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Abstract—Robust and accurate indoor localization has been the
goal of several research efforts over the past decade. Due to the
ubiquitous availability of WiFi indoors, many indoor localization
systems have been proposed relying on WiFi fingerprinting.
However, due to the inherent noise and instability of the wireless
signals, the localization accuracy usually degrades and is not
robust to dynamic changes in the environment.

We present WiDeep, a deep learning-based indoor localization
system that achieves a fine-grained and robust accuracy in
the presence of noise. Specifically, WiDeep combines a stacked
denoising autoencoders deep learning model and a probabilistic
framework to handle the noise in the received WiFi signal and
capture the complex relationship between the WiFi APs signals
heard by the mobile phone and its location. WiDeep also intro-
duces a number of modules to address practical challenges such
as avoiding over-training and handling heterogeneous devices.

We evaluate WiDeep in two testbeds of different sizes and
densities of access points. The results show that it can achieve
a mean localization accuracy of 2.64m and 1.21m for the larger
and the smaller testbeds, respectively. This accuracy outperforms
the state-of-the-art techniques in all test scenarios and is robust
to heterogeneous devices.

Index Terms—WiFi, Deep learning, indoor, localization, finger-
printing

I. INTRODUCTION

As people spend most of their time indoors, academia and

industry have recognized the value of the indoor localization

problem and have devoted much effort and resources into

solving it [1], [2]. Due to the wide-spread coverage of WiFi

and the support of the IEEE 802.11 standard by the majority

of mobile devices, most proposed indoor localization systems

are WiFi-based including propagation- and fingerprinting-

based techniques [3]–[10]. Propagation-based techniques, e.g.

[3], [4], [11], [12], aim to model the relation between the

received signal and distance without site surveying. Despite

their ease of deployment without the need for prior calibration,

these techniques do not work well with heterogeneous phones

and their accuracy is usually less than fingerprinting-based

techniques.

On the other hand, fingerprinting techniques leverage the

recorded WiFi APs signatures (i.e. fingerprints) to estimate

the device location. Typical fingerprint-based WiFi localiza-

tion techniques work in two phases: The first one is the

offline phase (i.e., calibration) during which the received

signal strength (RSS) readings from the multiple access points

(APs) installed in the area of interest are recorded at known

locations. Then, in the tracking phase, RSS measurements

from the detected APs at an unknown location are matched

against the stored fingerprints to estimate the best location

match either deterministically, e.g. [13], or probabilistically,

e.g. [6]. Fingerprinting-based techniques are widely adopted

due to their relatively good accuracy. Practically however,

the deployment of such techniques faces major challenges

due to the inherent noise in the wireless signals that affects

localization accuracy [14], [15]. Therefore, many systems have

been proposed to address these challenges over the years, e.g.

[6], [16]–[18]. Probabilistic techniques such as [6], [19] can

counter the inherent wireless signal noise in a better way than

deterministic techniques [13]. However, they usually assume

that the signals from different access points are independent

to avoid the curse of dimensionality problem [20]. This leads

to coarse-grained accuracy. Hybrid techniques, e.g. [16], [17],

[21]–[23], leverage the sensors that are available on high-

end smartphones to combat the wireless channel noise. Other

techniques, e.g. [8], [24], leverage the detailed channel state

information obtained from specialized WiFi chips to combat

the noise. However, both of the last two categories are not

supported by the vast majority of mobile devices, limiting their

ubiquitous deployment.

In this paper, we propose WiDeep: a WiFi-based indoor

fingerprinting localization system that can achieve robust and

high accuracy tracking in the presence of device heterogeneity.

To do this, WiDeep builds on deep learning to automatically

capture the non-linear and correlated relation between the dif-

ferent access points at different fingerprint locations, without
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assuming access points’ independence as in current probabilis-

tic techniques. However, leveraging a deep network alone as in

[8] may not lead to the required performance in the presence

of device heterogeneity which can be considered as a form of

noise. To ensure the robustness and the generalization ability

of the system in this challenging scenario, we adopt a deep

network model utilizing stacked denoising autoencoders to

robustly extract a good representation of the relation between

the noisy WiFi scans and the different fingerprint locations.

Furthermore, WiDeep also employs a regularization technique

to avoid model over-fitting and boost the robustness of the

system.

During tracking, the output of the deep learning models is

fused using a probabilistic framework to further handle the

noise in the input signal.

We implemented and deployed WiDeep on different Android

phones and evaluated its performance in two different testbeds:

a 629m2 university building and a 65m2 residential apartment.

The two buildings have different layouts and WiFi APs den-

sities. Our results show that WiDeep can achieve a consistent

mean accuracy of 2.64m and 1.21m in the two testbeds

respectively under different scenarios. This is better in mean

accuracy than traditional fingerprinting techniques and other

basic deep learning techniques by at least 29.8% and up to

168%. This accuracy is maintained under significant decrease

in the access points density as well as under heterogeneous

devices, highlighting WiDeep promise as a robust and accurate

indoor localization technique.

The rest of the paper is organized as follows: Section II

presents an overview on how WiDeep works and its mathe-

matical model. Section III presents the details of the WiDeep
system. We evaluate the system performance in Section IV.

Finally, sections V and VI discuss related work and conclude

the paper respectively.

II. SYSTEM OVERVIEW AND MATHEMATICAL MODEL

A. System Overview

Fig. 1 shows the system architecture. The system runs in two

phases: offline training phase and online localization phase.

During the offline phase, the system builds N deep neural

networks corresponding to N fingerprint training points (i.e.,

a deep neural network for each reference point). This helps in

scaling the system to large areas as well as keeping the model

size small and easier to train.

To collect the training data, the Signature Collector module

is used to scan for the APs and their associated signal strengths

at the different fingerprint locations in the area of interest.

These measurements are opportunistically transfered to the

WiDeep server in the cloud. The Preprocessor module is

used to transform the WiFi measurements to fit the format

required in the deep network training model as well as perform

the required normalization. The preprocessed data is then

fed to the Noise Injector module to corrupt the original

measurements by injecting artificial noise to the collected WiFi

scans. This helps not only in simulating the distorted wireless

channel but also in reducing the model over-fitting by forcing

Signature Collector

OnlineOffline

Preprocessor

Noise Injector

Model Trainer

RSS Collector

Preprocessor

Locc 1 Locc 2 Locc N 

Model el 1 Model el 2 Model N 

Probabilistic Localizer

Probabilistic Estimator

Deep p Model Estimator

Fig. 1. WiDeep system architecture.

the model to learn the inherent feature of the data. For each

fingerprint point, the original and corrupted noisy data are

forwarded as input to the Model Trainer module. This module

is responsible for creating and training a stacked denoising

auto-encoders deep model corresponding to each fingerprint

point. Moreover, it enhances the robustness of the model by

avoiding over-training. Finally, all the trained models for the

different fingerprint locations are stored to be used during the

online localization phase.

During the online localization phase, the user is tracked

in realtime. The process starts by scanning for the APs and

their RSSs at the unknown user location. This data is first

preprocessed (shaped and normalized) to fit with deep learn-

ing model input. Then, the Probabilistic Localizer module

leverages the different deep models output in a probabilistic

framework to estimate the most probable user location using

the Deep Model Estimator and Probabilistic Estimator sub-

modules respectively.

B. Mathematical Model

Without a loss of generality, we assume a 2D physical

area of interest L containing M access points. N discrete

fingerprint locations are spread over the entire area, where

training data is collected. During the online localization phase,

a user holding a mobile device at an unknown location l ∈ L

scans for the nearby APs. Let a vector xi of M dimensions

represents a single WiFi scan. Each entry i in this vector

is the received signal strength reading from access point i.
The problem then becomes: given a signal strength vector

x = (x1, ..., xM ), we seek to find the fingerprint location li
that maximizes the probability P (li|x). In the next section,

we discuss the details of how WiDeep combines deep learning
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and a probabilistic framework to achieve high accuracy and

robust localization in the continuous space.

III. THE WiDeep SYSTEM

We present the details of the offline models construction

phase and the online localization phase. We start by the

preprocessor module as it is common to both phases.

A. The Preprocessor

This module is responsible for mapping the recorded WiFi

RSS readings, xi, to the corresponding feature vectors. Note

that since not all M APs that are installed in the area of interest

can be heard in every scan, this module assigns the weakest

RSS, i.e. −100dBm, to the APs that are not heard in a given

scan. This allows us to fix the feature vector size that is input to

the machine learning model. After that, the input RSS values

ranges are normalized to be in the range between [0,1] for

each AP. Features normalization is known to speed up model

training and increase the model robustness [25].

B. Offline Models Construction Phase

During this phase, the system builds N deep models

corresponding to N fingerprint training points (i.e., a deep

model for each point). The system also addresses a number of

challenges including handling the noise and fluctuation of APs

signals as well as reducing the model over-fitting to training

data, allowing for better generalization and robustness.

We choose stacked denoising autoencoders as our model

as they are able to extract the latent features from noisy

data. Autoencoders are unsupervised learning models, where

their goal is to learn a concise mapping that can regenerate

the input to the autoencoder [26]. Denoising autoencoders

extends traditional autoencoders to handle noisy data in a

better way. Specifically, instead of feeding the original input

to the denoising autoencoder, we feed it a noisy version. This

allows the hidden layer of the autoencoder to learn important

features (Fig. 2). Specifically, the denoising autoencoder is

trained by first corrupting the input RSS vector x to obtain

vector x̃. The goal is to learn the parameters of the hidden

layer h so that the output (x̂) of the autoencoder matches the

original uncorrupted vector x. By using a noisy version of

the input, the autoencoder is forced to learn the latent features

of the input data. Note that the weights between the hidden

and output layers are the transpose of the weight between the

input and hidden layer, reflecting the decoding process of the

autoencoder. Training is performed using the gradient descent

algorithm, where the least square error between the original
input data x and the reconstructed data x̂ is used as the loss

function to adjust the weights.

In the balance of this section, we first describe how to

introduce noise to our input data. Then we provide the details

of our deep model.

1) Noise Injector: This module aims to enhance the model

ability to handle the noisy input data. This is achieved by

generating corrupted variations of the collected WiFi scans.

This also have the added advantage of reducing over-fitting

0

0

W WTCorruption

x̃x x̂
h

Fig. 2. Denoising Autoencoder: A sample x is stochastically corrupted to
produce x̃. Next, the the hidden layer (h) maps x̃ to the output x̂ to produce
a reconstructed version of x. Error is measured by the L(x, x̂) loss function
that compares the reconstructed output with the original noise-free input.

and coping better with devices heterogeneity as we quantify

in Section IV. To do that, the module adds stochastic noise

to the input data through two different techniques: Masking

corruption and Additive Gaussian corruption.

Masking corruption method: The intuition behind this

method is that the number of access points detected at a

fixed location varies with time due to multipath and fading

effects [27]. The masking method leverages this fact to emulate

fluctuating access points [28]. The idea is to generate a random

binary vector with specific probability of its elements to be

zeros determined by the corruption fraction parameter (f ).

This generated binary vector is then multiplied by the original

input to get a noisy input signal, where the entries of the APs

corresponding to the zero random bits are dropped, emulating

not hearing them (Fig. 3(a)).

Additive Gaussian corruption method: Due to the noise in

the wireless channels and the diversity of the WiFi chips in

different devices, the magnitude of the RSS may be shifted

with some variance. Therefore, to emulate this behavior, this

technique adds white Gaussian noise with a specific stan-

dard deviation s to the different entries of the RSS vector

(Fig. 3(b)). The synthesized vector is finally re-normalized so

that all entries are between 0 and 1.
2) The Model Trainer: Fig. 5 shows the WiDeep deep

model. It consists of a number of stacked denoising au-

toencoders, one stack for each fingerprint location. The used

activation function is the Sigmoid function formulated as [26]:

sigmoid(x) =
1

1 + e−x
(1)

The Sigmoid function ensures that its output will range be-

tween 0 and 1.

To train WiDeep model end-to-end, we use two training

stages: (1) greedy layer-wise pre-training stage and (2) a fine-

tuning stage. Now, we discuss the details of each of these

stages.

1) Pre-training Stage: Fig. 4 shows the steps of the pre-

training deep neural network of stacked denoising autoen-

coders. The goal of this stage is to find good initial weights

for the different layers of the network, instead of using

initial random weights [29]. This is known to speed up the
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(a) Masking corruption method.
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(b) Additive Gaussian corruption
method.

Fig. 3. Examples of different corruption techniques applied to the normalized
RSS signal.

convergence of the training, reduce the possibility of falling in

a local minima, and avoid the vanishing gradient problem [30].

In this stage, each autoencoder in the stack is trained

independently using the output of the previous autoencoder as

its input (input data for the first autoencoder). Each denoising

autoencoder consists of an encoder and a decoder. The encoder

tries to generate a latent representation (hidden layer param-

eters) of the input data while the decoder tries to reconstruct

the input data based on the generated (latent) code from the

encoder.

2) Fine-tuning Stage In this stage, we train the model

(Fig. 5) end-to-end. The weights are initialized to those

obtained from pre-training stage. Then, each input training

sample (WiFi scan) is passed through network to obtain the

reconstructed data of the input scan using forward propagation.

The sum of squared difference between the original input data

and the reconstructed data (i.e., output of the deep network) is

used as the loss function to adjust all the weights in different

layers with the gradient descent algorithm [31].

C. Reducing Model Over-training

To further reduce the possibility of model over-fitting, we

also use dropout regularization [28] during the fine-tuning

phase. To do that, some hidden neurons in the deep neural

network are temporarily dropped out stochastically (as illus-

trated by the crossed circles in Fig. 5). This dynamic change of

the network structure allows the network to generalize better

and hence become more robust to changes.

Finally, the learned weights of the N deep models for the

N fingerprint locations in the area of interest are saved. Later

on, during the online localization phase, these weights are used

to estimate the unknown location of the mobile device as we

explain in the next section.

D. Online Localization Phase

During this phase, we harness the learned models to esti-

mate the unknown locations of the test inputs. Specifically, we

input the current WiFi scan at the unknown user location to

the different deep models at each fingerprinting location and

leverage the reconstruction similarity in a probabilistic frame-

work to estimate the most probable location. The intuition is

that the reconstructed scan will be closer to the input scan

in the fingerprinting locations near the actual user location.

hence, these locations should have a higher score/probability

compared to far-away locations.

More formally, the user is standing at an unknown location

l receiving WiFi information that is preprocessed to obtain

a signal strength vector x = (x1, ..., xM ), where M is the

total number of APs in the environment. We want to find the

probability of being at a fingerprint location li in the area of

interest given the received signal strength vector x. That is, we

want to find P (li|x). Using the Bayes theorem, the posterior

probability P (li|x) is given as:

p(li|x) = p(x|li)p(li)
p(x)

=
p(x|li)p(li)∑N
i=1 p(x|li)p(li)

(2)

Where p(li) is the prior probability that the phone is located

at a given fingerprint location li and N is the number of

locations in the fingerprint database (i.e, the training locations).

Assuming that all locations are equally probable1, Equation 2

can be rewritten as:

p(li|x) = p(x|li)∑N
i=1 p(x|li)

(3)

In traditional fingerprinting systems, e.g. [6], p(x|li) is
usually obtained by assuming the independence of the APs
using the RSS histograms, which does not capture the rich
and correlated relation between the different APs. On the

contrary, to calculate p(x|li) WiDeep leverages the constructed

offline deep learning models. Specifically, reconstructed ver-

sions of the input scan xi are obtained from each deep model

along with the associated similarity score to the input signal.

To obtain this similarity score, we use a radial basis kernel

as a similarity function since its output is bounded within 0 and

1 and can therefore be interpreted probabilistically. Denoting

the output of the similarity function as p(x|li) for the ith

model, we have that:

p(x|li) = 1

n

n∑

j=1

e−
‖xij− ˆxij‖

λσ (4)

Where xij and x̂ij are the original and the reconstructed input

data of the jth scan respectively, σ is the variance of the input

scans, λ is selected to be a scaled version of the coefficient of

variation (CV) of the input scans, and n is the total number of

scans used in location determination. We quantify the effect

of these parameters on performance in Section IV.

Till now, we can assign different probabilities to the discrete

fingerprinting locations based on the input scan(s). To enable

tracking the user in the continuous space, WiDeep estimates

the user location as the center of mass of all fingerprinting

points [32], taking the probability of each reference point

P (li|x) as its weight. Hence, the user location l is estimated

as

l =

N∑

i=1

p(li|x)li (5)

1If the user location profile is known, it can be used directly in Equation 2.
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IV. EVALUATION

In this section, we evaluate the performance of WiDeep in

two typical indoor environments: a university building floor

and an apartment. We start by describing the data collec-

tion methodology. Next, we analyze the effect of different

parameters on the WiDeep system performance. Finally, we

compare our system to the state-of-the-art WiFi fingerprinting

techniques that are Horus [6] and DeepFi [8].

A. Data Collection

To collect the necessary data for evaluation, we deployed

our system in two buildings with different layouts and APs

densities (Table I). The first one is a floor of our university

building with a 37m × 17m area containing offices, labs,

meeting rooms as well as corridors (Fig. 6). The second one,

shown in Fig. 7, is an L-shaped private studio apartment with

a 14.5m× 4.5m area. In both datasets, we leverage the RSSs

of pre-installed WiFi APs in the building or overheard from

nearby floors/buildings (university floor has an overall of 122

APs whereas the apartment has 59 APs). 7200 samples in total

are collected at 48 different locations in the university dataset.

For the apartment dataset,2000 samples are collected at each

point of 139 different locations. The data is collected by five

participants using different Android phones (e.g., Samsung

Galaxy Note 3, Samsung Galaxy S4, Huawei P9 lite, among

others) over different days. This captures the time-variant

nature of the WiFi fingerprints as well as the heterogeneity

of users and devices.

TABLE I
SUMMARY OF USED TESTBEDS PARAMETERS.

Testbed University Apartment

Area 37m× 17m 14.5m× 4.5m

Number of APs 122 59
Density of APs (AP/m2) 0.19 1.05
Training points 29 81
Testing points 19 58

We implemented a WiFi collector App using the Android

SDK to scan APs. The program records the (MAC address,

RSS, timestamp) for each heard WiFi AP. The scanning rate

was set to one per second. We implemented our deep learning

based training using the Google TensorFlow [33] framework

on the Google Collaboratory Cloud2. 40% of the data points

are held out for testing. We experimented with different deep

learning architectures and the one of 200×300×400×500

obtains the best performance.

B. Effect of Changing WiDeep Parameters

In this section, we study the effect of the different parame-

ters on the system performance including different techniques

used to add noise to the input, dropout regularization, different

values of radial basis function parameters used for probabilistic

online localization, number of input scans used in estimation,

and number of deep learning model layers. Table II shows

the default parameters values used throughout the evaluation

section.

1) Effect of different input noise corruption techniques:
We experimented with two different input noising methods

(Section III-B1): the masking method and additive Gaus-

sian noise method. Fig. 8 shows the mean location error

of WiDeep when trained using different masking corruption

fraction values. Similarly, Fig. 9 shows the mean error of using

different standard deviation values to train the models using

the additive Gaussian method. The figures show that adding

more variations, by injecting artificial noise, of the data input

to the model enhances performance compared to the case when

when the noise level is zero. However, adding too much noise

distort the signal and increase the ambiguity between adjacent

locations, hence increases the localization error. An optimal

2https://colab.research.google.com
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Fig. 6. University floorplan.

Fig. 7. Appartment floorplan.

noise level for both techniques can be achieved at masking

probability f = 0.1 and s = 0.1.

2) Effect of dropout regularization: Fig. 10 shows the effect

of the dropout regularization on the mean localization accu-

racy. The figure shows that as the dropout rate is increased, the

mean localization accuracy is improved. This is aligned with

our expectation because the regularization reduces the over-

fitting of the neural network to the input data. However, using

a large dropout rate leads to a decrease in the localization

accuracy as the network does not fit the data well (i.e., under-

fitting). Therefore, this trade-off is balanced at 0.5 dropout

rate.

3) Effect of the number of scans per estimate: Fig. 11

shows the effect of increasing the number of the scans (n) used

to estimate a location in the online phase. The figure shows

that as n increases, the accuracy improves until it reaches an

optimal value at n = 7 beyond which it begins to deteriorate.

This is due to two opposing factors: (1) By increasing n, we

get more information which is useful for location estimate,

(2) However, as n increases, more time is spent to collect

these samples which may involve crossing reference points

boundaries. This has a negative effect on performance.

4) Effect of the λ parameter in the Radial Basis Function:
Fig. 12 shows the effect of using different values of λ in the

radial basis function on the localization error. The figure shows

that there is an optimal value for λ at 4.

5) Effect of number of layers in the network: Fig. 13

shows the effect of changing the number of layers (stacked

autoencoders). The figure shows that increasing the layer,

TABLE II
DEFAULT PARAMETERS.

Parameter Range Default value

Testbed University,
Apartment University

Masking fraction (f ) 0 - 0.5 0.1
Additive Gaussian Stdev (s) 0 - 0.5 0.1
Learning rate 0.001 - 0.1 0.1
Batch size 16 - 2048 128
Dropout rate (r) 0 - 0.9 0.5
Radial Basis Function pa-
rameter (λ)

0.25 - 6 4

Number of scans per esti-
mate (n) 1 - 30 7

Number of epochs 1 - 20000 10000
Network architecture 200×300×400×500

increases the accuracy until reaching an optimal value at

four layers. After that, the accuracy starts to decrease as the

network begins to overfit the training data.

C. Robustness Experiments

In this section, we assess the robustness of WiDeep under

different challenging scenarios including reducing the density

of access points and reduced number of fingerprint locations.

1) Density of access points: Fig. 14 shows the effect of

reducing the density of the access points on accuracy. For

this, we uniformly removed access points from the total access

points detected in the area. The figure shows that even with

a density as low as 5% of the access points, WiDeep can

achieve high accuracy of less than 2.8m mean error. This is

due to the different noise-handling techniques as well as the

used regularization techniques. This highlights the robustness

of WiDeep.

2) Density of training points: Fig. 15 shows the per-

formance WiDeep when the number of training fingerprint

locations is reduced. The figure shows that, even though

reducing the number of training points/percentage linearly
leads to increasing the area associated with each training point

quadratically, the decrease in the accuracy does not grow as

fast. WiDeep can achieve a mean accuracy of 3.16m even with

50% reduction in training points.

D. Comparative Evaluation

In this section, we compare the location accuracy, robustness

to heterogeneous devices, and runtime of the WiDeep system

against two baseline systems. The first is a popular probabilis-

tic fingerprinting based indoor localization technique (Horus

[6]) that assumes the independence of the APs and the second

is a recent deep-learning based indoor localization technique

(DeepFi [8]) that does not perform noise handling or model

over-fitting avoidance.

1) Localization accuracy: Fig. 16 and Fig. 17 show the

CDF of distance error for all systems in the university and

apartment testbeds. Table III and IV summarize the results.

The figures illustrate that our WiDeep system can achieve
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Fig. 12. Localization error vs. RBF parameterλ.
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Fig. 13. Effect of the number of layers on accuracy.
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Fig. 15. Effect of reducing the number of training
locations on accuracy.
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significantly better mean localization accuracy than the other

systems by at least 29.8% and up to 169% in university and

apartment testbeds, respectively. Moreover, WiDeep enhances

all the other quantiles. This can be explained by noting

that traditional probabilistic fingerprinting techniques such as

Horus [6] cannot capture the correlation between the different

APs and the fingerprinting locations. Similarly, traditional

deep learning techniques such as DeepFi [8] do not take

the inherent noise of the wireless signals into consideration

nor avoid over-training. Therefore, their performance drops

noticeably when trained with noisy data. This can be seen in

figures 16 and 17, where the accuracy of DeepFi degrades in

such scenarios while WiDeep maintains its accuracy.

Note also that WiDeep performance is consistent in the

two testbeds, contrary to the other two techniques: DeepFi

performs better in the testbed with more available data (i.e

higher density of APs and training locations) while Horus can

tolerate better the lower APs density and lower in the other

testbed.

2) Device heterogeneity: Here, we evaluate the differ-

ent techniques robustness to devices heterogeneity. Initially,

WiDeep is trained and tested with the same device (i.e.

Samsung Galaxy Note 3). We then carry out experiments by

training the different systems with the Samsung Galaxy Note

3 tablet and testing with a Samsung S4 mini smartphone. The

two devices have completely different form factors and WiFi
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chips.

Fig. 18 shows that WiDeep provides approximately the same

accuracy when testing with different device as when testing

with the same device. It can also be seen from the figure

that WiDeep has the best performance in handling device

heterogeneity compared to the other two systems across all

percentiles. This is due to the combination of additive noise

in the training data and the adoption of denoising autoen-

coders which gives WiDeep greater flexibility than the other

systems. In particular, this is true since device heterogeneity

can be considered to be a form of noise, which the WiDeep
network and training process are designed specifically to

combat. Horus also shows better adaptability than DeepFi.

This can be attributed to the fact that it utilizes probabilistic

techniques, which are known to perform well in the presence

of uncertainty or noise. On the other hand, DeepFi shows

poor performance to noisy data because of the lack of specific

provisions to handle such phenomena in its design.

3) Time per location estimate: Fig. 19 compares the run-

ning time per location estimate for the three techniques. The

machine used for running the algorithms is an HP Omen

laptop with an i7 2.6 GHz processor, 16 GB RAM, and a

Nividia GTX965 GPU. The figure shows that the running time

of WiDeep and DeepFi is comparable. Horus has the lowest

running time per location estimate as its prediction is based

on only Bayesian inference. Deep learning techniques, on the

other hand, need to pass the data through all the layers of

the network. Nonetheless, all techniques can estimate the user

location in less than 412ms, which allows realtime tracking

of the user. This can be further enhanced if needed through

parallelization.

E. Discussion

WiDeep is designed to operate with heterogenous devices

without compromising on localization accuracy. The use of

a deep model alone (e.g as in DeepFi) cannot lead to this

design goal. WiDeep is able to achieve this as a combination

of the particular choice of deep network used and the associ-

ated design considerations. Specifically, the stacked denoising

autoencoder network used in WiDeep is, by definition, capable

of reconstructing the underlying input in the presence of noise

or distortion. Therefore for the best results, the training process

of this network necessitates the use of noisy data so that the

network truly learns to extract the underlying information from

the data as obtained from users’ heterogeneous devices [26].

This enhances the generalization ability of the network in

challenging scenarios, e.g. in the presence of device hetero-

geneity. At the same time, the use of noisy data alone with

DeepFi (which does not use this type of network model)

leads to a degradation of the obtained localization accuracy.

Additionally, the dropout regularization of WiDeep ensures

the quality of the final model by eliminating co-dependencies

between the constituent neurons [28], [34].

It can be seen from Fig. 9 that training WiDeep without

considering the noise injection process leads to a significant

drop of the localization performance to 3.47m. Similarly, Fig.

10 shows that the accuracy degrades to 2.69m without pe-

nalizing the training process with such dropout regularization.

Therefore, the combination of the network used and the regu-

larization techniques are able to yield significant improvements

over traditional deep learning models.

V. RELATED WORK

In this section, we discuss the most relevant literature to

our WiDeep system. In particular, we cover two categories:

fingerprinting systems and crowd-sourcing systems.

A. Fingerprinting Systems

Fingerprinting systems present the most popular WiFi-based

indoor localization technique due to their high accuracy. Those

can be categorized into traditional and deep learning-based

fingerprinting systems.

1) Traditional Fingerprinting Systems: Radar [13] finger-

print captures the average RSS of the heard APs at the differ-

ent fingerprint locations. During the online phase, matching

is based on using the k-nearest neighbors algorithm [35].

Deterministic approaches though cannot deal well with he

noise and variations of the RF signal. To tackle the noisy

nature of RSS, probabilistic techniques have been proposed,

e.g. Horus [6], [36], [37]. In this case, the fingerprint reflects

the RSS histogram for each AP at each reference location,

assuming APs are independent. The most probable location
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is estimated based on Bayesian inference. Many variants of

probabilistic techniques have been proposed over the years

to further enhance the localization performance [5], [7], [38].

For instance, [7] uses radial basis networks to predict the

unknown location. Despite probabilistic techniques being able

to handle the inherently noisy wireless signals in a better way

than deterministic techniques, they usually assume that the

signals from different APs are independent to avoid the curse

of dimensionality problem [20]. This leads to coarse-grained

accuracy.
WiDeep, on the contrary, harnesses a deep neural network

that is able to learn dependencies between signals from dif-

ferent APs. In addition, it is designed to address the inherent

noise in the RF signals. Moreover, it has provisions to handle

over-fitting, leading to better robustness.
2) Deep Learning Systems: Recently, different deep learn-

ing techniques have been proposed in order to train models to

provide a localization service. In DeepFi [8], [9], Restricted

Boltzman Machines are used to pre-train a deep learning

system. The localization service of DeepFi depends on the

magnitudes of the channel state information (CSI) data, as

compared to the standard received signal strength. Later,

deep convolution networks based on CSI data also have been

proposed to estimate the unknown locations [39], [40]. All

these techniques use CSI data, which needs special hardware
for collection, reducing the system ubiquity. In addition, they

do not have provisions to reduce over-fitting or handle the

inherent noise in the input data, reducing their robustness.
In contrast, the operation of WiDeep depends on standard

RSS readings, which can be received by the common on-board

WiFi radio present in all mobile devices using standard APIs

in the operating system. In addition,WiDeep is designed to

deal with noisy data and have provisions to avoid model over-

fitting, both leading to higher accuracy and more robustness.

B. Crowdsourcing Systems
To reduce the fingerprint construction overhead, a num-

ber of systems have been introduced in which the users

collaborate to improve the localization system by crowd-

sourcing the fingerprint. [41] uses crowd-sourcing to improve

the particle filter performance overtime and hence improve the

localization accuracy of the system. Other systems, e.g. [16],

[17], [21], [42]–[44], use the smartphone inertial sensors to

calculate the user location using dead-reckoning and leverage

different sensor-based landmarks, including WiFi, to reset the

accumulated error. These system, however require additional

sensors, which may not be available on all mobile devices,

especially in development countries where low-end phones are

more common. WiDeep can benefit from crowd-sourcing to

construct its fingerprint in an automatic manner. In addition,

based on deep learning and its different noise and robustness

handling modules it can provide robust and high accuracy

localization without the need of any additional sensors.

VI. CONCLUSION

We presented WiDeep, an accurate and robust WiFi fin-

gerprinting indoor localization technique based on a deep

TABLE III
ACCURACY PERCENTILES OF DIFFERENT SYSTEMS IN THE UNIVERSITY

FLOORPLAN

Technique Average 50th

Percentile
75th

Percentile
100th

Percentile

WiDeep 2.64m 2.38m 3.38m 7.12m

Horus [6] 4.04m
(-53.03%)

2.25m
(5.46%)

4.03m
(-19.23%)

17.50m
(-145.78%)

DeepFi [8] 7.10m
(-168.93%)

6.09m
(-155.88%)

9.54m
(-182.24%)

24.14m
(-239.04%)

TABLE IV
ACCURACY PERCENTILES OF DIFFERENT SYSTEMS IN THE APARTMENT

FLOORPLAN

Technique Average 50th

Percentile
75th

Percentile
100th

Percentile

WiDeep 1.21m 1.07m 1.62m 3.74m

DeepFi [8] 1.57m
(-29.75%)

1.25m
(-16.82%)

2.04m
(-25.92%)

4.97
(-32.88%)

Horus [6] 2.57m
(-112.39%)

2.17m
(-102.08%)

3.35m
(-106.79%)

8.73
(-133.42%)

neural network. The system leverages stacked denoising auto-

encoders in a probabilistic framework to mitigate the noise

in the RSS measurements. Additionally, it employs model

regularization to enable the network to generalize and avoid

over-fitting, leading to a more robust and stable models.

We evaluated WiDeep in two different challenging envi-

ronments that represent a university building and a domestic

apartment using different Android devices. The results show

the WiDeep comes with a localization accuracy better than

the state-of-the-art systems by at least 53% and 29.8% in the

large and small environments respectively. Moreover, its per-

formance is robust to different devices and different densities

of APs in different environments.
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