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Abstract Text information serves as an understandable and comprehensive indica-
tor, which plays a significant role in navigation and recognition in our daily lives.
It is very difficult to access this valuable information for blind or visually impaired
persons, in particular, in unfamiliar environments. With the development of com-
puter vision technology and smart mobile applications, many assistive systems are
developed to help blind or visually impaired persons in their daily lives. This chap-
ter focuses on the methods of text reading from natural scene as well as their ap-
plications to assist people who are visually impaired. With the research work on
accessibility for the disabled, the assistive text reading technique for the blind is
implemented in mobile platform such as smart phone, tablet, and other wearable
device. The popularity and interconnection of mobile devices would provide more
low-cost and convenient assistance for blind or visually impaired persons.

1 Introduction

With the development of computer vision technology and smart mobile applications,
many assistive systems are developed to help blind or visually impaired persons in
their daily lives. This chapter focuses on the methods of text reading from natu-
ral scene as well as their applications to assist people who are visually impaired.
With the research work on accessibility for the disabled, the assistive text reading
technique for the blind is implemented in mobile platform such as smart phone,
tablet, and other wearable device. The popularity and interconnection of mobile de-
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vices would provide more low-cost and convenient assistance for blind or visually
impaired persons.

Of the 314 million visually impaired persons worldwide, 45 million are blind [1].
In the United States, the 2008 National Health Interview Survey (NHIS) reported
that an estimated 25.2 million adult Americans (over 8%) are blind or visually im-
paired [2]. This number is increasing rapidly as the baby boomer generation ages.
With the help of guide cane and guide dog, visually impaired persons perceive sur-
rounding environments by hearing, smell, or touch, so that they are able to discern
objects by shape and material, and avoid obstacles in the way-finding process.

However, it is beyond their capabilities to acquire text information from natural
scene. Some office buildings and public facilities do provide blind-assistant signage
in Braille. However, in most cases, text information in natural scene is prepared for
people with normal vision, in the form of printed fonts at a signage board.

Text information serves as an understandable and comprehensive indicator, which
plays a significant role in navigation and recognition in our daily lives. It is very dif-
ficult to access this valuable information for blind or visually impaired persons,
in particular, in unfamiliar environments. However, recent developments in com-
puter vision, digital cameras, and portable computers make it feasible to develop
camera-based assistive products to help them. These blind-assistant systems usually
combine computer vision technology with other existing commercial products such
OCR, GPS systems.

This chapter is organized as follows. Section 2 introduces the related work on
the requirements of blind users and the available effective methods of scene text
extraction. Section 3 presents a technical framework of scene text extraction. Section
4 describes two blind-assistant prototype systems of text recognition respectively
for hand-held object recognition and indoor navigation. Section 5 introduces blind-
assistant system design for accessibility on mobile platform.

2 Related Work

A blind-assistant system should be comfortable to wear, portable, efficient, low-
cost, and user friendly. These basic requirements are closely associated with the sys-
tem design and implementation. Many blind-assistant systems have been developed
[3, 43, 44, 45, 46, 47]. In general, a blind-assistant system contains three main com-
ponents: capture, process, and feedback. More descriptions of the blind-assistant
system interface design will be presented later in this chapter.

The capture component of a blind-assistant system is to help blind user perceive
surrounding objects. For example, white cane can be considered as a simple capture
component. It perceives surrounding objects by touch, and it is portable and easy
to hold. In computer vision based blind-assistant systems, the capture component is
usually a camera, which can be attached to a wearable device, so that the blind or
visually impaired persons can conveniently take it everywhere. To clearly capture
surrounding objects in different distances, some systems [21] took multiple cam-



Assistive Text Reading from Natural Scene for Blind Persons 3

eras with different viewpoints and focuses. In most cases, the cameras are attached
to a sunglass [14] or a helmet [45, 56]. Many wearable cameras such as Autogra-
pher [59], MeCam [60], Looxcie [61], and GoPro [62] have developed for portable
photography or entertainment, but they can also be used in blind assistance. The
Google-glass [55] may also be used as a basic device to capture data in blind as-
sistance. Recently, RGBD cameras that are able to capture depth information were
often used in blind-assistant navigation [25] or indoor scene indexing [24].

The process component of a blind-assistance system is to extract valuable infor-
mation, which can be provided to blind persons to recognize surrounding objects
or find their ways to destination. The image/video data captured by cameras pro-
vides large amount of information about the surrounding objects in natural scenes,
in which text serves as the most straightforward and informative indicators. Thus
in this chapter, as one of the main tasks of the process component, we will fo-
cus on extracting surrounding text information for blind or visually impaired users.
Our research group has developed a series of computer vision-based methods for
blind people to recognize signage [13] and object labels [15], recognize objects
and clothes patterns [16, 17, 18], independently access and navigate unfamiliar
environments [19, 20, 21, 22]. Tian et al. developed a proof-of-concept computer
vision-based way finding aid for blind people to independently access unfamiliar
indoor environments [42]. We also developed several methods and prototype sys-
tems [12, 14] to extract text information from natural scenes. Scene text extraction
is usually divided into two steps: detection and recognition. Text detection is to find
out image regions containing text characters and strings. Text detection algorithms
[31, 49, 50, 51] were mostly involved in color uniformity, gradient distribution, and
edge density of text regions. Text recognition is to transform the image-based text
information into readable text codes [52, 53, 54]. Text recognition algorithms were
mostly based on the design of feature representation for text character recognition,
and the combination of vision-based recognition and lexicon-based model for word
recognition.

The feedback component of a blind-assistant system is to provide the extracted
information in an acceptable way to the blind users. The feedback should satisfy
several requirements of blind or visually impaired persons who are located in an
unfamiliar environment or hold an unfamiliar object. It must be simple, in time,
and understandable. A straightforward way of information feedback is indicative
speech, which transforms the vision-based information into audio-based informa-
tion so that the blind or visually impaired persons can hear it. Many systems adopted
this scheme [9, 14, 47]. In addition, many sonar-based systems were designed to
help blind person avoid obstacles [4, 5, 6, 7, 8]. The ultrasound is transmitted and
received to measure the distances and directions of possible obstacles that reflect it,
and the blind or visually impaired persons can obtain real-time notifications. How-
ever, these systems cannot provide vision-based information like text signage. In
addition to acoustical feedback such as audio and speech, some systems designed
haptic feedback based on regular vibration of a wearable device. The device used
for haptic feedback can be a helmet [56], finger [48], or tongue display unit in the
mouth [10, 11, 48, 57].
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3 Scene Text Extraction

In this section, we describe the technical framework of scene text extraction that
contains two main steps: text detection and text recognition.

3.1 Scene Text Detection

To extract text information from camera-based natural scene images, first, we need
to separate the contours or blobs that possibly contain text characters from back-
ground outliers. These possible text characters are defined as candidate characters.
In our framework, two algorithms are developed to detect candidate characters,
which are respectively associated with contours and blobs of text characters.

3.1.1 Candidate Character Detection

A. Contours in Edge Map

Candidate characters normally generate regular and closed contours in the edge map
of scene image. Thus a straightforward method of detecting candidate characters is
to first generate all object contours in a scene image, and then find out the contours
probably generated by scene text characters.

We apply Canny edge detector [26] to acquire the edge map of a natural scene
image. In low-level image processing, a contour is defined as a set of connected
edge pixels. Fig. 1 illustrates the detected contours in a natural scene image. Among
these contours, some geometrical constraints are defined to detect the contours of
candidate characters.

Both Canny edge detection and object contour generation are computationally
efficient. However, without predefined constraints like color uniformity to analyze
the blobs, the contours of candidate characters would be mixed with the contours of
background objects, and it is difficult to distinguish them. A more effective operator
is presented in next section to extract candidate characters.

Fig. 1 (a) Canny edge map of
a scene images. (b) Bounding
boxes of object contours in
the form of connected edge
pixels, obtained from edge
map.
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B. Maximum Stable Extremal Region

In addition to contours in specific geometrical constraints, candidate characters and
their attachment surfaces are usually painted with uniform color. Thus we can ex-
tract these candidate characters in the form of blobs, which include not only the
contour but also torso information.

Maximum Stable Extremal Region (MSER) operator was proposed in [27],
which has been used as a blob detection technique for a long time in computer
vision field. MSER is defined based on an extension of the definitions of image and
set. Let image I be a mapping such that I : D⊆ Z2→ S, where D denotes the set of
all pixels in the image, and S is a totally ordered set with reflexive, anti-symmetric
and transitive properties. It means each pixel in an image is mapped into a value,
and each pair of pixels can be in comparison with each other through their respective
values. In real applications, this value is defined as pixel gray intensity.

An adjacent relation is defined as A. For two neighboring pixels ai and ai+1, we
have aiAai+1 if and only if |I(ai+1)− I(ai)| ≤ T hreshold, where I(ai) denotes the
mapped gray intensity at pixel ai. Then an MSER region Q is defined as a contiguous
subset of D, such that for each p,q ∈ Q, there is a sequences p, a1, a2, a3, · · · ,
an, q, where pAa1, a1Aa2, · · · , aiAai+1, · · · , anAq. Here, A represents the intensity
difference and p, q or ai is in the form of 2-dimensional vector, representing the x-
coordinate and y-coordinate of an image pixel. As shown in Fig. 2, MSER generates
connected components of text characters in a scene image, while edge map only
gives the contours of text characters. Further, MSER map filters out the foliage
thoroughly.

Since MSER cannot confirm the intensity polarity of text and attachment surface,
that is, not able to distinguish white-text-in-black-background from black-text-in-

Fig. 2 (a) Canny edge map of
a scene images. (b) Bounding
boxes of object contours in
the form of connected edge
pixels, obtained from edge
map.
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white-background, both text and attachment surface will be extracted as candidate
characters in MSER map. However, attachment surface components can be easily
removed by defining some geometrical properties. Moreover, MSER has several
specific properties compatible with the requirement of extracting candidate charac-
ters from natural scene image. Firstly, MSER is invariant to affine transformation
of image intensities. Secondly, MSER extraction is very stable since a region is
selected only if its support is nearly the same over a range of thresholds. Thirdly,
MSER is scale-invariant and is able to extract candidate characters in multiple scales
without any pre-processes of original natural scene image.

MSER extraction is efficient enough to satisfy mobile applications, because its
time complexity in the worst case is O(n) where n represents the number of pixels in
the image. However, in our experiments, MSER blob detection usually takes about
2-3 times the computational time as contour search in edge map.

C. Geometrical Constraints of Candidate Characters

Not all contours in an edge map and not all blobs generated by MSER operator come
from text characters, which also compose that from non-text background outliers.

To remove the non-text background outliers from the set of candidate charac-
ters, we define a group of geometrical constraints. In these constraints, a candidate
characters C, in the form of either contour or blob, is described by several geomet-
rical properties: height(.), width(.), coorX(.), coorY (.), area(.), and numInner(.),
which represent height, width, centroid x-coordinates, centroid y-coordinates, area,
and the number of inner candidate characters respectively.

We define a group of geometrical constraints based on above measurements to
ensure that the preserved candidate characters are real text characters as possible.
Since we will further perform text string layout analysis and text structure modeling
to remove false positive candidate characters, the constraints defined in this step are
not very strict.

height(C)> 15pixels

0.3≤ width(C)

height(C)
≤ 1.5

numInner(C)≤ 4
1

10
· ImageWidth≤ coorX(C)≤ 9

10
· ImageWidth

1
10
· ImageHeight ≤ coorY (C)≤ 9

10
· ImageHeight

(1)

The involved geometrical constraints are presented in Eq. (1). First of all, the
candidate character component cannot be too small, and otherwise we will treat it as
background noise. It also means that our whole framework of scene text extraction
requires enough resolution of camera-captured scene text image. Second, the aspect
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ratio of a character should be located in a reasonable range. Under a threshold of
aspect ratio, we might also remove some special text characters like l, but it is very
possible to restore this false removal by generating text strings. Third, we define
some constraints related to the number of nested candidate character components as
presented in [28]. Fourth, we observe that many background outliers obtained from
the above partition methods are located at the boundaries of scene images. Thus the
candidate character components whose centroids are located at the 1/10 boundary
of the images are not taken in account in further processes.

The constraints in Eq. (1) do not depend on any learning models to decide the
parameters as in [29, 31]. Instead, all the involved geometrical constraints are weak
conditions, with the preservation of true text characters in higher priority than the re-
moval of false positive background outliers. Therefore, only the obvious background
outliers are filtered by the geometrical constraints. The remaining false positive can-
didate characters will be handled in the extraction of text string.

3.1.2 Text String Detection

A set of candidate character components is created in the form of contours or blobs
from an input image. Most candidate characters are not true scene text characters
but non-text background objects in uniform color or some portions of an object un-
der uneven illumination. Geometrical constraints as described in last section cannot
remove them, so we design more discriminative layout characteristics of scene text
from high-level perspective. Text in natural scene mostly appears in the form of
words and phrases instead of single characters. It is because words and phrases are
more informative text information, while single character usually serves as a sign
or symbol. Words and phrases are defined as text strings, and we attempt to find
out possible text strings by combining neighboring candidate characters. Therefore,
in this chapter, we define a text string as a combination of neighboring candidate
characters.

In this section, a method named as adjacent character grouping is presented in
[30] to detect text strings among the extracted candidate characters. Text strings in
natural scene images usually appear in horizontal alignment and each character in a
text string has at least one sibling at adjacent positions. Furthermore, a text character
and its siblings in a text string have similar sizes and proper distances. Therefore,
the idea of adjacent character grouping is removing the candidate characters that do
not have any siblings.

In adjacent character grouping method, the main problem is how to decide
whether two candidate characters C1 and C2 are sibling characters. According to
our observations and statistical analysis of text strings, we define 3 geometrical con-
straints as follows:

1) Considering the approximate horizontal alignment of text strings in most
cases, the centroid of candidate character C1 should be located between the upper-
bound and lower-bound of the other candidate character C2.
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2) Two adjacent characters should not be too far from each other despite the
variations of width, so the distance between two connected components should not
be greater than T2 times the width of the wider one.

3) For text strings aligned approximately horizontally, the difference between
y-coordinates of the connected component centroids should not be greater than T3
times the height of the higher one.

In our applications, we set the thresholds T1 = 0.5, T2 = 3, T3 = 0.5. For each
candidate character Ci, a sibling set S(Ci) is generated, where 1 ≤ i ≤ |C| and |C|
represents the number of candidate characters obtained from image partition.

First, an empty sibling set is initialized as S(Ci) := φ . We transverse all candidate
characters except Ci itself. If a candidate character Ci

′ satisfies all above constraints
with Ci, we add it into the sibling set as S(Ci) := S(Ci)∪{Ci

′}. Second, all the sibling
sets compose a set of adjacent groups Λ = {Ai|Ai := S(Ci)}, where a sibling set is
initialized to be adjacent group A. Third, the set of adjacent groups is iteratively
updated by merging the overlapping adjacent groups. An adjacent group is a group
of candidate character components that are probably character members of a text
string. As Eq. (2), if two adjacent groups Ai and A j in Λ have intersection, they will
be merged into one adjacent group. This merging operation is iteratively repeated
until no overlapping adjacent groups exist.

In the resulting set of adjacent groups, each adjacent group Ai is a set of candidate
characters in approximate horizontal alignment, which will be regarded as a text
string, as shown in Fig.3. Then a bounding box is generated for each adjacent group
to represent the region of a localized text string in natural scene image.

∀Ai,A j ∈Λ , i f Ai∩A j 6= φ ,

then Ai := Ai∪A j and A j := φ
(2)

Fig. 3 (a) Sibling group of
the connected component
r where B comes from the
left sibling set and o comes
from the right sibling set;
(b) Merge the sibling groups
into an adjacent character
group corresponding to the
text string Brolly?; (c) Two
detected adjacent character
groups marked in red and
green respectively [30].



Assistive Text Reading from Natural Scene for Blind Persons 9

3.2 Scene Text Recognition

The extraction of candidate character and text string is able to efficiently localize
most text strings from natural scene image. However, to acquire valuable text in-
formation for blind or visually impaired persons, there are still two problems to
be solved. First, above steps of text character and string extraction are pixel-based
processing and statistic-based parameter setting, and they will bring in many false
text strings from the natural scene image with complex background. Second, for
true text strings, a method or off-the-shelf system is required to recognize the text
information in it, which transforms the image-based text information into readable
text codes. To solve these two problems, feature representations related to inner text
structure are designed in two different ways.

3.2.1 Text String Classification

In the first problem of scene text recognition, feature representation is proposed to
model structural insights of text characters and strings. At first, each text string, lo-
calized by above steps in last section, is defined as a sample. It may be a positive
sample, which means this region truly contains text information. It may also be a
negative sample, which means that this region is generated by background outliers,
e. g. some texture similar to text character such as bricks, window grids and foliage,
and some objects rendered by specific illumination change, as shown in Fig.4. To
distinguish text from non-text outlier, we design text structure-related feature repre-
sentations by using Haar-like block patterns and feature maps. Fig.5 illustrates the
flowchart of the text string classification process.

To extract structural information from these samples, Haar-like filters are de-
signed in the form of block patterns, as shown in Fig.6. Each block pattern consists
of white regions and gray regions in specific ratio. It will be resized into the same
size as a sample, and used as a mask. Then specific calculation metrics are defined
based on these block patterns for extracting structural features.

A simple idea of feature extraction is to apply these block patterns directly to
the text string samples, and calculate Haar-like features from intensity values of the
image patches. However, unlike face detection [32], the sole intensity values cannot
completely represent structure of text strings.

Fig. 4 Some examples of text string samples in the form of image patches.
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To model text structure, we design a set of feature maps for the samples, in which
the physical meaning of each pixel is transformed from intensity value to some mea-
surements related to text structure. The structure-related measurements are mostly
based on gradient, edge density and stroke. The involved feature maps include gra-
dient, stroke width, stroke orientation, and edge density [14].

In feature map of a text string sample, each pixel is transformed from intensity to
some measurements related to text structure. Each pixel reflects text structural con-
figuration from a local perspective. By tuning the parameters of generating feature
maps under a design scheme, we can obtain multiple feature maps. In our frame-
work, we design 3 gradient maps, 2 stroke width maps, 14 stroke orientation maps,
and 1 edge distribution map, to which 6 Haar-like block patterns are applied for
calculating feature values. Each combination of a feature map, a block pattern and
a calculation scheme [12] is developed into a weak classifier in Adaboost learn-
ing model. By using the localized regions in above text detection steps as training
samples, Adaboost learning model selects an optimized subset of weak classifiers
and weighted combine them to effectively classify text from non-text outlier. This
classifier is actually an optimized combination of a subset of weak classifiers.

Fig. 5 Diagram of the proposed Adaboost learning based text string classification algorithm.

Fig. 6 Some examples of
Haar-like block patterns to
extract text structural features.
Features are obtained by the
absolute value of mean pixel
values in white regions minus
those in black regions.
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3.2.2 Scene Text Character Recognition

In the second problem of scene text recognition is to transform image-based text
information into readable text codes. A straightforward way is to apply off-the-shelf
optical character recognition (OCR) software [33, 34, 35] to the text strings. How-
ever, most OCR systems are designed for scan documents or hand-written recogni-
tion, and they are not robust to background interference and various text patterns.
Thus we also propose a feature representation for recognizing total of 62 categories
of scene text characters (STCs), which include 10 digits (0-9) and 26 English letters
in both upper (A-Z) and lower cases (a-z).

The most significant role in STC recognition is to work out a multi-class classifier
to predict the category of a given STC. In our system, Chars74K [41] dataset is
adopted to train this multi-class classifier. Fig.7 illustrates some examples of STCs
cropped from text strings. We observe that the STCs have irregular patterns and
similar structure to each other.

A feature representation is designed to model the representative structure of each
of the 62 STC categories and the discriminative structure between STC categories.
Each STC sample is mapped into its feature representation in the form of a vector.

Fig. 7 Some examples of STCs cropped from text strings. Most STCs have similar structure to
another counterpart.

Fig. 8 Some examples of STCs cropped from text strings. Most STCs have similar structure to
another counterpart.
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Then it is input into SVM learning model to obtain the multi-class classifier. Fig.8
demonstrates the whole process of STC recognition.

First, low-level features are extracted from STC image patches to describe ap-
pearance and structure of STCs from all 62 STC categories. Through performance
evaluations of 6 state-of-the-art low-level feature descriptors [37], our framework
selects Histogram of Oriented Gradient [36] descriptor applied to the key points
sampled from STC image patches.

Second, key-point sampling and feature coding/pooling play a significant role.
We made a comparative study of several methods of key-point sampling and
schemes of feature coding/pooling [37]. In dense sampling, soft-assignment coding
and max pooling scheme obtain the best performance. However, the global sam-
pling obtains even better performance, which uses the whole character patch as a
key-point neighborhood window to extract features. In global sampling, key point
detection, coding and pooling process are all skipped to largely reduce information
loss.

Third, STC recognition depends on SVM-based training and testing over the
STC samples. While the learning process in text string classification is to select the
representative combinations of feature maps, Haar-like block patterns and calcula-
tion schemes to distinguish text from non-text, the learning process in STC pre-
diction treats the feature representation vector of an STC sample as a point in fea-
ture space, which describes the STC structure. Thus we would adopt SVM learning
model [38] to generate hyper-planes in feature space as STC classifier, rather than
the Adaboost algorithm to select optimized combinations of the weak classifiers. In
the SVM-based learning process, we adopt multiple SVM kernels, including Lin-
ear Kernel and χ2 Kernel, to evaluate the feature representations of STC structure.
In recent work, deep learning framework demonstrates better performance in scene
text recognition. But the implementation of the multi-layer convolutional neutral
network depends on GPU computational units, which are usually not available for
wearable mobile devices in blind-assistant systems.

4 Blind-Assistant Applications of Scene Text Extraction

Many blind assistant reading systems are developed to help visually impaired peo-
ple reading object bar code or documents through some wearable devices. A big
limitation is that it is very hard for blind users to find the position of the bar code
and to correctly point the bar code reader at the bar code.

To assist blind or visually impaired people to read text from hand-held objects,
a camera-based text reading prototype is developed to track the object of interest
within the camera view and extract print text information from the object label. Our
framework of scene text extraction can effectively handle complex background and
multiple text patterns, and obtain text information from both hand-held objects and
nearby signage, as shown in Fig.9. Two corresponding blind-assistant applications
are developed on the basis of scene text extraction.
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To assist blind or visually impaired people to read text from hand-held objects,
a camera-based text reading prototype is developed to track the object of interest
within the camera view and extract print text information from the object label. Our
framework of scene text extraction can effectively handle complex background and
multiple text patterns, and obtain text information from both hand-held objects and
nearby signage, as shown in Fig.9. Two corresponding blind-assistant applications
are developed on the basis of scene text extraction.

4.1 Reading Text Labels for Hand-held Object Recognition

In most assistive reading systems, users have to position the object of interest within
the center of the cameras view. To ensure the hand-held object be captured within
the camera view, we use a wide-angle camera to accommodate users with only ap-
proximate aim. However, this wide-angle camera will also capture many other text
objects (for example while shopping at a supermarket). To extract the hand-held ob-
ject from the camera image, we develop a motion-based scheme to acquire a region
of interest (ROI) of the object by asking the blind user shakes the object for a couple
of seconds. This scheme is based on background subtraction-based motion detection
[42]. Then we perform scene text extraction from only this ROI, including detecting
text strings and recognizing text codes. In the end, the recognized text codes are out-
put to blind users in audio or speech. To present how our prototype system works, a
flowchart is presented in Fig.10.

A prototype system of scene text extraction is designed and implemented in PC
platform and Mobile platform [42, 39]. This system consists of three main compo-
nents: scene capture, data processing, and audio output. The scene capture com-

Fig. 9 Two examples of text extraction by the prototype system from camera-captured images.
Top: a milk box; Bottom: a men bathroom signage. (a) camera-captured images; (b) localized text
strings (marked in blue); (c) text strings cropped from image; (d) text codes recognized by OCR
[14].
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ponent collects surrounding scenes or objects and generates high-quality image
frames. The data processing component is used for deploying our proposed frame-
work of scene text extraction. The audio output component is to inform the blind
user of recognized text codes. This simple hardware configuration proves the porta-
bility of the assistive text reading system. The prototype system has been used to
assist blind or visually impaired people to recognize hand-held object as described,
as shown in Fig.11.

To evaluate the performance of hand-held object recognition system, following
the Human Subjects Institutional Review Board approval, we recruited 10 blind
persons to collect a dataset of reading text on hand-held objects. The blind user
wore a camera attached on sunglasses to capture images of the objects in his/her
hand, as illustrated in Fig.11. The resolution of the captured image is 960× 720.
There were 14 testing objects for each person, including grocery boxes, medicine
bottles, books, etc. They were required to keep head (where the camera is fixed)
stationary for a few seconds and subsequently shake the object for an additional
couple of seconds to allow our system detect the object of interest based on the
motion. Then the user rotated each object several times to ensure the main text on
the object are exposed and captured. We manually extracted 116 captured images
and labeled 312 text regions of object labels.

In our evaluations, a region is correctly detected if the ratio of the overlapping
area of a detected text region and its ground truth region is no less than 3/4. Ex-

Fig. 10 Flowchart of prototype system to read text from hand-held objects for blind users [14].

Fig. 11 Prototype system
assists blind user read text
information from hand-held
objects, including the detected
text strings in cyan and the
recognized text codes.
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periments demonstrate that 225 of the 312 ground truth text regions are correctly
detected by our localization algorithm. Some examples of extracted scene text from
hand-held objects are illustrated in Fig.12, proving that our proposed framework is
suitable for real applications. To further improve the accuracy of text detection and
recognition, the practical system would restrict the range of possible recognized
words by a prior dictionary of common words that are frequently printed in hand-
held objects. The extracted text results are output by audio only if it has close edit
distance to some word in the dictionary.

Currently, the system efficiency mainly depends on the efficiency of scene text
extraction in each image or video frame. However, through the design of parallel
processing for text extraction and device input/output, the efficiency of this assistant
reading system can be further improved. That is, speech output of recognized text
in the current frame and localization of text strings in the next image are performed
simultaneously.

4.2 Reading Text Signage for Indoor Navigation

A blind-assistant prototype system is designed for hand-held object recognition in
last section. It can be further extended to indoor navigation, by extracting indicative
information from surrounding text signage in indoor environment. In most cases,
indoor navigation is to guide blind users to a targeted destination such as an office,
a restroom, or an elevator entrance. All of them have doors by a signage with a
room name or a room number. The people with normal vision can refer a floor plan
map to find their ways, but blind or visually impaired people cannot acquire this

Fig. 12 (a) Some results of
text detection on the blind
user-captured dataset, where
localized text regions are
marked in blue. (b) Two
groups of enlarged text re-
gions, binarized text regions,
and word recognition results
from top to bottom [14].



16 Chucai Yi and Yingli Tian

information. Thus our proposed prototype system can perceive their current location
and generate a proper path from current location to their destination. The hardware
of this prototype system is similar to the system of hand-held object recognition in
last section, including a wearable camera, a process unit, and audio output device.
However, the system implements indoor navigation by adding the door detection.

In indoor environments, doors and elevators serve as important landmarks and
transition points for way finding. They also provide entrance and exit information.
Thus, an effective door detection method plays an important role in indoor naviga-
tion. We develop the vision-based door detection method [40] to localize doors for
blind users. This method depends on a very general geometric door model, describ-
ing the general and stable features of a door frameedges and corners, as shown in
Fig.13. Our method can handle complex background objects and distinguish doors
from other door-like shapes such as bookshelves. After detecting doors, scene text
extraction is performed within the door region or its immediately neighboring re-
gion to obtain text information related to room names and room numbers, as shown
in Fig.14. Both the localization and navigation processes are based on accurate
scene text extraction. Fortunately, the indoor environment mostly does not contain
too much background interferences, and the text signage has relatively fixed pat-
tern, e.g., room number contains only digits in print format, and restroom is usually
marked by MEN, WOMEN, or RESTROOM. Thus the proposed scene text extrac-
tion will adapt its parameters to this indoor navigation application.

By using the extracted information from text signage, blind or visually impaired
person can better perceive his/her current location and surrounding environment.
Furthermore, most buildings have floor plan maps as tourist guide. A floor plan map
contains room numbers and relative locations of the offices, restrooms, and elevator
entrances. The data of floor plan map can be combined with the extracted text infor-
mation to figure out blind-assistant navigation prototype in unfamiliar buildings.

A prototype design of floor plan based way-finding system can be found in [21].
A floor plan map is first parsed into a graph, in which a room is defined as a node
(see Fig.15). Each pair of nodes is connected, and an available path of way finding
is defined for each connection. For example, in Fig.15 (c), the yellow line corre-

Fig. 13 (a) Edges and corners are used for door detection. (b) Door detection under cluttered
background.
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sponds to a proper path marked in yellow in Fig.15 (b) from room 632 to room 623.
According to the length and the number of turning corners of the path, a cost value
is assigned to its corresponding connection in the graph. In this weighted graph, the
current location of a blind user is regarded as a starting point while his/her desti-
nation is regarded as an ending point. In the navigation process, our system finds
out a path with minimum cost value and then generates the corresponding path to
destination based on the floor plan map.

5 Blind-Assistant System Interface Design

The interface design always plays a significant role in the development a blind-
assistant system. A well-developed system should provide safe, comfortable, and
efficient services that are compatible with the daily life of blind or visually impaired
persons. Our research group invited 10 visually impaired persons to survey user in-
terface preference [23]. These 10 persons are all well-educated, employed (or retired
after employment), and familiar with blind-assistant technology. Through a ques-
tionnaire, we collect their advices and requirements of blind-assistant systems. The
associated problems and solutions of interface design will be presented in this sec-
tion according to the three main components of blind-assistant system as described
in Section 2, which are capture, process and feedback.

The capture component of a compute vision based blind-assistant system is nor-
mally a wearable camera, which is attached to a sunglass, helmet, kneepad or wrist.
These wearable cameras should satisfy specific requirements of blind or visually
impaired persons. First, they should be easy and comfortable to put on and take
off. Although the wearable devices are light and compatible with human face or
body, almost all the users will choose to take them off if not necessary. Second, they

Fig. 14 Indoor objects (top row) and their associated text information (bottom row): (a) a bath-
room, (b) an exit, (c) a lab room, (d) an elevator. Text information (bottom row) can be extracted
to help blind or visually impaired persons find their ways [19].
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should be easy to control. Based on our survey about this issue, most blind or vi-
sually impaired persons prefer button control rather than voice recognition, because
the latter one is not reliable in noisy situations. Third, they should be able to capture
relatively high-quality images or videos for information retrieval. Thus the camera
focus should be adaptive to most indoor environments. It is difficult for blind or vi-
sually impaired persons to stand still for waiting for the calibration process because
they cannot know the quality of the image. In addition, our group designed a method
of selecting high-quality frames from blind captured videos [58].

The process component of a blind-assistant system is the process unit of the tech-
nical framework and algorithm implementation. Although it is not directly related to
the user interface design, it is very important to reduce the computational complex-
ity of the technical algorithms and optimize the codes to ensure the efficiency of the
whole system for real-time processing as well as to reduce the power consumption
of the processing unit. For example, the framework should be able to save and search

Fig. 15 (a) An example of a floor plan of our building, where the blue shaded region will be
analyzed. (b) Each room number is regarded as a node, and the path from room 632 to room 623
is marked in yellow. (c) The abstract graph of the floor plan map, where the yellow line indicates a
connection from node 632 to node 623, corresponding the yellow path in (b).



Assistive Text Reading from Natural Scene for Blind Persons 19

the historical data of blind-assistant recognition or navigation in specific buildings
or scenes. Since a system belongs to one specific blind user, he/she would be able
to directly obtain previous results when entering the same building or a scene again.
Also the framework should be developed into a query-based system, rather than a
notification-based system. It means that the system will not generate continuous no-
tifications but keep sleep until the user wakes it. When the blind or visually impaired
persons did not need the help of the system, the notifications would become useless
noise.

About the feedback component of a blind-assistant system, firstly, the feedback
should be simple, so that the users are able to obtain the most informative feedback
within the shortest time. For example, in object recognition, it should adopt only
two or three common-use words to describe an object or its main characteristic.
Secondly, the feedback should be in time, that is, neither too early nor too late, so
that the users are able to make decisions at the reasonable time window. Thirdly,
the feedback should be understandable. For example, it is improper to say a door
is located 3 meters in front with 10-degree deviation to the right, because the blind
or visually impaired persons cannot measure the distance and orientations in an
unfamiliar environment. It would be much better to navigation them to be close
enough to the object and then tell them use their hands or white canes to touch
it. The blind or visually impaired persons prefer speech communication with the
system rather than the haptic feedback such as vibration. In addition, the feedback
from users should be included in the process component.

6 Conclusions and Discussions

In this chapter, we focus on assistive text reading from natural scenes since text sig-
nage plays an important role in blind-assistant recognition and navigation applica-
tions. However, scene text extraction is still an open research topic to be addressed.
It is a challenging task to extract text information from natural scene images for
several reasons. Firstly, the frequency of occurrence of text information in natu-
ral scene image is usually very low, and text information is always buried under
all kinds of non-text outliers in cluttered background of natural scenes. Thus back-
ground removal plays a significant role in text detection. Secondly, even though
image regions containing text characters are detected from complex background,
current optical character recognition (OCR) systems do not work well on the recog-
nition of scene text, because they are mostly designed for scan documents. More
effective feature representations and more robust models are required to improve
the performance of scene text recognition. Unlike the text in scan documents, scene
text usually appears in multiple colors, fonts, sizes and orientations.

In Section 2, we have reviewed several computer vision-based blind assistant ap-
plications, including the technical framework, user interface design, and prototype
systems. We described a framework of scene text extraction in Section 3. First edge-
based contour and MSER-based connected components are extracted as candidate
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characters while removing large amount of non-text background outliers, and then
text string alignment is applied to filter out the false positive candidate characters.
Next, feature representations are designed to describe text structure, on the basis of
gradient distribution, stroke width and orientation, edge density, and color unifor-
mity, to remove false text strings. At last, feature representations are designed to
recognize each text character of the text strings, on the basis of HOG descriptor.

The proposed framework of scene text extraction is involved in two blind-
assistant applications in Section 4, hand-held object recognition and indoor navi-
gation. In these applications, scene text extraction is transplanted into mobile plat-
forms, and combined with other techniques. In a practical blind-assistant system,
the user interface design is very important as well as the algorithm framework. In
our design, a blind-assistant system consists of three components, which are capture,
process and feedback. According to the survey of blind or visually impaired persons
who are familiar with blind-assistant technology, we summarize the requirements of
the three components respectively in Section 5.

In future, we will further improve the accuracy of scene text extraction algo-
rithm, making it adaptive to more complex environments for more reliable practical
application. Also we will make the algorithms more compatible with mobile appli-
cations. Furthermore, more interactions with blind or visually impaired people will
be performed to better understand their requirements and design more robust and
user friendly blind-assistant interface.
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