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SLAM

d is available. We set r to a unique scale in all filters where this
parameters is needed. For an example of the filters’ output, see
Fig. 14.

From the outputs of the latter filters we retain Nf ¼ 18 histo-
grams corresponding to: cornerness N2, which is the second
eigenvector of N, Canny-derived edge magnitude C, raw edge
magnitude j~rj, horizontal gradient ~rx, vertical gradient ~ry, color
Hi, and depth Z. Given Nb number of bins for each histogram, the
maximum number of features is Fmax ¼ Nf " Nb. Considering both
the efficiency and the performance of the subsequent feature
selection process, Nb must be kept as small as possible. Further-
more, independently of the Nb, initial experiments showed that
cornerness and Canny magnitude where not informative for
our map, and thus, they are not considered in this paper (then
Nf ¼ 16).

Performing an exhaustive/combinatorial search among the fea-
ture space is unpractical unless a small Fmax is considered. Instead,
we wrap the 1-NN classifier in a greedy algorithm.

4.2.2. Greedy wrapping
Let V ¼ fv1; . . . vMg be the set of input feature vectors, with

dimension Fmax, associated to the training images, F the set
of pending (to be selected) features, and S the set of selected
ones. Initially jFj ¼ Fmax and jSj ¼ 0. At each iteration of the
algorithm we build a new training set Wf ¼ fw1; . . . ;wMg for
each f 2F. The values of each wi 2Wf are obtained from the
features in S [ ffg. For each of the training sets we perform a
10-fold cross validation (10-FCV) and we obtain an averaged
error Ef over all partition trainings and testings. The feature
f # selected in this iteration is the one which, in combination
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Fig. 15. Classification tuning. (left) Finding the optimal number of bins Nb . (right) Evolution of the CV error for different number of classes Nc .

Fig. 16. 3D + 2D map learned through entropy minimization SLAM, showing representative views of each environment. Environments are manually selected by defining their
bounding boxes.
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Dispositivos portátiles

Figure 10: Wearable stereo device (left) composed by a Digiclops stereo camera and a

little laptop (right).

correspondence is solved by a window-based approach using the Sum of Ab-

solute DiÆerences over the edge images. Correspondence results are filtered

through diÆerent criteria and 3D reconstruction is computed with sub-pixel

accuracy.

3.2. Common Parameters

In this subsection, we detail the common parameters of the experiments

starting with the camera configuration. For the sake of e±ciency, we use

only half of the maximum resolution (320£ 240 pixels). Given our previous

experimental evaluations of the 3D estimation error for the Digiclops system,

our maximum range is 12m, being the average error below 0.91m for such

distance.

In the half resolution mode, the camera produces clouds of 10, 000 points

on average which are typically reduced to 400 points in the feature extraction

step, using |W| = 8 £ 8 (size of appearance windows). In the matching

refinement step we use æmin = 0.005 (variance limit to stop the LWO process).

In the entropy approximation, we only need to specify ld which determines
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Fig. 2. Smartphones endowed with a 3-D camera. HTC EVO 3-D (left) and
LG Optimus 3-D (right).

on-the-fly, we are able to classify obstacles in front of the user as
aerial or not-aerial. In this paper, we propose to adapt this kind
of application to mobile devices (smartphones). In this regard,
the main limitation to overcome is that SLAM-based short-term
maps are too computationally demanding for a practical use,
especially when real-time constraints arise. The structure of the
environment could be also estimated through a monocular-based
approach (see, for example, [13] where a monocular SLAM sys-
tem is integrated into a smartphone). These approaches are suit-
able because all the smartphones integrate a camera. However,
the range information extracted with this kind of algorithms is
up to scale. In other words, the relative scale of the data depends
on the nature of the environment. Then, the scale of the data
changes as the environment changes. In practice, this kind of
algorithms only works in limited space environments.

C. Goals

The main goal of our proposal is to develop a mobile appli-
cation that acts as a walking stick or a guide dog complement.
It does not replace these elements, but it solves their main prob-
lem, that is, their inability to detect aerial obstacles. In the case
of walking sticks, this limitation is obvious. Dogs cannot be
trained to detect these obstacles, because they are not aware of
the height difference between them and their owners.

One of its main advantages is that the application is embedded
into a smartphone, obtaining a comfortable and discreet system
that favors the user social integration. Furthermore, the smart-
phone is also able to notify the presence of an obstacle by means
of acoustic signals (through the phone speaker, not earphones)
or vibrations. The latter option makes the system less noticeable
and does not deprive the user of the sense of hearing.

Our approach is based on distance measures taken from the
environment within a range of several meters. These measures
are obtained from a stereo pair of images. Hence, this software
requires a hardware capable of obtaining the scene in stereo.
Within these devices, we find the 3-D phones that are endowed
with a parallax-barrier glasses-free 3-D screen and a double back
camera (see Fig. 2). The purpose of these cameras is merely mul-
timedia, but this equipment brings the opportunity of applying
stereo vision on mobile devices (see Fig. 3). From the observa-
tion of the pair of images provided by the double camera, the
scene can be partially reconstructed in 3-D. This reconstruction
includes the obstacles in front of the user and their distances.

In addition to the observation of the stereo pair of images,
the application uses data from different sensors such as magne-

Fig. 3. Reference and depth images (top left), and some views of the resulting
3-D scene (bottom right).

tometers and accelerometers. These sensors provide the global
orientation of the device, which is a key to solve the direction
in which the user is walking. With this information at hand, we
estimate the volume in which the obstacles should be detected.

This system has been developed for the Android platform,
because other platforms (like iOS) do not have currently avail-
able 3-D devices. Nevertheless, it could be ported to any other
platform whenever the required hardware is available.

II. AERIAL OBSTACLE DETECTION

The pipeline of our obstacle detection approach consists of
four phases: 1) capture a stereo pair of images; 2) obtain a set of
3-D points using a dense stereo algorithm; 3) build a histogram
of 3-D points in the direction in which the user is walking; and
4) check for obstacles in the histogram.

A. Scene Reconstruction

Let (IL
t , IR

t ) be the stereo pair of images provided by the
camera at instant t. Our goal is to obtain a set of 3-D points Pt =
{p1 , p2 , ..., pN }, where pi = (xi, yi , zi) in metric coordinates
with respect to the optical center of IL

t .
Mobile devices equipped with a 3-D camera provide a pair

of rectified and prealigned images, so that the epipolar line of
every pixel in the left image corresponds to the same row in the
right one. This fact allows us to apply a dense stereo algorithm
[14] to obtain a disparity map Dt from the pair of images.

The device also provides the extrinsic data from its stereo
camera: focal distance f (in pixels) and baseline B (in meters).
The 3-D scene can be reconstructed combining this information
with the disparity map Dt . For each pixel i in the disparity image
whose value is not unknown, a 3-D point pi = (xi, yi , zi) can
be obtained as follows:

zi =
fB

Dt(ui, vi)
, xi =

uizi

f
, yi =

vizi

f
(1)

with ui and vi being the coordinates of the pixel in the 2-D
disparity image (with the origin of coordinates in the image
center).
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Fig. 11. Test users: Maria Dolores (left) and Yolanda (right).

Fig. 12. First test with Maria Dolores. See the text for details.

mean-shift is displayed in red). In the second and third frames,
a stuffed elephant appears at the front of the scene. It shares
the scene with the shelving in the back, which yields a second
distribution. We can see that mean-shift correctly detects both
distributions. In the last frame, the stuffed elephant covers all the
projection (we only consider the parallelepiped corresponding to
the user’s torso extrusion). Therefore, only a single distribution
is obtained.

F. Tests With VI Users

The last experiment consists of several tests with blind users.
In Fig. 11, we can see the people who have collaborated in this
experiment: Maria Dolores (left) and Yolanda (right). Maria
Dolores works in ONCE foundation as a psychologist. She is
blind since she was 20 years old. She has an almost null residual
vision (between 2% and 3%). She is only able to perceive light or
darkness. Yolanda works as a counselor in a secondary school.
She is a psychologist too. She was born blind and does not have
any residual vision.

Fig. 12 shows a test with Maria Dolores. There is a palm
tree leaf within the path. She walks slowly because she is not
following a margin (she is walking in an open space). Some
pictures of the scene taken from outside are shown in the first
row of the figure, and the application visual log is shown in the
second row. In the visual log, we can see the distance histogram
over the image. In the left row, the obstacle has been detected.
In the central row, a notification is sent, because the obstacle
is closer than 2 m. In the right image, the obstacle has been
avoided.

A second test with Maria Dolores is shown in Fig. 13. In this
case, she is following the curb with the cane; hence, she walks

Fig. 13. Second test with Maria Dolores. See the text for details.

Fig. 14. Test with Yolanda. See the text for details.

faster. In the path, there is a fuzzy object: a bush. This kind of
obstacles could not be detected by other sensors like sonar-based
ones. The figure has the same format as the previous experiment:
scene from outside (top) and visual log (bottom), before (left)
and after (right) avoiding the obstacle.

Fig. 14 shows a test with Yolanda similar to the previous
one. She is walking following the curb with her cane, and the
application detects a the branch of palm tree. The displayed data
follow the format described above.

All the experiments have been executed in an LG Optimus
3-D Max smartphone (the results obtained with HTC EVO
3-D are similar), which is endowed with a 1.2-GHz dual-core
processor. The resolution of the captured images is 360 × 240
(we need a pair of images). The 1520-mAh battery provides an
operation time of about 132 min with the application running.
Therefore, the application should be used only sporadically, in
unknown environments.

The application is able to process an average of 9.17 frames/s.
Thus, the average lag of an obstacle alert is about 109ms. The
walking velocity of a person is usually in the range between
4 (slow) and 6 km/h (very fast). A blind person is usually
slower than the lower limit. If we suppose a velocity of 4 km/h
(1.11m/s), with a processing time of 109ms per frame, and
taking into account that the average reaction time of a person
is 750ms, then the elapsed time since the obstacle appears un-
til the user reacts is 859 ms. In the worst case, the user walks
0.95m from the instant in which the obstacle comes into the
field of vision. Therefore, there is a margin of 1.05m to avoid

76 IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS, VOL. 19, NO. 1, JANUARY 2015

Fig. 4. We need to know the direction in which the user is walking to detect
the obstacles that may not match with the pointing direction of the camera.

B. Distance Histogram From 3-D Data

Let V⃗t be the direction in which the user is walking at instant t.
Only the obstacles found in this direction should be considered,
and therefore, 3-D data obtained in the previous step should be
filtered to remove side obstacles. Unfortunately, V⃗t is not always
the direction the smartphone is pointing to. On the one hand, we
have to consider that the device lays on the user’s chest, so that
it has a pitch angle αt that differs between users. On the other
hand, a swing movement is produced as the user walks. This
produces a yaw angle βt that is always changing. Therefore, the
direction V⃗t is not constant with respect to the device and should
be estimated.

Vector V⃗t can be estimated from (αt ,βt). The global orien-
tation of the device (αg

t ,β
g
t , γg

t ) (pitch, yaw, roll) is obtained
from the coordinate system defined by the accelerometer/gravity
reading G⃗t , the magnetometer reading M⃗t , and the cross prod-
uct G⃗t × M⃗t (G⃗t and M⃗t are approximately orthogonal). The
value of αt can be determined directly by the device sensors.
To make V⃗t parallel to the floor, global pitch should be set to
αt ← αg

t .
If the movement of the user were straight (e.g., the move-

ment in a vehicle), αt would be enough to obtain V⃗t . How-
ever, the swinging movement of the user causes βg

t to change
constantly. Thus, βt has to be estimated from a set of N
previous readings of βg

t−1 ,β
g
t−2 , ...,β

g
t−N . The estimation of

βt is the difference between βg
t and the expected value of

the set of previous readings. Considering that this distribu-
tion is bimodal, a k-mean algorithm [15] with k = 2 is ap-
plied to separate them into the subsets βA and βB , having
βA ∪ βB = βg

t−1 ,β
g
t−2 , ...,β

g
t−N . The estimation of βt is then

obtained as βt = βg
t −{E(βA ) + E(βB )}/2 .

Given the estimations of (αt ,βt), the walking direction vector
V⃗t can be built. Around the axis determined by the center of our
reference system and V⃗t , we place a parallelepiped of size 1m ×
1m × 4m corresponding to the extrusion of the user’s torso in
the walking direction (see Fig. 4). This parallelepiped is used

to register the subset of 3-D points P ⋆
t ∈ Pt that will intersect

with the user’s torso if the movement continues in the estimated
direction. These points represent the possible obstacles for the
user.

To interpret the obstacles, the parallelepiped is quantized in
different bins, representing a discrete set of distances from the
user position. We divide the parallelepiped in sections of s me-
tres in depth (s = 0.05m in our setup) and count how many
3-D points belong to each block. This is represented by a
histogram Ht . Each bin Ht [i] represents the fraction of 3-D
points contained between the planes s(i)V⃗t and s(i + 1)V⃗t of
the parallelepiped. Ht represents a 1-D distribution of obstacles
in the walking direction.

It is worth to remark that Pt has a projective nature, given
that it is provided by a stereoscopic system. The higher the
distance of observation, the higher the point sparseness. The
trend of the degree of sparseness follows an exponential in-
crease with respect to distance. This implies that cells Ht [i] will
present a decreasing density as i increases, which is due to the
anisotropic error distribution but not to the obstacles. To deal
with this problem, a unitary square Ci is created for each bin
Ht [i] at distance s(i)V⃗t . The square is projected on the reference
image, and we take the size Si of the projection. These sizes
have the same projective nature than Ht [i], but in inverse order.
Thus, we can obtain a linearized version of the histogram as fol-
lows: H⋆

t [i] ← Ht [i]/Si . The values of the histogram are also
affected by the 3-D occlusions of the points (each point of Ht [i]
projects a 3-D shadow over the following bins that decreases
their densities). However, in our problem, the key obstacles are
the closest ones, which are the least affected by this fact.

C. Obstacle Detection From Distance Histogram

Each cell in H⋆
t represents a possible obstacle. A single ob-

servation may present obstacles at different distances. Hence,
it follows that H⋆

t is multimodal. Mean-shift [16] is then used
to separate it into different distributions, by using a uniform
K-unit kernel. From the set of obtained centers, we keep the
most significant ones at instant t, that is Ot = o1 , o2 , ..., oN .

The initial set of potential obstacles Ot may contain some
phantom data due to the noise in the 3-D reconstruction
step. A robust set of obstacles O⋆

t is obtained by consider-
ing only the obstacles detected in the last M observations
Ot−M +1 , Ot−M +2 , ..., Ot . An obstacle oi ∈ Ou matches an ob-
stacle oj ∈ Ov if the distance between them in the histogram is
less than K units, in consonance with the size of the mean-shift
kernels. This guarantees that pairs of centers close enough will
be discarded.

Given the set of obstacles O⋆
t , the one o⋆

n with the lowest
index n (the nearest one to the user) is selected, whose distance
is d(o⋆

n ) = n · s. If this distance is below a given threshold (in
our case 2 m) then it is considered a potential threat and an
alert signal (sound or vibration) is generated with a frequency
inversely proportional to the distance d(o⋆

n ). Closer obstacles
cause a higher alert frequency.

https://www.youtube.com/watch?v=RcqzgnCsapw
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by shape and color, and the non-dominated elements are highlighted. Networks
that optimize both objectives are SqueezeNet with input sizes of 128 × 128px and
192 × 192px, and MobileNet and Xception with an input size of 224× 224px, and
in all cases using data augmentation.

Fig. 3. Analysis of F1 and efficiency as a Multi-objective Optimization Problem (MOP).
Non-dominated elements are highlighted.

Evaluation of the Detected Position. As explained before (see Fig. 1), once
a gesture is detected we calculate its position using the heat map obtained by
the Gradient-weighted Class Activation Mapping (Grad-CAM) approach [19].
Figure 4 shows some heat maps samples for the MobileNet network. As can be
seen, the red areas belong to the region of the image where the gesture appears,
showing a good precision in the position detected.

Fig. 4. Heat maps calculated using Grad-CAM [19], highlighting the localized class-
discriminative regions. Localized classes from left to right are: One finger, Two fingers,
Loupe, and two Other different gestures.

To evaluate the accuracy of the detected position we use the IoU metric
described in Sect. 3.2. For this, we calculate the IoU between the bounding box
that includes the zone of maximum activation of the heat map and the bounding
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Figure 1. Example of PPI (left) and Experimental results (right)

second experiment consists of analyzing 224 PPIs,
also related to histidine kinase, from 6 different groups
(all the PPIs in the same group corresponds to the
same species) with the following evolutive order (from
older to more recent): Aquifex –4 PPIs, Thermotoga–4
PPIs, Gram-Positive–52 PPIs, Cyanobacteria–73 PPIs
Proteobacteria–45 PPIs. There is an additional class
(Acidobacteria—46 PPIs). Histogramming TDs reveals
typically long tailed distributions with most of the TDs
concentrated at a given point. Are these points ordered
according to the evolutive order? This question can
be answered by studying the cumulative distributions
instead of the pdfs (Fig. 1-right/top). In such case,
reaching the top (cumulative=1) soon indicates low
TD whereas reaching it later indicates high TD. Then,
it can be seen that the evolving complexity of the
signal transduction mechanism driven by the histidine
kinase is properly quantified by TD for the 5 first phyla
studied. However, the Acidobacterium sp. chosen
seems older than Gram-Postive which seems not to
be the case 3. In the bottom of Fig. 1-right we show
some ~cis of all classes, and their intraclass variability
is low (similar shape). Thus, we can conclude that TD
is a good principled tool for analying the complexity
of networks, and PPIs in particular, and multi-species
experiments are planned for a near future.
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according to the existence of corticostriatal projections from
primary somatosensory and visual cortices (S1 and V1, respec-
tively) following anterograde tracing (see Experimental Proce-
dures; Figures 1A, 1B, 3A, and 3B). As described in previous
studies (Alloway et al., 1999, 2006; McGeorge and Faull, 1987;
Pidoux et al., 2011; Wright et al., 2001), projections from S1 (bar-
rel field) were found throughout the dorsal striatum, with higher
concentration in dorsolateral striatum (Figures 1B; Figure S1
available online). Projections from visual cortex, on the other
hand, were located dorsomedially in proximity to the lateral
ventricle (Figure 3B), in agreement with previous reports in other
species (Donoghue and Herkenham, 1986; Faull et al., 1986;
Norita et al., 1991; Serizawa et al., 1994).
All recorded cortical and striatal neurons exhibited slow wave

oscillations (Figures 2A, 3C, S4, S6, and S7) with bimodal distri-
bution of the membrane potential (Figures S4 and S7), as previ-
ously described (Wilson and Kawaguchi, 1996). Striatal neurons,
however, had longer up state durations than cortical neurons
and rarely discharged action potentials, unlike cortical neurons,
which discharged several APs during up states (Figure S4). The
input resistance of recorded neurons was extracted using step
current injections and was calculated separately for up and
down states (Figures S4F, S4H, and S4I). Unlike cortical neu-
rons, striatal neurons had higher input resistance at up states
and at more depolarizedmembrane potentials (Figure S4F), sug-
gesting that inward rectification inMSNs (Kita et al., 1984; Nisen-
baum and Wilson, 1995) is the dominant factor determining their

input resistance as recorded at the soma, even in the presence of
the synaptic barrages occurring during the UP states.

Bilateral Sensory Integration in Dorsolateral Striatum
In order to study bilateral sensory integration, we delivered brief
air puffs to the whisker pads on both sides (see Experimental
Procedures) and recorded subthreshold responses to ipsilateral,
contralateral, and bilateral stimulation in dorsolateral striatal neu-
rons. Using the same stimulation protocol, we compared the
whisker-evoked responses in striatal MSNs to cortical regular
spiking neurons (putative pyramidal cells) in layer 5 of the barrel
cortex (Figures 1 and S2; Table 1). All recorded neurons re-
sponded to both ipsilateral and contralateral whisker stimulation
(cortical n = 17; striatal MSNs n = 20). Sensory responses were
classified according to those occurring during ‘‘Up’’ or ‘‘Down’’
states, including cases in which sensory stimulation triggered
state transitions (Reig and Sanchez-Vives, 2007) (Figure 1 and
S2, respectively). Response onset delays were significantly
longer for ipsilateral than contralateral whisker stimulation in
both cortical and striatal neurons (BF ipsilateral: 25.11 ±
6.49 ms, contralateral: 13.32 ± 3.61 ms, p < 0.001, n = 17;
dorsolateral striatum ipsilateral: 28.45 ± 6.94 ms, contralateral:
19.78 ± 3.42 ms, p < 0.001, n = 20) (Figure 1F). Corresponding
differences were observed also for response peak latencies
(BF ipsilateral: 71.13 ± 21.98 ms, contralateral: 37.75 ±
8.52 ms, p < 0.001, n = 17; striatum ipsilateral: 66.88 ±
26.07 ms, contralateral: 52.62 ± 15.82 ms, p < 0.01, n = 20)

Figure 1. Striatal Integration of Bilateral
Whisker Deflections
(A) Schematic of anterograde tracing (BDA) injec-

tion in layer 5 of cortical S1 (barrel field: BF).

(B) Example of ipsilateral axonal projection from

cortical S1 to striatum. BDA staining: axonal pro-

jections (red), Nissl staining (blue). Inset illustrates

the axonal projection field in striatum marked on

the coronal diagram taken from Paxinos mouse

brain atlas at the AP 0 mm coordinate (in red).

(C) Raw traces of responses to bilateral whisker

deflection in cortical (left) and striatal MSN (right)

during down states.

(D) Morphological reconstruction of the striatal

MSN recorded in (C). The different scales show the

neuron position (yellow narrow), morphology and

its dendritic spines.

(E) Waveform average of the responses for the two

neurons showed in (C).

(F–I) Average responses of cortical and striatal

neurons to whisker deflection as recorded during

down states. Ipsilateral in green, contralateral in

blue, and bilateral stimulation in red. Onset delay

(F), peak delay (G), amplitude (H), and slope (I).

Cortical neurons n = 17; striatal MSN n = 20. Only

recordings in (C)–(I) were obtained using 30 mM

chloride in the intracellular solution.

Error bars represent the SEM and asterisks *, **,

and *** represent p values smaller than 0.05, 0.01,

and 0.001, respectively.
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As with other real-world connected systems and relational
data, studying the topology of interactions in the brain has
profound implications in the comprehension of complex
phenomena, such as the emergence of coherent behaviour
and cognition [5] or the capability to functionally reorganize
after brain lesions (i.e. brain plasticity) [6]. In practice, graph
metrics (or indices) such as clustering coefficient, path length
and efficiency measures are often used to characterize the
‘small-world’ properties of brain networks [7,8]. Centrality
metrics such as degree, betweenness, closeness and eigenvec-
tor centrality are used to identify the crucial areas within the
network. Community structure analysis, which detects the
groups of regions more densely connected between them-
selves than expected by chance, is also essential for
understanding brain network organization and topology [9].

The emerging area of complex networks has led to a para-
digm shift in the neuroscience community, though many issues
remain unaddressed [10]. We have only looked at a few aspects
of brain networks with rather crude approaches. Most of them
rely on single graph metrics which may lack clinical use due to
low sensitivity and specificity [11], or on mass-univariate link-
based comparisons that ignore the inherent topological proper-
ties of the networks and yield little power to determine
significance [12]. Hence, despite the increasing popularity of
graph theoretical approaches to analyse brain connectivity,
our understanding of brain organization at the network level
is still in its infancy. This is in part due to the fast and wide
methodological development of new analytical tools and the
inevitably slower rate of absorption by the neuroscience com-
munity, which needs to validate their physiological relevance
and practical reliability. Another limitation is that researchers
developing methods (e.g. mathematicians, physicists and

engineers) and neuroscientists (e.g. neurologists, psychologists
and psychiatrists) often belong to different scientific domains,
with different communities, goals and problems. Although
their interdisciplinary integration is fascinating, and eventually
leads to fundamental advances in the comprehension of
brain functioning, there is a number of issues that should be
considered to optimize collaborative efforts.

Using a common terminology is certainly the first step to
improve integration between different scientific fields. This
aspect is generally considered as minor with respect to the
final goal, whereas more efforts should be made towards an
agreed common ‘language’ that aims to avoid confusion and
make the collaboration efficient. Another important issue is
that functional brain networks are the result of a tricky proces-
sing pipeline (figure 1), which basically consists of improving
the quality of the recorded brain signals, constructing the net-
work by means of measures of pairwise FC, retaining the most
relevant links, extracting the graph metrics that describe topo-
logical properties of the network and finally applying statistical
procedures to the extracted graph values to assess differences
between populations (e.g. healthy versus diseased) or con-
ditions (e.g. cognitive/motor tasks versus resting states
(RSs)). Each step of this pipeline requires great attention
to the selection of the most appropriate method; both theore-
tical and practical constraints, as well as physiologically
relevant hypothesis, should be taken into account. In addition,
translating theoretical concepts into practice is not always
straightforward. Particularly in neuroscience, a wide-ranging
knowledge and experience across several scientific areas is
required to perform proper data analysis and extract informa-
tive graph-based neuromarkers that can be used to predict
behaviour and/or disease [13]. Last, but not least, the
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Figure 1. Pipeline for functional brain networks modelling and analysis. Nodes correspond to specific brain sites according to the used neuroimaging technique (§3).
Links are estimated by measuring the FC between the activity of brain nodes; this information is contained in a connectivity matrix (§4). By means of filtering
procedures, based on thresholds, only the most important links constitute the brain graph (§5). The topology of the brain graph is quantified by different graph
metrics (or indices) that can be represented as numbers (e.g. the coloured bars) (§6). These graph indices can be input to statistical analysis to look for significant
differences between populations/conditions (e.g. red points correspond to brain graph indices of diseased patients or tasks, blue points stand for healthy subjects or
resting states (§7).
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Las personas con deficiencia visual,  
aunque puedan moverse sin limitaciones,  

no pueden leer señales lo cual supone una 

gran dificultad para desplazarse de forma 
autónoma en espacios abiertos  

A comienzos de 2012 comenzamos a trabajar en este reto:



Esto ocurre 
en muchos 
lugares

Centros comerciales Hospitales

HotelesTransporte público

Edificios públicos



Nuestra idea 
¿Por qué no aplicamos el mismo concepto de las 
señales dirigidas a gente que puede ver, pero que 
puedan servir para guiar a personas invidentes 
mediante la cámara de un móvil? 

Nuestro objetivo 
Crear un nuevo tipo de señal física legible por 
invidentes mediante la cámara de cualquier móvil 



Evolución de los códigos legibles por máquinas



Limitaciones de los códigos QR
• El usuario necesita centrar la cámara en el QR 

• No es posible leer un QR desde lejos 

• Es necesario utilizar códigos de gran tamaño 

• No se pueden leer en movimiento  

• Problemas con el enfoque automático y con la 
velocidad de lectura 

• No se puede leer más de un código a la vez 

• Mala experiencia de usuario -> Frustración 

    CONCLUSIÓN: 

      Es necesario INNOVAR y crear un nuevo código



2012->2017: 5 años de intenso esfuerzo de I+D

NaviLens = Neosistec + Universidad de Alicante 
trabajando juntos

CREAR UN NUEVO ALGORITMO DE VISIÓN ARTIFICIAL

Se ha creado un nuevo código 

PATENTE LICENCIADA 
P20163162 “METHOD OF DETECTION AND RECOGNITION  

OF VISUAL MARKERS OF LONG DISTANCE AND HIGH DENSITY”  

Copyright Neosistec & Universidad de Alicante

MVRLab



ddTags: se ha inventado un nuevo código 2D-BIDI
Capacidades de lectura a distancia: 
12 veces más lejos que QR y código de barras  (A4: 12m) 

Gran ángulo de lectura de hasta 160º 

Capacidad de lectura ultra-rápida: 1/30 s 

Lectura en cualquier condición de iluminación (oscuro y claro) 

Lectura múltiple: 200+ códigos por fotograma 

Alta densidad (codificación y espacio) 

Información de distancia precisa (centímetros y pulgadas) 

Protección CRC 

No requiere centrar la cámara. No consume tiempo del 
usuario 

http://goo.gl/C3cP7g
Compruébalo tu mismo:

PATENTE P20163162 “METHOD OF DETECTION AND RECOGNITION  

OF VISUAL MARKERS OF LONG DISTANCE AND HIGH DENSITY”

http://goo.gl/C3cP7g


Creación de NaviLens y experiencia de los usuarios

https://www.youtube.com/watch?v=nOQaFtaQCvE

https://www.youtube.com/watch?v=nOQaFtaQCvE


¡PRUÉBALA! 

Solicita un pack 
de “etiquetas 

blancas” y 
adapta tu propio 

espacio 
http://www.navilens.com



Prueba masiva con usuarios: Feria ONCE-Tifloinnova - Madrid Nov 2017  
Tan simple como poner un código en cada cabina 

https://youtu.be/c6yc2jGc4DU

https://youtu.be/c6yc2jGc4DU


Metro de Barcelona 
  

Caso de uso de guiado en una estación 
de metro



https://www.youtube.com/watch?v=gS_rnciMN1Q

https://www.youtube.com/watch?v=gS_rnciMN1Q
https://www.youtube.com/watch?v=gS_rnciMN1Q


Caso de uso en el tranvía de Murcia 
Julio 2018



TRANVÍA DE MURCIA 
¿DÓNDE ESTÁ LA PUERTA?

https://www.youtube.com/watch?v=cq3VI0vUtO0

https://www.youtube.com/watch?v=cq3VI0vUtO0
https://youtu.be/c6yc2jGc4DU


4. SOLUCIÓN DE GUIADO MEDIANTE REALIDAD AUMENTADA



t

GUIADO VISUAL QUE FUNCIONA Y SENCILLO DE IMPLANTAR



Presentación de NaviLens en Mobile World Congress 2018

PREMIOS Y APOYO RECIBIDO

Premio de la Fundación Vodafone
Premio internacional NTT DOCOMO - EVERIS  

(1.200 proyectos de 21 países)

USA RYME

https://www.youtube.com/watch?v=rHDmfTgf6HI


Mobile Vision  
Research Lab

¡Gracias por vuestra atención!


