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Abstract—Accurate and cost-effective indoor localization re-
mains a critical challenge for smart environments. Traditional
fingerprint-based methods require measurements from multiple
access points (APs), which increases deployment costs and system
complexity. Reconfigurable intelligent surfaces (RISs) have re-
cently been explored to enrich the spatial diversity of fingerprint
data, allowing localization with fewer APs. However, many exist-
ing RIS-aided approaches rely on RIS phase shift optimization,
limiting their practicality. In this paper, we propose a novel
RIS-assisted fingerprint localization method that eliminates the
need for multiple APs and RIS phase shift optimization. In
the proposed method, multiple RISs reflect the unmodulated
signal transmitted by a radio frequency (RF) source using their
unique phase shift reflection patterns (PSRPs). These modulated
reflections allow the user equipment (UE) to extract fingerprint
features by correlating the received signal with the known
PSRPs of the RISs. Computer simulation results demonstrate
that the proposed method achieves submeter-level accuracy under
moderate transmit power conditions.

Index Terms—Reconfigurable intelligent surfaces (RISs), in-
door localization, fingerprinting.

I. INTRODUCTION

Indoor localization has become increasingly crucial for

various applications, from autonomous robotics to context-

aware smart services. Location fingerprinting is a practical

and widely adopted solution among different techniques due

to its low infrastructure requirements and compatibility with

existing wireless systems [1]. In fingerprinting systems, dis-

tinctive features of the wireless signal (such as received signal

strength (RSS) or channel state information) at various known

locations are recorded to build a fingerprint database [2].

During operation, a user’s current measurements are compared

to this database to find the closest match, thereby estimating

the user’s location [2]. Fingerprinting does not require precise

clock synchronization or specialized hardware; it can leverage

existing signals in the environment. However, its performance

depends heavily on the richness and uniqueness of the finger-

print database, which can be labor-intensive to construct and

maintain.

A common way to improve fingerprint accuracy and robust-

ness is to increase the diversity of signal observations, often

by deploying multiple access points (APs) in the environment.

Multiple APs provide additional independent measurements,

which enriches the fingerprint for each location and helps

distinguish it from others [3]. Deploying numerous APs in in-

door environments is often impractical due to high installation

and maintenance costs [4], increased power demands, and the

risk of electromagnetic interference, which necessitates careful

channel planning to avoid co-channel overlap.

Reconfigurable intelligent surfaces (RISs), also frequently

referred to as intelligent reflecting surfaces (IRSs), represent

a groundbreaking advancement in wireless technology. They

are typically planar structures composed of a large number

of low-cost, quasi-passive meta-surface elements. Unlike tra-

ditional active relays or phased arrays, RISs do not require

complex radio frequency (RF) chains, power amplifiers, or

down-conversion for baseband processing [5]. Instead, each

element can independently and dynamically adjust the phase

and amplitude of incident electromagnetic waves through

reconfigurable components, such as PIN diodes, by controlling

their ON/OFF states. This passive yet controllable reflection

enables real-time, software-defined manipulation of the wire-

less propagation environment [6].

Recently, RISs have gained attention for their potential to

enhance fingerprint-based indoor localization while reducing

the reliance on multiple APs [7]–[11]. In [7], the RIS-aided

fingerprinting concept is studied for multi-user indoor sce-

narios, where optimally selected RIS phase shifts create dis-

tinctive RSS distributions, significantly increasing localization

accuracy and reducing false position estimates. The study

in [8] proposes a RIS-assisted fingerprinting approach for

millimeter-wave (mmWave) positioning, where RIS reflections

enrich the spatial and temporal features of the received signals.

Structured fingerprints extracted from the cascaded channel

response yield higher accuracy, particularly under line-of-sight

blockage. A deep reinforcement learning (DRL) framework

is used in [9] to optimize RIS phase configurations for RSS

fingerprinting, while the nearest neighbor algorithm is used

for position estimation. In [10], an approximate linear model

is established between target coordinates and RSS values,

and a message passing algorithm is developed over a factor

graph for position estimation. RIS phase shifts are optimized

using a particle swarm optimization (PSO) algorithm based on

the Cramér-Rao lower bound (CRLB) to enhance accuracy.

In [11], the phase shift matrices of distributed RISs are

optimized using alternating optimization (AO) and Rieman-



nian steepest descent (RSD) algorithms, aiming to generate

distinguishable wireless fingerprints and minimize localization

error probabilities. However, optimizing RIS phases plays

a vital role in these works, often requiring either global

knowledge of user positions, iterative training procedures,

or additional feedback mechanisms. These requirements can

increase system complexity, hinder scalability, and limit real-

time applicability in practical deployments. Therefore, it is

valuable to explore alternative approaches that avoid the need

for RIS phase shift optimization while still enabling reliable

fingerprint-based localization.

Some works in the literature have studied RISs as over-

the-air modulators for various purposes, including data trans-

mission [12], RIS identification [13], [14], and user local-

ization [15]. Instead of optimizing RIS phases for channel

manipulation, these approaches adjust RIS phases to modu-

late an unmodulated signal transmitted from a signal source.

Specifically, in the RIS identification scheme presented in

[13], reachable RISs imprint their unique phase shift reflection

patterns (PSRPs) onto the unmodulated signal transmitted

from the UE. The base station then checks the correlation

between the received signal and the possible reachable RISs’

PSRPs to determine if the corresponding RIS is reachable by

the UE.

In this paper, we propose a simple fingerprint-based indoor

localization method utilizing modulated RISs without RIS

phase shift optimization required by previously mentioned

RIS-aided fingerprint localization systems. Unlike the RIS

identification scheme in [13], which focuses on detecting the

reachability of RISs, our system assumes the presence of

multiple RISs with known locations and focuses on utilizing

the correlation between the received signal and each RISs’

PSRP as the defining fingerprint features. In the offline phase,

these correlation metrics are recorded at known reference

points (RPs) to construct a fingerprint database. During the

online phase, the UE computes a similar set of correlation

metrics at its unknown location and then employs the weighted

k-nearest neighbor (KNN) algorithm to estimate its position.

Simulation results are provided to show the effectiveness of

the proposed method.

The remainder of this letter is organized as follows. Section

II presents the channel and signal models, which are followed

by the feature extraction and localization processes. Section III

provides the simulation setup and results. Finally, Section IV

concludes the letter and discusses future research directions.

II. SYSTEM MODEL

We consider an indoor scenario where RF signal source

transmits an unmodulated sinusoidal carrier signal (corre-

sponding to the complex baseband sample x = 1). There are L

RISs in the environment, each capable of modulating the signal

incident on their surfaces using their unique PSRPs of length

M , selected from the Walsh-Hadamard codebook. The UE

receives the reflections from multiple RISs and correlates the

received signal with these PSRPs to extract location-dependent

features.

A. Channel Model

Our setup includes both the direct link between the RF

signal source and the UE, as well as the cascaded links via

L RISs. We adopt a Rician small-scale fading model for each

link, while separating out the path loss for clarity.

1) Direct Source–UE Link: The small-scale fading for the

direct path is modeled by

hSU,m =

√

K

K + 1
e−j

2π dSU
λ +

√

1

K + 1
ΥSU,m, (1)

where m is the index of the received symbol at the UE, K

denotes the Rician factor, λ is the wavelength, dSU represents

the source to UE distance and ΥSU,m ∼ CN (0, 1), where

CN (0, σ2) stands for complex Gaussian distribution with zero

mean and variance σ2. The first term in (1) captures the LoS

component, while the second term accounts for the Rayleigh

fading component. The path loss for this link is [16]

βSU(dB) = 32.4 + 17.3 log10
(

dSU

)

+ 20 log10
(

f
)

, (2)

with f being the frequency in GHz.

2) Source–RIS–UE Cascaded Link: Each RIS has N reflec-

tive elements, so the Source–RIS and RIS–UE links must be

considered per element. When RIS elements are closely spaced

(e.g., at half-wavelength intervals), the variation in distances

across individual elements is minimal compared to the overall

propagation distances in the far field. Therefore, for analytical

simplicity and without significant loss of accuracy, a common

distance is assumed for all elements. Denote Source-RIS and

RIS-UE distances by d
(l)
SR and d

(l)
RU, respectively. Accordingly,

the small-scale fading on the Source-RIS link for n-th element

of l-th RIS is

h
(l,n)
SR,m =

√

K

K + 1
e−j

2π d
(l)
SR

λ +

√

1

K + 1
Υ

(l,n)
SR,m, (3)

and similarly for the RIS–UE link

h
(l,n)
RU,m =

√

K

K + 1
e−j

2π d
(l)
RU

λ +

√

1

K + 1
Υ

(l,n)
RU,m. (4)

Here, Υ
(l,n)
SR,m ∼ CN (0, 1) and Υ

(l,n)
RU,m ∼ CN (0, 1). When

all N elements of the l-th RIS are taken into account, the

corresponding Source-RIS and RIS-UE channel vectors is

represented as

h
(l)
SR,m =

[

h
(l,1)
SR,m, h

(l,2)
SR,m, . . . , h

(l,N)
SR,m

]T
, (5)

h
(l)
RU,m =

[

h
(l,1)
RU,m, h

(l,2)
RU,m, . . . , h

(l,N)
RU,m

]T
. (6)

Finally, the path loss for Source-RIS-UE cascaded link is

modeled as [17]

β
(l)
SRU =

λ4

256π2 (d
(l)
SR)

2 (d
(l)
RU)

2
. (7)



B. Signal Model

The m-th received symbol at the UE can be expressed as

ym =
√

Px

(

L
∑

l=1

√

β
(l)
SRU

[

(h
(l)
SR,m

)TΦ
(l)
m h

(l)
RU,m

]

+
√

βSUhSU,m

)

+ nm

I
=

√

Px

(

L
∑

l=1

ejφ
(l)
m

√

β
(l)
SRU

[

(h
(l)
SR,m

)T I
N(l)h

(l)
RU,m

]

+
√

βSUhSU,m

)

+ nm

II
=

√

P

(

L
∑

l=1

ejφ
(l)
m

√

β
(l)
SRU

h̃(l) +
√

βSUhSU

)

+ nm (8)

where P is the transmit power Φ
(l)
m denotes the RIS phase

shift matrix and nm ∼ CN (0, σ2
n) denotes the additive white

Gaussian noise (AWGN) sample at the UE. In step I of

(8), taking into account the PSRP, the phase shift matrix is

expressed as Φ
(l)
m = ejφ

(l)
m IN , where ϕ

(l)
m is the applied phase

shift and IN is the identity matrix of size N . In step II of (8),

we assume the channel coherence time is sufficiently large so

that the channel remains constant for all reflected symbols.

This allows us to omit the symbol index m in the channels

and define h̃(l) = (h
(l)
SR)

T
INh

(l)
RU, which captures the combined

source-to-RIS and RIS-to-UE channel gains.

Independently of the UE, each RIS periodically configures

all its elements to apply a common phase shift of either 0 or

π to the incident signal. Specifically, at the reflection of the

m-th symbol, the corresponding phase shift imposed on x is

determined by

ϕ(l)
m =

{

0, s
(l)
m̃ = 1

π, s
(l)
m̃ = −1

, m, m̃ ∈ {1, 2, . . . ,M}, (9)

where s
(l)
m̃ ∈ {−1, 1} is the m̃-th element of the PSRP vector

s(l) = [s
(l)
1 , · · · , s

(l)
M ] with m̃ =

(

(c + m − 1) mod M
)

+ 1
denoting a circularly shifted index, and c represents the shift

amount which is uniformly distributed over {0, 1, . . . ,M−1}.

This shift is caused by the lack of synchronization between the

UE and the RIS, and it ensures that, from the UE’s perspective,

each RIS’s PSRP appears as a circular shift of the base code

s(l).

C. Correlation-Based Feature Extraction

Let the UE collect M consecutive samples into a vector y =
[y1, y2, . . . , yM ]. Because the received signal y may be shifted

relative to the PSRP vector s(l), to extract the contribution

from the l-th RIS, the UE first computes the correlation for

all possible circular shifts of the s(l) as [18]

d
(l)
c̃ =

M
∑

m=1

(

s
(l)
c̃,m

)(

ym

)

, (10)

where s
(l)
c̃,m ∈ {−1, 1} corresponds to the m-th element of

the vector s(l) which is circularly shifted by c̃ to the left.

Since the actual temporal shift occurs in y, an equivalent effect

is achieved by shifting s(l) instead. By taking the maximum

absolute value of d
(l)
c̃ across all shifts c̃ ∈ {0, . . . ,M −1}, we

TABLE I: Fingerprint database

Reference Point Fingerprint Vector

RP1 f1 =
[

D̄
(1)
1 , D̄

(2)
1 , . . . , D̄

(L)
1

]

RP2 f2 =
[

D̄
(1)
2 , D̄

(2)
2 , . . . , D̄

(L)
2

]

.

.

.
.
.
.

RPZ fZ =
[

D̄
(1)
Z

, D̄
(2)
Z

, . . . , D̄
(L)
Z

]

find the best alignment between y and s(l). Accordingly, we

define the correlation metric for l-th RIS as

D(l) = max
c̃∈{0,1,...,M−1}

∣

∣d
(l)
c̃

∣

∣. (11)

The quantity D(l) can be regarded as the signature of the l-

th RIS in the received signal. When multiple RISs are active,

the vector f =
[

D(1), D(2), . . . , D(L)
]

provides a compact

representation of correlation-based features across all RISs.

D. Localization Process

Fingerprint-based localization typically involves two phases:

offline data collection and online position estimation.

1) Offline Phase: Consider Z RPs placed at known loca-

tions {RP1,RP2, . . . ,RPZ}. At each RPz , we first compute

the correlation metric D
(l)
z,n for every RIS l ∈ {1, . . . , L}

and each independent measurement n ∈ {1, . . . , r}, using

(10) and (11). To reduce the effects of small-scale fading, we

take r independent measurements at each RP and average the

correlation metrics, i.e.,

D̄(l)
z =

1

r

r
∑

n=1

D(l)
z,n. (12)

The fingerprint vector at RPz is then defined as

fz =
[

D̄(1)
z , D̄(2)

z , . . . , D̄(L)
z

]

. (13)

Collecting these vectors for all Z reference points yields the

fingerprint database, as illustrated in Table I.

2) Online Phase: Suppose the UE is located at an unknown

position u. For each RIS, the correlation metric D
(l)
u at position

u is obtained using (10) and (11). The resulting correlation

metric vector at position u is then given by

fu =
[

D(1)
u , D(2)

u , . . . , D(L)
u

]

. (14)

We then compare fu against the fingerprint database using a

normalized Euclidean distance:

ηz =

√

√

√

√

L
∑

l=1

(

D̄
(l)
z −D

(l)
u

D̄
(l)
z

)2

, (15)

for z = 1, 2, . . . , Z. Note that, the correlation metric D(l)

vary significantly across different RISs and RPs, which is why

normalization is applied in (15). The k RPs with the smallest

distance ηz to the UE’s fingerprint are deemed the k nearest
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Fig. 1: 2D grid representation of the reference points, the RF

signal source, and RISs in the indoor environment.

neighbors. Using the weighted KNN algorithm, we estimate

the UE’s location û as

û =

∑k

j=1 wj l̃j
∑k

j=1 wj

, (16)

where l̃j is the location of the j-th nearest RP and wj = 1
η̃j

is its weight, with η̃j being the distance metric corresponding

to the j-th nearest RP.

Finally, we define the localization error ϵ as the Euclidean

distance between the actual user location u and the estimate

û.

ϵ = ∥u− û∥. (17)

III. SIMULATION SETUP AND RESULTS

We consider a 10× 10m indoor area in which a single RF

signal source (AP) and three reconfigurable intelligent surfaces

(RISs) are deployed, as shown in Fig. 1. The RF signal source,

placed at coordinates (5, 0)m and mounted at a height of

3m, transmits an unmodulated sinusoidal carrier signal at a

frequency of 1.8GHz. Three RISs, each also deployed at a

height of 3m, are located at (0, 5)m, (5, 10)m, and (10, 5)m,

respectively. Each RIS applies phase-shift modulation based

on a Walsh-Hadamard code of length M = 16. There are

100 uniformly distributed RPs for the offline phase, while the

unknown UE locations during the online phase are randomly

selected from the region enclosed by the corner RPs, with

UE height fixed to 1m. To reduce the impact of small-scale

fading, r = 16 independent measurements are taken at each

RP during the offline phase, and the resulting correlation

metrics are averaged. Unless otherwise stated, each RIS is

equipped with N = 36 reflecting elements, the transmit

power is P = −13 dBm, the noise variance at the UE is

σ2
n = −100 dBm, and k parameter of the weighted KNN

algorithm is set to 3.

Fig. 2 illustrates the heatmaps of the logarithmic correlation

metrics across the grid for each RIS. The values at reference

points are interpolated to generate a continuous map. We

observe a strong correspondence between proximity to a given

RIS and its corresponding correlation metric; points closer to

a particular RIS consistently exhibit higher correlation values.

Consequently, these spatial variations confirm that correlation-

based features can encapsulate location information, validating

their use in fingerprint localization.

Fig. 3 examines the effect of using different subsets of

the three RISs on the mean localization error. Employing all

three RISs offers the best performance. For instance, at a

transmit power of −17 dBm, the mean localization error is

approximately 0.62m with all three RISs, 0.92m if only RISs

1 and 2 are used, and 2.23m when only RISs 1 and 3 are used.

The error reduction stems from the higher dimensionality of

the fingerprint vectors when more RISs are active, thereby

providing richer location information. Moreover, even if the

same number of RISs is used, the specific choice of RIS pair

matters. RISs 1 and 3 exhibit spatially symmetric correlation

patterns across the grid, which can lead to similar correlation

values at different locations. This symmetry can introduce

ambiguities in fingerprint-based localization, making it harder

to distinguish between specific locations and thereby degrad-

ing localization performance. In contrast, RIS 2 provides a

distinct correlation pattern that complements the information

from RISs 1 and 3, breaking the symmetry and improving

localization accuracy.

In Fig. 4, we investigate the effects of varying the number

of RIS elements (N ) and the parameter k of the weighted

KNN algorithm. First, comparing k = 1 to k = 3 shows

that using k = 3 improves the positioning accuracy. For

example, at P = −14 dBm, the localization error is around

0.6m for k = 3 and about 0.7m for k = 1. Note that

the overall computational complexity in the online phase is

O(ZL+Z log k + k), where O(ZL) corresponds to distance

computations, O(Z log k) accounts for k-nearest neighbor

selection, and O(k) is associated with the final position esti-

mation. The overall complexity is dominated by the distance-

computation term O(ZL); therefore, increasing k has only

a minor effect on complexity, making it practical to choose

slightly larger k values for improved accuracy. Moreover,

increasing N decreases the localization error because having

higher N boosts the RIS contribution to the overall signal,

providing more consistent correlation metrics. For instance, at

P = −11 dBm and k = 1, the error is 0.98m for N = 16
but drops to 0.69m for N = 36. Additionally, as seen from

Figs. 3 and 4, increasing P reduces the localization error

by mitigating the impact of noise on the correlation metrics.

However, the error saturates beyond a certain power level due

to the persistent influence of small-scale fading, which remains

even at high signal-to-noise ratios and limits further accuracy

improvements.
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Fig. 2: Spatial distribution of logarithmic correlation metrics (log10
(

D(l)
)

) for each RIS, visualized as heatmaps.
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IV. CONCLUSION

This paper has introduced a novel fingerprint-based indoor

localization method that leverages RISs to modulate incident

signals with their unique PSRPs. In this method, location-

dependent fingerprint features are extracted by correlating the

received signals with RISs’ PSRPs. Our approach eliminates

the need for multiple APs and does not require RIS phase

shift optimization. Our findings indicate that increasing the

number of RISs improves localization accuracy by enhancing

fingerprint dimensionality, and that strategic RIS placement

plays an important role in minimizing localization errors. Sim-

ulation results demonstrated the effectiveness of the proposed

method across various system parameters. Future work will

explore integrating machine learning for enhanced fingerprint

matching and real-world experimental validation.
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