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Abstract. In this paper we propose a navigation assistant for visually
impaired people, which uses computer vision techniques and is integrated
on a wearable device. The system makes it possible to detect and recog-
nize, in real-time, both static and dynamic objects existent in outdoor
urban scenes without any a priori knowledge about the obstruction type
or location. The detection system is based on relevant interest point
extraction and tracking, background/camera motion estimation and fore-
ground object identification through motion vectors clustering. The clas-
sification method receives as input image patches extracted by the detec-
tion module, performs global image representation using binary VLAD
and prediction based on SVM. The feedback of our system is transmit-
ted to visually impaired users through bone-conduction headphones as
a set of audio warning messages. The entire system is fully integrated
on a regular smartphone. The experimental evaluation performed on a
set of 20 videos acquired with the help of VI users, demonstrates the
pertinence of the proposed methodology.

Keywords: Assistive wearable device · Obstacle localization and
recognition · Acoustic feedback · Visually impaired users

1 Introduction

For people suffering of visual impairment, common daily activities such as the
autonomous navigation to a desired destination, familiar face recognition or inde-
pendent buying of specific products can represent an important challenge. The
safety displacement in outdoor scenario is very difficult because of VI people
reduced capacity to understand and perceive the environment, the continuous
change of the scene [1] or possible collision with moving objects (e.g. pedestrians,
cars, bicycles or animals) or static obstructions (e.g. traffic signs, waste contain-
ers, fences, trees, etc.). If for a common setting the position of static hazards can
be learned, the location estimation of dynamic obstacles is particularly difficult.

In an unknown setting most VI users relay on assistive devices such as the
white canes or guiding dogs to acquire additional information about the potential
obstructions. The white cane is effective in detecting objects situated directly in
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front of the person and it requires an actual physical contact with obstruction.
However, even though the white cane is largely accessible to anyone, it shows
quickly its limitations when confronted with real life situations (i.e. it cannot
identify further away or overhanging objects, it cannot offer additional informa-
tion about the type of obstruction and its degree of danger)[2]. Even though
the trained dogs help reducing some of the above shortcoming they are highly
expensive, have reduce operational time and require an extensive training phase.

In this context, the present paper introduces a complete navigation assistance
system that facilitates the safe displacement of visually impaired (VI) people in
urban areas. The proposed solution aims at improving the life quality of VI users
by increasing their mobility and willingness to travel. At the hardware level our
solution is based on a regular smartphone device, bone conduction headphones
and chest mounted harness. The core of our framework is represented by the
smartphone used both as an acquisition system (i.e. the video camera and the
gyroscope sensor) and as a processing unit. The proposed technology is low-cost
because it does not require any dedicated hardware architecture but regular
components accessible on the market. The modules are lightweight making the
systems wearable and portable, satisfying the hands-free and ears-free require-
ments imposed by VI users. At the software level the major contribution of the
paper is the introduction of a method, based on computer vision and machine
learning techniques that works in real time, returning warning messages fast
enough so that the user could walk normally. The algorithms were carefully
designed and optimized in order to work efficiently on a low processing unit.

The rest of the paper is structured as follows. In Sect. 2 we review the state
of the art in the domain of assistive technologies. The focus is put on wearable
devices that use computer vision techniques. In Sect. 3 we describe in details the
proposed obstacles recognition methodology (Sect. 3.1. obstacle detection and
Sect. 3.2. object classification). Section 4 presents the experimental evaluation of
the proposed framework. For testing we used actual VI users in real life situations
with: various moving objects, irregular camera displacement, abrupt changes in
the illumination conditions. In Sect. 5 we conclude our work and open some
perspectives of future work.

2 Related Work

In the last couple of years various navigation assistance systems were introduced,
designed to create a digital enhancement to the white cane. In this chapter
we briefly describe and analyze the technical literature focusing on the main
strengths and limitation of each framework.

One of the first methods introduced in the state of the art [3] offers obstacle
detection and guided navigation functionalities by using commercial available
hardware components. The system is difficult to carry, is invasive and cannot
identify overhead obstacles. In [4], in order to differentiate between foreground
and background obstructions a fuzzy neural network is employed. In [5], a CCD
camera system that transforms the information from an obstacle detection mod-
ule to a voice message system is proposed. An indoor and outdoor navigation
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assistant called SmartVision is proposed in [6]. The system is highly depended
on the quality of the GPS (Global Positioning System) signal acquired and on
the initial position estimation.

In [7], the authors propose to mount the video camera on the VI user waist.
The method is highly sensitive on the camera position and has never been tested
on real life scenarios. Recently, with the development of the smartphone industry
various authors proposed transforming the assistant into an Android application.
In [8], the indoor obstacles, situated at arbitrary heights, are identified with
high confidence scores. However, the system violates the hand-free conditions
imposed by the VI user [9] and is not able to differentiate between obstacles.
The authors of [10] introduce a novel obstacle recognition method that performs
both detection and classification.

In [11], a navigation assistant based on depth map estimation is proposed. The
system is designed to detect obstacles situated at arbitrary levels of heights. A
wearable device that facilitates the safe indoor displacement is presented in [12].
The information about possible obstructions is stored as a metric map that is very
difficult to exploit by VI users. In order to develop an object detection and local-
ization method, the authors in [13] use 3D object reconstruction, while in [14], an
overhead obstacle detection system is introduced based on 3D map and motion
estimation using 6DOF. Recently, in [15], an indoor and outdoor navigation sys-
tem has been proposed based on conditional random fields and depth maps.

The KinDetect system introduced in [16] is designed as an obstacle detection
method that combines information coming from Kinect and depth sensors. A
different method able to recognize various types of obstacles using a Kinect
sensor is proposed in [17]. In [18], nearby structure information is converted
into acoustic maps. Both systems [17] and [18] can perform the detection and
recognition in real-time by using a powerful backpack processing unit. Recently
in [19] an object detection and tracking together with a 3D map construction
is introduced, while the authors in [20] develop a 3D face recognition method
designed to help VI users identify familiar faces.

After analyzing the state of the art we can conclude that every method has
its own advantages and limitations over the others, but no one can offer, in a
satisfactory degree, all necessary features for the autonomous navigation of VI
users in an unknown setting. Under this perspective, the proposed solution is
designed not to replace the cane but to complete it with additional functionalities
(e.g. guidance information, obstacle recognition capabilities and object degree
of danger estimation).

The main contributions of the present paper concern: (1) an obstacle detec-
tion system based on relevant interest points extraction and tracking, camera
motion estimation using multiple homographies per frame. By analyzing the
motion information we estimate the location of various objects and their degree
of danger relative to the VI user. (2) an obstacle recognition method using rele-
vant interest points, global image representation using VLAD and SVM classi-
fication using one versus all strategy. (3) an acoustic feedback system that uses
bone conduction headphones and stereo principles.
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All the methods were designed and tuned to achieve real-time capabilities on
light processing units as smartphone devices.

3 Proposed Approach

The autonomous navigation in outdoor environments can be facilitated by a
system able to recognize obstructions (i.e. static and dynamic) and transmit alert
messages. Our framework is designed to detect and semantically understand, in
real time, potential dangerous situation and to warn VI users about various
obstructions encountered along the walking path.

3.1 Obstacle Detection and Localization

Relevant Interest Point Extraction. The method starts by extracting
interest points using the pyramidal FAST algorithm [21]. We have empirically
observed that regular FAST method returns a high number of interest points
even for low resolution images/videos. Moreover, the descriptor is focused on
highly textured regions situated in most of the cases in the background while
for foreground objects little or no information is extracted. Because our appli-
cation is designed to work in real-time on a low processing device we decided
to privilege a semi-dense sampling approach that reduces the total number of
interest points. We overlap a regular grid over the first frame and we determine
for each cell the associated interest points. Then, we propose to retain for each
cell only one point, the most relevant, i.e. the one with the highest value of the
Harris-Laplacian operator [22]. Different from other filtering strategies [23] that
retain the best top-k points based on their magnitude value without considering
any information about the spatial location our method insures that the points
are better distributed within the image. Our strategy is able to capture more
informational content of the image, while avoiding accumulation of points in
certain textured areas. Figure 1 illustrates three different extraction strategies:
Fig. 1a presents the interest points retained using the traditional FAST method;
Fig. 1b shows the set of points obtained after applying the method introduced in
[23], while Fig. 1c presents the results obtained with the above-described strat-
egy. Let us underline that the examples illustrated in Fig. 1b and c contain the
same number of interest points.

The performance of the approach and also the computational burden is con-
trolled by the grid size defined as: Gsize = (W ∗H)/Npoints, where W and H are
the width and height of the image, Npoints is the maximum number of interest
points we retain (e.g. for a video stream with the resolution of 320× 240 pixels
we fixed Npoints to 1000 points).

Interest Point Tracking. The selected interest points are tracked between
successive frames using the multiscale Lucas-Kanade (LK) algorithm [24]. Even
though the LK tracking method proves to be sensitive to light variation and
is inconsistent in estimating the motion vectors, we adopted LK algorithm
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Fig. 1. Relevant interest point extraction using: (a) the traditional FAST method; (b)
the strategy introduced in [23]; (c) our method based on regular grid filtering

because it offers the best compromise between the quality of the motion flow
and the processing time. The LK method is initialized with the set of interest
points extracted using the regular grid strategy. Then, the points are tracked
within the video stream. However, for low textured zones within the image
or for regions depicting objects disappearing or that reenter the scene, it is
necessary to reinitialize the tracker. In such specific areas we locally apply as
input to the LK algorithm the relevant set of points obtained (cf. grid strat-
egy described in Sect. 3.1). If we denote one interest point within the reference
image as: p1m(x1m, y1m) then the correspondent one in the successive image,
established using the tracking algorithm is denoted by p2m(x2m, y2m). The asso-
ciated motion vector vm(vmx, vmy) magnitude and orientation can be determined
as:

D12 =
√

v2
mx, v2

my ; θ12 = arctg
vmy

vmx
+ kπ (1)

Camera Motion Estimation. For the global motion model we have adopted
the RANSAC algorithm [25] that estimates the optimal homographic matrix (H)
between successive frames. For any point expressed in homogenous coordinates
p1m(x1m, y1m, 1)T we can determine its novel position (pest

2m(x2m, y2m, 1)T ) in the
adjacent frame by multiplying p1m with H. Then, we can determine the predic-
tion error (Er) by computing the Euclidian distance (L2norm‖ · ‖) between the
current point position (establish using the tracking algorithm) and its predicted
location:

Er(p2m) = ‖pest
2m − p2m‖ (2)

In the ideal case the prediction error is equal to zero. However, for real-
life application we need to compare Er to a pre-established threshold (Th1) in
order to determine the set of inliers/outlier. The interest points belonging to
the inliers class satisfy the transformation and belong to camera or background
motion. The outlier class contains all other types of motion present in the scene.
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Foreground Object Detection. We focus next in identifying different classes
of motion existent in the scene. Due to the foreground apparent motion even
static object (situated in the foreground) act like moving objects relatively to
the global background displacement. A clustering analysis is performed on the
outlier set of interest points, by taking into account both the motion vector mag-
nitude and orientation. However, a direct clustering within the polar coordinates
domain is not feasible. Typically, the motion vectors angle have a circular range
between 0 and 2π, so a clustering algorithm based on the L2 distance, such as
k-means, which assume that the input data is distributed in the Cartesian space
is inappropriate (since 0 and 2π should be interpreted as equivalent values). We
propose performing a non-linear transformation from the polar coordinates to
the 2D Cartesian domain using the following trigonometric relations:

v∗
mx = r × cos θ12 ; v∗

my = r × sin θ12 (3)

where r represents the radial coordinate, that incorporates the magnitude infor-
mation. The value of r is computed as: r = 1 + D12/DMax, with DMax the
maximum displacement of a motion vector. In this way we impose all points to
lay on an annulus with the two radiuses equal to 1 and 2, respectively. More-
over, diametrically opposite points will not be cluster together. In Fig. 2 we give
a graphical representation of the interest points distribution in the Cartesian
domain by using motion vectors magnitude and orientations.

Fig. 2. Relevant interest point annular representation using motion vectors magnitude
and orientations

The motion classes are determined after applying the k-means clustering
algorithm [26], within the considered representation space:

arg min{α1,...,αk} =
k∑

i=1

∑
v∗
m∈Ξ

‖v∗
m − αi‖2 (4)

where v∗
m is the novel motion vector v∗

m(v∗
mx, v∗

my) associated to an interest point,
αi is the cluster centroid by averaging all interest points included in a class Ξ,
k is the total number of clusters in k-means. The value of k is set to 5 in our
experiments. Finally, we verify the clusters consistency by analyzing the interest
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Fig. 3. Motion classes estimation: (a) the interest points clustered using k-means; (b)
binary masks associated to each cluster; (c) clusters grouping/division based on spatial
principles

points spatial variance within the image. It can be observed that various moving
objects existent in the scene can be characterized by the same motion patterns
(Fig. 3a). In order to distinguish between dynamic objects with similar motion
features (e.g. two vehicles approaching or two pedestrians walking in the same
direction) we propose to verify the spatial distribution of points within a group.
For each cluster we construct a binary mask using the interest points location
and its associated region (parea) defined as twice the area of the grid cell used
for relevant interest point extraction (Fig. 3b). Clusters satisfying the spatial
consistency will contain only interest points that define connected image areas.
However, if a cluster forms multiple independent regions it is divided into small
classes one for each independent area (Fig. 3c). On the contrary, if two clusters
share in common more than 10 % of the total region areas the classes are merged
together (Fig. 3c). Finally we assign to the background small clusters with less
than ten interest points.

Object Degree of Danger Estimation. After objects are identified we need
to determine their degree of danger relative to a VI and to classify them. We
observed that not all detected obstacles represent a potential risk (e.g. far away
objects). In this context, we propose defining two areas of proximity, both with
a trapezoidal shape, in the near surrounding of a user: one situated on the
walking path and the other on the head level (Fig. 4). An obstacle will be con-
sidered as having a high degree of danger if it’s situated in one of the proximity
areas, otherwise it will be marked as non-relevant for the navigation. The size
of the proximity areas is depended on the smartphone angle of view (θ) and
elevation (E).

If the smartphone has a field of view of 69◦, is attached at an elevation of
1.3 m and the trapezium height is a third of the image height we can determine
the distance from the user and the upper pixel of the trapezium as:

Dobject = 3 · E

tan( θ
2 )

= 5.5m (5)
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Fig. 4. Obstacles degree of danger estimation based on user proximity areas

The use of the proximity areas prevents our system to continuous launch
warning messages for any type of object existent in the outdoor environment.
However, the sizes of the trapeziums can be accidentally modified during naviga-
tion. In order to prevent accidental errors caused by the device position variation
we use the accelerometer sensors existent on the smartphone to determine the
device tilt angle. If the tilt angle varies between 60 and 90◦ the system is con-
sidered to function normally. After we established the object location and its
degree of danger we need to capture its semantic nature that will helps differ-
entiate between various obstructions situated in the user proximity area. It is
important to transmit first an acoustic warning about a vehicle that is approach-
ing VI people rather than an alarm about the presence of a static obstruction
such as fence or a garbage can. So, we introduce next a classification framework
that will help us better understand the scene and prioritize the set of warnings.

3.2 Obstacle Classification

In order to capture the semantic meaning of all objects existent in the scene, we
start the classification framework by constructing offline a training dataset. The
training database is divided in four major categories based on their relevance
to a VI user as follows: vehicles, bicycles, pedestrians and static objects. In
the static obstruction class we included a high variability of instances as: trees,
bushes, fences, garbage cans, pylons, traffic signs and lights, mail boxes, stairs.
We selected to use only four major categories because our major concern was
to develop an efficient classification application that function in real time on a
low processing unit. The entire training set is composed of 10000 images selected
from the PASCAL repository [27]. We decided to have an equal number of images
for each category in order not to advantage a class.

Relevant Interest Point Extraction. Every image patch extracted with
the previously described obstacle detection method (Sect. 3.1) is resized so that
includes a maximum number of 12 k pixels, while preserving the original aspect
ratio. For every patch, we extract interest points using pyramidal FAST [21]
algorithm that are further described with BRIEF descriptors [28]. The output
of the BRIEF algorithm is a binary vector where each bit is obtained as the
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result of intensity test between two adjacent pixels. We could have selected a
more powerful interest point descriptor as SIFT [29] or SURF [30], but they
prove to be highly expensive in terms of computational time. The main advan-
tage of BRIEF is given by the fact that the descriptor is very fast to compute
and compare. Because, the descriptor is a binary vector, the Hamming distance
can be here exploited, which is much faster to compute than Euclidian distances
between SURF/SIFT descriptors.

Global Image Representation. In order to describe the informational con-
tent of an extracted image patch, we propose to develop a global image rep-
resentation using the VLAD (Vector of Locally Aggregated Descriptors) app-
roach [31]. We start with an offline process by constructing a visual codebook
C = {c1, c2, . . . , ck} ∈ �d×k using the training dataset and the k-means clus-
tering method. We set k to 256 words. Then, for each detected obstacle we
extract low level features Di = {di1, di2, . . . , din} ∈ �d×n and we assign every
local descriptor to its closest visual word from the vocabulary ci. The residual ri

for a visual word is computed by accumulating all differences between the local
descriptor d ∈ D and the associated centroid (word in the vocabulary ci):

ri =
∑

d∈D;d∼=ci

d − ci; i ∈ 1, . . . , k (6)

In order to reduce the influence of frequently occurring components, we
applied the power low normalization on the residual vectors: r′

i,j = rα
i,j . Where

ri,j represents the jth element of the residual vector associated to a codebook
word ci. In the experimental evaluation we observed that the optimal value
for the α parameter is 0.8. Furthermore, because we want to balance the local
descriptors contribution, we apply the residual normalization [32] as follows:

r′′
i =

r′
i

‖r′
i‖

; i ∈ 1, . . . , k (7)

The image patch representation using VLAD is obtained as the direct con-
catenation of all residual vectors (r′′

i ): v = [r′′
1 , r′′

2 , . . . , r′′
k ]. The dimension of a

VLAD vector is p×k, where k is the size of the vocabulary and p is the dimension
of the binary descriptor. We set the size of BRIEF descriptor to 256. Finally,
the vector v is normalized to unit length, which corresponds to:

v̄ =
v

‖v‖ =
v√
k

(8)

In order to further reduce the memory requirements we applied the PCA
[33] transformation on VLAD vectors. The PCA alleviated the influence of cor-
related patterns between BRIEF binary components. Hence, we observed that
the first 128 components include all the essential information about the feature
descriptor, so we performed a dimensionality reduction over VLAD. Finally, the
zero-centered vector is binarized to the final vector V by thresholding.
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Image Classification. The image classification process can be divided into
two parts: an offline process (i.e. SVM training) and an online process (i.e.
SVM prediction). For the SVM training we used the proposed image dataset
for which we aimed to determine the optimal decision function that finds a
separation hyperplane, between two classes by maximizing the margin:

f(V ) =
n∑

i=1

yi · αi · κ(V, Vi) + b (9)

where {(αi, yi)}n
i=1 is the training set with yi ∈ {−1,+1}, b is the hyperplane free

term, αi is a parameter dependent on the kernel type, while κ(·, ·) is the selected
kernel. In theory κ(·, ·) can be any reasonable Mercer function, but we observed
from our experiments that the chi-square kernel is the most suitable when repre-
senting images based on global binary descriptors. The SVM training represents
the final step of our offline process. In the online process, for each image patch
extracted using the obstacle detection method introduced in Sect. 3.1 we start
developing a global representation using the binary VLAD. Then the vector is
applied as input to the SVM machine. If f(V ) > 0 then the example is classified
as positive, otherwise it passes to the next SVM machine corresponding to the
following category. In order to speed up the decision process the entire online
classification method is parallelized on multiple threads, depending on the total
number of obstacles present in the analyzed scene.

3.3 Acoustic Feedback

The acoustic feedback improves VI user cognition over the surrounding environ-
ment by transmitting warning messages regarding different types of obstacles
existent in the scene. In the case of the proposed framework and after discussion
with two blind and visually impaired associations, we decided to use the bone
conduction headphones technology that satisfies the ears-free constraint and is
easy to wear. Moreover, the transmitted sound patterns are carefully designed
in order to keep the system intuitive to users without any training phase. The
sound patterns are selected not to interfere with other natural environmental
sounds. The warning messages are encoded and transmitted in stereo based on
the location of a detected obstacle: if the obstruction is situated on the left side
of the user the alert message is transmitted on the left helmet and vice-versa
for obstruction situated on the right side. For objects positioned on the walking
path the VI user will receive the warning message in both helmets.

A final step is represented by the selection of relevant messages to be trans-
mitted depending on the user current situation. In on outdoor navigation sce-
nario, in real urban environments, more potential dangerous objects can be
encountered in the near vicinity of a person. To keep the acoustic feedback
intuitive and useful we propose to prioritize the warning messages depending on
the object type and its distance from the current walking direction of user. The
following set off alarms can be generated: “vehicle”, “bicycle”, “pedestrian” and
“obstruction”. In order not to confuse the user we decided to launch warning
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messages with a frequency rate inferior to two seconds, regardless of the scene
dynamics.

4 Experimental Evaluation

4.1 Objective Evaluation

The evaluation of the proposed framework is performed on a database with
20 videos, filmed in real life outdoor environments, with the help of visually
impaired people. Each video has an average duration of 10 min, is processed at
a resolution of 320× 240 pixels and include multiple obstructions either static
or dynamic. In addition, because the acquisition process is performed using the
video camera embedded on a regular smartphone, attached to the VI user with
the help of a chest mounted harness all videos are characterized by various type
of background/camera motion, include abrupt changes in the light intensity,
are trembled or cluttered. Each frame of the video stream was annotated by a
set of human observers. Once the ground truth dataset is available the perfor-
mances of the detection and the classification modules can be globally estimated
using two error parameter, denoted MD/C and FD/C representing the number
of missed detected/classified obstacles and the number of false alarms (false
detected/classified obstructions). Finally, ND/C represents the total number of
dynamic/static objects correctly detected/classified by our module. In order to
determine globally the performances of each module we used for evaluation the
traditional metrics as precision (P ), recall (R) and F − score defined as:

R =
ND/C

ND/C + MD/C
;P =

ND/C

ND/C + FD/C
;F − score =

2 · P · R

R + P
(10)

Table 1 presents the experimental results obtained for the obstacle identifi-
cation module. As it can be observed, the average F − score for all types of
obstacles is 85 %. Particularly better results are obtained for vehicles due to the
distinctiveness of the motion vector magnitudes. In Table 2 we present the per-
formance of the classification module in terms of precision, recall and F − score
when applying as input the image patches extracted by detection system. The
experimental results validate our approach, with recognition scores superior to
82 % for every category. In particular, the lowest results are obtained for the
Bicycles category because when we trained the SVM most of the bikes were sta-
tic without any human hiding them. In our case the detection module, returns
as input to the classification system a patch containing both the bikes and the
human.

In Fig. 5 we give a graphical representation of the experimental results
obtained by our obstacle detection and classification modules. In all cases, the
video camera is characterized by an important variation caused by the subject
displacement. We marked the detected objects with rectangles of different col-
ors in order to differentiate between various elements existent in the scene. Our
system is able to detect static hazards such as: road signs, pylons or bushes
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Table 1. Experimental results of the obstacle localization module

Ground truth ND MD FD Recall Precision F − score

Vehicle 568 505 63 42 0.89 0.92 0.9

Pedestrians 448 381 67 58 0.85 0.86 0.85

Bicycles 210 175 35 24 0.83 0.87 0.85

Obstructions 402 344 58 41 0.85 0.89 0.87

Table 2. Experimental results of the obstacle classification module

Ground truth NC MC FC Recall Precision F − score

Vehicle 505 464 41 24 0.91 0.95 0.93

Pedestrians 381 351 30 27 0.92 0.92 0.92

Bicycles 175 144 31 8 0.82 0.94 0.88

Obstructions 344 308 36 22 0.89 0.93 0.91

based situated on head or foot level using only the camera apparent motion.
However, the method will not identify all static obstacles existent in the scene,
but just the one situated on the VI user walking path. This behavior does not
penalize the performance of the application since users are not interest in any
type of obstruction present in an outdoor scenario, but only about objects that
could affect the safety navigation. Regarding the dynamic obstacles, they can
be identified at larger distances from the subject (superior to ten meters) due
to the more important magnitude of the associated motion vectors. The method
is able to correctly classify pedestrians, bikes or vehicles with high F − score
rates. However, in the case of pedestrians, which are non-rigid objects, char-
acterized by various types of motions, in some situations the object is divided
into multiple unconnected parts (Fig. 5). In this case, the classification method
will receive as input only parts of the subject and may return incorrect results.
In terms of the computational time, when implementing the entire framework
on a regular smartphone device (Samsung S7) running Android as an operat-
ing system we obtain an average processing speed of 100 ms per image for both
the obstacle detection and classification modules. In this context the processing
speed is around 10 fps.

4.2 Subjective Evaluation

In the following part of the experimental evaluation we were focused on deter-
mining the VI users’ degree of satisfaction after using the proposed system pro-
totype. The main objective of the testing phase was to determine if the users
can: start the application, walk safe in an outdoor environment, avoid collision
and acquire sufficient additional knowledge over the environment. The partic-
ipant was asked to complete a pre-established route in two scenarios: the first
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Fig. 5. Experimental results of the combined framework: obstacle detection and clas-
sification (Color figure online)

one assumes navigating using only the white cane and the second when combin-
ing the white cane with our system as an assistive device. After the task was
finished, an observer conducted an interview and each participant was asked a
set of questions about their impressions over the device.

The following conclusions can be highlighted: (1) some users, because of their
resilience and mistrust of new technologies felt insecure to use electronic assistive
devices. In their opinion it is important to develop a system designed not to
replace the cane, but to complement it with additional functionalities. (2) The
users considered the system very useful and easy to worn and understand, but
an initial training phase is required in order to understand all functionalities.
However, VI users already manipulating smartphone devices expressed strong
interest on this type of application. (3) The acoustic feedback is transmitted fast
enough in order to avoid dangerous situations. The VI considered that bone-
conduction headphone is appropriate to wear because it does not impede the
ambient sound cues.

5 Conclusions and Perspectives

In this paper we introduced a blind and visually impaired navigational assistant,
designed to detect and recognize both static and dynamic obstacles encountered
by visually impaired users during outdoor navigation. In contrast to prior state
of the art methods, our technique does not require any information about the
obstacle type and position and was designed to achieve real-time capabilities on
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a smartphone device. The output of the recognition module is transformed into
set of warning messages transmitted to the VI users through acoustic feedback.

The evaluation of our framework was performed on a video corpus, with
20 elements, acquired with the help of VI users and depicting urban outdoor
environments. The system proves to be robust to important camera/background
motion or to changes in the illumination. The video stream is processed with an
average speed of 10 fps (on a Samsung S7 device), while the warning messages are
transmitted fast enough so that user walks normally. In addition, we introduced
a subjective evaluation over the system by presenting the VI people degree of
satisfaction and comments after using our prototype.

For further work and implementation we proposed integrating in our frame-
work additional functionalities, such as: guided navigation, face recognition capa-
bilities and a shopping assistance in supermarkets. Moreover, with the develop-
ment of the smartphone industry, the 3D video cameras will be available shortly
on commercial devices (e.g. Lenovo Phab 2 Pro). In this context we envisage
better estimating the distances between obstacles and VI people by using depth
information.
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