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Abstract. Wireless Body Area networks allow groups of tiny sensors to
communicate for purpose of medical applications. With the progress of
sensor manufacture and artificial intelligence, abundant wearing devices
are produced and applied with powerful intelligence functionalities. In
wireless body area networks, battery energy capacity and inter-network
interference are two serious threats to restrict the raise of performance.
In this work, we focus on the power controlling theme in wireless body
area networks. First, we introduce the primer overview of the deep-Q-
Network algorithm, which is the method utilized in this work. Second, we
present our communication system which is composed of two interfered
WBANs. Third, we show how to design the power controller based on the
deep-Q-network algorithm. The results reveal that our proposed power
controller significantly decreases energy consumption by sacrificing little
throughput performance.
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1 Introduction

The rapid growing demands of healthcare application promote the develop-
ment of wireless body area network (WBAN) using various sensors, which are
distributed on-body or imbedded (in-body), obtaining the fatal physiological
data to assist medical cures [1]. These sensors play an important role in the
activities of WBAN, obtaining several important physiology data as diverse
as electrocardiogram (ECG), electroencephalograph (EEG), etc. Emerging net-
works and communication technologies are fully considered in the applications
of healthcare including disease prediction and detection in order to provide bet-
ter service for patients. New generation of WBANs is significantly improved in
terms of transmission rate, latency, QoE and security.

The development of WBAN still faces plenty of challenges. A serious one is
the limitation of battery energy, which restrains the durability of the networks.
In a WBAN, distinct activities of nodes consume various level of energy. For
instance, the power-on, sensing, communication, storing and computation are
general processes which rapidly consume life of sensors. In addition, frequency
switch of sensors is another type of killer, which significantly increases the capa-
bility demand of batteries.

To improve energy efficiency, one available way is utilizing dynamic power
controller in different processes of the communication. The concept of dynamic
controller has been proposed for a long time. It can be classified into types of open
loop and closed loop based the concept of controlling engineering. In wireless
networks, power controlling methods are utilized to realize different goals. For
example, CDMA cellular networks apply power controlling in order to minish
self-interference and increase the channel capacity. Differently, OFDMA cellular
networks apply power controlling in order to decrease uplink energy consuming
and inter-cell interference. Dynamic power controller can be deployed in different
places to allocate the transmission power of the nodes. The major target of this
work is to use dynamic power controller to minish inter-network interference and
decrease energy consumption of WBANs.

Artificial intelligence is attracting great attentions due to the recent progress
of deep learning and reinforcement learning. By combining the two learning
methods, deep reinforcement learning (DQN) has been proposed which owns
advantages of both ones [2]. DQN method has been successfully applied for
vast scope of areas including WBAN systems for purpose of intelligent medical
applications.

In this paper, we focus on dynamic power controlling issue in wireless body
area network. To motivate this work, the proposed communication system is
composed of two WBANs. In a communication, physiological data is obtained by
two groups sensor nodes, relayed by the central nodes and finally uploaded onto
the cloud, online doctors or hospitals. The contribution of this work is listed as
follows, First, we propose a dynamic power controller named Deep-Q-Network-
based Power Controller (DQNPC), which increases adaptation of WBAN nodes
to environment. Second, we validate the feasibility and efficiency of proposed
DQNPC in a simulation of two WBANs.
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Fig. 1. The proposed DQN framework

2 Related Work

Body area networks covers different research scopes which can be imitated from
area of wireless communication. For example, [3] focused on security topics of
WBAN where a state-of-art survey of related authentication techniques is pre-
sented. [4] proposed an improved energy efficient routing protocol for wireless
body area sensor networks to obtain energy-saving and reliable performance. [5]
proposed a wearable sensor node with solar energy harvesting and Bluetooth low
energy transmission that enables the implementation of an autonomous WBAN.
[6] applied finite-difference time-domain concept to study dynamic channel char-
acters of wireless body area network during the walking process.

A group of literatures studied the power controlling issue for WBAN. For
instance, [7] proposed a game-theoretic approach for power control and relay
selection in WBAN. [8] applied a deep learning tool for channel prediction to
transmit controlled power in wireless body area networks. [9] proposed a novel
power controller to mitigate inter-network interference in WBANs to increase
the maximum achievable throughput with the minimum energy consumption.

Deep Reinforcement Learning (DRL) is an emerging powerful tool which
plays a significant role in decision and prediction behaviours of various applica-
tions. Deep Q-learning (DQN) is an typical example of DRL, which is a type
of off-line method which is developed based advanced Markov Decision Process
[10]. Compared with traditional optimization methods such as dynamic pro-
gramming, DQN help networks to solve uncertainty and stochastic problems in a
accurate manner [11]. The framework of DQN maintains progress once it comes
out. As early as 1992, work of [13] proved that DQN algorithm converges on
action-values with probability 1. In [12], the step size selection of DQN training
was investigated in order to optimize the learning process. In [14], a multi-agent
DQN algorithm was proposed for general general-sum Markov games.



242 P. He et al.

3 A Primer of Deep Reinforcement Learning

In this section, we will present a primer framework of DQN methods, as shown
in Fig. 1. DQN is a typical off-line class of reinforcement learning. The network
nodes deploy DQN and receive rewards based on a group of observed states, and
then decide optimized actions in order to adapt the environment. Compared
with traditional reinforcement learning, DQN utilizes deep neural network to
compute strategies instead of Q tables. As a result, DQN is capable of dealing
with larger scopes of observed data with a rapid and effective way. In this work,
the proposed DQN method contains the following elements (Fig. 2):

Fig. 2. Utilized neural network with 4 layers including status sector as the input layer,
policies as the output layer, and 2 middle layers for computation.

1) Statuses (st). The statuses of desired target may be discrete or continuous
quantifiable indicators.

2) Actions (at). The actions are defined as the active changes of statuses, such
as the jump between discrete statuses or changes of continuous statuses.

3) Policies (π). The polices indicate mapping between the environment and
actions.



Intelligent Power Controller of Wireless Body Area Networks 243

4) Rewards (Rst,at
). The rewards are desired gain of certain index when actions

are carried out.
5) Strategies (Qπ(st, at, θ)). The Strategies are made based on the polices, which

guide the selection of actions in order to obtain maximum rewards.

The above-mentioned elements work together and promote the learning pro-
cess of WBAN nodes. In traditional reinforcement learning, strategies Qπ(st, at)
alters in every time slot. However, it is slow or even unable to form conver-
gence when t → ∞ is caused by significant stochastic property of environ-
ment. In the DQN Method, a neural network is introduced to improve the
convergence speed of learning. The weight is denoted by Θ and further vec-
tored as θ = vec(Θ). Accordingly, the strategies are upgraded from Qπ(st, at)
to Qπ(st, at, θ). To obtain the optimal strategies, the proposed neural network
is composed of one input layer (st), two hidden layers and one output layer
Qπ(st, at, θ). See Fig. 3. In the utilized neural network, the activation function
is chosen as σ(x) = 1/(1 + e−x) [15].

The DQN framework contains the training and verification processes. In the
training process, the major target is to minimum the mean-squire error loss
function of θ which is given by,

min
θt

M(θt) := Es,a[(zt − Qπ(st, at; θt))2] (1)

where z(t) :=Es′ [rs,s′,a+γ max
a′

Qπ(s′, a′;θt−1)|st,at] indicate the estimated func-

tion in a duration t, with current state s, previous state s′ and action a.
In the training process, the vectored weights θ update in each duration based

on the stochastic gradient decent algorithm,

θt+1:=θt − κ∇Lt(θt) (2)

where experience of change of θt is stored in a buffer ℵ. In addition, the state-
action value function is defined with Bellman equation,

Q∗
π(st,at):=Es′ [rs,s′,a+γ max

a′
Q∗

π(s′, a′)|st,at] (3)

Note that γ is the discount factor which locates in area of (0, 1). In order
to implement the training process, the goal is to find a strategy to maximize
Q∗

π(st,at).

4 Power Controlling Scheme

4.1 System Model

As shown in Fig. 3, we consider two WBANs in the proposed system, which is
respectively denoted by C1 and C2. Each WBAN is personal-centric deployed
which contains one central node (Sc) and several sensor nodes (Ss,i, i = 1, 2...n).
The sensor nodes are on the surface of skin or embedded inside the body, that
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are capable of collect physiological data via sensing technologies. The central
node is a type of intelligent device, which is assumed capable of receiving data
from the sensor nodes and delivery them to the cloud network or medical server.

The development of WBAN faces several challenges. A serious challenge of
WBAN is the inter-network interference, that is caused by interfered transmit-
ting power of nearby nodes. It is known that inter-network interference is serious
when neighbouring WBANs work in a narrow space, which restrains the network
performance such as bit error rate (BER), network throughput, etc. In our sys-
tem model, we consider two WBANs as the simplest study case.

Fig. 3. Proposed system model which contains two WBANs.

Let xi(t) be the transmitted signal from the ith sensor node of WBAN1, the
received signal of central node in WBAN1 is expressed by,

y(t) =
N∑

i∈C1

x(t) ∗ hi(t) +
∑

j∈C2

x(t) ∗ hij(t) + n(t) (4)

where n(t) denotes channel noise which is model by AWGN, N is the total
number of corresponding links. hij(t) denote the fading distribution function of
signal between node i and j among different WBANs. hi(t) denotes the fading
distribution function of signal in a same WBAN. We apply the Signal to Inter-
ference plus Noise Ratio (SINR) to calculate the interference of node i during
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time slot τ , that is expressed by,

γτ
i =

Hτ
i pτ

i
1
B

∑
i�=j Hτ

ijp
τ
j + Nτ

(5)

where Hτ
i and Hτ

ij respectively means the frequency function of hi(t) and hij(t)
using Fast Fourier Transform Algorithm. B is the bandwidth utilized in the
communication. pi is the transmission power of the ith sensor node. Nτ is the
frequency function of the noise. The link capacity of the node i is calculated
using Shannon formula:

Uτ
i = Blog

1
1 + γτ

i

(6)

4.2 Power Controller Design

The proposed power controller is designed based on the DQN method pre-
sented in the previous section, namely Deep-Q-learning-based Power Controller
(DQNPC). The power controller is assumed to be deployed the central node of
each WBAN, that regulate the allocation of transmission power through mes-
sage exchange with sensor nodes. By applying the formula of (5), the target of
the power controlling theme is to minimize the inter-network interference as,

max
∑

τ

∑

i

Uτ
i (7)

min
∑

τ

∑

i

pτ
i (8)

The state vector of the DQNPC is defined as,

sτ = [γτ
i , Uτ

i , pτ ] (9)

Here γτ
i , Uτ

i and pτ respectively denote SINR, link capacity and transmitting
power during time slot τ . We assume that γτ

i can be estimated based on the
received data of central node. Uτ

i is calculated on the basis of (6). We also assume
pτ can be obtained in the transmitter sensor nodes, and sent to the central
node via the feed-back link. In addition, we ignore the interference between
distinct sensor node in one WBAN, since exiting modulation and multi-access
technologies have been studied to deal with this problem.

Reward function R(t) is the key factor of DQN method which promotes the
learning process. We use a logarithmic equation to design the reward function
R(t) based on the target of (8),

R(t) = log

∑
τ

∑
i Uτ

i∑
τ

∑
i pτ

i

(10)
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Fig. 4. The accuracy of DQNPC in the training and validation process. The controller
restrains in 4 epochs

5 Performance Evaluation

In this section, we first describe how to design the simulation configuration and
list major simulation parameters. Then we show the simulation results based on
our proposed controlling scheme.

5.1 Simulation Configuration

In this work, we apply the MATLAB 2019a simulator to validate the proposed
DQNPC. MATLAB 2019a has added packages to support the simulation of deep
learning and reinforcement Learning. We compare our proposed DQNPC with
existing power controller, which is FPC. FPC is the fix power controller, which
statically allocate the transmission power in each time slot.

Major parameters of the simulation is as follows. The transmission power
locates from −50 to 50 dBm. The noise power is set as −100 dBm. The commu-
nication bandwidth is set as 10 KHz. The number of nodes in the two WBANs
changes from 5 to 15. Discount factor γ is set as 0.9. Learning rate of DQNPC
is set as 0.5.

5.2 Numerical Result

Figure 4 presents the accuracy performance of DQNPC in 4 epochs. The blue
full line is the training accuracy and the black dotted line is the validation
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Fig. 5. Average energy consumption per bit and node with increase number of nodes

accuracy. It can be clearly seen that training accuracy has some fluctuation with
the increase of epochs, and finally settles in 100% in the third epoch. Differently,
validation accuracy increase smoothly and settles in 86.67%. The results indicate
that our proposed DQNPC is feasible and with low complexity.

Figure 5 shows how energy consumes in transmission of unit bit for each node.
The result reveals that applying FPC will lead the rapid increase of energy con-
sumption for WBANs, since increase of the nodes results in heavier interference,
and nodes may spend more time and energy for successful communication. How-
ever, proposed DQNPC is more intelligent to dynamically alleviate the inter-
network interference. As a results, the energy consumptions decrease.

Figure 6 shows the relation between average node throughput and number
of nodes per WBAN. It can be seen that node throughput decrease with the
increase of node number due to the increased interferences. By comparing the
performance of two algorithms, we can see that throughput of FPC is a little
higher than that of DQNPC. Such difference of node throughput decrease with
the number of nodes, and become unconspicuous when node number is large.
We infer that DQNPC increases the performance of energy consumption by
sacrificing limit performance of throughput.
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Fig. 6. Average node throughput with increase number of nodes

6 Conclusion

In this work, we studied the dynamic power controlling scheme of WBAN.
Two WBANs were configured in our proposed network, and we analzed the
inter-network interference. We proposed a Deep-Q-Network-based Power Con-
troller (DQNPC) to address the energy and interference problems of WBAN.
The results indicate that the proposed power controller is feasible to configured
in WBANs. The results also reveal that proposed power controller decreases the
energy assumption by sacrificing little performance of throughput. In the future,
we will study the performance of the DQNPC in more WBANs.
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