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I. INTRODUCTION

It is necessary to develop an efficient channel selection
method with low power consumption to achieve high com-
munication quality for distributed massive IoT system. To this
end, Ma et al. [1] proposed an autonomous distributed channel
selection method based on the Tug-of-War (ToW) dynamics.
The ToW-based method can achieve equivalent performance to
UCB1-tuned [2], [3] with low computational complexity and
power consumption, which is recognized as a best practice
technique for solving multi-armed bandit (MAB) problems.
However, Ref. [1] only considered fixed IoT devices with
simplex communication.

In this paper, We have extended the ToW-based channel
selection to V2X duplex communications in a distributed
Massive IoT system, which is called ToW-based channel se-
lection algorithm (ToWCS). We evaluate the proposed ToWCS
algorithm in terms of the average delivery time. Besides, we
compare the proposed ToWCS algorithm with the existing
methods, the ε-greedy algorithm and random frequency hop-
ping algorithm.

II. SYSTEM MODEL
We consider a distributed massive IoT system with M

IoT devices in area S. Various IoT devices operate in such
a network, e.g., high-speed moving cars, low-speed moving
pedestrians, and fixed IoT devices. IoT devices perform com-
munication in a distributed manner. The spread of the infor-
mation follows the store-carry-forward (SCF) mode that each
IoT device repeats channel selection and data transmission
to spread information to IoT devices in area S. To realize
a high-quality communication services, we aim at avoiding
channel congestion while reducing the average delivery time
by dynamically selecting appropriate channels. Hence, we
propose a ToWCS algorithm that can select channels with
low computational complexity and power consumption in this
paper. The number of channels is assumed to be K. At

each sensing period, each IoT device senses the status of the
selected channel, which is used to update the access channel.

III. TOWCS ALGORITHM

In this section, we present the proposed ToWCS algorithm
in detail. In the ToWCS algorithm, IoT devices select channels
in a distributed manner. The policy that we use to select an
access channel for each IoT device at the tth decision-making
is expressed as

k∗ = argmaxk∈KQk(t), (1)

where Qk(t) is the accumulated Q value for channel k at the
tth decision-making, which can be expressed as

Qk(t) =

n∑
i=1

Qi,k(t), (2)

where n is the number of sensing times of the selected channel
at the tth decision-making. Qi,k(t) is used to estimate the
reward for the ith sensing, which is expressed as follows,

Qi,k(t) = αQi,k(t− 1) + ∆Qi,k(t), (3)

where α (0 ≤ α ≤ 1) is the forgetting factor for reward
estimation. By adding α, the influence of past reward es-
timation can be well controlled, making it more applicable
for the dynamic communication environment. ∆Qi,k(t) is the
increment of Qi,k(t), which can be expressed as follow,

∆Qi,k(t) =

{
+1, when ACK returned,
−ωi(t), otherwise.

(4)

ωi(t) is derived from (5),

ωi(t) =
pi,1st(t) + pi,2nd(t)

2− {pi,1st(t) + pi,2nd(t)}
, (5)



TABLE I
SIMULATION PARAMETERS

Parameters Value
Area of massive IoT system S 2000 m×2000 m
Speed of the cars, the bicycles, and the
pedestrians [m/s]

15, 5, 2

The number of IoT devices 2000
Number of channels K 3
Communication distance [m] 100

TABLE II
FOUR SCENARIOS

Cars Bicycles Pedestrians Fixed-devices
Scenario 1 0% 25% 25% 50%
Scenario 2 25% 25% 25% 25%
Scenario 3 50% 0% 0% 50%
Scenario 4 50% 25% 25% 0%

where pi,1st(t) and pi,2nd(t) are the two highest reward prob-
abilities among that obtained from all channels with pi,k(t)
expressed as

pi,k(t) =
Ri,k(t)

Ni,k(t)
, (6)

where Ni,k(t) and Ri,k(t) denote the cumulative number of
trial that channel k was selected and the cumulative number
of reward obtained until the ith sensing at the tth decision-
making, respectively. Ni,k(t) and Ri,k(t) are given by

Ni,k(t) =

{
1 + βNi,k(t− 1), when k = k∗,

βNi,k(t− 1), otherwise,
(7)

Ri,k(t) ={
1 + βRi,k(t− 1), when k = k∗ and ACK returned,
βRi,k(t− 1), otherwise,

(8)

where β (0 ≤ β ≤ 1) is a forgetting factor for the cumulative
number of trial Ni,k(t) and the cumulative number of reward
Ri,k(t) [4].

IV. SIMULATION

In this section, we evaluate the performance of the proposed
ToWCS algorithm by the store-carry-forward routing simula-
tion. We firstly compare the ToWCS algorithm with random
frequency hopping algorithm and the ε-greedy algorithm in
terms of the average delivery time. Then, we evaluate the
average delivery time of the proposed ToWCS algorithm under
different combinations of forgetting factors α and β. The
parameters of the simulation are shown in Table I and the
percentage of the number of each device is shown in Table II.

From Fig. 1, it can be seen that the ToWCS algorithm
can reduce the average delivery time the most than random
frequency hopping algorithm or the ε-greedy algorithm in both
scenarios. In addition, Fig 2 shows that adding both forgetting
factors α and β can further reduce the average delivery time.
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Fig. 1. Comparison of the ToWCS algorithm to the ε-greedy algorithm and
random frequency hopping in terms of the average delivery time.
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Fig. 2. Performance evaluation in terms of forgetting factors under four
scenarios summarized in Table II.

V. CONCLUSION

In this paper, we evluate the proposed ToWCS algorithm in
terms of average delivey time. The results of V2X simulation
with duplex communication show that the proposed ToWCS
algorithm can reduce the average delivery time compared to
other methods. Besides, the average delivery time can be fur-
ther reduced by adding forgetting factors to ToWCS algorithm.
Therefore, ToWCS with forgetting factors is considered to be
an effective channel selection method in V2X with duplex
communication.
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