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Abstract—The potential of a broad set of applications that
might impact different economic sectors rely on their ability to
capture, process, and analyze large amounts of data accurately.
Concerning wireless networks, one of the main issues that arise
in this type of scenarios is access control. In Machine Type
Communication scenarios, a vast number of devices could access
the network simultaneously, which can harness other types of
users. A well-known congestion control method used in cellular
networks is access class barring (ACB); it has been designed
to allow a large number of users to access the network even
under high traffic conditions by delaying their access attempts.
However, its performance has to adapt dynamically to traffic
conditions while at the same time, providing enough flexibility to
administrators to prioritize crucial key performance indicators.
We propose a Double Q-learning-based ACB mechanism that
adapts dynamically to different traffic conditions when machine-
to-machine and human-to-human communications coexist, with
three different configurations that allow to adjust the trade-off
between successful access probability and mean access delay. The
results show that each configuration can reach different levels of
QoS related to successful access probability, mean access delay,
and mean number of preamble transmissions.

Index Terms—double Q-learning; Internet of Things; access
control; 5G; machine type communications; access class barring.

I. INTRODUCTION

Internet of Things (IoT), the network of interconnected
physical objects, is rising as a disruptive technology that con-
cedes to the things the ability to sense, communicate, interact,
and collaborate in such a way society evolves in several aspects
with practical applications. Nowadays, the IoT concept has
gained enormous momentum; at this rapid rate of growth,
it is expected a huge number of interconnected devices,
nearly 29 billion by 2022 [1], deployed in several applications
and increasing the global mobile data traffic to 49 exabytes
(1018 bytes) by 2021 [2]. The preeminent facilitator of the
IoT ecosystem is Machine-type communication (MTC), also
known as machine-to-machine (M2M) communication, which
enables ubiquitous applications and services.

Several peculiarities of M2M traffic require specialized
and inter-operable communication technologies that can both
satisfy the highly-demand QoS requirements and handle a
significant part of this emerging traffic. To this end, cellular
networks are the most suitable choice due to their already
deployed infrastructures, extensive coverage area, and high-
performance capabilities [3], [4].

Dealing with the cumbersome number of connections and
signaling produced when a vast number of user equipment
(UEs) attempts to access the cellular network is an essential
challenge that has gained a significant amount of attention in

current research. Besides, another aspect to consider is the
limited resources of the physical channels when UEs perform
the random access procedure.

The access class barring (ACB) mechanism is one of
the solutions included in the LTE-A radio resource control
specification [5] to alleviate the issues mentioned above. It is
a congestion control mechanism that regulates the concurrent
access and protects the system’s performance and service
quality. In this sense, ACB expands the UE accesses through
time randomly, aiming at delaying the arrivals of the UE access
attempts in consonance with a barring rate and a barring time.

When the ACB mechanism is operating, its configuration
parameters must adequately be adjusted since there is a trade-
off between mitigating congestion and the performance of
the network [6]. Furthermore, the proper tuning of the ACB
parameters according to the traffic intensity is critical, but it
is not a trivial task. For that reason, no directions have been
specified by the 3GPP to implement the ACB mechanism
effectively and to tune its configuration parameters in such
a way they can dynamically and autonomously readjust to the
network load. Bear in mind that the dynamic adaptation of
the barring rate is beneficial since implementing a static ACB
influence the access delay of every UE, even in circumstances
when there is no congestion in the network, and the ACB
mechanism is not required at all.

This paper aims to propose a double Q-learning algorithm
to tune the ACB barring rate dynamically by considering both
the traffic load in the random access channel (RACH) and its
capacity. We implement three different configurations which
allow providing different QoS for the network key perfor-
mance indicators (KPIs) of interest. Our solution conforms
with current system specifications and can be used to perform
efficient congestion control and to facilitate the coexistence of
H2H and M2M traffic.

The article proceeds as follows. Section II conducts a
review of the relevant literature regarding ACB. Section III
present the random access procedure in LTE-A and the ACB
mechanism. Section IV provides a detailed explanation of the
proposed double Q-learning approach to tune ACB jointly
with its implementation. Section V presents the performance
evaluation and our most relevant results. Finally, Section VI
draws the conclusions.

II. RELATED WORK

Numerous proposals aiming at optimizing the access con-
trol for handling massive MTC connection attempts on the
RACH have been introduced through either static or dynamic
approaches [7]–[9]; however, many of them are based on



complex procedures, do not comply with standards guidelines
(e.g., the updating period of notification information by the
base station is not considered), use strong assumptions for
gaining high performance, and even misinterpret the operation
of this mechanism [8], [10], [11].

Reinforcement learning has already been proposed to en-
hance the efficiency of access control in cellular MTC net-
works. In [12], we proposed an adaptive access control mech-
anism using Q-Learning when both M2M and H2H UEs
coexist. In [13], a Q-learning approach is also proposed, but
it considers a single type of traffic and assumes that the base
station has full knowledge of the contending UEs. Also, in
[14] a Q-Learning mechanism that prioritizes traffic (M2M and
H2H) is proposed, although it is assumed that the base station
has full knowledge of the number of contending UEs of each
type. In [15], an access control mechanism is proposed based
on Q-learning without ACB, where each UE learns when to
transmit. However, this solution fails to meet the required QoS
in different KPIs. In [16], we proposed a deep reinforcement
learning mechanism to adapt the ACB mechanism to changing
traffic conditions. Also, in [17], a deep reinforcement learning
solution is proposed for dynamic access control. However,
these solutions tend to rely heavily on the computational
capacity of the base station or the nodes due to the training
associated with neural networks. In this paper, we aim at
evaluating the performance of a solution that does not require
a substantial computational cost.

III. LTE-A RANDOM ACCESS PROCEDURE AND ACCESS
CONTROL

Every time an MTC device requires to access the network,
it must first acquire some configuration parameters from the
base station. Among these parameters are the predefined
time/frequency resources in which the random access attempts
are allowed. Each occurrence of these resources, in which
an access attempt can be made, is called a Random Access
Opportunity (RAO); the sequence of RAOs constitutes what
is called the RACH. The Master Information Block (MIB)
and the System Information Blocks (SIBs) are resources used
by the base station to broadcast the configuration information
periodically. Once the UEs get this information, they perform
a random access procedure using the RACH to signal the
connection request [18], [19].

As detailed in [6], [18], [20]–[22], the random access con-
sists in a four-message handshake contention-based procedure.
In Msg1, a UE transmits a randomly chosen preamble from the
preamble pool during one of the available RAOs. A preamble
will be detected at the base station if it has not been chosen
by more than one UE in the same RAO. Otherwise, a collision
occurs. Then, the base station sends a random access response
message, Msg2, which includes one uplink grant for each
detected preamble. Msg2 is used to assign time-frequency
resources to the UEs for the transmission of Msg3. UEs wait
for a predefined time window to receive the uplink grant.
If no uplink grant is received by the end of this window
and the maximum number of access attempts has not been
reached, the UEs wait for a random time and then perform a
new access attempt. That is, they select a new preamble and
transmit it at the next RAO. The UEs that receive an uplink
grant send their connection request message, Msg3, using
the resources specified by the base station. Finally, the base
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Figure 1. State transition diagram of the ACB mechanism when access control
is implemented for M2M UEs. Transition notation: event / action [condition]

station responds to each Msg3 transmission with a contention
resolution message, Msg4.

Access Class Barring (ACB) is a congestion control mech-
anism devised for restricting the number of concurrent access
attempts from UEs. The main goal of ACB is to redistribute the
access requests of UEs through time; by doing so, the number
of access requests per RAO is reduced. This fact helps to evade
massive-synchronized access demands to the RACH, which
might endanger the fulfillment of QoS objectives. The state
transition diagram of the ACB mechanism [5], [21] is depicted
in Fig. 1. Note that ACB is applied only to the UEs that have
not yet begun its random access procedure as explained above.

If ACB is not operating, all UEs are allowed to
access the RACH. When ACB is operating, the base
station broadcasts (through SIB2) both mean barring
times, TACB ∈ {4, 8, 16, . . . , 512 s}, and barring rates,
PACB ∈ {0.05, 0.1, . . . , 0.3, 0.4, . . . , 0.7, 0.75, 0.8, . . . , 0.95}.
Then, each UE should determine its barring status with the
information provided from the base station (i.e., PACB, TACB)
before starting the random access procedure. For doing so, the
UE generates a random number between 0 and 1, U [0, 1). If
this number is less than or equal to PACB, the UE proceeds
with its Msg1 transmission. Otherwise, the UE waits for a
random time calculated as follows

Tbarring = [0.7 + 0.6U [0, 1)] TACB. (1)

Note that ACB is only useful when a massive number of
UEs attempt transmission at a given time but the system is not
continuously congested.

IV. IMPLEMENTING THE DOUBLE Q-LEARNING
MECHANISM

In this section, we define the Markov Decision Process
(MDP) representing the interaction of the base station with
UEs. Then, we describe our implementation of Double Q-
Learning [23], a well-known reinforcement learning algorithm.
This algorithm does not suffer from the overestimation of Q



values that might occur in traditional Q-learning [24], causing
poor performance. The state space and action set that define
our MDP was already seen in [12].

A. System Model

In LTE-A, the base station can know the number of UEs
that are contending for resources based on the number of
successfully received preambles, Npsu. That is, the number
of correctly received preambles does not necessarily coincide
with the number of sent preambles. Therefore, the base station
only receives observations that provide some information
about the real state of the system, or the number of UEs con-
tending for resources. Based on Npsu, the base station should
set a value for the barring rate PACB, hoping to reduce the
congestion and thus allowing more UEs to access the network.
However, it is expected that providing more information to the
base station allows for better decision-making.
As explained in Section III, there are specific radio resources
(or RAOs) for access contention, and the number of RAOs per
frame is given by the prach-ConfigIndex parameter [19], [21].
Also, the method through which a base station can inform
UEs about the new barring rate to be used is a SIB2 message.
This message is sent every 80 ms, a longer period than that
of the RAOs. In fact, in this configuration there are 16 RAOs
between two SIB2 messages. Therefore, the setting of PACB
will affect 16 RAOs.
Hence, a state has to consider what is happening in more
than one RAO, and the traffic that affects two RAOs in a row
might be very different. Therefore, we will consider the mean
number of successfully decoded preambles between two SIB2
messages, Npsu, as a first parameter of the state of the system.
Since the number of Npsu might change in every RAO, we
will use the variation coefficient of the measurements of Npsu

between two SIB2 messages, CVNpsu . Also, we are interested
in knowing if there are changes on traffic, and therefore we
include the value ∆Npsu, which is the difference of Npsu
between the current period and the previous one, allowing us to
understand how the traffic is changing. Finally, because the de-
cision on PACB defines how many UEs can access the system,
we also include this value on our state definition. Therefore,
a state s, is defined as s =

(
Npsu, CVNpsu ,∆Npsu, PACB

)
.

Fig. 2 illustrates how the state is defined according to the
SIB2 messages and Npsu for each RAO. One important aspect
that we should recall in LTE-A is that although there are 54
available preambles, only 15 preambles can be successfully
acknowledged in a RAO. Therefore, even if more than 15
preambles are successfully decoded in the base station, at least
one UE is not going to be able to connect to the network.
Remember that on each state, as defined earlier, the system
has to decide what action is going to take to reduce the
congestion, if at all. Therefore, it is evident that the action
in our MDP is PACB. The values that PACB can take are
{0.05, 0.1, 0.15, .., 0.3, .., 0.7, 0.75, .., 0.95, 1}; that is, we have
16 possible actions in our system. This characteristic, and the
fact that many UEs can choose the same preamble causing
collisions makes that when Npsu > 29, the impact of PACB is
marginal. Therefore, we aggregated all the states where this
condition is fulfilled in the state where Npsu = 29. Also, in
order to reduce the number of states, we discretized CVNpsu

such that CVNpsu ∈ {0, 0.2, 0.4, 0.6, 0.8}. Finally, ∆Npsu only

Figure 2. State definition with RAOs and SIB2.

informs if there have been changes on Npsu, not the amount
of those changes.

B. Double Q-Learning Mechanism
In this section, we explain our implementation of Double

Q-Learning. A Q-Learning [24] mechanism has already been
implemented in [12] with the same state space and actions.
However, one of the issues that might arise with Q-Learning
is that it can overestimate the Q-values since the target uses
the same estimator to obtain the action that maximizes the
return at state s′. This behaviour might end up rewarding state-
action combinations beyond their real value, making that the
algorithm does not converge to an adequate solution. In [23],
the authors propose a method based on a double estimator
that avoids this overestimation. This characteristic can help
avoiding sub-optimal solutions. We implement Double Q-
learning as presented in [23] by maintaining two different Q-
tables, as it can be seen in the following expression:

Q(s, a)1 = Q(s, a)1+α

[
R+ γ max

a′∈A
[Q(s′, a′)2]−Q(s, a)1

]
,

(2)
the update of Q-table 1 uses the estimate from Q-table 2.
The implementation is shown in Algorithm 1. In this case,
the values of α, γ and R are the same as in the Q-learning
algorithm shown earlier. In the case of ε, it is set to define
when the greedy policy is used. Obviously, this approach
requires more memory due to the use of two Q-tables, but
in this case by the state definition shown earlier, the size of
these tables is not too big.

C. Reward Function
A fundamental aspect that defines the behavior of the

Double Q-learning algorithm is the reward function, which
associates cost/rewards to the actions taken on states. Since
we have a large number of states, it is impossible to set a
specific cost/reward to each state/action combination. In order
to establish some guidelines that allows to define this function,
we have followed the approach proposed in [20] where the
distribution of UEs contending for resources on a RAO is
obtained as a function of the number of successfully decoded
preambles in the base station. Also, in [20] the authors assert
that having 20 UEs contending maximizes the probability of
successfully receiving 15 UEs, which is the maximum number
of preambles that the base station can acknowledge. However,
this value also increases the probability of congestion. It
might be of the interest for the network administrator to be
able to adjust the performance of the system according to a



Algorithm 1: Double QL-Based ACB Mechanism
Controller: Double Q-learning(S,A, α,R, γ, ε)
Input : S is the set of states, A is the set of

actions, α is the learning rate, R is the
reward, γ is the discount factor, ε is the
exploration probability

Local : real array Q[s, a]A, state s, action a
Local : real array Q[s, a]B , state s, action a

1 repeat
2 if RAO(i) mod TSIB2 = 0 then
3 select action a′ from A based on ε,Q[s, a]A

and Q[s, a]B ;
4 observe reward R(s, a′, s′) and state s′;
5 select UPDATE (Q[s, a]A,Q[s, a]B);
6 if UPDATE=Q[s, a]A then
7 update Q(s, a)1 by (2) with A=1 and B=2;
8 else
9 update Q(s, a)1 by (2) with A=2 and B=1;

10 end
11 end
12 s = s′

13 until i = max RAO;

Table I
THRESHOLDS FOR Npsu

Traffic Config. 1 Config. 2 Config. 3

Low Npsu ≤ 3 Npsu ≤ 5 Npsu ≤ 5
Normal 3 < Npsu ≤ 7 5 < Npsu ≤ 10 5 < Npsu ≤ 10
High 7 < Npsu ≤ 10 10 < Npsu ≤ 15 10 < Npsu ≤ 20
Very High Npsu > 10 Npsu > 15 Npsu > 20

desired QoS. Given the trade-off between successful access
probability and mean delay, and its relation to the amount of
allowed contending UEs in the system, we have defined three
different scenarios as follows. One where the priority is on
accepting more UEs, another where the priority is to reduce
the delay, and a last one that balances these two tendencies.
Based on these principles, we have defined three different
configurations for the reward function. Each configuration sets
different thresholds for 4 traffic categories: Low, normal, high,
and very high. These configurations are shown in Table I. The
reward function sets a cost for states where traffic is low and
PACB is low and vice versa. On the other hand, the reward
function also penalizes states where ∆Npsu >0 or when CVNpsu

is high. The full reward function is specified in [25].

V. PERFORMANCE EVALUATION

In this section, the Double Q-learning mechanism is eval-
uated testing its different configurations; we show how it can
be adjusted according to the requirements of the network
operator. The configuration for experimentation considers a
single cell where H2H and M2M traffic coexists. By having
this coexistence, it is possible to evaluate the impact that
M2M UEs might have on H2H UEs. We used traces obtained
from the Telco Telecom Italia [26] to represent the H2H
traffic. This data was aggregated in periods of 10 minutes,

Table II
RACH CONFIGURATION

Parameter Setting

PRACH Configuration Index prach-ConfigIndex = 6
Periodicity of RAOs 5ms
Subframe length 1ms
Available preambles for
contention-based random access R = 54

Maximum number of preamble
transmissions preambleTransMax = 10

RAR window size WRAR = 5 subframes
Maximum number of uplink
grants per subframe NRAR = 3

Maximum number of uplink
grants per RAR window NUL = WRAR ×NRAR = 15

Preamble detection probability
for the kth preamble transmission Pd = 1− 1

ek
[28]

Backoff Indicator BI = 20ms
Re-transmission probability for
Msg3 and Msg4 0.1

Maximum number of Msg3 and
Msg4 transmissions 5

Preamble processing delay 2 subframes
Uplink grant processing delay 5 subframes
Connection request processing
delay 4 subframes

Round-trip time (RTT) of Msg3 8 subframes
RTT of Msg4 5 subframes

and separated between SMS, voice, and data. However, the
data only shows an intensity value without units, and therefore
we pre-processed data, in such a way that the highest traffic
represents 55 eRAB setups per second, which is a very high
load on a single base station according to [27]. On the other
hand, the traffic for M2M communications is represented by
30 000 UEs accessing the medium according to a Beta(3,4)
distribution over 10 seconds as shown in [28]. This is a
bursty traffic scenario, as it can occur in massive deployments
of M2M communications such as those expected in IoT
scenarios. This traffic model is commonly used in many access
control studies. The main KPIs studied here are the mean
access delay, the mean number of preamble transmissions, and
the probability of successful access. These KPIs are commonly
used in medium access studies, which allows the comparison
with other solutions. The algorithm is trained with four days
of data. In the case of H2H traffic, we use the traces whose
values change every 10 minutes. In the case of M2M traffic
we use the model explained earlier once every 10 minutes. For
testing purposes, the H2H traffic is constant, with the highest
possible load, that is, 55 calls/s. In all scenarios, the cellular
network uses the PRACH configuration prach-ConfigIndex
6, [18], [28], with the parameter values listed in Table II. All
the results shown are the mean values after 100 experiments.
For the Double Q-learning algorithm, unless otherwise stated,
the parameters are α =0.15 and γ =0.7. In the case of ε, its
value starts in 0.9, and then it linearly decreases to zero.

A. Evaluation of Double QL-ACB Mechanism
In this section, we compare the different configurations of

our proposed Double Q-Learning solution with D-ACB [29],
a well-known dynamic solution. In Fig. 3, the performance
of the Double Q-Learning algorithm is shown after being
trained with four days of data with the three different reward
function configurations. Let us recall that the first configuration
aims to avoid congestion by limiting the received number of



Table III
DOUBLE QL-ACB MECHANISM PERFORMANCE FOR DIFFERENT

REWARD FUNCTIONS VS. D-ACB

KPI Config. 1 Config. 2 Config. 3 D-ACB

E(D)Total (s) 7.9158 5.4129 4.2179 1.8801
E(D)M2M (s) 8.0837 5.5108 4.2986 1.8877
E(D)H2H (s) 3.8115 2.3533 1.7584 1.3852

E(K)Total 1.71 1.95 1.97 4.49
E(K)M2M 1.71 1.96 1.98 4.50
E(K)H2H 1.58 1.68 1.66 3.65

Psa−Total (%) 99.99 99.89 99.36 78.91
Psa−M2M (%) 99.99 99.89 99.35 78.77
Psa−H2H (%) 100 99.97 99.80 89.60

preambles to 10, the second aims to limit the received number
of preambles to 15, and the last one aims to limit the traffic at
20. From Table III, it can be seen that configuration 3 reduces
the mean access delay considerably, although it has a lower
successful access probability. In fact, as the traffic limit is set
tighter, the successful access probability grows. In the same
way, the mean number of preambles sent is also reduced. This
is a symptom of lower congestion, and this is shown in Fig. 3.
Clearly, configuration 1 has the lowest congestion (below 10),
and configuration 3 has the highest. However, the peak in
configuration 3 disappears earlier. This is of course an effect
of the variation of PACB. As it is shown in Fig. 4, configuration
1 reduces PACB the most, that is, has a tighter constraint on
traffic. Therefore, it is able to increase the successful access
probability, while it increases the mean access delay. On the
other hand, configuration 3 is not so strict, delaying less UEs,
but reducing the successful access probability. However, in the
worst case, this probability is reduced for all UEs to 99.36
%, that is, less than 1% of UEs will have to restart their
connections. Although having to retry the connections to the
network increases the total energy consumption of the devices,
it is up to the network administrator to decide to which KPI to
give more importance and adjust the reward function according
to the service level agreements. This might be an attractive
solution if we consider that in configuration 3 the mean access
delay is reduced more than 3 s when compared to configuration
1 (7.91 s to 4.21 s). Also, it can be seen that the successful
access probability of D-ACB is not as good as the Double
Q-Learning solutions. In fact, more than 20 % of M2M UEs
cannot access the system, far from what can be considered
acceptable behavior. This is due to the fact that this solution
causes many retries in the system, which is reflected in the
higher values of K. Nevertheless, the UEs that can access the
system suffer a considerably lower mean access delay.

In Fig. 5, the performance of the system with the three
reward functions is illustrated when there are 40 000 M2M
UEs. In this case, we have 30 % more traffic than the maximum
established by the standards, and it can be seen that the
performance for the reward functions 2 and 3 is poor, due
to the high levels of collision, that can reach almost 300 in
configuration 3. In fact, Table IV shows that the successful
access probability for configurations 2 and 3 is below 80 %,
although with some reductions on the mean access delay. Still,
the performance of configuration 1 does not decay so sharply,
since for an increase of 30 % of traffic, the probability of

Figure 3. Congestion for configurations 1, 2, and 3.

Figure 4. PACB variation for configurations 1, 2, and 3.

Figure 5. Congestion for configurations 1, 2, and 3 with 40 000 M2M UEs.

successful access is reduced in 3 %, and the delay is increased
in 2 s. These values are not ideal, but show an important ability
of our proposed mechanism to adapt to extraordinary traffic
conditions. This is not what occurs with D-ACB, which shows
a performance similar to that of configuration 3 in terms of
successful access probability. Just like in the case of 30 000
M2M UEs, D-ACB increases the mean number of retransmis-
sions which ultimately affects the overall performance of the
system. However, D-ACB does not provide a mechanism that
can be adapted like our Double Q-Learning solution.



Table IV
DOUBLE QL-ACB MECHANISM PERFORMANCE FOR DIFFERENT

REWARD FUNCTIONS AND 40 000 M2M UES VS. D-ACB

KPI Config. 1 Config. 2 Config. 3 D-ACB

E(D)Total (s) 9.4617 5.0513 2.5578 2.1485
E(D)M2M (s) 9.6334 5.1418 2.6261 2.1598
E(D)H2H (s) 4.6155 2.1263 0.836 1.5711

E(K)Total 1.86 2.29 2.66 4.94
E(K)M2M 1.87 2.31 2.70 4.96
E(K)H2H 1.62 1.72 1.70 4.06

Psa−Total (%) 96.79 72.73 45.74 45.88
Psa−M2M (%) 96.74 72.42 45.07 45.54
Psa−H2H (%) 98.74 89.00 80.56 75.01

VI. CONCLUSIONS

We have proposed a Double Q-Learning mechanism for
LTE-A networks that dynamically adapts the barring rate
of the ACB mechanism. The implementation of Double Q-
learning allows reducing the risk of overestimating Q values,
which is a common disadvantage of classical Q-Learning that
might lead to sub-optimal performance. We have evaluated
the mechanism in a scenario where both M2M and H2H
communications coexist, and we have trained the system
with real traces from H2H traffic. The results show that the
mechanism can increase the probability of successful access
and to diminish the mean number of preamble transmissions
while insignificantly increasing the mean access delay. Since
the ACB mechanism does not differentiate between H2H and
M2M UEs, it impacts both types of UEs. To mitigate this
impact, we have defined three different configurations for the
reward function that allow the network operator to adjust the
impact on the mean access delay or the successful access
probability. We have evaluated each configuration, and the
results show that an administrator can weight on the trade-
off of the different KPIs by choosing the appropriate reward
function configuration, which is an essential characteristic for
real deployments of the solution. Also, we compared our
solution against D-ACB, a well-known dynamic solution, and
the results reveal that our proposed solutions perform better
under different traffic conditions.
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