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Abstract— Indoor Positioning Systems (IPS) traditionally rely
on odometry and building infrastructures like WiFi, often
supplemented by building floor plans for increased accuracy.
However, the limitation of floor plans in terms of availability
and timeliness of updates challenges their wide applicability.
In contrast, the proliferation of smartphones and WiFi-enabled
robots has made crowdsourced radio maps – databases pairing
locations with their corresponding Received Signal Strengths
(RSS) – increasingly accessible. These radio maps not only
provide WiFi fingerprint-location pairs but encode movement
regularities akin to the constraints imposed by floor plans.
This work investigates the possibility of leveraging these radio
maps as a substitute for floor plans in multimodal IPS. We
introduce a new framework to address the challenges of radio
map inaccuracies and sparse coverage. Our proposed system
integrates an uncertainty-aware neural network model for WiFi
localization and a bespoken Bayesian fusion technique for
optimal fusion. Extensive evaluations on multiple real-world
sites indicate a significant performance enhancement, with
results showing ∼ 25% improvement over the best baseline.

I. INTRODUCTION

Indoor location awareness is a key capability for smart
devices and a fundamental need in embodied intelligence.
There is a surge in applications of Indoor Positioning Sys-
tems (IPS) ranging from smart retail navigation to space
utilization analysis.

Due to the non-line-of-sight issue of GPS in indoor
environments, existing IPS leverage inertial measurement
units (IMU) and/or building-dependent infrastructures such
as WiFi, Bluetooth or magnetic fingerprints to localize smart
devices. More recently, building floor plans emerge to be
used as an effective input modality for IPS and can be fused
with IMU and other building-dependent infrastructures to
improve the localization accuracy [1] [2]. Intuitively, floor
plans constrain the movement path of a moving agent -
people cannot walk through walls and can only enter a
room through a door, and can serve as strong cues in
correcting localization offsets. However, the floor plans of
many environments can be absent or lack timely updates
after map creation. As a result, the usefulness of such indoor
localization methods is largely limited by the availability of
accurate maps.

On the other side, with the proliferation of smartphones
and WiFi-enabled mobile robots, the radio maps of WiFi
become largely available from crowdsourcing. A radio map
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Fig. 1: Conventional IPS uses accurate radio maps for WiFi localization and floor
plans in fusion. To fully utilize the noisy crowdsourced radio map, we propose
an uncertainty-aware WiFi localization module and a bespoken Bayesian fusion
method that replaces floor plans with crowdsourced radio maps in fusion.

broadly refers to a database consisting of a number of paired
locations and their respective Received Signal Strengths
(RSS) from different wireless access points. A research
question of our interest is - can we replace floor plans
with radio maps in multimodal IPS? Indeed, crowdsourced
radio maps are often derived from tons of walking/moving
trajectories by various users. Therefore, they not only contain
wireless and location pairs but also carry side information
about traversing regularity by inspecting the locations of
fingerprints. With sufficient crowdsourced trajectories, we
hypothesize the regularity embedded in a radio map im-
plicitly reveals the allowable paths and can be used as an
effective cue for localization, sharing a similar spirit of floor
plans in constraining localization results. However, due to
the nature of crowdsourcing, radio maps created this way
inevitably suffer from location inaccuracy and sparse position
coverage. Prior arts in fingerprint-based WiFi IPS [3] found
that the accuracy of the WiFi localization systems can be
far from satisfying and impose challenges in fusion if built
upon noisy crowdsourced radio maps. Meanwhile, the sparse
position coverage of radio maps cannot provide location
constraints as explicit as that of floor plans, limiting the
adoption of map-matching-like fusion methods [1], [2].

In this work, we propose a new framework to deal with
the issues of radio map issues and unravel their full potential
in IPS. Our framework, illustrated in Fig. 1, includes an
uncertainty-aware neural network model for WiFi finger-
printing with radio maps and a new Bayesian filtering method
admissible to the fusion of radio maps. Qualitative and quan-
titative evaluations on three real-world sites demonstrate that
the proposed system is able to produce ∼ 25% performance
gain compared to the state-of-the-art IPS.
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II. RELATED WORK

Indoor Localization via Wireless Networks Indoor lo-
calization based on existing wireless communication net-
works, such as WiFi [4] and Bluetooth [5], based on their
RSS, has gained popularity because it does not require
additional hardware [4]. For such systems, two primary
methodologies are employed: 1) Utilizing an access-point
database that comprises access-point IDs and their respective
geo-coordinates. This setup facilitates the determination of
user location through trilateration or weighted averaging
of access-point coordinates [6]. 2) Employing a fingerprint
database, a radiomap, which records the received signal
strength indicators and the corresponding geo-coordinates at
their observation points [7], [8]. Such an approach stands
out for its inherent scalability, amplified by the prospects of
crowd-sourced data collection [9].
Uncertainty Estimation Estimating the uncertainty, or more
specifically, the suspicious evidence cues derived from data
is crucial for the integration in real-world applications and
as input for data fusion processes. To quantify uncertainty
within deep learning, two primary distinctions emerge: epis-
temic uncertainty, associated with the model, and aleatoric
uncertainty, related to the data [10]. Estimating aleatoric
uncertainty can enhance the robustness of the network when
training on noisy datasets. By introducing an additional
aleatoric uncertainty prediction head, the reliability of neural
networks has been significantly strengthened across various
applications [11] [12] [13] [14]. Our research primarily
concentrates on enhancing localization performance on noisy
radio maps by predicting uncertainty, which in turn aids in
data fusion processes.
Multi-modal Sensor Fusion Indoor positioning and navi-
gation techniques using smartphones have seen significant
advances with the incorporation of various data sources and
modeling methods. WiFi-SLAM [15], [16] relays on WiFi-
based loop-closing constraints, which effectively minimize
the accumulation errors commonly found in inertial navi-
gation. Bayesian filter-based algorithms can also be used to
perform the multi-modal sensor fusion to estimate the online
position, such as particle filter [17]–[19], Kalman filter and
its variant [20]–[22]. Several studies have incorporated floor
plan information into their fusion systems via offline image
processing techniques [1], [23], while other methods use the
floor plan as a constraint for particle filtering [18], [19] and
conditional random fields [2]. However, there is no method
to properly fuse IMU, uncertainty-aware WiFi localization
results, and the crowdsourced WiFi radio map data.

III. PROBLEM FORMULATION

Presume we have an offline crowdsourced radio map con-
taining N fingerprints and their associated locations M =
{(Gi,Li)|i = 1, 2, .., N}, where Li denotes the location
coordinates and Gi = {(MACj , RSSj)|j = 1, 2, .., |Gi|}
is called a WiFi fingerprint represented as a list of MAC
addresses of the WiFi Access Points (APs) and their corre-
sponding RSS values at location Li. Note that the number
of WiFi APs |Gi| varies across locations and the locations

Li considered in this work are two-dimensional, namely
Li = (xi, yi). As the radio map is crowdsourced rather than
manually surveyed, the association between WiFi fingerprints
and location coordinates can be inaccurate, rendering a noisy
radio map. During the online stage and timestamp t, a
mobile agent at an unknown location will measure a fresh
WiFi fingerprint measurement Gt and have a location/pose
change ∆Ľt−1:t. predicted from an odometry module. Our
objective here is to obtain an updated location coordinate L̂t

by utilizing the noisy crowdsourced map M, the fresh fin-
gerprint measurement Gt and the location change ∆Ľt−1:t.
Without losing the generality, the mobile agent considered in
our task can be either a smartphone or a WiFi-enabled mobile
robot. In the case of smartphones, the predicted location or
pose change can come from the smartphone inertial sensor
and off-the-shelf inertial odometry e.g., [24]; In the case of
mobile robots, such prediction change can be accessed from
their wheel odometry module.

We propose a new method to address the problem above.
At a high level, our method consists of an uncertainty-
aware WiFi localization neural network model (c.f. Sec. IV)
and a bespoken Bayesian fusion approach (c.f. Sec. V) that
combines the WiFi localization results, odometry estimates
and the noisy radio map to derive a more robust location.

IV. UNCERTAINTY-AWARE WIFI LOCALIZATION

A. Design Motivation

We start with the motivation behind our WiFi localization
model. As found in [25] , the lengths of WiFi fingerprints
Gi vary across locations and time even at the same location.
This requires the WiFi localization model to take WiFi
fingerprints in different lengths but still be able to output
location coordinates. This requirement is similar to the one
of natural language processing, where language models often
take input as the sentences in different token lengths, but are
still able to perform inference. Inspired by recent successes
of transformers in natural language processing [26], [27],
we propose utilizing the transformer’s encoder in our net-
work design to handle the varying-length WiFi fingerprints.
Moreover, to deal with the inherent noisy match in the
crowdsourced radio map, we further introduce a network
block to model the prediction uncertainty.

B. Input Embedding of WiFi Fingerprint

A fingerprint in the list format of (MACj , RSSj) cannot
be directly employed as the input to a transformer-like net-
work. Akin to the idea of distributed representations of words
in natural language processing [28], a fingerprint needs to be
represented as a continuous vector before being fed into the
model. Pre-trained word embedding layers are often available
for language models by which the derived word embeddings
are close to each other if two words have similar semantic
meanings. However, such a semantic-preserving embedding
layer is absent in the case of WiFi fingerprints esp. for the
MAC address of APs. The challenge lies in that it is difficult
to relate two nearby APs by their MAC address manifestation
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Fig. 2: The proposed end-to-end trainable WiFi localization model. Given a WiFi fingerprint list measured by a WiFi-enabled device (the smartphone in the figure),
the MAC address part is input-embedded by applying a CNN on its AP-associated RSS distribution map; The RSS part of the fingerprint is embedded via an MLP, and
multiplied with the MAC address embedding (c.f. Sec. IV-B). The constituted fingerprint embeddings are then fed into the transformer featuring a multi-head attention
block in it (c.f. IV-C). After obtaining the encoded fingerprint features by the transformer, we append two MLPs to regress the location coordinates and quantify the
prediction uncertainty (c.f. Sec. IV-D) for subsequent fusion.

- which is simply a 12-character alphanumeric attribute that
is used to identify individual electronic devices.

To inject the location vicinity semantics in MAC address
embedding, we propose to utilize the RSS distribution map.
For each MAC address, we retrieve the radio map and
construct a heatmap using the RSS signal strength received
from that MAC address at all available locations. Intuitively,
the highlighted area approximately indicates the location of
the MAC address, and nearby WiFi APs tend to have similar
RSS distribution maps. CNN blocks are used to process the
distribution maps and extract the dense vectors as MAC
address embeddings. As we will see in Sec.VII-C.1 the
physical vicinity can be conveyed in the similarity of the
embeddings. Even for the same AP, its RSS values measured
by a mobile agent can vary across places. To make use of the
RSS value in the WiFi fingerprint, we introduce a learnable
MLP module that maps the RSS value and multiplies with
the MAC address embedding to derive the final fingerprint
embedding, Ei. Fig. 2 illustrates the input embedding.

C. Multi-Head Attention Block

We aim to accurately predict location coordinates based
on WiFi fingerprint embeddings. Given the dynamic and
complex nature of WiFi fingerprints, it’s crucial to capture
dependencies between different features of the fingerprint
for a precise location prediction. We thus adopt the self-
attention transformer. Essentially, it allows each feature in
the WiFi fingerprint embedding to weigh the importance of
other features based on their content. This is particularly
advantageous for our task because certain WiFi fingerprints
might carry more relevance in determining specific location
coordinates than others. Diving deeper into the mechanics,
let’s first revisit the single-head attention mechanism:

headh = Attention(EiWQh
,EiWKh

,EiWVh
)

= softmax

(
EiWQh

(EiWKh
)T√

dk

)
EiWVh

(1)

where Ei is the input MAC embedding; WQi, WKi, and
WV i are the projection matrices for query, key, and value
respectively;

√
dk is the dimension of the key k and query

q. However, relying on a single attention head might restrict
the model from capturing multiple types of relationships or
dependencies between the features. This is where the multi-
head attention mechanism, as proposed in [26] is employed:

MultiHead(EiWQh
,EiWKh

,EiWVh
)

= Concat(head1, . . . , headH) ·WO

(2)

where head1, . . . , headH represent the H single-head atten-
tion results. By using multiple attention heads, the model can
simultaneously attend to various subspace representations
of the input. Each head potentially captures different types
of dependencies within the fingerprint embeddings. These
concatenated results are then combined using a linear trans-
formation matrix WO, to produce an attended embedding.
Each attended embedding is applied a non-linear transforma-
tion before output. After processing through several of such
multi-head attention layers, the output from the last layer
is further refined by a feed-forward network to regress the
location coordinates.

D. Uncertainty Estimation

As mentioned earlier, crowdsourced radio maps often
come with inherent noise. Using them directly to train a
transformer localization model can lead to high susceptibility
to errors in predictions, given the model might learn from
the noise rather than the actual signal. As a natural response
to this challenge, one might consider ways to make the
model more resilient to noise and simultaneously offer a
more informative prediction. Thus, instead of merely giving
a point estimate that provides a singular location prediction,
it would be more beneficial if our model could quantify the
level of confidence in its predictions.

To this end, we reformulate the network’s output of
location coordinates as a probability distribution. We choose
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the Gaussian distribution for this purpose, given its well-
understood properties and ease of integration in subsequent
fusion steps:

LG
i ∼ N (fµ(Gi), fσ(Gi)) (3)

where fσ(·) is an extra neural network head capturing the
variance which is pivotal as it provides an estimate of the
uncertainty associated with the prediction. By transitioning
to this probabilistic framework, we ensure the transformer
model does not blindly commit to a potentially noisy sample.
Instead, it offers a range of possibilities, weighted by their
likelihood. This not only makes the model less prone to
overfitting to the noise but also enriches the output, as the
variance gives an insight into the reliability of the prediction.

Altogether, given crowdsourced a radio map M =
{(Gi,Li)|i = 1, 2, .., N}, we train our WiFi localization
neural network with an uncertainty-aware loss function:

L =

N∑
i

∥fµ(Gi)− Li∥2
fσ(Gi)

+ lnfσ(Gi) (4)

During training, the first term drives predictions closer to
the radio map location coordinates. The numerator of the first
term is to ensure that a larger variance is given for samples
with significant prediction errors, mitigating large gradient
impacts. The second term acts as a regularizer, discouraging
the network from consistently yielding high variance.

V. MULTIMODAL FUSION

A. Design Motivation

We begin by presenting the motivation behind our mul-
timodal fusion method which combines the strengths of
the extended Kalman filter and particle filters. Prior arts
of particle filters have shown the effectiveness of using
particle filters to combine the WiFi localization results,
inertial odometry and floor plans. In our context, however,
the floor plan is unavailable and we can only access the
radio map via crowdsourcing. A straightforward idea is to
use the kernel density estimation algorithm [29] to generate
a continuous likelihood distribution over the map area , in-
dicating the frequency and accessibility of specific locations.
This information can act as a constant similar to floor plans
by adjusting the weight of importance in particle filters.
However, since radio maps provide only a sparse estimate
of location frequency, the resulting distribution is uneven.
Consequently, without particles in true but unknown areas,
the kidnapped robot problem [30], [31] is likely to happen
if we are confined to changing the importance weight only
(see the supplementary video). To address this, we propose
incorporating the Kalman correction step into particle filters,
creating an Extended Kalman Particle Filter (EKPF) that
includes model prediction, importance weight adjustment,
and WiFi measurement correction. This approach aims to
ensure particles are more aligned with WiFi localization
findings.

B. Model Prediction

In EKPF, every particle maintains states of the particle
st = [xt, yt, θt, vt]

T , an importance weight w and a corre-
sponding error covariance matrix Pt, where xt, yt are the
map frame 2D position, θ represents the odometry frame to
the map frame rotation. v is the scale ratio of the estimated
velocity from IMU to the filter velocity. Whenever relative
position updates Ot = [Otx, Oty]

T in odometry frame is
received, the states are propagated as follows:

st = st−1 +M · (Ot · (1 + ϕ(np))) + [0, 0, ϕ(nr), 0]
T (5)

M =


vt cos θt−1 −vt sin θt−1

vt sin θt−1 vt cos θt−1

0 0
0 0

 (6)

where ϕ(n) represents random Gaussian noise with zero
mean and variance n.

P̌t = Ft−1P̌t−1F
T
t−1 +Nt−1Qt−1N

T
t−1 (7)

where P̌t is the state covariance at time t, Qt−1 is the noise
covariance at time t. Ft−1 is the motion model Jacobian
with respect to the last state while Nt−1 is the motion model
Jacobian with respect to the noise of the last state.

C. Importance Weight Update

The weight of every particle is updated using its current
location and the likelihood map during this stage. To obtain a
smooth prior map fmap, the crowdsourced radio map is fed
into the Gaussian kernel density estimation algorithm [29]
and then normalized:

fmap(L) =
1

N

N∑
i=1

1√
2π

e−
1
2 (L−Li)

2

+ β (8)

where β is a small constant to control the smoothness of the
generated prior map. The importance weight of every particle
is updated using its current location states. Like standard
particle filter algorithms, the ratio of effective particles is
monitored during the process and the standard systematic
method [32] is used for the particle resampling. Note that
during the particle resampling phase, the error covariance
matrix P remains unchanged.

D. Measurement Model

Similar to the usage in the original Kalman filter, in
EKPF, the measurement model relates the current state št
to a fresh WiFi localization result at timestamp t, LG

t ∼
N (fµ(Gt), fσ(Gt)). In the map frame, we have:

fµ(Gt) =

[
1 0 0 0
0 1 0 0

]
st +mt (9)

mt is the measurement noise. To compute the Kalman Gain,
we have:

Kt = P̌tH
T
t

(
HtP̌tH

T
t +Rt

)−1 (10)
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where Rt is the measurement noise covariance where we
used the estimated uncertainty fσ(Gt) from the aforemen-
tioned WiFi localization model; Ht is the measurement
model Jacobian with respect to the last state. The Kalman
Gain Kt is used to correct the predicted state:

ŝt = št +Kt (Lt − fµ(Gt)) (11)

Finally, the covariance correction is updated as follows:

P̂t = (I−KtHt) P̌t (12)

where I represents the identity matrix.

VI. EXPERIMENTAL SETUP

A. Data Collection

In diverse campus environments, we gathered WiFi finger-
prints and IMU data using multiple smartphones over varying
durations. This data was refined using a graph optimization
algorithm [33] to produce radio maps for different structures.
We focused on Building A (2,800 m2 commercial space),
Building B (3,300 m2 educational facility), and Building
C (4,500 m2 library). Ground truth was acquired using
Velodyne VLP-16 LiDAR integrated with an Xsens IMU,
offering precise location data at 200Hz and we ran with Lio-
SAM [34] to obtain the true pose. The smartphones collected
IMU data at 100Hz and WiFi fingerprints every 2-3 seconds.
We gathered around 2 hours of test data across the buildings,
with trajectories lasting 5-10 minutes and covering a total of
4.2 km.

B. Implementation Details

1) WiFi Localization Network: The model was end-to-
end trained on the radio map dataset, split 9:1 for training
and validation. The best model is selected based on the
performance achieved on the validation set. Note that the test
set for performance evaluation is separate and independent of
the radio map set. Coordinates were min-max normalized for
faster convergence. Training used the AdamW optimizer [35]
at a 1e−4 learning rate, betas of (0.9, 0.999), and a weight
decay of 1e−3 over 200 epochs. Unless otherwise specified,
the ReLU [36] activation function was utilized throughout
the model. The CNN used for MAC address embedding
consisted of two layers with kernel sizes 20 and 5 and strides
4 and 2, raising channel counts from 1 to 16. An MLP
then reduced dimensions to 256 ∗ 1. The RSS embedding
MLP has neurons arranged as (1, 128, 64, 1), using Sigmoid
activation at the output. The multi-head attention transformer
has 4 layers and 4 heads, a feed-forward size of 256, and a
0.2 dropout rate. Both output layers’s hidden dimensions are
set as (256, 128, 64). The uncertainty-focused MLP’s output
adopts the Sigmoid function mapping the probability from
[0, 1]. The localization MLP’s last layer only has the linear
transformation.

2) EKPF Fusion: 400 particles were used in all exper-
iments. Empirically, the location noise covariance, ϕ(np),
was set to 0.1, and the rotation covariance, ϕ(nr), was set
to 0.05. Two critical EKPF parameters are: the softening
constant β for the prior map likelihood and the measurement
noise covariance constant γ adjusted by fσ(Gt). Given the
inconsistent reliability of the prior map and WiFi model
across buildings, optimal parameters differ. For each site, a
validation trajectory was used for a grid search to determine
these settings, with β ranging from 1e−4 to 1e−5 and γ from
100 to 200. The kernel density function processed the radio
map using a Gaussian kernel with a bandwidth of 1.0.

VII. RESULTS

A. Multimodal IPS Performance

We now compare our multimodal localization approach
with the following competing methods: (1) FusionDHL [1]:
We adapt the FusionDHL to a version without floorplan on
our dataset. FusionDHL is an offline optimization algorithm
based on least squares and the closest baseline to ours. (2)
EKF [37]: The normal extended Kalman filter combines
the odometry and the uncertainty-aware WiFi localization
results. (3) PF [32]: The particle filter fusion method uses
an implementation similar to [17], fusing the odometry and
the uncertainty-aware WiFi localization results.

Figure 3 illustrates the cumulative distribution function
for localization errors in meters, excluding data from the
first minute to allow filter methods time to stabilize. Our
Extended Kalman Particle Filter (EKPF) fusion approach
outperforms all baseline methods across three sites. Com-
pared to FusionDHL, EKPF better integrates radio map data
with WiFi/IMU fusion, enhancing localization accuracy by
approximately 10.6%, 21.5%, and 43.3% in three different
buildings. Figure 4 further highlights the qualitative improve-
ments our method achieves in the largest building.

B. WiFi Localization Performance

We evaluate our model against both traditional and state-
of-the-art machine-learning localization techniques. For the
conventional method, we used the Weighted K-nearest neigh-
bours (WKNN) [38], which employs Euclidean distance with
k = 50 neighbours. Additionally, we compared against a
method utilizing a stacked denoising autoencoder for regres-
sion (DSAE) [39], which first trains an autoencoder and then
fine-tunes with an MLP for improved localization.

In Tab. I, our model’s performance outshines both WKNN
and DSAE across three buildings, excelling in mean, median,
and 95th percentile errors. Although we observed a slightly
higher maximum error in Building B compared to WKNN,
our model’s uncertainty prediction effectively reduces outlier
impact, ensuring dependable outcomes overall.

C. Ablation Study

1) Input MAC Embedding: In our study conducted on
Building A, we compared the use of the RSS Distribution
Map against directly using MAC address indices, akin to
neural word embeddings. [28]. The results revealed a notable
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Fig. 3: Overall performance of our multimodal IPS.

(a) Raw Odometry (b) Ground Truth (c) Our method (ring radius corresponds to uncertainty)

Fig. 4: Qualitative results of our method in the library (Building C).

TABLE I: WiFi Localization Performance Comparison

Site Method Mean Median Max 95th

Building A
WKNN [38] 6.0200 5.0613 40.5234 14.1351
DSAE [39] 5.2531 4.4546 19.8080 11.8786
Ours 2.5706 2.1238 14.4922 6.3661

Building B
WKNN [38] 4.3299 3.4623 19.5425 10.3376
DSAE [39] 5.5253 5.1184 22.1047 11.5780
Ours 3.3942 2.4951 25.3909 9.1316

Buidling C
WKNN [38] 7.8455 6.4902 24.4383 18.9681
DSAE [39] 2.7263 2.3757 21.7769 5.7564
Ours 2.1596 1.7336 9.4093 5.5427

increase in testing mean error by approximately 1.5 m,
suggesting the model was overfitting to the radio map. The
introduction of the RSS Distribution Map as an input appears
to serve both as an initializer and as a regularizer. As shown
in Fig.5, we present a 2D projection of the input embeddings
using UMAP [40] for ease of visualization. we demonstrated
that MACs detected in close temporal proximity were simi-
larly colored. The RSS Distribution Map enabled the model
to capture both global and local topological structures and
correlations between proximate MACs, unlike the baseline
approach, which isolated MACs into separate spaces.

2) Uncertainty Estimation: We conducted another experi-
ment on one building to examine the impact of uncertainty on
our models’ performances. Table II highlights the enhance-
ment of over 10% for both WiFi and Fusion positioning
results. By using the metric of Pearson product-moment
correlation, we found that the correlation between errors
and uncertainty in all environments exceeded 0.3, indicating
a relatively strong relationship. Incorporating uncertainty
offers dual advantages: it prevents the WiFi model from
overfitting to the noisy radio map data and also refines
the precision of Fusion’s location predictions. The fusion
model trusts the WiFi-based location estimates more while

(a) using RSS Distribution (b) using Word Embedding [28]

Fig. 5: By using the RSS distribution for input embedding, the resultant MAC em-
beddings are more discriminative where we find physically closer MAC addresses
(denoted in similar colors) are closer in the projected 2D feature space.

TABLE II: Uncertainty Integration Performance Comparison

Methods Mean Median Max 95th
WiFi (with Unc) 2.5706 2.1238 14.4922 6.3661
WiFi (without Unc) 3.1406 2.6301 21.9450 8.0191
Fusion (with Unc) 1.8558 1.4207 7.2425 4.1152
Fusion (without Unc) 2.1558 1.5880 7.1923 4.8716

remaining cautious of those with high uncertainty.

VIII. CONCLUSION

This research explored the potential of replacing tradi-
tional floor plans in Indoor Positioning Systems (IPS) with
crowdsourced radio maps. Our findings highlighted radio
maps as a viable alternative, given their inherent move-
ment regularities. Despite challenges like inaccuracies and
sparse coverage, our proposed framework, combining an
uncertainty-aware neural network with Bayesian filtering,
showcased a promising improvement of ∼ 25% over current
IPS methods. As the digital landscape evolves, leveraging
radio maps could redefine indoor localization. Future endeav-
ors will focus on refining uncertainty models and exploring
advanced fusion techniques to further enhance IPS efficacy.
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