot mobile robot.

For the outdoor environment, data for signal strength and

location are collected from a mobile robot in a semi-

outdoor environment.

2) DS2: This dataset contains signal strength measurement

of a Zigbee-based wireless network [38]. It contains

around 8000 data samples between a Tx-Rx pair is placed

over a distance of 10 to 35 meters, and it consists of

information of energy, throughput, delay, and loss of data

transfer from source to destination nodes.

3) DS3: This particular dataset describes an extensive set

of traces that represent the radio channel conditions

between the base station and the end-user device [39].

The records were employed to design and simulate a

mobile networking environment practically. The LTE

signal strength values, Reference Signal Received Power

(RSRP), SNR, and RSSI. All of these features contribute

a comprehensive insight into the channel condition. Each

of the annotated traces is of different environments (e.g,.
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Fig. 3: An illustration of how the data size evolves in the proposed CNN model with single layer.

bus, train, pedestrian, static and train) and at different

speeds.

B. Results and Discussion

We applied Linear Regression (LR), Auto Regression (AR),

and a Artificial Neural Network (ANN) [28] to compare the

performance of our proposed CNN-based controlled and smart

channel prediction methods. The training and prediction win-

dow for both deep and shallow architectures of the ANN and

CNN models are selected based on tuning of these parameters.

The selected tuned values are: training window, Tw = 200,

prediction window, Pw = 50% of the training window size

(i.e. 100), and the number of hidden layers in the DL models,

k ∈ {1, 4}. Note that these parameters are selected based on

the results of manual hyperparameter tuning without resorting

to grid search.

Tables II and III list the performance of ANN, and CNN

compared to the LR and AR technique, which is obtained from

DS1 (indoor and outdoor conditions). The results are repre-

sented in terms of the average RMSE across all the channels.

We evaluated the performance of the deep learning models in

TABLE II: Comparison of average RMSE values across all

time-steps for LR, AR, ANN, and CNN-based methods for

DS1-indoor environment.

Method Controlled Prediction Smart Prediction

LR 6.933 1.441

AR 25.715 1.386

Shallow-ANN 0.726 0.392

Deep-ANN 0.725 0.414

Shallow-CNN 0.595 0.371

Deep-CNN 0.643 0.388

both controlled and smart prediction scenarios by employing a

shallow architecture (a single hidden layer), and a deep archi-

tecture (four hidden layers). In all the cases, the deep learning-

based prediction performance exhibits better performance in

contrast with that of AR and LR. Between controlled and smart

prediction schemes, the model demonstrated better estimation

performance in terms of the smart prediction than its controlled

prediction counterpart. This implies that the deep learning-

based techniques were able to explore the search space more

robustly in contrast with the baseline techniques. Therefore,

they were able to generalize the diverse channel conditions,
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TABLE III: Comparison of average RMSE values across all

time-steps for LR, AR, ANN, and CNN-based methods for

DS1-outdoor environment.

Method Controlled Prediction Smart Prediction

LR 2.753 34.656

AR 3.198 5.860

Shallow-ANN 1.210 1.308

Deep-ANN 1.144 1.297

Shallow-CNN 1.057 0.964

Deep-CNN 0.971 0.994

especially in the smart prediction strategy. Hence, we adopted

the smart prediction scheme for the next experimental setups to

further optimize the hyperparameters and evaluate the results.

In the case of the outdoor environment, the proposed CNN-

based method can outperform the baseline approaches by a

significant margin. This massive performance gap between

CNN and baseline techniques demonstrates that in noisy

outdoor environments, the traditional algorithms are unable

to predict channel conditions accurately compared to deep-

learning-based techniques. Thus, it may be concluded that,

although the baseline techniques perform well in a single-hop,

single-radio wireless network for predicting channel condi-

tions [30], are not appropriate for real-time channel prediction

in multi-band relay networks. Furthermore, the performance

comparison between ANN, and CNN reveals that CNN is more

consistent and stable than the other neural networks. Hence,

we have not considered ANN for further experiments, and

elected one and four-layer architectures of CNN, referred to

as shallow and deep-CNN, respectively, for further analysis.

1) Hyperparameter Tuning: To choose the best hyper-

parameters of the proposed CNN-based models, we have

conducted a systematic investigation. Firstly, as a part of

determining the best prediction window-size, we tuned the

prediction window-size, Pw, by adopting varying ratios with

respect to the training window Tw. Table. IV illustrates the

RMSE values for various distances from dataset DS2 for Pw

values varied among 25%, 50%, and 75% of Tw, respectively.

In all these cases, the baseline techniques are significantly

outperformed by the proposed CNN-based approach. As the

distance between the sender and the receiver nodes increased

from 10 to 35 meters, the estimation error (i.e., RMSE) of

LR showed a dramatically progressing trend. Therefore, this

implies that the baseline techniques are not able to interpret

channel quality in diverse situations with a growing distance as

much as the proposed deep-learning-based technique. Hence,

the CNN-based approach can perform the prediction task with

much less error compared to that incurred in AR and LR.

Among these three proportions, both the shallow and deep-

CNN models manifest the best average RMSE values of 0.71

and 0.65, respectively, when 50% of the training window Tw is

taken into consideration for the prediction window size (Pw).

Initially, the training window size (Tw) is set to 200 time

steps. Hence, after the hyperparameter tuning, the selected

prediction window size (Pw) is 100 time steps. Among the

baseline techniques, particularly, the AR suffers drastically for

all the considered distances. Therefore, we considered Pw to

be half (50%) of the training window Tw to accurately predict
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Fig. 4: Comparison of CNN with respect to filter size (for

DS1-indoor environment).
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Fig. 5: Comparison of CNN with respect to filter size (for

DS1-outdoor environment).

the most suitable bands and channels in order to transmit IoT

data at a greater throughput in the multi-hop relay system.

The trade-off in choosing the training and prediction window

is that the training window should not be too large to reduce

the time-delay to train the model. The prediction window size

should not be more than 50% of the training window size to

decrease prediction error, and it should not be too small in

size as it will slow down the prediction process.

Next, as a part of the hyperparameter tuning, we tuned

the filter size (SF ) of the 1-D convolutional layers with

respect to the training window (Tw) employing DS1. Figs. 4

and 5 demonstrate the outcomes in terms of average RMSE

for different size of filter. In both cases, the least error is

recorded when the initial filter size (SF ) is equal to 75%

of the training window (Tw). Therefore, we elected this

parameter to be the starting filter size of our proposed model.

The filter size reduction factor, α, is set to 0.5 as we have

decreased filter size by 50% each time for the deeper layers

compared to the previous layer. Furthermore, to pick the most

suitable activation function (Ω) for the proposed deep learning-

based CNN model, we have performed manual hyperparameter

tuning from a set of proper activation functions (i.e., Sigmoid,

Tanh, ReLU, and SELU) [40]. Fig. 6 portrays the results for

This is the author's version of an article that has been published in this journal. Changes were made to this version by the publisher prior to publication.
The final version of record is available at  http://dx.doi.org/10.1109/JIOT.2020.3032516

Copyright (c) 2020 IEEE. Personal use is permitted. For any other purposes, permission must be obtained from the IEEE by emailing pubs-permissions@ieee.org.



9

TABLE IV: Comparison of proposed shallow and deep-CNN models with baseline techniques for different prediction window

(Pw) sizes with respect to training window (Tw) using DS2.

Distance (meters)

RMSE of different methods for Size of (Pw) with respect to (Tw)

25% 50% 75%

LR AR
Shallow-

CNN

Deep-

CNN
LR AR

Shallow-

CNN

Deep-

CNN
LR AR

Shallow-

CNN

Deep-

CNN

10 2.35 58.97 1.22 0.99 1.76 61.30 0.78 0.71 1.91 2.83 0.86 1.68

15 2.13 79.63 0.82 0.77 2.35 63.79 0.90 0.64 2.02 52.23 0.61 1.29

20 2.63 20.95 1.85 1.00 1.98 56.21 0.72 0.66 1.74 2.28 0.75 1.49

25 2.63 56.37 0.45 0.80 2.56 51.61 0.46 0.55 2.16 59.91 0.72 0.75

30 2.95 73.08 0.61 1.05 1.99 75.81 0.57 0.55 2.33 30.24 0.69 0.92

35 3.16 65.45 1.93 0.99 2.21 56.24 0.86 0.81 2.73 7.93 0.76 1.69

Mean RMSE 2.64 59.08 1.15 0.93 2.14 60.82 0.71 0.65 2.14 25.90 0.73 1.30
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Fig. 6: Comparison of different activation functions for the

proposed CNN model using DS2.
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Fig. 7: Comparison between CNN and baseline techniques for

different environments of DS3.

the different activation functions in terms of average RMSE

noted using DS2. The best performance is evident when the

Sigmoid activation function is used in all the layers of the

proposed shallow and deep architecture of CNN. Therefore,

this verifies the selection of Sigmoid activation function for

the channel quality prediction task in the multi-band relay

communication system.

After the hyperparameter tuning experimental phase, we

evaluated the model with another distinct dataset (DS3).

Fig. 7 depicts the comparison of error (average RMSE)

between deep-CNN, shallow-CNN, AR, and LR in varying

environments of DS3. The figure demonstrates that shallow-

CNN outperformed deep-CNN by a slight margin and LR

by a considerable margin. Therefore, this result verifies the

proposed CNN-based model’s acceptability for being selected

as a channel quality estimator for real-time channel prediction

in multi-band relay networks.

We also plotted the predicted channel conditions over time

and compared with the original values for visual comparison.

Fig. 8 manifests a fragment of a few example cases of the

actual and predicted qC values for varying conditions from

DS3 employing smart predictive strategy. The experimental

outcomes exhibit that the proposed CNN model’s performance

is very much indistinguishable to the original signal for most

time steps. In the case of static and pedestrian, the overall

prediction performance of the CNN models is more robust

than other situations. In terms of the other environmental

conditions, also the models’ prediction is representative of the

actual channel quality and is able to find the trend of channel

quality.

2) Numerical Analysis: As the proposed CNN-based

method’s prediction performance manifested encouraging re-

sults, we conducted a numerical analysis of the model in terms

of memory consumption, processing time delay, and through-

put. Fig. 9 manifests the processing delay for the model, while

Fig. 10 illustrates the model’s memory consumption at each

time-step with respect to the node’s overall capability. In this

case, the trade-off is: although the predictive performance of

the proposed DL-based approach is significantly greater than

that of the baseline techniques, it consumes more memory

and requires a higher time-dealy. However, the additional pro-

cessing delay can be considered negligible by considering the

prediction efficiency of the proposed technique. Admittedly,

the proposed model will predict all the channels’ conditions

over many time-steps ahead of time, considerably minimizing

the overall communication delay. Consequently, the acquired

experimental outcomes illustrate that the proposed DL-based

CNN model is suitable for efficient channel prediction and

proactive channel distribution in a multi-band relay network

system. Fig. 11 depicts the throughput comparison for trans-

mitting data over the heterogeneous band relay-based network.
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Fig. 8: CNN-based prediction methods compared to the original channel quality for different environments of DS3.

We have considered an average data generation rate of 1MB/s

from the nodes. A latency of 1 second is considered because

of poor channel selection from the baseline techniques (i.e.,

LR, AR) as the predictive performances for these are worse

than the proposed CNN model. We estimated the CNN-based

model’s latency considering the difference of error for poor

channel selection between CNN and the baseline techniques

(in percentage). Afterward, we determined the throughput

by considering the processing delay and the possible delay

in choosing a lousy quality channel. Even though AR and

LR’s processing time is less than that of the proposed DL-

based CNN model, the throughput is approximated to be

considerably lower. Hence, it unveils that traditional baseline

techniques cannot be as effective as the proposed CNN in

dynamic network conditions in multi-band relay networks, and

possible packet loss may occur for specific relay nodes where

the resources are inadequate.

The experimental results clearly demonstrate that the pro-

posed shallow-CNN model emerges as the most viable light-

weight, predictive channel inference model to deploy at the

resource-constrained relay node for enhanced spectral effi-

ciency and throughput for offloading IoT traffic. The proposed

DL-based model’s generalization capability in terms of pre-

diction performance was evaluated on three different datasets

from diverse setup. Furthermore, the prediction performance,

as well as memory consumption, processing time, and through-
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Fig. 10: Memory consumption of different methods.

put, were compared with popular AI-based prediction models.

The encouraging outcomes illustrate that the proposed model

performed efficiently in all three datasets. Hence, the model

can be generalized and utilized for other varieties of wireless

network setups along with the IoT environment.

IX. CONCLUSION

This paper focuses on the prevalent resource-constrained

multi-band relay nodes for offloading massive IoT traffic in

next generation networks and the measures taken to overcome

the barriers of most appropriate channel selection for efficient

data transmission. The transmission process involves sending

the data header first, followed by the rest of the data on one

band, and simultaneously forwarding to the next node through

another band. In order to select a channel, a lightweight

deep-learning technique is proposed that will accurately se-

lect the best channel to transmit and receive data based on

its quality. To construct the Convolutional Neural Network

(CNN) model, authentic datasets were used for both smart

and controlled prediction strategies to forecast the channel

quality. Afterwards, the channel quality measures are utilized

by a scheduling algorithm in order to determine the coding

and modulation rates to forward the data to the next node.

The model was assessed by comparing it with other predictive

algorithms such as LR, AR, and ANN. The performance of

these algorithms at the relay node was comparatively inferior
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Fig. 11: Throughput of different methods considering the

additional processing delay due to possible poor channel

selection.

to CNN based channel prediction algorithm with respect to

throughput, memory consumption, and processing delay. In

addition to that, the results of deep-CNN and shallow-CNN

was analogous, however, the processing delay and power

consumption of shallow-CNN was relatively lower, thus, im-

proving throughput. Hence, the propositioned shallow-CNN

model was nominated as the most feasible architecture to

predict channel state of a resource-constrained relay node.
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