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Abstract—Intelligent reflecting surface (IRS) is considered a
promising solution to manipulate the radio frequency transmis-
sion environment in the sixth-generation (6G) wireless systems.
However, little attention was received by IRS-aided localization
techniques. Among range-free wireless localization strategies,
received signal strength indicator (RSSI) fingerprinting-based
technique is preferred since it can be easily accessed. Inspired
by these and the tremendous success of deep reinforcement
learning (DRL), we propose an IRS-enabled fingerprinting-based
localization methodology with the aid of DRL. Specifically, we
firstly propose an IRS-enabled fingerprinting-based localization
system. In this system, RSSI lists are created by periodic IRS
configurations and pre-collected as database. When a request of
localization from a receiver is sent to the server, the database is
compared with the online-measured RSSI data to identify the best
receiver position estimate using the nearest neighbor algorithm.
In addition, we develop a DRL-based IRS configuration selector
to identify the most qualified IRS configurations so as to minimize
the localization error. We also propose a communication protocol
for the operation of the proposed localization methodology.
Extensive simulation under different circumstances have been
conducted and the results indicate that the localization accuracy
scales with the number of IRS configurations. With the aid of
DRL, the localization accuracy is further boosted by more than
40% as compared with previous work.

Index Terms—Intelligent reflecting surface, Localization, Deep
reinforcement learning, Fingerprinting.

I. INTRODUCTION

THE worldwide roll-out of the fifth-generation (5G) mo-
bile networks leads to a rapid proliferation of base sta-

tions and antennas. Though superior user experience has been
unlocked by 5G, the existing 5G technology also has various
drawbacks such as high energy consumption and expensive
hardware. Fortunately, beyond 5G, a new way to transform
transmission has been proposed to address these challenges
termed as the intelligent reflecting surface (IRS) [1]. An
IRS is usually made of a great quantity of almost passive
reconfigurable units [2], where each unit can reflect or refract
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the incident signal with designed phase shifts. Among con-
ventional wireless communication research, a communication
channel is regarded as an uncontrollable physical transmission
medium. With the new IRS technology, the communication
channel can be manipulated to create smart radio environ-
ments. Additionally, the IRS can be flexibly coated on facades
of buildings so that they can be easily implemented in practice.
It is worth noting that various names have been proposed
for this new technology such as large intelligent surfaces,
software-controlled meta-surfaces, software-defined surfaces,
reconfigurable intelligent surfaces, and intelligent reflecting
surfaces [3].

With the increasing interest in accurate localization of au-
tonomous vehicles and simultaneous localization and mapping
(SLAM) of complicated environments, reliable localization
service provided by the 5G wireless system has received more
attention. Accurate geographical information not only could
enhance next-generation vehicular technologies but also enable
vehicles to sense and connect with the road infrastructure
ubiquitously. Moreover, the operation of a large number of
Internet of things (IoT) applications relies on the provision
of location information of mobile devices, especially with the
explosive growth of IoT devices in both densely urban and
unpopulated remote areas [4]. Traditionally, wireless-based
localization techniques can be categorized according to the
utilized data type such as Direction of Arrival (DoA), Angle
of Arrival (AoA), Time of Arrival (ToA), Received Signal
Strength (RSS), and Channel State Information (CSI). RSS-
based techniques are widely employed because RSS informa-
tion can be accessed easily and does not need a strictly syn-
chronized system. However, unfavorable RSS distribution (i.e.,
similar RSS values among adjacent locations) can degrade the
localization accuracy. Now, RSS-based localization techniques
can be further developed with the aid of IRS-enhanced next-
generation wireless communication systems.

The sixth-generation (6G) IRS-enhanced technologies bring
more possibilities to localization research because it enables
us to customize the radio environment to create a more
distinguishable RSS distribution. The reader is referred to
the next section for details. However, to rapidly configure a
large amount of IRS units requires high computation power
and is difficult to implement in practical scenarios. Recent
advances in data-driven techniques such as deep learning,
reinforcement learning, and multi-task learning make this
problem feasible [5]. A large and growing body of literature
investigated the deep learning architecture for IRS and they
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are well surveyed in [6]. Nevertheless, training a supervised
deep learning model needs enormous labeled training data
and usually, they are difficult to obtain. Motivated by the
success stories of reinforcement learning (RL) in solving the
complicated problem, some studies have already employed
deep reinforcement learning (DRL) to configure IRS. As
compared to supervised learning, DRL does not require the
training data to be labeled and can improve the overall storage
efficiency.

The reconfigurability of IRS provides us with more flex-
ibility to create received signal strength indicator (RSSI)
fingerprints. Compared with conventional trilateration-based
techniques with multiple anchor points, only one transmitter
and one IRS are needed in the RSS-based localization system.
Moreover, DRL can reduce the complexity of IRS config-
uration significantly. Motivated by these advantages, in this
study, we leverage DRL techniques and the diversity offered by
IRS-enhanced radio environments to perform fingerprinting-
based localization. More easily differentiable radio maps are
generated with DRL-selected IRS configurations for localiza-
tion purposes. This study has potentials to be integrated with
IRS-assisted communication to achieve integrated sensing and
communication (ISAC). The major contributions of this paper
are as follows.

• We propose an IRS-enabled fingerprinting-based localiza-
tion methodology and design a communication protocol
to coordinate the operation of the proposed methodol-
ogy in the localization process. Compared with previ-
ous fingerprinting-based localization methodologies, the
proposed one can perform localization with a single
transmitter and an IRS, which is more cost-effective in a
future scenario where IRS has already been deployed on
large scale.

• We propose a research framework based on DRL to
assist the IRS configuration of the proposed IRS-enabled
fingerprinting-based localization methodology. The pro-
posed DRL-assisted framework can tackle the localization
accuracy.

• We optimize the IRS configuration selection problem
with the aid of DRL and achieve a 40% localization
performance boost as compared with previous work.

The rest of this paper is organized as follows: We in-
troduce and review related works regarding IRS, IRS-aided
localization, and DRL in section II; We propose a novel DRL-
based IRS-enabled fingerprinting localization framework as
well as its protocol to localize mobile devices in section III;
We conduct extensive simulation of the proposed scenario to
evaluate the performance in section IV; Finally, section V
concludes the whole paper.

II. RELATED WORK

Three principal elements are considered and reviewed in our
proposed methodology: IRS, localization technique aided by
the wireless communication system, and deep reinforcement
learning.

A. What is IRS and Why IRS

An IRS is usually made of low-cost, compact, and quasi-
passive electronics mirrors in the form of a planer sheet [7],
[8]. Each element enables amplitude/phase change of the input
signal by setting different load impedance. By tuning each
reflecting element electrically and digitally, it could reflect or
steer the signal in a tailored direction so as to optimize the
connectivity or bypass the obstacles. Thus, an IRS enables a
Virtual-Line-Of-Sight (VLOS) to propagate the signal wave.
In case of Line-Of-Sight (LOS) blockages, IRS-aided wireless
networks can improve communication accuracy and continuity
significantly. The reader is referred to [1] for the details of the
IRS hardware architecture.

Practically, discrete phase shift and reflection amplitude
are considered because it is difficult to tune the hardware
continuously. Researchers always divide the phase shift 2π
into several equal subsets to implement discrete phase shift
such as 0 and π for 1-bit hardware design and half π
interval for 2-bit hardware. For the amplitude control, 1-
bit means two-level amplitude attenuation (i.e., 1 for total
reflecting and 0 for fully absorbing) [9]. IRS channel usually
is considered as a cascaded channel that combines three ele-
ments: two complex channel coefficients: the channel between
the transmitter and IRS, the channel between the IRS and
receiver, and the complex reflection coefficient. In the tutorial
of [10], the baseband signal model of IRS-aided wireless
communication is expressed as y(t) = hH

r Θgx(t), where
x(t) denotes the equivalent complex-valued baseband transmit
signal, hH

r denotes the narrow-band frequency-flat channel
matrix between the transmitter and IRS, Θ is the diagonal
complex reflecting matrix (i.e., βie

jαi where βi and αi are
the amplitude reflection coefficient and phase-shift reflection
coefficient respectively), and g denotes the channel between
the IRS and receiver.

The passive reflecting characteristic of IRS endows it with
numerous advantages than Massive Multi-Input Multi-Output
(MIMO) and backscatter technologies such as low energy
consumption, high spectral efficiency with full-duplex mode,
and less self-interference. In addition, the implementation of
IRS in wireless localization system can also reduce the number
of APs and radio frequency anchors. This is an economical
solution for the construction of next-generation mobile net-
work system. Typical applications of IRS include indoor dead
zone coverage extension, outdoor signal enhancement at the
cell edge, assisting hybrid satellite-terrestrial relay networks
in a link blockage scenario [11], and enhancing vehicle-to-
everything (V2X) communications in downtown areas. It is
especially suitable when the LOS is blocked. Other extended
applications involve communication security (e.g., mitigating
the eavesdropper signal) localization, and positioning with
mobile network [12].

B. Localization with IRS-aided Wireless Network

The research of localization and positioning with wireless
communications can be categorized as follows: DoA, AoA,
ToA, RSS, and CSI. AoA and ToA based techniques usually
have large errors and need a strictly synchronized system
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TABLE I
VARIOUS TECHNIQUES USED IN WIRELESS LOCALIZATION

Ref. Example Techniques Advantages Disadvantages
[13], [14] CSI fingerprinting-based insensitive to multipath effect, accurate few chips supported, environment noise and dynamics
[18] RSSI fingerprinting-based infrastructure support LOS only, multiple APs needed
[19] UWB+ToA low power consumption prone to interference, strictly synchronized
[20], [21] AoA, DoA does not require clock synchronization prone to interference, small coverage

IRS+RSSI work with both LOS and NLOS IRS configurations

which is difficult to be perfect. Meanwhile, the receiver is
difficult to distinguish the signal source (i.e., IRS or transmit-
ter). On the other hand, since CSI is difficult to be extracted
from conventional Wi-Fi devices and only a few Wi-Fi chips,
such as Intel 5300, are available [13], [14]. The RSS-based
technique thus is widely applied due to its good compati-
bility and easy accessibility. In Table I, the advantages and
disadvantages of various techniques of wireless localization
are compared. However, the RSS-based localization technique
also has its drawbacks such as instability and inaccuracy
under the None-Line-Of-Sight (NLOS) situation, and thus
we propose the IRS-aided localization scenario. IRS-aided
terminal localization is a promising technique to solve the
modern wireless localization problem. It can play an important
role in the Global Navigation Satellite System (GNSS) denied
environments but less attention was received. [15] proposed
a signal model which is suitable for both near-field and far-
field scenarios, and employed the Cramer-Rao lower bound to
assess the localization performance. The IRS-aided terminal
localization can be either active or passive. Most of the recent
works conducted were active, and few of them focused on
passive localization. In [15], the authors considered a three
dimensional active localization scenario. Besides, this paper
also considered both synchronous and asynchronous systems.
In MIMO radar research, researchers use IRS to strengthen the
received power and improve the target detection performance.
They also validated the performance with the Cramer-Rao
bound [16]. The authors in [17] proposed a method to identify
the position of the receiver via configuring the IRS to generate
more distinguished RSS patterns. Another interesting work
was conducted by Nguyen et al. [7]. They employed machine
learning methods for wireless fingerprinting localization aided
by IRS. They first generated a database of fingerprints with dif-
ferent periodical IRS configurations. When the mobile terminal
sends a request signal, the IRS will repeat the configuration
and the terminal will collect the data. Then the data is used
for comparing with the database utilizing different machine
learning algorithms.

In conventional wireless localization research, the gener-
ation of multiple RSS fingerprints, and the deployment of
multiple access points are time-consuming and costly. In
this paper, we propose to generate more distinguished RSS
fingerprints to improve the localization accuracy with the
assistance of IRS and machine learning techniques. Compared
with the existing works discussed above, this work not only
utilizes IRS to improve the NLOS situations in RSS-based
localization but also introduces the use of both discrete and
continuous IRS phase shift to tackle the challenges in practical
scenarios.

C. Deep Reinforcement Learning and IRS

Sequential decision-making in an uncertain environment is
a core topic in machine learning [22]. Reinforcement learning,
a branch of machine learning, addresses this problem well. In
its framework, an agent can learn to achieve optimal status
by means of interacting within an environment and gathering
experience for decision making based on the obtained rewards.
Q-learning is a well-known model-free reinforcement learning
model [23] but it can hardly deal with a large amount of
data due to the size of Q-table. Additionally, only discrete
states and actions are compatible with Q-table. To ride this
out, [24] developed Deep Q-Network (DQN) that combines
deep neural network (DNN) and Q-learning together. In DQN,
the Q-table is replaced by DNN which makes infinite spaces
possible for both action and state. However, the action spaces
and state spaces still have to be discrete. The policy gradient
(PG) algorithm is a policy-based algorithm and it can deal
with continuous spaces. Nevertheless, it can only update the
network after an episode is done, which has a slow conver-
gence rate [25]. An elegant solution to this problem is the deep
deterministic policy gradient (DDPG) algorithm proposed by
[26]. This algorithm is based on the actor-critic network which
can interact with continuous action spaces and state spaces.

There have already been various success stories of reinforce-
ment learning in plentiful research areas, especially in sophis-
ticated optimization and control problems. Motivated by this,
some studies have already attempted to employ reinforcement
learning to configure IRS so as to optimize the IRS-aided [2]
and multi-user communication [27], enhance secure commu-
nication [28], assist anti-jamming communication [29], and
design passive beamforming [30]. How to configure massive
IRS passive elements is always a great challenge. Training
beam and reflecting coefficient matrices is extremely time-
consuming. [31] proposed a deep reinforcement learning-based
algorithm for predicting such matrices with minimal training
overhead. To the best of our knowledge, this paper is the first
work that exploits DRL for IRS-enabled fingerprinting-based
localization.

III. RESEARCH FRAMEWORK AND SYSTEM MODEL

Motivated and inspired by existing works, this work pro-
poses a DRL-based framework to simplify the solution
for the IRS configuration selection problem in IRS-enabled
fingerprinting-based localization. First, we propose the general
framework for IRS-enabled fingerprinting-based localization
with DRL. Then, we propose a practical protocol under this
framework. Finally, the system models of IRS localization and
DRL-based methodology are described in detail.
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Fig. 1. The research framework of DDPG assisting IRS localization.

A. Problem Statement and Research Framework

The research framework of the proposed IRS-enabled
fingerprinting-based localization with DRL is illustrated in Fig.
1. As illustrated on the left, we first propose an IRS-enabled
fingerprinting-based localization system. We leverage the re-
configuration capability of the IRS to create multiple RSSI lists
instead of conventional trilateration techniques which utilize
multiple anchor points. Then, as shown on the right part,
we employ the DRL algorithm to select the qualified IRS
configurations to achieve high localization precision. Specifi-
cally, instead of randomly or uniformly setting the phase shift
(configuration) of each IRS element in a localization process,
we use a DRL-based IRS configuration selector to identify
the best combinations of IRS configurations. Note that for
different application scenarios, the IRS configurations need to
be re-selected to obtain the most suitable IRS configurations.
After selection, the specific IRS configurations are stored on
the server. When a request for localization is sent to the
server, the server will use this set of IRS configurations to
perform the localization and forward the result to the mobile
user. Therefore, the arithmetic requirements on the IRS and
server are not stringent since the IRS configurations are trained
offline.

DRL usually consists of two essential parts: the agent and
the environment which are demonstrated in Fig. 1. The left part
of the framework is the developed DRL environment where
our IRS-enabled fingerprinting-based localization algorithm is
packaged. The right part of the framework is the DRL agent
which is responsible for identifying the optimized combina-
tions of IRS configurations through interacting with the DRL
environment. The interaction between the environment and the
agent can be regarded as a Markov Decision Process.

B. DRL Environment: System Model of IRS-enabled
Fingerprinting-based Localization

1) Operating Principle: Conventional fingerprinting-based
localization methodologies utilize multiple APs to create Re-
ceived Signal Strength Indicator (RSSI) list and match the data
with pre-collected database to obtain the location [32]. In IRS-
aided wireless communication system, only one AP and one
IRS surface are needed for generating multiple fingerprints.
Although single user is illustrated in the following description,
the proposed methodology scales to serve multiple users
simultaneously.

For the purpose of illustration, let us consider a downlink
transmission from a multi-antenna AP to a single-antenna
mobile device via an IRS. We assume that the direct link
between the AP and the mobile device is totally blocked, and
the IRS is deployed so that the channel between the AP and the
IRS and that between the IRS and the mobile device are both
LOS. Specifically, as shown on the left side of Fig. 1, an AP
sends constant signals towards the IRS. The server prepares
a set of different IRS configurations in advance and each
IRS configuration is denoted by C (i.e., sets of phase shifts).
The IRS applies different configurations at different time slots
periodically, which generates a vector of distinguished RSSI
for each location denoted by r. The collection of all sets of
IRS configurations is denoted by Φ with a length of N . This
RSSI vector can be regarded as the online fingerprint for each
location. In the next step, the fingerprints of all locations are
collected, which serves as the offline RSSI vector fingerprint
database denoted by R̂, and this database will be stored in
the backend server. The offline fingerprint of each location
in the database is denoted by r̂. Next, during the localization
process, the transmit beamforming and IRS configurations are
the same as in the offline training phase. The mobile receiver
located at (x, y) (the true position) collects its online RSSI
vector fingerprint r and sends it to the server. The server
compares this fingerprint r against pre-collected fingerprints
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database R̂ and estimates the mobile device’s location (x̂, ŷ)
using the nearest neighbor algorithm. Note that the proposed
methodology in this paper can be directly extended to the
setup with multiple APs operating at orthogonal frequencies,
where the RSSI fingerprint will be represented by a matrix
(consisting of the RSSI vectors for each AP) and the number
of feature points of the fingerprint will increase. Based on
this, the localization error is anticipated to decrease as the
number of APs increases. Moreover, it will also be interesting
to consider the scenario with multiple multi-antenna APs op-
erating at the same frequency. In this case, the AP precoding,
IRS configurations, and receiver signal processing need to be
jointly designed for minimizing the localization error, which
is left as our future work.

In the proposed methodology, we consider both continuous
and discrete phase shifts at the IRS. Discrete phase shift at
each reflecting element is chosen from a set of quantized
values (i.e., 0, 2π/b, 4π/b, ..., 2(b− 1)π/b), where b denotes
the number of quantization bits. Note that such discrete phase
shifts are easier to implement in practice (the reader is referred
to [33] for the system using 1- bit phase shift). Since the
aim of using IRS is to achieve total reflection with its main
beam angle, we thus simply consider one set IRS configuration
to a desired reflection angle θr. The collection of all IRS
configurations at different reflection angles is represented by
the vector Φ. The step can also reduce the burden of the DRL
training process since instead of training each IRS element
for different configurations, we just need to train the whole
IRS surface with desired reflection angles. After this, the
phase shift of each IRS element can be restored according
to (13) in [34]. For example, let us assume the number of IRS
configurations is equal to ten. Then N = 10 and Φ is the list of
the simplified ten desired reflection angles Φ = {θr1. . . θr10}.
C refers to all sets of phase shifts of each IRS element
after the IRS restoration. In case of discrete phase shifts,
we can set the local phase shift to closely approximate the
calculated phase shift. It is worth noting that the accuracy of
the approximation is related to the size of the IRS element.
The smaller the IRS element, the more accurate the phase shift
can be approximated. Specifically, in each IRS configuration,
we select one phase shift value from the above sets for each
reflecting element. For example, to generate the configuration
of 1-bit IRS discrete elements, we set the value of the phase
shift reflection coefficient αi of each element to 0 or π. For
2-bit IRS, the value would be 0, π/2, π and 3π/2. For the
reflection amplitude of each element, we set it to the maximum
value of one for maximum signal reflection.

2) Localization Protocol: In this subsection, we propose
a protocol for the IRS-aided localization as shown in Fig. 2.
Let N denote the number of IRS configurations which is equal
to the length of Φ. In each localization cycle, the AP firstly
uses several time slots to broadcast the location information
calculated in the previous cycle, while the IRS configures its
phase shifts according to the pre-designed pattern over the n
time slots. The mobile device receives the signal reflected by
the IRS and collects the list of RSSI vectors, which is then
fed back to the AP and the backend server. The server then
calculates the mobile device location at the end of the cycle

Fig. 2. The protocol for IRS-enabled fingerprinting-based localization

and broadcasts this location information at the beginning of
the next cycle.

Fig. 3. Illustration of the proposed IRS-aided localization scenario

In Fig. 3, we illustrate the system model for the proposed
IRS-aided localization protocol. For example, let us consider
the scenario of locating a mobile device on a 100 m × 100 m
two-dimensional plane. The main lobe of the transmit beam-
forming is illustrated with the orange beam, while the reflected
beams via the IRS at different time slots are illustrated using
the blue beams. It can be observed that the main lobe of the
beam at each time slot is different, which results in different
RSSI fingerprints at the mobile device over multiple time slots.

3) Localization Accuracy: The localization accuracy can
be implied by the localization error. In some cases where
two or more nearest neighbors are found with the same
distance, we use an average function to get sole output to
avoid program error. In the proposed IRS-aided localization
methodology, the final estimate is obtained via averaging over
all possible locations as identified by the model. Thus, the
mean localization error is calculated by averaging all possible
locations. Let us assume that there are l locations that are
found in a localization process. The ground truth location is
denoted by (x, y) and the l estimated locations are denoted by
(x̂, ŷ) where x̂ = {x̂1, x̂2, ..., x̂l} and ŷ = {ŷ1, ŷ2, ..., ŷl}. The
probability of each possible location is ξi where i = 1, 2, ..., l.
Then the averaged location estimate (¯̂x, ¯̂y) is calculated though
the following equation:

¯̂x =
l∑

i=1

ξix̂i, (1)
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¯̂y =
l∑

i=1

ξiŷi. (2)

The mean localization error is calculated though the following
equation:

ε(x,x̂) =
√
(¯̂x− x)2 + (¯̂y − y)2 (3)

or we can also employed the root mean squared error (RMSE):

ε(x,x̂) =

√√√√1

l

l∑
i=1

ξi[(x̂i − x)2 + (ŷi − y)2] (4)

C. DRL Agent: IRS Localization with Deep Deterministic
Policy Gradient Algorithm

According to the discussion in related works, the DQN algo-
rithm cannot deal with continuous IRS configurations and the
PG algorithm has a slow convergence rate. Thus, we employ
the DDPG algorithm here. The DDPG algorithm combines
the excellence of both the DQN and PG algorithms. It is a
model-free off-policy actor-critic algorithm that can deal with
continuous action spaces. A DDPG usually consists of two
main parts: the agent and the environment. As shown in Fig.
1, the environment is the packaged IRS-enabled fingerprinting-
based localization algorithm that we discussed in the last sub-
section. It can conduct the action received from the agent and
emit the Award which is used to evaluate the performance of
the action under the current State. Meanwhile, it also updates
the State to the Next State. The agent has four deep neural
networks: Actor network, Critic network, target Actor network,
and target Critic network. The Actor employs a deterministic
policy gradient network to choose an action from a continuous
action space. The Critic employs a DQN to measure the
performance of the chosen action. An experience replay buffer
is also employed here to reduce the correlation of different
training samples. Just as how DQN operates to update its
network, the Actor and Critic networks also need two target
networks (that share the same structure with its corresponding
evaluation networks) to update the parameters. The soft update
algorithm is used to update parameters:

ωi′ = τωi + (1− τ)ωi′ (5)

where ω denotes the parameters of the DNN in the agent
and τ ≪ 1 denotes the update parameter. Soft update can
make sure that the parameters are updated slowly and increase
the stability of the training process [26]. Moreover, we add
a random noise sample N to the actor policy since the
exploration problem can be treated independently in DDPG.
The DDPG aims to maximize the reward and it is configured
as follows:

• Reward: The aim of DRL is to select the most qualified
IRS configurations with the highest localization precision
(i.e., minimum localization error ε). In related works
[2], [31], [35], the reward functions in an IRS study are
usually defined as the corresponding objectives such as
SNR, quality of service, and the ratio of data rate to
energy consumption. Therefore, in the DRL training pro-
cess, to maximize the accumulated rewards rt, the reward

Algorithm 1: The IRS Localization with DRL
Input: The learning rate ρ; The discount factor λ; The

soft update coefficient τ ; The experience replay
M and its capacity C. The length of IRS
configurations N . The mini batch size BM .
Randomly initialize the parameters of critic and
actor network as well as the target critic and
target actor network. Empty the experience
replay buffer M.

Output: The optimal IRS configurations Φ∗ and the
minimized localization error of IRS-enabled
fingerprinting-based localization system εmin.

1 for episode i = 1, ...,K do
2 Initialize the IRS localization system;
3 Randomly choose the initial set of IRS

configurations Φ(0) and obtain the reward r0 as
the current state;

4 Initialize a random process N ;
5 for step t = 1, ..., T do
6 Action at = µ(st;ω) +N ; Reform at into IRS

configurations and calculate the localization
error (i.e., reward rt);

7 Obtain the Next State St+1 = [rt, θ
t
r1, ..., θ

t
rN ];

8 Store the experience {St, At, rt, St+1} into the
experience replay M;

9 Sample a BM -size minibatch
{Sj , Aj , rj , Sj+1}(j = 1, ..., BM ) from the
experinece replay M;

10 Calculate the target Q value;
11 Update the critic network by minimizing the

loss function and stochastic gradient descent
algorithm;

12 Update the actor network utilizing sampled
policy gradient;

13 Soft Update the two target networks according
to Equation (3);

14 Update the State to the Next State;

function is defined as the opposite of the localization error
−ε:

rt = −ε(x,x̂),t. (6)

• Action Space: The Action at time t is defined as the
superposition of the updated IRS configurations under
current channel states and a random noise sample N for
the network exploration. The updated IRS configurations
are the output of the agent with the input State St at time
t. Thus the Action vector At at time t is:

At = [θtr1, ..., θ
t
rN ] +N . (7)

• State Space: The State vector St at time t is defined as
the IRS configurations and reward at the previous step
(t− 1) which is

St = [rt−1, θ
t−1
r1 , ..., θt−1

rN ]. (8)
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DRL-based Workflow: As shown in Fig. 1, the overall
workflow is as follows: the Agent generates action (i.e., IRS
configurations) and feeds it to the DDPG environment. After
conducting the localization algorithm, the Environment emits
the reward and the Next State to feedback to the agent for
updating the DDPG networks. Then the Agent will generate
a new action of IRS configuration for the next cycle until
the maximum reward is observed. Specifically, prior to com-
mencing the algorithm, an initialization stage is conducted.
Four DNNs are generated: the actor network with parameter
ωµ, the critic network with parameter ωQ, the target actor
network with parameter ωµ′ and the target critic network with
parameter ωQ′ . These parameters are initialized with normally
distributed random numbers. Moreover, an experience replay
memory M is initialized with capacity C as well. It is used to
store the experience during training. The IRS configurations
are initialized randomly at the beginning of each episode.
During each episode, firstly, feed the state St at time t as
input to actor network and obtain the corresponding action
At at time t. Then, the generated action flows to the DDPG
environment and emits the reward rt and the Next State St+1.
Once finished, the algorithm will store {St, At, rt, St+1} as
one transition into M. The critic network samples a BM

size mini-batch {Sj , Aj , rj , Sj+1}(j = 1, ..., BM ) from the
experience replay M to calculate the target Q value yj
according to the following equation:

yj =

{
rj , j = BM

rj + λQ′ (sj+1, µ
′ (sj+1;ωµ′) ;ωq′) , j < BM .

(9)
The loss function of critic network is defined as:

L (ωq) =
1

BM

BM∑
j=1

(yj −Q (sj , aj ;ωq))
2 (10)

Then, the critic network can be updated with the stochastic
gradient descent algorithm and using policy gradient to update
the actor network with ascent factor according to the equation
below:

∆ωµ
=

1

BM

BM∑
j=1

(
∇aQ (sj , µ (sj ;ωµ) ;ωq) | ∇ωµ

µ (sj ;ωµ)
)
.

(11)
Finally, the two target networks are updated utilizing soft up-
date according (3). The whole algorithm is shown in Algorithm
1.

IV. SIMULATION AND RESULTS

In this section, we conduct several simulations to
demonstrate the performance of the proposed IRS-enabled
fingerprinting-based localization with DRL. The first subsec-
tion presents the detailed configurations of the simulation
system. The second subsection demonstrates and analyses the
results.

A. Configuration of Simulation Systems

As shown in Fig. 3, the simulation setup of the IRS local-
ization system includes a transmitter, an IRS, and receivers.

Fig. 4. An example of IRS phase-shift reflection coefficient with configuration
of θr = π/3.

The AP-IRS and IRS-device channels are assumed to be LOS
channels. We ignore the signal reflected by the IRS more than
once. The path loss of IRS is modeled with (18) in [34]. Fig.
4 shows how the pathloss of IRS reflected path varies with
the angle of observation when θr = π/3 and the angle of
incident signal is π/6. Two different IRS sizes are considered
and shown in different colors. The blue curve has a larger size
and a narrower main beam-width. When the observation angle
is equal to θr, the maximum pathloss is achieved.

Practically, the desired local IRS configurations are dis-
cretized by separating the IRS surface into sub-wavelength
elements. The smaller the elements, the more precise the local
configurations can be approximated. In Fig. 5, we illustrate
how to configure the IRS element with four different types of
IRS (i.e., continuous IRS, 1-Bit discrete IRS, 2-Bit discrete
IRS, and 3-Bit discrete IRS) where y denotes the location
of IRS element along the direction of the y-axis of the IRS
plane as shown in Fig. 3. The readers is referred to [34] for
the details of the IRS configuration model. For example, if
the size of the IRS element is half of the wavelength λ,
then the centroid position of each IRS element is integer
multiple of half of the wavelength (i.e., 0.5λ, λ, 1.5λ, etc.).
The values of the horizontal axis thus can be regarded as
y/λ = 0.5, 1, 1.5, ... in Fig. 5, and the local phase shift αi of
each IRS element corresponds to the value of the vertical axis.
We only show an IRS with a size of 20 times the wavelength
due to the limited figure size. The phase-shift of a larger IRS
size can be implied in the same way.

In addition, a zero-mean Gaussian noise is added to the
RSSI with a standard deviation of 3 dBm. The IRS is config-
ured with maximum signal reflection. Fig. 6 gives four exam-
ples of the generated RSSI database of four different IRS con-
figurations in form of radio maps. These radio maps are gen-
erated with IRS configurations of θr = π/6, π/4, π/6,−π/3.
The frequency is 5 GHz. The size of the whole IRS planer
surface is 200 times the wavelength on both sides. Let us
consider a region of 100 m x 100 m with 1 m2 grids. The
transmitter is located 50 meters away from the localization
plane and the IRS is located at the origin (0,0) of the
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Fig. 5. An example of pathloss of IRS reflected path with configuration of
θr = π/3.

coordinate system.
The DRL methodology for IRS localization is configured

as follows: all neural networks are three-layer fully connected
DNN. The Actor and Critic networks use Adam optimizer for
parameter updating. The Actor network is structured with N
(i.e., the number of IRS configurations) output neurons and
N + 1 input neurons. The Critic network contains one output
neuron and 2N + 1 input neurons. The hidden layer of all
networks has 50 neurons. The first two layers are followed by
ReLU activation while the output layers use the tanh function
to guarantee the gradient. Moreover, the size of experience
replay M is set to 200,000 and the mini-batch size BM is set
to 16. We configure the learning rate of the Actor and Critic
networks to 5 × 10−5 and 5 × 10−4 respectively. The soft
update rate τ is set to 0.02. The gamma value is 0.99.

Fig. 6. Examples of generated radio maps with different IRS configurations
in dB.

B. Simulation Results

In the proposed methodology, each IRS configuration will
generate a unique radio map that contains the RSSI of each
cell in the grid. Generally, the localization accuracy will
increase with the number of IRS configurations due to the
larger difference among adjacent locations. In the follow-
ing simulation, we examine the impact of the number of
IRS configurations on the localization error. Additionally, to
evaluate the quality of the proposed scheme, we implement
random configurations and uniform configurations to the IRS
as benchmarks. Continuous phase-shift means that the phase
shift can be of any value within the limitation and this can
increase the distinguishability of each location’s fingerprint
significantly. The discrete phase shift of each IRS element
can be restored according to (13) in [34].

Fig. 7 presents the localization errors versus different
numbers of IRS configurations. Random IRS configuration
means we choose the IRS configurations randomly to perform
localization. Uniform IRS configuration means that we choose
a linear spaced vector of IRS configurations θr from −π/2
to π/2 with a size of N and conduct the localization. For
example, if the number of configurations is 5, then the uniform
IRS configurations are −π/2, −π/4, 0, π/4, π/2. The DDPG
IRS means that the IRS localization is assisted by DDPG to
select the best combinations of IRS configurations to perform
the localization. All of these localization errors are average
localization errors over 5000 random noise realizations. Each
realization picks a cell randomly from the considered region of
100×100 grid and performs the localization with the selected
IRS configurations. The channel model we assumed is the
same as (18) in [34]. In this reference, the author proposed an
IRS-reflecting signal propagation and path loss model. The AP
does not have a line of sight to any cell and this is assumed in
the proposed DRL environment. In our study, the localization
capability is enabled by the RSSI fingerprint distinguishability
generated by IRS configurations. Thus, even though the AP has
the line of sight to some cells, the DRL is still expected to
select the optimized IRS configurations to create fingerprints
with significant distinguishability .

Fig. 7. The localization error v.s. The number of IRS configurations.

In Fig. 7, it can be seen that as the number of IRS



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 9

configurations increases, the trends of all three error lines
decrease even though some small fluctuations exist on all three
lines and the differences among the different configuration
methodologies are clear. The DDPG IRS always performs the
best among these methodologies since the DDPG can select
the most efficient IRS configurations to generate the most
differentiable radio maps for localization. The random IRS
configuration scenario has the largest errors since randomly
chosen IRS configurations cannot generate a differentiable
RSSI database for localization. When the number of IRS
configurations is 12. The most significant fluctuation happens
on the random IRS line when the number of IRS configurations
is 12. This occurs for two reasons. Firstly, all the results are
averaged over 5000 random noise realizations. The random-
ness of both the IRS selection process and noise realization
can lead to such significant fluctuation. Secondly, the added
zero-mean Gaussian noise could introduce the fluctuation to
the localization error as well and the proposed model is not
deterministic. The red line in the figure is the localization error
with uniformly chosen IRS configurations, which is used to
compare the performance of the DDPG and random IRS. It
is always located between the other two methodologies. This
means that if we choose the IRS configurations uniformly,
we still can obtain more differentiable radio maps to conduct
localization than the random method. Moreover, when the
number of IRS configurations is larger than ten, an acceptable
localization service with an error of less than 5 meters can
be obtained. It is also observed that when the number of
configurations is beyond 13, the performance improvement
almost starts to saturate, and only marginal performance gain
can be achieved. It is worth noting that as the number of IRS
configurations increases, the delay of the localization protocol
increases since each configuration takes a time slot. Hence this
is a fundamental trade-off between localization accuracy and
efficiency. The running time analysis is shown in Fig. 8. The
CPU for DRL training is Intel(R) Core(TM) i7-9750H with
2.60 GHz with 32.0 GB RAM and it is accelerated by the
NVIDIA GeForce GTX 1650 GPU. All the configuration sets
are trained with 100 steps and 50 episodes. Fig. 8 demonstrates
the amount of time needed for training different numbers of
IRS configurations. The running time increases with the rising
number of IRS configurations.

Fig. 8. The running time in seconds for different numbers of IRS configura-
tions.

TABLE II
COMPARISON OF RESULTS USING DIFFERENT METHODOLOGIES

Number of IRS Configurations 4 6 8 10
kNN-FS L400(Approximate) in m 3.2 2.5 1.95 2

DDPG-IRS in m 1.723 1.01 0.929 0.543

To evaluate the localization performance of our proposed
methodology, we also compare the results with the localization
methodology proposed in [7] which is the most similar work
to ours. We try to configure our settings in the same way to the
best of our knowledge. For example, we change the number
of grids from 10,000 to 400. In Table II, we compare our
DRL-based methodology with the kNN method presented in
[7]. We test the DRL-based methodology with the number
of IRS configurations from 4 to 15. When the number of
IRS configurations is 4, DRL-based localization can achieve
a 1.723 m error while the result in [7] is over 3 m. When the
number of IRS configurations is 10, the proposed method can
achieve an error of 0.5428 m while the error of the benchmark
is over 2 m. This comparison indicates that the proposed
DRL-based methodology can achieve better performance and
increase the accuracy over 40% in IRS-enabled fingerprinting-
based localization.

V. CONCLUSION

With the growing interest of IRS, future 6G systems will
not only provide ubiquitous and reliable communications but
also deliver many location-based information. In this study, we
have had a throughout review of IRS, IRS-aided localization
methodology, and IRS with DRL. Then, we have proposed a
practical IRS-aided localization methodology and developed
a DRL-based framework to optimize the IRS configuration
selection problem. Moreover, we have proposed a protocol
for the implementation of the methodology. In the simu-
lation, we have investigated the impact of the number of
IRS configurations on localization errors and compared the
results with previous work. Overall, our proposed DRL-based
methodology can achieve a better performance with over 40%
improvement. It can be concluded from the simulation results
that the localization error can be reduced by increasing the
number of IRS configurations.

In future studies, the practical challenges of establishing the
radio map database and real-time configuration of DRL need to
be further addressed. We plan to develop a practical IRS-RSSI
collection system to interact with the server so that the DRL
training process can be performed automatically in practice.
The initial idea is to integrate the RSSI collector and mobility
capability into a single board computer (e.g., Raspberry Pi)
and let it cooperate with the server for the fingerprint collection
and DRL training. Although a simulated channel model is used
to train the DRL selector in this paper, in real practice, the
empirical data or a hybrid of both real and simulated data
can be employed to train the selector. In our prior work [36],
we exploited empirical channel data collected on campus and
simulated data to train a city-model-aware DNN to model
the wireless communication channel. The results indicate that
such model can significantly improve the channel estimation
performance. Therefore, this work can be further extended and
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the algorithm can be verified in such a digital twin environment
that includes channel data from both the simulated and real
worlds in the future.
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