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Abstract—In this paper, we present DeepMap, a deep Gaus-
sian process for indoor radio map construction and location
estimation. To address the shortcomings of existing Gaussian
process based approaches, we present a DeepMap system, which
employs deep Gaussian process for constructing received signal
strength (RSS) radio maps and a Bayesian algorithm for online
localization. We design a two-layer deep Gaussian process model
to capture the relationship between the RSS space and the
location space and provide an offline Bayesian training method
to determine model parameters. A Bayesian fusion method
using multiple APs is proposed for accurate location estimation.
Experimental results verify the performances of DeepMap in
a large indoor environment and validate its robustness with
moderate training data.

Index Terms—Deep Gaussian Process; Radio Map Construc-
tion; Indoor Localization; Deep Learning.

I. INTRODUCTION

With the proliferation of mobile devices and wireless
networks, location-based services have gained considerable
attractions. Because of the complex signal propagation in
indoor environments (such as multiple paths), it is challenging
to accurately estimate the location of a mobile device using
radio frequency (RF) signals [1], [2]. Recently, fingerprinting-
based approach becomes a hot topic. To estimate unknown
locations, a fingerprinting database is first established with
thorough records collected from the area of interest. Then new
measurements from the mobile device are compared with the
database data to identify the location of the device [3].

The received signal strength (RSS) of WiFi signals has
been widely used as fingerprints in many existing localization
systems because of its low hardware requirement and wide
availability. Radar is the first work that leverages RSS as fin-
gerprints, where a deterministic method is utilized for location
estimation [4]. Furthermore, to improve localization precision,
a probabilistic method is proposed in the Horus system for
WiFi RSS based fingerprinting [5]. Moreover, channel state
information (CSI) has also been employed as fingerprints
to improve indoor localization accuracy using deep learning
techniques [6]–[10]. However, the localization precision of
fingerprinting-based approaches is highly dependent on the
density of fingerprints. To achieve high location precision,
a laborious war-driving is required, which may be hard for
a spacious indoor environment, such as a large hospital, a
shopping mall, and an airport, or when time is constrained.

To overcome such limitations, Gaussian process, as a re-
gression model, can be employed to construct a radio map
with discrete training data for indoor environments. GPSS
is the first work to use Gaussian process for radio map
construction in cellular networks, which models the distribu-
tion of signal strengths and estimates an unknown location
by maximizing a joint likelihood [11]. Then, a Gaussian
process regression based method has been applied to model
the log-signal strength in different wireless systems, such as
WiFi [12], LTE [13], RFID [14], and UWB [15], to construct
RSS based radio maps. In these works, location estimation is
based on the signal propagation model regressed by Gaussian
process. However, accurate locations of access points (APs)
are unavailable in many real-world environments.

In this paper, we address the radio map construction prob-
lem in RSS fingerprinting based localization methods. First,
we review Gaussian process for radio map construction, which
can measure the uncertainty in input RSS data over a continu-
ous space. Gaussian process can be described by its mean and
covariance function, and is a Bayesian nonparametric model.
For the radio map construction problem, Gaussian process can
be used to model the relationship between RSS measurement
values and their corresponding locations. Moreover, Gaussian
process has an agreeable ability in representing data when
training data is adequate. However, with reduced training data,
the capability of Gaussian process in modeling RSS radio map
degrades dramatically, leading a lower localization accuracy.
In fact, Gaussian process is not effective for handling the non-
stationary components of RSS values, because of the lack
of fusion of kernels in Gaussian process for complex input
data [16].

To address this problem, we propose DeepMap, a Deep
Gaussian process for indoor radio Map construction and
location estimation. The proposed method is a general radio
map construction method, which can be used not only for WiFi
RSS values, but also for other RSS based wireless signals
such as LTE and RFID. The DeepMap system consists of
offline training and online localization phases. In the offline
training phase, we employ a two-layer deep Gaussian process
model for regressing the training dataset. The well-trained
deep Gaussian model can well represent the relationship
between RSS values and location labels in a continuous space.
Then, an offline Bayesian training method is developed to
maximize the marginal distribution of the observed RSS values
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to compute optimal hyperparameters, where a variational lower
bound is used to make the problem tractable. Compared to
Gaussian process, deep Gaussian process can construct a better
radio map even with inadequate training data, because of its
structural advantage for enhancing the learning capacity of
training complicated dataset associated with abstract informa-
tion [17]. Thus, deep Gaussian process can well represent the
distribution of a small dataset for radio map construction. In
the online phase, we propose a Bayesian method to improve
localization performance using the constructed radio maps
and measured RSS values from multiple access points (APs),
where maximum a posteriori (MAP) estimation is incorporated
to estimate the location of a mobile device.

The main contributions of this paper are summarized below.

• To the best of our knowledge, this is the first work on
employing deep Gaussian process for radio map construc-
tion and indoor localization, which effectively mitigates
the limitations of Gaussian process under limited training
data.

• We design a two-layer deep Gaussian process model to
regress the relationship between the RSS space and the
location space; a Bayesian training method is developed
for obtaining model parameters; and a Bayesian fusion
method is proposed to improve localization performance.

• We implement the proposed DeepMap system with com-
modity WiFi in a large indoor environment. The results
show that DeepMap achieves higher localization accuracy
with moderate training data comparing to the Gaussian
process approach.

In the remainder of the paper, we introduce the preliminaries
and motivation in Section II. We present the DeepMap system
design in Section III and performance evaluation in Section IV.
Section V concludes this paper.

II. PRELIMINARIES AND MOTIVATION

Gaussian process is a kernel based Bayesian model, which
has be successfully used for classification and regression [16].
Furthermore, it can be exploited for measuring the uncertainty
in input data distribution over a continuous space. In general, a
Gaussian process can be described by its mean and covariance
function, which is a generalization of a multivariate Gaussian
distribution.

For radio map construction problems, RSS measurement
values and the corresponding locations can be considered as
a Gaussian process regression model, that is

z = f(x) + ϵ, (1)

where z is the measured RSS at location x, f(x) is the true
RSS at location x, and ϵ is the observation noise, which
follows an i.i.d. (independent, identically distributed) Gaussian
distribution with zero mean and variance σ2

n. The Gaussian
process model assumes that the RSS measurements zp and zq
at two different positions xp and xq follow a joint Gaussian
distribution with covariance k(xp, xq), which is a kernel

function for the two locations given by

k(xp, xq) = σ2
f exp

(
− 1

2l2
|xp − xq|2

)
, (2)

where σf and l are the hyper-parameters, σ2
f represents the

variance and l is a length scale, both of which describe the
smoothness of the kernel function. The predicted RSS for an
unknown position x∗ can be obtained by

Pr(f(x∗)|X,Z, x∗) = N(f(x∗);u∗, σ
2
∗) (3)

u∗ = kT∗ (K + σ2
nI)

−1Z (4)

σ2
∗ = k(x∗, x∗)− kT∗ (K + σ2

nI)
−1k∗, (5)

where k∗ is an n × 1 vector of covariances between training
locations X and x∗, K is the covariance matrix of training
locations X , Z is the training observation values matrix. In
addition, the hyper-parameters σf and l can be estimated by
a maximum likelihood approximation.

Fig. 1(a) shows the constructed RSS radio map using
Gaussian process with 100% training data from the Broun Hall
dataset (see Section IV-A). As we can see, Gaussian process
can produce a bell-shaped surface, which coincides with most
of the ground truth RSS values. It demonstrates that Gaussian
process is capable of modeling the distribution of RSS values
in an indoor environment. Moreover, Gaussian process exhibits
an agreeable ability in representing data when training data is
adequate. However, with reduced training data, the capability
of Gaussian process in representing RSS data distribution
degrades dramatically. A constructed RSS radio map using
Gaussian process is provided in Fig. 1(b), which is based on
20% training data. Even though the linear characteristics of
RSS values in the indoor environment is captured by Gaussian
process, most of the non-linear characteristics is lost. We can
see the reconstructed RSS surface tends to be a plain compared
with the previous bell-shaped surface in Fig. 1(a). In fact,
the non-stationary components of RSS values could not be
regressed by Gaussian process, because of the lack of fusion
of kernels in Gaussian process for complex input data. This
deficiency results in a low accuracy in the constructed RSS
radio map, thus hurting the localization accuracy in the online
stage. To address this problem, we propose a DeepMap system
for RSS radio map construction using deep Gaussian process
in the next section.

III. THE DEEPMAP SYSTEM

A. DeepMap System Architecture

The DeepMap system architecture is shown in Fig. 2. It is
a fingerprinting based indoor localization method, which in-
cludes two stages: offline training stage and online localization
stage. In the offline training stage, the RSS values from each
training position are recorded and labeled by its location. To
improve localization precision, RSS values are collected from
as many as possible visible APs in this step. For each training
location, all potential RSS readings are recorded. If some APs
are not accessible from a specific location, the corresponding
RSS readings are set to a default value (such as -99 dBm)
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Fig. 1. The constructed RSS radio map using Gaussian process: (a) 100% training data, (b) 20% training data.
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Fig. 2. The DeepMap system architecture.

such that the RSS records from all training locations are
guaranteed to have the same size. Thus, a training dataset can
be established with all the RSS records and the corresponding
location labels. A deep Gaussian process is then employed for
regressing the training dataset. The well-trained model can
represent the relationship between RSS values and location
labels in a continuous space. Thus, an RSS radio map for the
surveillance region can be constructed and stored in a database
for future use.

In the online stage, RSS values are collected from an
unknown position and then are compared with the RSS values
in the constructed radio maps. For each AP, the similarity
between the measured RSS value and the RSS value in the
map is computed. Combined with all radio maps from all APs,
the location of the unknown position can be estimated using
a Bayesian fusion method.

The DeepMap approach is quite different from the tradi-

tional method where original RSS readings are stored as fin-
gerprints or the method where a bunch of well-trained weights
are stored for every location [6]–[8], [18]. There are two
storage strategy for our proposed method. Users could choose
to save the well-trained model that depicts the relationship
between the RSS space and the location space. The constructed
radio map could be reconstructed in the online stage if users
do not have enough storage space to save the entire RSS
map. Also, users could directly save the radio map to improve
localization speed. Moreover, users can decide the size of the
constructed radio map for the interest area. In fact, a high-
resolution map could provide a higher localization precision
but at a lower computation speed, while a coarse localization
could be provided by a low-resolution map. As will be shown
later, the proposed DeepMap system can effectively obtain
satisfactory localization results with a low-resolution map,
compared to the Gaussian process method.

B. Deep Gaussian Process for Radio Map Construction

We propose a deep Gaussian process for radio map con-
struction with RSS values, which can be represented by a
graphical model with three different sets of nodes, including
the leaf nodes, the intermediate latent nodes, and the parent
nodes [17]. For radio map construction, the leaf nodes repre-
sent RSS values Y ∈ ℜN×D, where N and D are the number
of training locations and the number of APs, respectively. The
intermediate latent nodes are defined as H ∈ ℜN×Q, where Q
is the size of the intermediate latent nodes in this layer. These
latent nodes cannot be observed in the training phase. For the
DeepMap system, we consider one intermediate latent layer
to have a deep Guassian process. Let X ∈ ℜN×M denote
the parent nodes, where M is the input size. Parent nodes X
represent the training locations.

It can be shown that the proposed deep Gaussian process for
radio map construction is a generative model for regression.



This generative process can be formulated by

hnq = fH
q (xn) + ϵHnq, q = 1, 2, ..., Q, xn ∈ ℜM (6)

ynd = fY
d (hn) + ϵYnd, d = 1, 2, ..., D, hn ∈ ℜQ, (7)

where fH ∼ GP(0, kH(X,X)) and fY ∼ GP(0, kY (H,H))
are Gaussian processes, and the intermediate nodes H connect
the two Gaussian processes. Note that these two Gaussian
processes only depend on the covariance function k for
different inputs, where is chosen to be the automatic relevance
determination (ARD) covariance function k, that is

k(xi, xj) = σ2 exp

(
−1

2

Q∑
q=1

wq(xi,q − xj,q)
2

)
, (8)

where σ is the hyperparameter and wq is the weight for latent
node q. Irrelevant dimensions can be removed by setting their
weights to zero.

C. Offline Bayesian Training

The objective of Bayesian training is to maximize the
marginal distribution of observed RSS values Y to determine
optimal hyperparameters, which is formulated as

max log p(Y ) = log

∫
X,H

p(Y |H)p(H|X)p(X), (9)

Because of the nonlinear functions for H and Z, it is not
easy to solve the integral in (9) with the maximum likelihood
method. In DeepMap, we apply Jensen’s inequality to achieve
a variational lower bound for the above marginal distribution
L ≤ log p(Y ), given by

L =

∫
FY ,H,FH ,X

Q log

(
p(Y, FY ,H, FH , X)

Q

)
, (10)

where Q is the variational distribution, and the term
p(Y, FY ,H, FH , X) is given by

p(Y, FY ,H, FH , X)

= p(Y |FY )p(FY |H)p(H|FH)p(FH |X)p(X). (11)

In fact, the above integral is still intractable due to the
nonlinearity in both p(FY |H) and p(FH |X). Consider the
probability space with K auxiliary pseudo-inputs H̄ ∈ ℜK×Q

and X̄ ∈ ℜK×M [19], whose function values are UY ∈ ℜK×D

and UH ∈ ℜK×Q, respectively. Then, we can derive the
augmented probability space, as

p(Y, FY ,H, FH , X, UY , UH , H̄, X̄)

= p(Y |FY )p(FY |UY ,H)p(UY |H̄)

· p(H|FH)p(FH |UH , X)p(UH |X̄)p(X). (12)

To remove the nonlinear items p(FY |UY ,H) and
p(FH |UH , X), the variational distribution Q is defined as

Q = p(FY |UY ,H)q(UY |H̄)q(H)

· p(FH |UH , X)q(UH |X̄)q(X), (13)

where q(UY |H̄) and q(UH |X̄) are free-form variational dis-
tributions, and q(H) and q(X) are Gaussian.

According to (11) and (13), we can update the variational
lower bound for (10), as

L =

∫
Q log

(
p(Y |FY )p(UY |H̄)p(H|FH)p(UH |X̄)p(X)

q(UY |H̄)q(H)q(UH |X̄)q(X)

)
,

where the integration is with respect to {FY , H , FH , X , UH ,
UY }. By grouping the variables for Y and H , we can rewrite
the variational lower bound as

L = sY + sH − q(H) log(q(H))− KL(q(X)||p(X)), (14)

where KL is the Kullback-Leibler divergence, sY is given by

sY = (15)

Ep(FY |UY ,H)q(UY |H̄)q(H)

(
log p(Y |FY ) + log

p(UY |H̄)

q(UY |H̄)

)
,

and sH is given by

sH = (16)

Ep(FH |UH ,X)q(UH |X̄)q(X)

(
log p(H|FH) + log

p(UH |X̄)

q(UH |X̄)

)
.

We can see that both sY and sX are Gaussian densi-
ties, which are thus tractable. In fact, Bayesian training for
deep Gaussian process can optimize the above variational
lower bound to seek the optimal hyerparameters for the deep
Gaussian process, the inducing points (H̄ and X̄), and the
variational parameters [17].

Fig. 3(a) presents the constructed RSS radio map using deep
Gaussian process with 100% training data in the same Broun
Hall dataset. Similar to the RSS radio map constructed by
Gaussian process, a bell-shaped surface is generated. In fact,
comparing with the Gaussian process method, more details in
the bell-shaped surface are created by deep Gaussian process.
It is noteworthy that a slight fluctuation, which is near the
coordinate origin, is captured by deep Gaussian process in
Fig. 3(a), while such details are neglected by Gaussian process
in Fig. 1(a). Fig. 3(b) presents the constructed RSS radio
map using deep Gaussian process with 20% training data.
It is obvious that most of the nonlinear characteristics are
captured in the surface. Moreover, this surface constructed
from 20% training data retains the same outline as the radio
map generated by 100% training data. The top of the bell-
shape surface is reproduced even though only a few train-
ing data is used. Unlike the plain-like surface constructed
by Gaussian process in Fig. 1(a), deep Gaussian process
can handle non-stationary components. In addition, nonlinear
characteristics are also reproduced with only a few training
data. This is because deep Gaussian process has a deep and
heterogeneous nonlinear structure, which is more effective
for complex training data. Thus, the radio map constructed
by deep Gaussian process captures more detailed information
of the real RSS values distribution for indoor environments,
which helps to significantly improve localization precision.
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Fig. 3. Constructed RSS radio map using deep Gaussian process: (a) 100% training data, (b) 20% training data.

D. Online Phase

For online localization, we incorporate a Bayesian method
to compute the position of a mobile device using the con-
structed radio maps and the newly measured RSS values from
D APs. First, we grid the RSS radio map to obtain T reference
positions. Let li denote reference location i in the radio map,
and let vj denote the measured RSS value for AP j. Then,
posterior probability p(li|vj) for AP j can be written as

p(li|vj) =
p(li)p(vj |li)∑T
i=1 p(li)p(vj |li)

, (17)

where p(li) is the prior probability for the device to be placed
at position li. Generally, p(li) is assumed to have a uniform
distribution.

Then, we obtain the posterior probability p(li|vj), as

p(li|vj) =
p(vj |li)∑T
i=1 p(vj |li)

. (18)

The likelihood function p(vj |li) is assumed to be a Gaussian
function to compute the similarity between the measured RSS
value vj and the discrete data rjli at location li in the radio
map from AP j [6], which is given by

p(vj |li) = exp

(
− 1

λσ2

∥∥∥vj − rjli

∥∥∥) , (19)

where σ2 is the variance and λ is the parameter of the variance
of the input RSS values. Finally, we derive the the location of
the mobile device using MAP estimation, that is

l̂ = argmax
li

 D∏
j=1

p(li|vj)

 . (20)

IV. EXPERIMENTAL STUDY

A. Experiment Configuration

To evaluate the performance of the DeepMap system, we
implement it with commodity WiFi devices. In order to collect

RSS data, a Dell laptop or a smartphone can be used as a mo-
bile device. We use Gaussian process for indoor localization
as a benchmark [20]. Both schemes are executed with the
Broun Hall dataset using the same online localization scheme
as described in Section III-D. For the sake of fairness, the
training data and test data for both schemes are identical.

We conduct experiments on the third floor of Broun Hall
in the Auburn University Campus. The experiments cover an
area of approximately 2300 m2. We collect all training data
and test data in the hallway with a DELL laptop equipped
with Wi-Fi Scanner 3.4. As shown in Fig. 4, the training data
and test data are recorded from 157 locations and 43 locations,
respectively. Training locations are marked as blue dots on the
map, while the yellow squares represent test locations. The
distance between two adjacent training locations is 2 m, and
the distance between two adjacent test locations is 4 m. All the
RSS data is collected from 433 APs, which include both 5GHz
APs and 2.4GHz APs from various manufacturers. The RSS
values for undetected APs are set to -99 dBm as discussed.

B. Accuracy of Location Estimation

Fig. 5 shows the cumulative distribution function (CDF) of
localization errors for the proposed DeepMap and Gaussian
Process using 100% Broun Hall dataset. The median distance
errors for DeepMap and Gaussian process are about 1.3 m
and 1.5 m respectively. We can see that the performance of
DeepMap is slightly better than Gaussian process. Addition-
ally, 75% of localization errors of DeepMap are lower than
2 m while Gaussian process can only guarantee that 60%
of localization errors are under 2 m. The largest errors for
DeepMap and Gaussian processes are 5.207 m and 6.182 m,
respectively. DeepMap outperforms Gaussian processes when
adequate fingerprints are available.

Fig. 6 presents the mean localization errors for the proposed
DeepMap and Gaussian Process using different percentages of
fingerprints in the Broun Hall dataset. For DeepMap, the mean
distance error of 100% fingerprints is 1.569 m. Moreover, the
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lowest mean distance error of DeepMap is obtained when 90%
data is used, which is 1.536 m. The lowest mean distance
error for Gaussian processes is 1.845 m when 100% of data
is leveraged to train the model, which is slightly larger than
DeepMap system. It is noteworthy that the distance errors
do not changes significantly if more than 50% fingerprints
are used by DeepMap. Even though the Gaussian processes
can keep the mean distance errors at a low level when more
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Fig. 6. Mean localization errors for the proposed DeepMap and Gaussian
Process approaches using different percentages of fingerprints in the Broun
Hall dataset.

than 60% fingerprints are utilized, the distance error suddenly
jumps to 3.725 m when Gaussian Process only uses 50% of
fingerprints. After that, the mean distance error for Gaussian
processes climbs up rapidly and reaches 8.3496 m when 20%
of fingerprints are used to train the model. Compared with
Gaussian processes, the distance error of our DeepMap system
rises smoothly. The worst largest distance error of 3.8447 m
occurs when 20% of fingerprints are used to train the DeepMap
model. It is noticed that the error results from DeepMap are
always smaller than the errors of Gaussian process.

In summary, both DeepMap and Gaussian processes are
capable of regressing the outline of the RSS surface if adequate
training data is available. But DeepMap can reconstruct a more
detailed map, which contributes to a higher localization preci-
sion with 100% of fingerprints. However, the map constructed
by Gaussian processes do not include too much details, such
as non-stationary components, so that the minimum error is
slightly greater than DeepMap. With inadequate fingerprints,
the localization error of Gaussian process increases dramati-
cally, while the performance of DeepMap is still acceptable.
The nonlinear characteristics are captured by DeepMap even
with a few number of fingerprints, thus achieving a higher
localization accuracy.

V. CONCLUSIONS

In this paper, we presented DeepMap, a deep Gaussian
process for indoor radio map construction and location es-
timation system. We first reviewed Gaussian process for radio
map construction and discussed its drawbacks. To address
this problem, we presented a DeepMap system architecture,
which includes a two-layer deep Gaussian process model for
radio map construction in offline training and a Bayesian
fusion algorithm for online localization. We evaluated the
performances of DeepMap in a large indoor environment and
validated its robustness with a small training datasets.
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