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Abstract. The most used approach to indoor positioning using mobile
devices is to employ WiFi signals from the ubiquitous network access
points. However, state-of-the-art solutions to WiFi-based positioning rely
on filtering, manual data analysis, and time-consuming parameter tuning
to achieve reliable and accurate localization. On the other hand, visual
place recognition commonly used in robotics provides efficient means to
coarsely localize the agent using sparse databases of recorded scenes and
ensuring simple tuning of the parameters. In this extended abstract, we
investigate if the two learning-based paradigms typically applied to vi-
sual place recognition: bag-of-visual-words and deep neural networks can
be adopted for WiFi-based location recognition. The former method em-
ploys the structure of the well-known FAB-MAP algorithm, while the
latter one experiments with several neural network architectures lever-
aging the use of stacked autoencoders to reduce the input dimensionality
and trying to pose the agent localization problem as a place classification
task. Both methods are evaluated on the UJIIndoorLoc dataset used in
the EvAAL competition, allowing a fair comparison with other solutions.

1 Introduction

Finding the position of a person in a large GPS-denied environment, such as a
public building or a shopping mall is an important practical problem related to
robotic localization. Among the variety of existing approaches, solutions relying
on the sensors available in typical mobile devices, such as smartphones, are most
suited for commercial applications. In particular, WiFi signals can be exploited to
provide rough, global position estimates, without additional costs of the external
infrastructure, as WiFi Access Points (AP) are available in most buildings that
might be of interest for personal localization. A drawback of this approach that
prevents its wider adoption for indoor positioning is the need to survey the
entire environment for a WiFi signal strength map prior to the operation of the
positioning system. Although localization based on WiFi fingerprints is similar
to visual place recognition when it comes to the underlying principles of data
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processing, the appearance-based visual localization systems work with relatively
sparse databases of images and are in general easy to parametrize [5].

Therefore, we propose to adopt the statistical learning mechanisms used in
vision-based localization to WiFi positioning. We consider two different ap-
proaches: the Chow-Liu tree, which was proven successful in the FAB-MAP
appearance-based localization algorithm [2], and Deep Neural Networks (DNN)
that proved to outperform other methods in a number of vision-related tasks, in-
cluding place recognition [1]. The first approach fully adopts the features match-
ing algorithm from computer vision and requires to design proper WiFi-specific
features to replace those extracted from images. In contrast, the second approach
does not need any hand-crafted features, and learns them from the training data.
However, a very large database of training samples is required. The common goal
in both approaches is to devise a learning-based localization algorithm that pro-
vides a global agent position from WiFi data on a sparse map of fingerprints at
a significantly reduced effort for manual tuning.

To learn and to evaluate the proposed algorithms the UJIIndoorLoc dataset [6]
was used that is publicly available and consists of 21048 WiFi scans labeled with
their building ID, floor number, and longitude/latitude (i.e. x, y) data. These
scans were recorded in buildings of University Jaume I (Spain) at the area of
almost 110000 squared metres. The dataset consists of 19937 training and 1111
validation examples. Because the testing examples used in the EvAAL compe-
tition are not made publicly available, we used a part of the training examples
in the validation procedure, and then we treated the original validation dataset
as a test dataset.

2 FAB-MAP with WiFi features

Our solution is based on the OpenFABMAP implementation and exploits the
probabilistic inference mechanism implemented in the original algorithm. The
differences come from using WiFi signal scans instead of visual point features.
This caused substantial changes to the procedure that creates features, and to
the training phase of the algorithm [7].

In the original FAB-MAP algorithm, the Bag of Visual Words (BOVW)
representation of point features is used to characterize j-th image Zj . The main
idea of place recognition based on WiFi scans is to employ vector features related
to the WiFi scans instead of the BOVW vectors. Since FAB-MAP maps each
feature onto a binary representation, a conversion of a WiFi scan was necessary
to get the most of the descriptive power out of it. In our method for the i-th
network the feature vector v contains k bins forming a sub-vector bi. Each bin
has an associated threshold and whenever the received signal strength (RSSI,
expressed in dBm) of the i-th network exceeds this threshold, its value is set to
1. The threshold values are distributed uniformly in range < −110,−10 >, and
we have experimentally determined that the bin width of 10 dBm is sufficient
for matching of the features. Hence, we have k=10 (Fig. 1). If a network is not
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present in the current scan, then all bins are set to 0. Finally, the vector v is a
concatenation of all bi sub-vectors.

Fig. 1. Converting the signal strength to a binary sub-vector of the feature

Given a list of detected networks with their BSSID1 numbers and signal
strengths, a feature vector is computed and feed to the modified FAB-MAP
recognition procedure. This procedure returns a list of matches with a probability
assigned to every location from the database of known places. We assume that
the location with the highest probability is the current agent location in the
map.

The building and floor recognition tests performed on the validation examples
from the UJIIndoorLoc dataset (not used for training) yielded 91% of correct
recognitions for the WiFi-FAB-MAP approach, while a naive approach that finds
the most similar scan among the training samples based on Euclidean distance
resulted in only 75% correct recognitions. The agent positioning tests resulted in
mean position errors of about 8 m, which is a slightly worse result than achieved
by the best classic methods tested on the same dataset [3]. However, our results
have been obtained without any manual tuning of the method to the particular
environment or dataset.

3 DNN for WiFi-based place recognition

In the DNN-based approach we employ the hierarchical approach to localiza-
tion, using a classification DNN with autoencoders to predict the building and
floor number from a single WiFi scan in a pre-recorded database of fingerprints
[4]. Then, we try to use another DNN for each floor in each building to solve
regression problem of agent position estimation.

Each WiFi scan contains the signal strength measurements for all APs avail-
able in its vicinity, but only a subset of total number of networks in the envi-
ronment are observed. Therefore, it is difficult to propose reduced higher-level
features. Thus, we use stacked autoencoders (SAE) for this task and provide raw
measurements at the DNN input. When the unsupervised learning of weights of
SAE is finished, the decoder part of the network is disconnected and typical fully-
connected layers of a deep network (that we call the classifier) are connected to
the output of encoder.
1 The BSSID identifies a particular BSS (Basic Service Set) within an area.
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Fig. 2. DNN architecture for the building/floor classification problem (a) and the re-
gression problem (b)

We experimented with a number of deep neural network architectures for the
building/floor classification part (Fig. 2a). An exemplary classifier part consists
of two hidden layers, but the number of neurons has to be chosen depending on
the number of different APs present in the given environment. We also employ
dropout between the hidden layers to force the network to learn a redundant
representation and thus achieve better generalization. The output is a SoftMax
layer that produces the probabilities of current sample belonging to the consid-
ered classes. If the number of buildings is denoted by N and the number of floors
in the i-th building is given by Mi, the output layer has

∑N
i=1 Mi neurons.

Positioning within the selected floor was initially implemented as simple re-
gression using a neural network architecture containing three hidden layers with-
out SAE (Fig. 2b). The final output was the metric x and y position of the agent.
In order to learn metric output, the supervised learning was applied and the er-
ror was defined as mean squared error with the ADAM optimizer. Compared to
classification, the learning process took more time and required more data to
achieve useful results. Unfortunately, these results were inferior with respect to
the state-of-the-art WKNN (Weighted k Nearest Neighbors) localization method
[3].

Therefore, we conceived a hybrid architecture that turns the agent position-
ing task into a classification-like problem. To this end a regular mesh of nodes
was imposed over the whole floor map. Each node was treated as a separate
class by the implemented DNN. For each training sample the degree of mem-
bership (in the sense of a fuzzy membership function) to four nearest nodes was
computed as the inverse Euclidean distance to the given node. Thus, the DNN
learned a normalized metrics of membership to the nodes. This network was able
to provide the agent positions at least as good as the WKNN, providing that
a large amount of learning data was available. This requirement was satisfied
by augmenting the labelled WiFi scans by artificially generated scans that were
computed by interpolating the signal strength from the real samples. For each
point from a regular grid we look for the closest WiFi scans from the labeled
training set, and then we compute a new WiFi scan using the average weighted
signal strength of the nearest neighbors (Fig. 3a). We do not use here any ex-
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plicit signal propagation model and do not take into account signals reflected
from obstacles.

Fig. 3. Visualization of the augmented WiFi data used for learning (a), and localization
results for different approaches and parameter values (b)

For the DNN approach the recognition tests yielded 92% correct building
and floor recognitions. The positioning results within the selected floor highly
depended on the used learning data. Learning with only the real WiFi data
yielded poor results due to the insufficient number of training samples. However,
the “fuzzy” DNN approach trained on data augmented by artificially generated
WiFi scans was able to localize the agent with a mean error of 4.2 m. A com-
parison of the localization results produced by a number of approaches is shown
in Fig. 3b, which plots the cumulative distribution function (CDF) of the WiFi
scans vs. the positioning error. The k parameter defines the number of neighbors
in the WKNN algorithm, while g stands for the distance (in metres) between
nodes of the mesh in the fuzzy DNN method.

4 Conclusions

We propose novel WiFi positioning methods that adopt the FAB-MAP algo-
rithm and deep neural networks, originating from visual appearance-based place
recognition. The contribution with respect to the FAB-MAP algorithm is the
new method of the feature vector generation from a list of the detected WiFi
networks. Using DNN for estimation of the exact x, y position turned out to be
much harder, as DNNs are much less efficient in solving the regression problem.
However, the transformation of the positioning task into a classification problem
by estimating the agent position with respect to a fixed structure of small ar-
eas defined at each floor made it possible to localize the agent using the neural
architecture.
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