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Abstract—Continuous increase in number of wireless devices
and data rate demand has motivated the usage of 5G New
Radio in Unlicensed band (NR-U). Coexistence between 5G NR-
U with other unlicensed technologies like Wi-Fi is challenging
owing to the reduced probability of channel availability. Waiting
to get access to unlicensed channel results in more battery
consumption of User Equipment (UE). Discontinuous Reception
(DRX) mechanism in NR-U can reduce UE’s energy consumption.
In this article, we introduce Machine Learning (ML) based DRX
mechanisms. The DRX is modeled through three state semi-
Markov model. We utilized the ML classifiers to get access to
the unlicensed channel. The simulation results point out that the
performance of LSTM is superior to the Support Vector Machine
(SVM) and Naive Bayes (NB) classifiers, which achieves up to 3%
improvement in Power-Saving Factor (%(�) and 50% reduction
of average delay compared to conventional 5G-DRX.

Index Terms—NR-U, DRX, LBT, LSTM, Beam-Aware.

I. INTRODUCTION

Increasing demand of data requirements and high capacity
creates congestion in licensed spectrum and also imposes
certain cost constraints, thereby motivating wireless vendors to
explore unlicensed spectrum to meet rapid mobile data growth
[1]. A huge amount of spectrum available in unlicensed bands
is expected to cater to both bandwidth-sensitive and latency-
sensitive applications, often characterized by stringent Quality
of Service (QoS) requirements. 5G New Radio-Unlicensed
(NR-U), standardized by 3GPP Rel-16 [2], is designed to
operate with other unlicensed technologies, like Wi-Fi, by
sharing the spectrum. NR-U is envisioned to be a promising
technology for enhanced Mobile Broadband (eMBB) and
massive Machine Type Communications (mMTC) based ap-
plications. NR-U is widely explored by both industry and
academicians. Since one of the most critical issues is to
ensure coexistence of cellular network with other unlicensed
technologies, the operation in unlicensed spectrum is subject
to certain regulatory requirements. Authors in [3] propose a
coexistence model and evaluate regulatory requirements like
Listen Before Talk (LBT), Maximum Channel Occupancy
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Time (MCOT), etc. in unlicensed spectrum. Channel access
mechanisms have also been explored in [4]. In [5], authors
model Discontinuous Reception (DRX) for energy saving in
5G NR-U Non-Standalone (NSA) deployment mode using two
beamforming techniques: beam searching and beam aware-
ness. However, optimization of channel access parameters is
not discussed in [5]. We believe that the optimization of
channel access parameters is critical while using NR-U for
QoS-sensitive applications.

Wi-Fi system adopts a contention-based scheme, i.e. carrier
sensing multiple access (CSMA/CA) as a MAC protocol to
access the channel. On the other hand NR-U uses LBT to
access the channel, which is being used by 3GPP to allow
fair coexistence between different technologies [6]. After
successful LBT, i.e., gNB determines that the channel is idle,
and can be granted to the user for MCOT duration only,
thus limiting channel availability. The User Equipment (UE)
waits for the availability of unlicensed channel, resulting in
additional power consumption. In existing spectrum sharing
mechanisms, coexisting wireless systems, like NR-U, are
assumed to have the knowledge of Wi-Fi network status via
exchanging information with co-located technologies [7]. Due
to the difference of MAC protocol to access the unlicensed
channel, the existing schemes are likely to increase the cost,
complexity, traffic overhead, and latency in the operating
network. This leads to high implementation complexity, also
making it unsuitable for real-time decision-making [7]. This
motivates us to use non-parametric, i.e., Machine Learning
(ML) based, approach for channel access mechanism. The
knowledge of channel availability is further used to serve real-
time data and to analyze the performance of DRX in NR-
U. Moreover, channel access mechanism and MCOT are not
considered in conventional DRX mechanism, thus making it
unsuitable for NR-U operation.

This motivates us to re-design NR-U DRX. Our main
contributions are three-fold: (i) We propose ML-based channel
access mechanism for NR-U, where the ML classifiers are
trained offline using the Wi-Fi dataset obtained from [7].
The trained classifiers are then used to analyze Wi-Fi traffic
characteristics and classify unlicensed channel as saturated or
unsaturated, where an unsaturated channel can be used by NR-
U to transmit data to UE; (ii) We propose the semi-Markov
based DRX model for NR-U (e.g., to characterize the status of
UEs and save power); (iii) We analyze the trade-off between
Power-Saving Factor (%(�) and average delay experienced by
a UE operating in NR-U. Moreover, we validate the proposed
scheme by extensive simulations. The rest of the paper is
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Fig. 1: Proposed Model; A: Machine Learning-based
Channel Access Mechanism; B: DRX Mechanism for NR-U

organised as follows: We describe ML-based channel access
mechanism in Section II and the proposed model for NR-U
DRX and its analysis in Section III. Details of the dataset
and the performance of the proposed scheme are discussed in
Section IV, while Section V concludes our work.

II. ML-BASED CHANNEL ACCESS MECHANISM

We propose an ML-based classifier, shown in Fig. 1A,
where the primary objective is to identify Wi-Fi traffic status
by monitoring distribution and average duration of Inter-
Frame Spacing (IFS) as well as percentage collisions of
transmitted frames. This information is used to classify, in
real-time, whether the unlicensed channel is idle and available
to be accessed by NR-U or is occupied. The proposed non-
parametric approach for channel access is expected to reduce
the implementation complexity involved in re-designing the
MAC protocol.

Since the identification of Wi-Fi traffic status is a classi-
fication problem, three ML-based classifiers - Naive Bayes
(NB), Support Vector Machine (SVM), and Long-Short Term
Memory (LSTM) - are used to evaluate channel availability in
the unlicensed band. These classifiers are known to have good
performance [8]. Algorithm 1 explains ML-based channel
access mechanism. The input to Algorithm 1 is the training
dataset D = {(G@ , H@)@=1,2,...,% , f, d, ;}, where IFS duration
(G@), IFS histogram count (H@), average IFS duration (f), and
percentage of frame collision (d) are training features [7]. The
class label, ; = {0, 1}, where "0" represents unsaturated and
"1" represents saturated Wi-Fi networks, respectively [7]. The
output of Algorithm 1 is the status of unlicensed channel
availability. The model is trained offline using dataset D
and the trained model is implemented on Next Generation
Node B (gNB), which feeds current Wi-Fi data to the model,
thus enabling unlicensed channel availability status prediction.
Since the processing time required for training is high and
therefore, the training is done offline. The trained model
is placed gNB, which predict the availability of unlicensed

Algorithm 1: ML-Based Channel Access Mechanism
Input: D = {(G@ , H@)@=1,2,...,% , f, d, ;}
Training phase (Offline)

1 Use D to train ML classifier and save trained model
Real-Time Implementation

2 while UE in S_ON state do
3 if data buffer ≠ 0 then
4 Get current status of Wi-Fi
5 Current Wi-Fi status fed to trained model
6 Predict availability of unlicensed channel, ;
7 if ; = 0 then
8 UE transits from S_ON state → Active

state
9 else

10 Go to line 3
11 end
12 else
13 UE transits from S_ON state → S_OFF state
14 end
15 end

channel and can update the model states. The gNB uses
channel information to enable UE to transit from S_ON to
Active state and serve data packets or to S_OFF state. These
states are NR-U DRX states and are explained in detail in
Section III.

1) NB Classifier: It is an ML-based classifier that uses
statistical information of data features and forms a simple
modeling structure. Its main objective is to learn the unknown
features of the posterior probability ?(; |�) of all the possible
classes ; ∈ {0, 1}. In our case, � are the data features and
; is the associated class label. According to Bayes’ rule,
?(; |�) ∝ ?(;).?(� |;), where ?(;) and ?(� |;) are the prior
probability and the likelihood function, respectively. In NB
classifier, it is assumed that input features are conditionally
independent [8], i.e. ?(� |;) = ?(;).?(�1 |;).?(�2 |;).?(�3 |;),
where �1, �2, and �3 are the three features considered in
our work. This results in reduced computation complexity and
works well in real datasets [8].

2) SVM Classifier: It is an effective supervised learning
technique used for classification, regression, and outlier de-
tection [9]. The basic idea is to construct a hyper-plane by
mapping training data through non-linear feature mapping
functions. Then, the separating margin between classes in the
feature space is maximized using optimization methods to
minimize training error. In our work, the feature vectors along
with the learnt SVM model are used to classify and predict
whether unlicensed band is available or not. The dataset D is
said to be linearly separable if there exists a linear function,
� (G) = ,) G + 1 such that � (G) > 0 if ; = 0 and � (G) < 0 if
; = 1. Here, , and 1 are weight vector and bias, respectively.
The hyper-plane � (G) = 0 acts as a decision boundary.

3) LSTM Classifier: It is capable of storing information
for long periods of time to learn the long-term dependency
within a sequence. An LSTM cell has an input layer XC and
an output layer YC during the time slot C. In our case, XC are
the dataset and YC are the class labels. LSTM consists of a
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memory cell, an input gate IC , an output gate $C , and a forget
gate FC whose update equations are given by Eq. (1), (2), and
(3). The memory cell stores the information while the flow of
information into and out of the cell is regulated by the gates
[10].

FC =U(WFXC +WFℎC−1 + 1F), (1)
IC =U(WIXC +WIℎC−1 + 1I), (2)
$C =U(WOXC +WOℎC−1 + 1O). (3)

where, WG is the weight matrix of the respective gates, ℎC−1
is the output of the previous LSTM block, and 1G is the bias
of the respective gates, where G = {F ,I,O}. Using Equations
(1), (2), and (3), the cell state CC and the output YC are updated
by the following equations:

CC = FC ~ CC−1 + IC ~ tanh(WCG3C +WCℎYC−1 + 1C), (4)

YC = $C ~ CC . (5)

where 1C denotes the bias, and ~ operator represents element
wise multiplication of the vectors.

III. NR-U DRX MECHANISM

A. Our Proposal

We propose a DRX mechanism for NR-U in NSA deploy-
ment mode. DRX for NR-U is modeled using semi-Markov
model, where the future state is determined by the current
state. The time between two state transitions and the holding
time in each state are random variables [11]. The three states
of semi-Markov model include Active state ((0), S_OFF state
(( 5 ), and S_ON state ((=), as depicted in Fig. 1B. The state
transition probabilities from state i to state j are denoted by %8 9
where 8, 9 ∈ {0, 5 , =}. In (0, if data arrives before the inactivity
timer, C8 , expires, the C8 re-starts and the UE remains in (0 with
a probability %00. In (0, the C8 duration repeats =8 times such
that CB4A + =8C8 = MCOT, where CB4A is the service time. If no
packet arrives before the expiry of C8 , the UE transits from (0
to ( 5 with a probability %0 5 . The UE transits from (0 to (=
with probability %0= if gNB informs the UE that there remains
some data in the buffer even after occupying the unlicensed
channel for MCOT duration. In ( 5 , the UE does not monitor
Physical Downlink Control Channel (PDCCH) and does not
transmit/receive data, thus saving its power. After the expiry
of S_OFF state timer, C 5 , the UE transits from ( 5 to (= with
a probability % 5 =. The gNB predicts the unlicensed channel
using the ML-based channel access mechanism discussed in
Algorithm 1 and informs the UE about the availability of
the unlicensed channel along with the information of optimal
beam pair between the UE and the gNB. In (=, if both the
data and the unlicensed channel are available, the UE switches
to (0 with a probability %=0. Otherwise, after the expiry of
S_ON state timer, C>=, the UE transits from (= to ( 5 with a
probability %= 5 .

The unlicensed spectrum is shared with other technologies
like Wi-Fi, WiGig, etc. When the UE is in (=, the channel
access mechanism needs to be considered while accessing the
unlicensed channel. The channel occupancy is modeled as a

Continuous Time semi-Markov Chain (CTSMC), where the
holding time in unlicensed channel follows generalized Pareto
distribution [12]. The probability of channel idle time Ω(C83;4)
is given as

Ω(C83;4) =
1
V

(
1 + W(C83;4 − `)

V

)− 1
W
−1
, (6)

where location `, shape W, and scale V depend on traffic load
conditions.

B. Power-Saving Factor and Delay Analysis

Using European Telecommunication Standards Institute
(ETSI) traffic model, the time between two packet calls is
known as inter-packet call idle time, C8 ?2 and the time between
two sessions is referred to as inter-session idle time, C8B . These
are modeled as exponential distributions with mean 1/_8 ?2 and
1/_8B, respectively. The number of packet calls per session is
assumed to follow geometric distribution with the mean of
n?2 [13]. The next packet call may belong to a new session
or to the ongoing session, with probabilities %=B = 1/n?2 and
%>B = 1−1/n?2 , respectively [13]. Fig. 1B shows the proposed
semi-Markov model of the DRX in NR-U. The state transition
probabilities of the model, %00, %0 5 , and %=0, described in
Section IIIA, are given as [13]:

%00 =%>B (1 − 4−_8?2 CB4A ) (1 − 4−_8?2=8 C8 ) + %=B
(1 − 4−_8B CB4A ) (1 − 4−_8B=8 C8 ), (7)

%0 5 =%>B4
−_8?2 CB4A 4−_8?2=8 C8 + %=B4−_8B CB4A 4−_8B=8 C8 , (8)

%=0 =%>B (1 − 4−_8?2 C>= )Ω + %=B (1 − 4−_8B C>= )Ω. (9)

From Fig. 1B, it is seen that % 5 = = 1, %0= = 1−%00−%0 5 ,
and %= 5 = 1 − %=0. The steady state probability Π: of
a state (: ∀: ∈ {0, =, 5 } is calculated using the normal-
ization equation

∑
∀: Π: = 1 and the balance equations

Π: =
∑
∀; Π;%;: ∀: . The steady state probabilities are given

by:

Π =



Π0 =
1−%= 5 % 5 =

(1+%0 5 ) (1−%= 5 % 5 =)+(%0=+%0 5 % 5 =) (1+%= 5 )

Π 5 =
%0 5 (1−%= 5 % 5 =)+%= 5 (%0=+%0 5 % 5 =)

(1+%0 5 ) (1−%= 5 % 5 =)+(%0=+%0 5 % 5 =) (1+%= 5 )

Π= =
%0=+%0 5 % 5 =

(1+%0 5 ) (1−%= 5 % 5 =)+(%0=+%0 5 % 5 =) (1+%= 5 ) .

(10)

With the help of Π: , the holding times for different states
are calculated. Let \: ∀: ∈ {0, 5 , =} represent the holding
time of state (: . The expected holding times of (0 and ( 5

are given by E[\0] = CB4A +T C8 and E[\ 5 ] = C 5 , respectively,
where T C8 is given by [13]. Further, using [13], the expected
holding time E[\=] of (= is given by:

E[\=] =
%>B

_8 ?2
(1 − 4−_8?2 C>= ) + %=B

_8B
(1 − 4−_8B C>= ). (11)
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After calculating Π: and E[\: ] ∀: ∈ {0, 5 , =}, we estimate
the fraction of time the UE spends in ( 5 to obtain the
expression for Power Saving Factor (%(�) as:

%(� =
Π 5 E[\ 5 ]

Π0E[\0] + Π 5 E[\ 5 ] + Π=E[\=]
. (12)

Power saving is achieved at the cost of delay. The packets
arriving during ( 5 are buffered and delivered only when the
UE returns to (0. The delays X 5 and X= associated with ( 5
and (= are given by:

X 5 =
Π 5 E[\ 5 ]

Π0E[\0] + Π 5 E[\ 5 ] + Π=E[\=]

C 5 −1∑
g=1
(C 5 − g), (13)

X= =
Π=E[\=]

Π0E[\0] + Π 5 E[\ 5 ] + Π=E[\=]

C>=−1∑
g=1
(C>= − g). (14)

The overall delay X is computed as

X = X 5 + X=. (15)

IV. RESULT AND DISCUSSION

A. Description of Dataset and Prediction Accuracy

In this work, we intend to classify whether the unlicensed
channel is saturated or unsaturated with the help of the
dataset, D, obtained from work [7]. The total data samples
in the dataset are 20, 000 and we consider the train/test
split ratio to be 80%. The dataset consists of three features,
(G@ , H@)@=1,2,...,% , f, and d. Each element of data has 1 × 52
values of the histogram of IFS, 1 × 1 value of average IFS
duration, and 1×1 value of percentage frame collision. The two
output class labels (;), 0 and 1, in binary classification, corre-
spond to unsaturated and saturated Wi-Fi traffic, respectively.
Unsaturated Wi-Fi traffic indicates that unlicensed channel is
available to be used by NR-U. We evaluate the ML-based
classifiers in terms of precision, recall, F1 score, and accuracy.
These are calculated as:

Precision =
)%

()% + �%) (16)

Recall =
)%

()% + �#) (17)

F1 Score =
2)%

2)% + �% + �# (18)

Accuracy =
)% + )#

)% + )# + �% + �# (19)

where TP, TN, FP, and FN denote true positives, true negatives,
false positives, and false negatives, respectively. It can be seen
from Fig. 2 that LSTM and SVM show accuracy of 98.1%
and 98.72%, respectively, while NB has accuracy of 96.06%.
However, the precision and recall of LSTM is superior to that
of SVM and NB classifiers because its ability to remember
or forget the data in an efficient manner. Moreover, we have
compared the performance of the ML classifiers with [7]. Fig.
2 shows that the performance of SVM and LSTM is superior

Fig. 2: Performance of ML Classifiers

when compared to the proposed scheme in [7], as LSTM
architecture consists of gates that update the system states and
SVM performs better in the case of binary classification.

B. Simulation Setup and Performance of NR-U DRX

The PSF and average delay are calculated using C>= = 1 <B,
C8 = 2 <B, C 5 = 40 ∼ 800 <B, and C83;4 = 6 <B [5]. We
have used a dense network deployment, involving a macrocell,
50 NR-U small cells, 50 Wi-Fi transceivers, and 120 users
randomly deployed in a 1 :<2 area. Each NR-U small cell
has a bandwidth of 1 GHz. Here, we consider three sectors
having 16 beams each on the NR-U gNB, where each beam
is of width 7.5◦. On the receiver side, we consider 8 beams
per UE with a sub-frame length (TTI) of 125 `s [5]. MCOT
is considered to be 6 <B and the initial value of service
time of the packet, CB4A = 2 <B [5]. The C8 can be repeated
twice to increase the packet service time. The other simulation
parameters used are similar to [5]. We developed a discrete-
time simulator in MATLAB in which we considered four types
of events: Active, S_OFF, S_ON, and packet arrival. All the
packets in buffer are served in the Active event. In S_OFF
event, there is no transmission or reception of data and so,
the UE turns-off the radio circuity and saves power. In S_ON
event, the UE receives channel availability information from
the gNB. We consider a beam-aware scenario where the UE is
aware of the optimal beam pair between the UE and the gNB.
The simulation includes a real traffic trace consisting of traffic
from both HTTP and video steaming applications and obtained
from UMass Trace Repository [14]. The trace was collected
in stationary setting with Wi-Fi & cellular network and also,
during bus riding. The trace consists of the following fields:
(i) packet receiving time, (ii) source address, (iii) destination
address, (iv) protocol, (iv) length (bytes), and (v) information.
We used the packet receiving time to generate packets of size
equal to the length field in the trace.

Fig. 3a depicts PSF with varying S_OFF timer, C 5 . PSF
improves from 95.77% to 99.59% as C 5 increases from 40
to 800 <B. The increase in C 5 increases the PSF because
the larger value of C 5 postpones the transition to (0 and
(=. Fig. 3a shows that amongst the three proposed classifiers
for channel access mechanism, the performance of LSTM is
superior to that of the other classifiers. Fig. 3a also shows
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(a) (b)

Fig. 3: (a) Power-Saving Factor (%(�) and (b) Average Delay (X) with varying S_OFF Timer (C 5 )

that PSF achieved by the proposed work is higher than the
already existing 5G-DRX. Fig. 3b shows average delay/byte
with varying C 5 . Average delay varies from 160 to 663 <B

when C 5 varies from 40 to 800 <B. The increased S_OFF
duration results in higher delay as the packets are buffered
at the gNB when UE is in ( 5 . It is noteworthy that the
variability in the delay is not because of the ML classifier.
Rather, it depends on the availability of the unlicensed channel
and the data packets in the buffer. Fig. 3b also shows that
delay achieved by the proposed work is lower than the already
existing 5G-DRX.

The analytical results based on semi-Markov model are
obtained by Equation 12 and 15. To validate the proposed
scheme, we compare the simulation results with the analytical
results of the proposed model. It is noteworthy that the
simulation and the analytical results differ only slightly in
terms of delay and PSF.

V. CONCLUSION

In this letter, we propose a DRX mechanism in NR-U for
NSA deployment mode. We utilized an ML-based channel
access mechanism which facilitates in deciding whether the
unlicensed channel is available and can be used by NR-U
or not. Next, we model DRX mechanism for NR-U in NSA
deployment mode, using a semi-Markov model and evaluate
%(� and average delay. We justify our proposed scheme by
validating the analytical results with the simulation results and
also by comparing it with the existing 5G DRX scheme.
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