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Abstract. Human beings have developed a number of evolutionary mecha-
nisms that allows the distinction between different objects and the triggering of
events based on their perception of reality. Visual impairment has a significant
impact on individuals’ quality of life, including their ability to work and to
develop personal relationships as they often feel cut off people and things
around them, due to their impairment. The need for assistive technologies has
long been a constant in the daily lives of people with visual impairments, and
will remain a constant in future years. Cognitive mapping is of extreme
importance for individuals in terms of creating a conceptual model of the sur-
rounding space and objects around them, thereby supporting their interaction
with the physical environment. This work describes the use of computer vision
techniques, namely feature detectors and descriptors, to detect objects in the
scene and help contextualize the user within the surrounding space, enhancing
their mobility, navigation and cognitive mapping of a new environment.
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1 Introduction

From the overall population with visual impairment, about 90 % of the world’s visually
impaired live in developing countries and 82 % of people living with blindness are
aged 50 year old and above. Regrettably, this percentage is expected to increase in the
coming decades. Visual impairment has a significant impact on individuals’ quality of
life, including their ability to work and to develop personal relationships. Almost half
(48 %) of the visually impaired feel “moderately” or “completely” cut off from people
and things around them [1].

In order to overcome or lessen the difficulties posed by visual impairment, exten-
sive research has been dedicated into building assistive systems. The need for assistive
technologies has long been a constant in the daily lives of people with visual
impairment, and will remain a constant in future years. Traditional assistive technol-
ogies for the blind include white canes, guide dogs, screen readers, and so forth.
Modern mobile assistive technologies are becoming more discrete and include (or are
delivered via) a wide range of mobile computerized devices, including ubiquitous

© Springer International Publishing Switzerland 2015
M. Antona and C. Stephanidis (Eds.): UAHCI 2015, Part IV, LNCS 9178, pp. 129–138, 2015.
DOI: 10.1007/978-3-319-20687-5_13



technologies like mobile phones. Such discrete technologies can help alleviate the
cultural stigma associated with the more traditional (and noticeable) assistive devices
[2].

Human beings have the ability of acquiring and using information obtained from
the surrounding environment using their natural sensors. They have developed a
number of evolutionary mechanisms that allows the distinction between different
objects and the triggering of events and complex processes based on their perception of
reality. Recently, systems have been developed which use Computer Vision tech-
niques, like pattern matching, to sense the surrounding environment and detect visual
landmarks.

Human beings are able to recognize objects without much effort, despite variations
in scale, position and light conditions. However, to emulate this detection and recog-
nition with electronic devices is still a major challenge.

In this paper we present the use of computer vision techniques, namely feature
detectors and descriptors, to detect objects in the scene and help contextualize the user
within the surrounding space, enhancing their mobility, navigation and cognitive
mapping of a new environment. Section 2 presents related work and how work
enhances previous developments in this field by the research team at the University of
Trás-os-Montes and Alto Douro. Section 3 describes the feature detectors used in this
work. In Sect. 4 exposes the testing methodology and environment setup. Section 5
shows the results of the study and, finally, Sect. 6 presents some discussion regarding
the results found.

2 Related Work

To address the task of finding the user location in indoor environments several tech-
niques and technologies have been used such as sonar, radio signal triangulation, radio
signal (beacon) emitters, or signal fingerprinting. All these technologies can be, and
have been, used to develop systems that help enhancing the personal space range of
blind or visually impaired users [3].

In recent years some research teams [4–6] have developed navigation systems
based on this technology. In the case of outdoor environments, some hybrid systems
have been proposed that use GPS as the main information source and use RFID for
correction and minimization of the location error. In the last few years, the research
team at the University of Trás-os-Montes e Alto Douro (UTAD) has given major focus
to visual impairment and on how existing technology may help in everyday life
applications. From an extensive review of the state of the art and its best practices, three
main projects have been developed: the SmartVision [7], Nav4B [8] and Blavigator [9]
projects.

The new prototype, developed by the Blavigator project is built with the same
modular structure as the SmartVision project. The Blavigator project aimed at creating
a small, cheap and portable device that included all the features of the SmartVision
prototype, with added performance optimization. In the last optimization of the
Computer Vision module of the Blavigator prototype, this module has been developed
to work in conjunction with the Location Module [10]. In a known location, the use of
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object recognition algorithms can provide contextual feedback to the user and even
serve as a validator to the positioning and information system modules of a navigation
system for the visually impaired.

Based on the previous work described, this paper proposes a method where the use
of computer vision algorithms validates the outputs of the positioning system through
the use of feature detectors. For this purpose, an analysis of the performance of feature
detectors is made as well.

3 Feature Detection

Lately, robust object recognition is a topic of major focus on computer vision. Many
researchers have worked for many years to understand how to achieve this goal.
Humans can see, detect, recognize and categorize objects in the real world with relative
ease. However, this is not an easy task using computer vision.

Many recognition applications are only intended to recognize objects in predefined
positions and orientations. However, parts of objects can be of different geometric
structure, color, or even hidden. Thus, objects can be viewed from different points of
view and even at different scales. The environment or the object itself may cause the
occlusion. An object like a book can be hidden in the middle of many others or the
facade of a building can have some of its parts hidden by shadow. This additional data
should be discarded because it does not help in the recognition of the objects. Rec-
ognizing a building or a book cover in different perspectives is a very difficult task
using computer vision.

Keypoints are used very often in computer vision, including for object recognition.
The term keypoints (characteristic points) generally refers to the set of points that are
used to describe certain patterns. The most common approach to detect and recognize
objects using keypoints is divided in three steps:

• Detect the keypoints in the image;
• Describe the region surrounding the keypoints;
• Use a method to compare the descriptors (like distance, or similar).

In recent years, various methods have been developed to allow the search of
invariant properties that do not differ according to different conditions such as scaling,
rotation, and illumination changes. Scale-invariant detectors select regions in places of
significance in the image with a corresponding scale parameter, representing the size
of the region. Hence, process complexity is reduced because only a limited number of
regions remain that are considered as important characteristics.

In order to use the identified characteristic points, the immediate vicinity needs be
described in an efficient and compact manner, in order to combine them with similar
patterns in other images. A descriptor is used to construct a description of the neigh-
borhood of feature points. The combination of keypoint detectors with feature
descriptors enables the robust representation of objects. This article aims to study the
performance of detectors and descriptors such as ORB, FREAK, BRISK, BRIEF,
STAR, FAST and GTFF for certain classes of objects in order to identify those that
behave better, depending on its class.
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SURF (Speeded Up Robust Feature) was presented by Herbert Bay in 2006, and
can be used in object recognition and 3D reconstruction. It is partly inspired by the
SIFT and several times faster, being based on sums of “2D Haar wavelet” making an
efficient use of “integral images”. SURF cannot be used for commercial purposes
without permission of the patent holder [11]. STAR (Solenoidal Tracker at RHIC)
derived from CenSurE (Center Surrounded Extreme), uses polygons such as squares,
pentagons and hexagons as alternatives computationally less expensive than circles
[12]. FAST (Features from Accelerated Segment Test) is a fast detector and an ideal
corner detection algorithm for real-time processing. However, it usually detects too
many features. For not being selective it is very likely that the selected features are not
optimal and are found adjacent to each other [13].

Consequently, after the detection of keypoints, it is necessary to describe them. To
this end, descriptors are used. The descriptors analyzed in this work were BRISK,
BRIEF, ORB and FREAK, respectively.

BRISK (Binary Robust Invariant Scalable Keypoints) presents an alternative to
SIFT and SURF, maintaining the robustness and speed [14]. According to the authors,
the key to this speed is the implementation of a detector based on scalable FAST in
combination with a “binary string” descriptor, from comparisons obtained from each
neighbor sample point of interest. BRIEF (Binary Robust Independent Elementary
Features) reduces the size of points of interest, converting them into “binary strings”,
without having to first obtain the descriptors [15]. For example, when SIFT uses a
vector of size 128, all these elements may not be necessary for the “matching” of the
descriptors. Thus, these points can be converted to “binary strings” which are very
efficient to make the “matching” using the “Hamming” distance which basically uses
XOR instructions and processor “bit count”. These instructions are extremely fast on
processors equipped with SSE instructions. Therefore, BRIEF is an algorithm that uses
little memory and is more efficient than descriptors using higher dimensions. ORB
(Oriented FAST and Rotated BRIEF) has been proposed as a computationally efficient
substitute to SIFT, having a similar performance. ORB is less affected by noise, and
can be used for real-time performance [16]. The purpose of this technique is to enable
low power devices without GPU acceleration to perform panorama stitching, patch
tracking and reduce the detection time of objects. ORB has similar performance to
SIFT and better than SURF. ORB is based on the FAST detector and uses BRIEF in
regards to recognition. Both technics have good performance and low processing costs.
FREAK (Fast Retina Keypoint) consists of a cascade of binary sequences, which are
efficiently calculated by comparing pairs of image intensities over a retina-sampling
pattern. Interestingly, the selection of pairs to reduce the size of the descriptor produces
a highly structured search pattern that mimics the human eye [17].

The techniques in which this study was based for the detection and object recog-
nition were: BRIEF, ORB, BRISK and FREAK. The SURF detector is used together
with the BRIEF, BRISK and FREAK descriptors. The ORB detector descriptor is used
with ORB as, compared with other descriptors, requires information about the orien-
tation of the keypoints. Moreover, according to the evaluation of Heinly et al. [18], the
combined use of the detector and descriptor ORB/ORB exceeded the use of
SURF/ORB in most cases. On the other hand, SURF keypoints are invariant to rotation
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and scaling, being suitable to be used with the BRISK and FREAK descriptors. The
authors of the BRIEF [15] confirm the use of SURF as detector.

4 Testing Methodology and Environment Setup

The implementation of any of the methods mentioned in the previous section is similar
to each other, according to the aforementioned three essential steps, namely: the
detection of feature points, a description of each region around that point as a feature
vector using a descriptor, and finally, using a function that allows the comparison of
descriptors in order to perform the matching.

Figure 1 illustrates the methodology used to detect and recognize the objects.
The application was developed in Java programming language using the

Eclipse IDE and the OpenCV 2.4.9 library for the Android operating system. All
methods implemented had the same kind of input images in order to ensure consistency
in the comparisons. The only difference was in the feature comparison methods. The
methods used were: ORB/ORB, STAR/ORB and ORB/BRIEF. The FAST detector,
although recommended for use in real-time applications, in our experiments showed a
less acceptable performance due to excessive amount of detected characteristic points,
which consequently requires a high processing time.

5 Results

The evaluation method used consisted of evaluating three parameters in the processed
data: the number of keypoints, the accuracy of matches and processing time (in mil-
liseconds). For this purpose we used a set of 17 images, wherein 13 of them are part of
the dataset of Oxford Buildings (Block I and Block C) [20]. The remaining images
used are from cover of the book The Hobbit. In these tests, the mobile device used was

Fig. 1. Flowchart of object detection and recognition [19]
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a Wiko Gateway with camera resolution of 800 × 600 pixels and a Cortex-A7 1.3 GHz
quad-core processor.

Figure 2 represents the average number of keypoints for each set of detectors and
descriptors used, in particular ORB-ORB, ORB-BRIEF and STAR-ORB. The results
show that the ORB detector detects 500 feature points, which is acceptable for pro-
cessing in smartphones. The STAR detector finds about 700 points, on average, which
can be excessive sometimes. Figure 3 represents the ratio (measured in percentage)
between the matches and the total number of keypoints detected. The graphic shows
that the combination BRIEF-ORB (detector and descriptor) is the one that features
better performance, unlike the combination STAR-ORB which cannot match them as
efficiently, even after detecting the characteristic points. Finally, Fig. 4 represents the
processing time measured in milliseconds. The results show that the STAR-ORB
combination has an excessive processing time to be used in mobile applications (about
1050 ms). Since the objective of the implementation is to detect and recognize objects
in real time on a mobile device, this is not appropriate to the context. With regard to
ORB-ORB and ORB-BRIEF detectors and descriptors it is possible to infer that, in
addition to the processing time of the methods ORB-BRIEF being shorter (about
550 ms), they have better accuracy in the matching. Thus, the detector and descriptor
chosen for testing in this environment is ORB-BRIEF.

Fig. 2. Average number of keypoints

Fig. 3. Matches/keypoints ratio
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After choosing the detector and descriptor, the application was tested to determine
if the ORB- BRIEF method is able to detect a set of buildings from the Oxford
Buildings DataSet. For this purpose, we used a set of 10 images (I1, I2,…, I10) of the
same building and 15 images (B1, B2,…, B5, C1, C2,…, C5, D1, D2,…, D5) of another
three different buildings.

The tests were performed with the mobile device mentioned above. The purpose of
the tests was to measure the method performance in recognizing the building in the
image. To this purpose, we used a configurable reference value, which allows deciding
if the building is the same in both images (true match). This value was determined
empirically after a few tests. In our implementation a building is set as found if the
number of matches exceeds the value 15.

In Figs. 5, 6 and 7 are shown the overall results of the tests.
It can be seen that there are some critical cases in which, even if the building in

the image is not the correct one, there are more matches than normal, particularly in the
case of images C5 (Fig. 7). On the other hand, in the case of image I3 (Fig. 6) the
number of matches is not sufficient to recognize the building, even though the building
is the correct one. According to the tests made, the study showed a success rate of
96 %, with only one false negative, in image I3.

Fig. 4. Processing times

Fig. 5. Result of the detection of image I8

Feature Detection Applied to Context-Aware Blind Guidance Support 135



6 Discussion

From the results obtained it can be seen that the best methods to be used in mobile
devices are: ORB, BRISK, BRIEF and FREAK. The work developed was based on the
ORB and BRIEF descriptors. The results of these two methods are identical, yet BRIEF
shows a slight improvement in the matching of keypoints and processing time which,
depending on the situation, may be relevant. Another important factor is the camera
resolution. In the case of very small resolutions, the results will not be satisfactory
because the image has poor quality. In this case, the response time is relatively small. If
the camera resolution is too high, the results are more accurate, but the response time is
also increased. Thus, the resolution to use is also a factor to be considered in order to
find the best compromise between quality and processing time.

As future work, we intended to use the results of this study in order to enhance the
development of the Blavigator system that allows the orientation and navigation of
people inside buildings that users are unaware of by identifying natural elements, such
as stairs, elevators, ATM, etc. This system is specially developed for people with visual
impairments.
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Fig. 6. Result of the detection of image I3

Fig. 7. Result of the detection of image C5
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