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Abstract— Autonomous robots operating in indoor and GPS
denied environments can use LiDAR for SLAM instead. How-
ever, LiDARs do not perform well in geometrically-degraded
environments, due to the challenge of loop closure detection and
computational load to perform scan matching. Existing WiFi
infrastructure can be exploited for localization and mapping
with low hardware and computational cost. Yet, accurate pose
estimation using WiFi is challenging as different signal values
can be measured at the same location due to the unpredictability
of signal propagation. Therefore, we introduce the use of WiFi
fingerprint sequence for pose estimation (i.e. loop closure) in
SLAM. This approach exploits the spatial coherence of location
fingerprints obtained while a mobile robot is moving. This has
better capability of correcting odometry drift. The method also
incorporates LiDAR scans and thus, improving computational
efficiency for large and geometrically-degraded environments
while maintaining the accuracy of LiDAR SLAM. We conducted
experiments in an indoor environment to illustrate the effec-
tiveness of the method. The results are evaluated based on Root
Mean Square Error (RMSE) and it has achieved an accuracy
of 0.88m for the test environment.

I. INTRODUCTION

Simultaneous Localization and Mapping (SLAM) enables

autonomous robots to localize in unknown environments by

simultaneously obtaining its pose and generating a map of its

environment. Research have been extensively investigating

and developing different SLAM techniques to achieve high

performance and efficiency. SLAM methods that provide

accurate pose estimates are usually based on visual cameras

and Light Detection and Ranging (LiDAR). However, these

methods do not work well in large and geometrically-

degraded environments due to the difficulty of robust loop

closure detection. Furthermore, these methods are vulnerable

to dynamic environments and occlusions.

In outdoor environments, accurate positioning is made

possible with the availability of Global Positioning System

(GPS). However, this method of localization is not available

for indoor environment due to multipath propagation and no

clear line-of-sight between GPS receivers and GPS satellites

[1]. Research done in the past decade suggests alternatives

to GPS by proposing methods that utilize Ultra-Wideband
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(UWB) [2], Bluetooth Low Energy (BLE) [3], Long-Term

Evolution (LTE) [4], and WiFi [5]. The wide deployment of

WiFi in indoor environment allows for accessibility of the

signal without requiring additional infrastructure. Hence, it

becomes the signal of choice for the proposed method.
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Fig. 1. Overview of the proposed WiFi LiDAR SLAM.

This paper proposes a method which involves a two level

optimization process for SLAM. An overview of the pro-

posed approach is illustrated in Figure 1. The first level uses

graph optimization on loop closures based on pose estimation

using fingerprint sequences. It does not require prior knowl-

edge on distribution of the access points (APs) or a labor-

intensive data collection phase unlike fingerprinting-based

method. The second level further improves the accuracy of

the trajectory obtained. It uses graph optimization on loop

closures based on scan matching of LiDAR scans. Accurate

pose estimations can also be obtained using LiDAR scans

and scan matching. While this is computationally intensive,

the trajectory produced in the first step reduces the number of

scans required for scan matching to those that are in close

proximity. Thus, improving computational efficiency while

preserving accuracy. Furthermore, the first level provides ro-

bustness against geometrically-degraded environments where

LiDAR-based SLAM performs less reliably. We conducted

experiments in an indoor carpark environment and showed

that the proposed method has managed to achieve accurate

pose estimation of a Clearpath Husky UGV. The contribution

of this paper includes: 1) proposing a WiFi SLAM method

using loop closures based on WiFi fingerprint sequences;

2) proposing an additional step of improving WiFi SLAM

using LiDAR; and 3) conducting experiments to illustrate

the performance, efficiency, and robustness of the proposed

method.

We organise the paper as follows. In Section II, we

introduce related works in SLAM and localization techniques

that use WiFi or LiDAR. In Section III, the paper explains

the methodology of WiFi SLAM using loop closures based

on WiFi fingerprint sequences and the additional step to

incorporate LiDAR. In Section IV, the paper describes the

http://arxiv.org/abs/2206.08733v1


experiment conducted and evaluates the results. Section V

concludes this paper with a discussion of the future work.

II. RELATED WORKS

WiFi signals present an opportunity to be exploited for

indoor positioning purposes. However, these signals were

not designed for estimating pose and thus techniques have

been investigated and studied to enable this feature. These

techniques can be broadly categorised into fingerprinting-

based, model-based, and machine learning-based approaches.

Fingerprinting-based techniques [6] rely on forming the

fingerprint map which consists of WiFi data mapped to

spatial coordinates that represents physical locations. While

this method can be accurate, the process of creating the

fingerprint map can be very tedious especially over large

areas, which is not sustainable in the long run [7]. Authors

in [8] proposed to fuse WiFi fingerprints into visual SLAM

algorithm. To improve runtime efficiency, visual matching is

performed when a similar WiFi cluster is found. Authors in

[9] used WiFi to determine the coarse orientation between

different sub-maps during distributed online mapping.

Another technique involves obtaining a model that can

represent the characteristics of the signal in the environment.

The work presented in [10], uses received signal strength

(RSS)-based localization with device free localization tech-

niques based on their modified log-distance model which

employs a maximum likelihood technique to estimate po-

sition. However, parameters such as the transmitting power

and path loss exponent are practically unknown. It is almost

impossible to obtain them due to the multiple path prop-

agation phenomenon in indoor environments. WiFi SLAM

in [11], mapped high-dimensional signal strength into two-

dimensional latent space with a Gaussian process. Authors

in [12] improved this by utilizing graph-based SLAM. Both

methods assume the signal strength at two close locations to

be similar and the measurement likelihood can be modeled

using a Gaussian process. In contrast, the proposed method

does not require any model to represent signal propagation

or signal strength distribution.

Machine learning-based techniques rely on training a

model using prior data to estimate position. The method

described in [13] utilizes random forests algorithms for WiFi

localization and extends the method by using Gaussian pro-

cess latent variable model (GPLVM) to represent the signal

strength distribution. As mentioned, the proposed method

requires neither prior knowledge of the environment nor a

model representation of the signal strength distribution.

LiDARs are able to generate laser scans which measure

relative distances to its surrounding environment [14] and

represent the structural maps of environments, which are suit-

able for SLAM. Methods that are widely used for LiDAR-

based SLAM are GMapping [15], HectorSLAM [16], and

Cartographer [17]. These methods, however, are not suitable

for large areas [18]. The scan matching procedures can

be computationally intensive to perform in larger areas.

Geometrically-degraded environments also pose a challenge

for scan matching to identify a proper match for loop

closures. By incorporating WiFi measurements into the con-

ventional LiDAR SLAM, our proposed method is shown to

be more robust in large-scale and geometrically-degraded

environments.

III. METHODOLOGY

This paper proposes a novel approach of using WiFi and,

subsequently, LiDAR for SLAM in an unknown environ-

ment. This section explains the methodology which involves:

1) an overview of the SLAM framework for this method; 2)

fingerprint similarity computation; 3) detecting loop closure

candidates based on fingerprint sequences; and 4) integrating

LiDAR into WiFi SLAM.

A. Overview of graph-based SLAM framework

We adopt a graph-based approach which performs SLAM

through a maximum likelihood estimation using pose graphs.

The node xt = (xt, yt, θt) in the graph is defined as the pose

of the robot at time t. We use x = {x1, ...,xT } to denote the

path of the robot up to time T . ft represents WiFi measure-

ment recorded at location xt at time t. ft consists of RSS

values from L access points, i.e., ft = (ft,i, ..., ft,L). The

graph uses sequential odometry measurements as odometry-

based constraints and loop closures as observation-based

constraints. In particular, the constraint between two nodes

i and j is defined as a rigid body transformation with mean

zij and covariance Σij . Loop closure represents a situation

when the robot has revisited a previously observed location.

It is determined by aligning sensor observations between

two non-consecutive poses. As odometry is susceptible to

drifting, loop closure corrects the accumulated odometric

error. The proposed method recognises loop closure based on

WiFi fingerprint sequences and incorporates these constraints

into graph-based SLAM. Scan matching is used to infer

the additional LiDAR constraints to improve the localization

accuracy. We perform graph optimization by minimizing

Equation 1 in order to obtain accurate trajectory as the best

configuration of x, given the constraints.
∑

i,j∈C

(zij − ẑij(xi,xj))
TΣ−1

ij (zij − ẑij(xi,xj)), (1)

where C denotes the set containing all pairs of constraints.

B. Fingerprint similarity

Radio fingerprint uses a set of radio signals from different

base stations to represent a location. Similar to appearance-

based approach, the radio fingerprint is assumed to be unique

in an environment, which is widely used for localization in

the research community and industrial applications. In con-

trast to visual-based localization, where heavy computation

is involved for feature extraction and matching, the time

required for comparing fingerprint similarity is negligible, as

unique MAC (Media Access Control) address reported by the

AP can be served as ubiquitous feature for the localization.

Given two fingerprints fi and fj , we use H to represent

the number of common APs (i.e., the APs appear in both

fingerprints). In addition, let Li and Lj denote total number



of APs in fi and fj , respectively. The similarity function

sim(fi, fj) gives a positive value between 0 and 1, that

considers the detection likelihood and the signal strength

likelihood:

sim(fi, fj) =
H

Li + Lj −H
︸ ︷︷ ︸

Detection likelihood

·
1

H

H∏

n=1

exp(−
(fi,n − fj,n)

2

2σ2
)

︸ ︷︷ ︸

Signal strength likelihood

,

(2)

where σ2 represents the received signal variance, which is

set to 36dBm according to the findings in [1].
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Fig. 2. Illustration of two fingerprint sequences and the nearest fingerprint
pairs found with k = 1.

C. Loop closure and pose estimation with fingerprint se-

quence

The accuracy of fingerprint-based approach is often af-

fected by the unpredictability of radio propagation. To ad-

dress this issue, we present an approach for pose estimation

based on the matching of two fingerprint sequences by ex-

ploiting their spatial coherence. A slide window w is used to

segment the track into fingerprint sequences. In particular, we

define a sequence Ct at time t as a collection of sequential

poses with a window size of w, i.e., Ct = {xt′}, where

t− w
2 ≤ t′ ≤ t+ w

2 . Since our goal is to estimate the relative

pose between two fingerprint xi and xj , therefore we use

the relative pose of xt′ with respect to xt in a sequence Ct,

i.e., Ĉt = {x−1
t xt′}. We first check the similarity between

two fingerprints fi and fj . If the similarity is higher than a

predefined threshold (for example 0.3), we use our sequence-

based approach to determine the relative pose between xi and

xj . This is achieved by finding the best configuration of the

pose (T∗, including 2D displacement and rotation) through

minimizing the residual error of two fingerprint sequences:

T
∗ = argmin

T

1

w

w

2∑

τ=−
w

2

dist(T(x−1
i xi+τ ),x

−1
j xj∗), (3)

where the function dist(·) computes the Euclidean distance

between two locations. xj∗ represents the estimated position

in sequence Ĉj for a given fingerprint fi+τ in sequence Ĉi.

Given a location fingerprint fi+τ , we compute its similarities

to those fingerprints located in a time window 2w with re-

spect to fj . As a result, we obtain the k reference fingerprints

fπ(1), ..., fπ(k), whose similarities best match the fingerprint

fi+τ . We approximate xj∗ as the weighted mean among these

k-nearest locations in similarity space:

xj∗ =
1

∑k

l=1 sim(fi+τ , fπ(l))

k∑

l=1

sim(fi+τ , fπ(l)) · xπ(l),

(4)

where π(l) is within range [j − w
2 , j +

w
2 ]. An example of

the fingerprint sequences and the similarest fingerprint pairs

found with k = 1 is shown in Figure 2. The minimization

(i.e., Equation 3) is solved by singular value decomposition

(SVD). We consider a valid loop closure < xi,xj > if the

average distance (i.e., dist(·) in Equation 3) for T∗ is smaller

than a threshold (3 meters). The covariance matrix of this

constraint is set to be identity.

D. Second graph optimization using LiDAR scans

Based on WiFi constraints inferred in Section III-C, we

perform the first pose graph optimization (i.e., WiFi SLAM)

to obtain a coarse aligned trajectory of the robot. The

Levenberg-Marquardt in g2o1 is used as solver to optimize

the graph. Afterwards, we perform the second pose graph

optimization by minimizing Equation 1 again based on the

optimized trajectory from the first pose graph optimization

with new constraints obtained from LiDAR scan matching.

The trajectory provided by the first graph optimization

reduces the frequency to perform scan matching for loop

closures while the second graph optimization improves its

accuracy. A common used approach for scan matching is the

iterative closest point (ICP) algorithm, which iteratively finds

a transformation between two LiDAR scans to minimize

the sum of square distance (i.e., fitness score) between

the correspondence points. We consider the following two

manners to incorporate LiDAR scans:

• Scan matching of LiDARs in close proximity: we

perform ICP of the LiDAR scans in close proximity to

correct the short term odometry errors. The odometry

estimation is used as the initial guess for the ICP

algorithm.

• LiDAR loop closure detection: in addition to the

evaluation of LiDAR scans in proximity, we perform

the LiDAR scan matching for non-consecutive poses

if the displacement of two poses is smaller than a

threshold. This step determines loop closures between

non-consecutive poses, which allows to correct the long

term odometry error.

The optimized trajectory is annotated with LiDAR scans to

construct the grid map of the environment. The working flow

of the proposed approach is described in Algorithm 1.

IV. EXPERIMENTAL RESULT

A. Setup

The experiment was conducted at the Basement 2 carpark

B (with a size of 30m×200m) in Nanyang Technological

University (NTU) campus. The experiment was performed

1https://github.com/RainerKuemmerle/g2o



Algorithm 1: The proposed approach for WiFi Li-

DAR SLAM

Data: Odometry {xt}
T
t=1, WiFi fingerprints {ft}

T
t=1, and

LiDAR scans
Result: Optimized trajectory {x̂t}

T
t=1

// Loop closure and relative pose

estimation based on WiFi fingerprint

sequence (Sect.III-C)

1 for i← 1 to T do
// Check accumulated distance and

fingerprint similarity

2 for j ← 1 to i with acc(xi,xj) ≥ 50 and
sim(fi, fj) ≥ 0.3 do

3 ✄ Compute the relative pose T
∗ between xi and

xj according to Equation 3
4 if Average distance computed for T

∗ is smaller
than 3 meters then

5 ✄ Add < xi,xj > as loop closure
6 end
7 end
8 end

9 ✄ Obtain the optimized trajectory {x̄t}
T
t=1 by graph

optimization according to Equation 1
// LiDAR scan matching (Sect.III-D) for

pose refinement

10 for i← 1 to T do
// Check accumulated distance and

relative distance of x̄i and x̄j

11 for j ← 1 to i with acc(xi,xj) ≤ 1 or
||x̄i − x̄j || ≤ 5 do

12 ✄ LiDAR scan registration between xi and xj

according to ICP
13 if Matching points ≥ half of the average number

of points then
14 ✄ Add < xi,xj > as loop closure
15 end
16 end
17 end

18 ✄ Obtain the final trajectory {x̂t}
T
t=1 by optimizing

Equation 1

using a Clearpath Husky UGV, as shown in Figure 3. A

Hokuyo LiDAR UST-20LX was mounted on the robot to

obtain laser scans. Xiaomi Max 3 smartphones were placed

on the robot to scan WiFi access points at a frequency of

0.5Hz. Wheel odometry measurements were recorded at a

frequency of 10Hz. The ground truth was obtained through

Adaptive Monte Carlo Localization (AMCL) with a prior

map, created using GMapping on data recorded over two

hours in the environment. Throughout the experiment, the

robot was driven at an average speed of 0.4m/s. The robot

traveled over a distance of 1072.6m with a duration of about

2583 seconds. In total, 1046 MAC addresses are reported in

the environment. In the next sections, we proceed to evaluate:

1) WiFi SLAM based on fingerprint sequence; 2) the effects

on accuracy by integrating LiDAR scans; 3) the mapping

performance as compared to GMapping; and 4) runtime.

B. Evaluation of WiFi SLAM based on fingerprint sequence

For this evaluation, we consider WiFi SLAM without

integrating laser scans. Table I evaluates the performance of

relative pose estimation (including 2D position and orienta-

Husky robot

Xiaomi Smartphones

Hokuyo LiDAR

Fig. 3. Experimental setup.

TABLE I

EVALUATION OF THE PROPOSED APPROACH UNDER DIFFERENT WINDOW

SIZE w.

w (window size) 20 40 80 120

Number of loop closures 1038 620 396 257

Position estimation accuracy
with fingerprint sequence (m)

2.93 1.05 0.57 0.47

Orientation estimation accuracy
with fingerprint sequence (rads)

0.48 0.23 0.10 0.11

Total computational time (s) 306 364 652 1138

WiFi SLAM accuracy (m) 2.87 2.75 2.70 3.66

tion) using fingerprint sequence and WiFi SLAM by varying

the window size w from 20 to 120. We fix k=2 for this series

of experiments. A large window size reduces the number of

constraints and improves the relative pose estimation accu-

racy using fingerprint sequence, while computational time

increases. However, it does not provide a better localization

accuracy using WiFi SLAM, due to the reduced number

of constraints. At small window size, despite having more

constraints and less computational time, it introduces higher

uncertainties which does not improve or even deteriorates the

performance of WiFi SLAM. Hence, we set a window size

w to 80 for the remaining evaluations. Table II evaluates the

accuracy and constraints of WiFi SLAM by varying the k

from 1 to 8. As seen from this table, k = 2 achieves the best

positioning accuracy. A too large or too small k reduces the

positioning accuracy.

C. WiFi LiDAR SLAM by integrating LiDAR scans

Integrating laser scans in proximity would improve the ac-

curacy of wheel odometry. ICP-based scan matching of laser

TABLE II

EVALUATION OF THE PROPOSED APPROACH UNDER DIFFERENT

SETTINGS OF k.

k (reference fingerprints) 1 2 4 8

Number of loop closure 426 396 320 265

Position estimation accuracy
with fingerprint sequence (m)

0.72 0.57 0.72 0.99

Orientation estimation accuracy
with fingerprint sequence (rads)

0.11 0.10 0.11 0.13

WiFi SLAM RMSE (m) 2.83 2.70 2.77 3.83
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scans is enabled if the distance traveled by the robot is less

than 1 meter. Using the optimized trajectory obtained from

the first pose graph optimization, we obtain loop closures by

performing scan matching if relative distance between two

poses is within a distance threshold, i.e., 5 meters. We discard

a match if the number of correspondence points is less than

half of the average number of points in two scans. Table

III lists the positioning accuracy with different approaches.

We compared our approach with the one [19] that uses a

pre-trained similarity model for the WiFi loop closures. Our

approach (with WiFi only) provides a localization accuracy

of 2.7m, which is an improvement of 30.9% compared to the

similarity model-based approach (3.91m). Scan matching is

time consuming to perform between all poses due to high

sampling rate of the odometry. Hence, percentage of poses

examined is limited to improve computational efficiency.

With more poses evaluated, we obtained better accuracy.

However, we observe that the accuracy does not continue to

improve for evaluating more than 40% of the poses. Whereas,

time consumption increases linearly with the increase of the

percentage of poses evaluated. Figure 4 shows the compari-

son of trajectories using different variations of the proposed

methods with the ground truth.

D. Evaluation of SLAM performance as compared to GMap-

ping

GMapping applies particle filtering for SLAM and is

considered as one of the state-of-the-art SLAM algorithms.

We refer to the work in [20] for a comparison between

GMapping and Cartographer, where the authors concluded

that GMapping produced similar maps when compared to

Cartographer. We applied GMapping to the recorded dataset

and compared with the different variations of the proposed

method as shown in Table III. Our proposed method of

SLAM involving the two level optimization produced a

positioning accuracy of 0.88m by fusing the close LiDAR

scans and 40% of additional LiDAR scans for loop closure

detection. GMapping failed to correct the large odometric

errors in the large environments and hence did not give the

most accurate results.

Based on the optimization trajectory, we generate the

(c) GMapping

(d) Map created by ground truth

(b) WiFi LiDAR SLAM

(a) WiFi SLAM

Fig. 5. A comparison of the maps created by different approaches, i.e.,
WiFi SLAM, WiFi LiDAR SLAM, GMapping, and ground truth.

occupancy grid maps by evaluating the respective grid using

laser scans at optimized poses. We evaluated the map pro-

duced by the proposed method, GMapping, and the ground

truth, as shown in Figure 5. The map by WiFi SLAM (see

Figure 5(a)) is shown to be globally consistent but, with

slight distortion in local areas. This can be seen from the

non-straight boundaries representing the walls. The quality

of the map is significantly improved by the incorporation of

laser scan matching, which can be seen from Figure 5(b).

The purpose of the map is to visually inspect quality of the

optimized trajectory. It is important to mention that, to gener-

ate our ground truth map by GMapping, we have to design a

cumbersome strategy for the robot to traverse different small

regions and avoid large loops. This requires experienced

users and a good familiarity with the environment, which

might be difficult for general users especially in unknown

environments.

E. Evaluation of runtime

We tested the proposed approach on an Intel Core i7-

6700HQ CPU with 2.6GHz frequency and an RAM of 8GB.

We set window size w = 80 for the test. The percentage of



TABLE III

COMPARISON TO GMAPPING AND THE MAPPING ACCURACY (METERS) OF OUR APPROACH BY USING DIFFERENT SENSORY INFORMATION.

Odometry GMapping
Similarity
model [19]

WiFi
WiFi+
close scans

WiFi+close scans+
10% additional scans

WiFi+close scans+
40% additional scans

54.7 4.31 3.91 2.7 1.56 0.92 0.88

TABLE IV

EVALUATION OF RUNNING TIME AT DIFFERENT STAGES OF OUR

APPROACH.

Stage Time consumed in seconds

Data recording 2583.95

WiFi loop closure with
fingerprint sequence

364

First graph optimization 2.76

Scan matching in close
proximity

917.2

Additional 10% laser scans 3887.62

Second graph optimization 2.84

poses evaluated for LiDAR loop closure detection is limited

to 10%. Optimization is performed after all loop closures

are identified. Table IV shows the computational time taken

at each stage of the proposed method. From Table IV, we

observe that the time taken for WiFi loop closure detection

and optimization are insignificant as compared to the data

recording time. The time required for performing one WiFi

similarity comparison of 44 MAC addresses is 0.029ms

whereas, time required for one scan matching of 600 points

is 13.04ms. Therefore, laser scan matching is the bottleneck

of the proposed method. Applying state-of-the-art fast scan

matching algorithms would lead to an improvement of the

performance of the proposed method.

V. CONCLUSION AND DISCUSSION

In this paper, we proposed an approach to efficiently and

accurately perform SLAM for autonomous robots by the

fusion of WiFi fingerprint sequence and LiDAR laser scans.

Our approach produces a globally consistent trajectory based

on WiFi measurements and then refines the trajectories by

scan matching of laser scans. The performance of the system

was verified in an indoor environment. The proposed method

obtained an accuracy of 0.88m for the test environment by

the fusion of WiFi and LiDAR. In the future, we would like

to investigate the possibility of using the produced map to

assist the navigation and path planning of an autonomous

robot.
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