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ABSTRACT

Even with the great advances in technology regarding the ease of disseminating information

digitally, printed media continues to be an important and frequently used means of conveying

knowledge. However, for the visually impaired, there is still a major barrier in accessing phys-

ically distributed content, since alternative methods of reading, such as Braille, are often not

available, in addition to the lack of literacy in these writing systems among the blind population.

To overcome these difficulties, solutions in the Assistive Technology areas have been proposed,

both in academic and commercial ambits, aiming at increasing the independence, quality of

life and inclusion of this portion of the population. The present work seeks to develop a stand-

alone reading machine to recognize and convert the textual content of books and derivatives

into audible feedback via synthesized speech. Based on the Raspberry Pi 3, an embedded mi-

crocomputer, equipped with the Pi NoIR (InfraRed) camera module, Book2Speech is a machine

that performs the image acquisition and the Optical Character Recognition and Text-to-Speech

procedures, making use of modules for image and text processing to improve the representa-

tiveness of the synthesized voice, reproduced through an external speaker. Due to the lack of

available document-image datasets in Brazilian Portuguese, the ICDAR2015 dataset, composed

mostly of English text, was used to evaluate Book2Speech’s performance. Also, the processing

time and error rate metrics were considered, which are calculated from the difference between

the text recognized by the machine and the reference. Regarding the results obtained, the de-

warping method using the L-BFGS-B algorithm as the optimizer obtained the lowest word error

rate (12.32%), while the average threshold pipeline followed by dewarping with L-BFGS-B

obtained the lowest character error rate (13.27%). On the other hand, the spelling correction

methods evaluated did not lead to good results, often increasing the book2speech error rate. Fi-

nally, it is worth mentioning that the system developed, along with the tools and resources used,

are freely available.

Keywords: Assistive Technology. Image Processing. Spelling Correction. Optical Character

Recognition. Text-to-Speech. Embedded Systems.
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1 INTRODUCTION

1.1 Contextualization

Most of the technologies available on the market are already economically accessible for

a large part of the population. The use of electronic devices, such as smartphones and personal

computers, became more common in people’s daily lives to help with various tasks. Thus, with

the Internet becoming more and more globalized, access to information takes place in a simple

and practical way.

During the last decades, technology development has reached a stage where communi-

cation between people and computer systems incredibly resembles, for example, the commu-

nication established between two people. Thanks to the various works carried out in the area

of human-computer interaction (HCI) and artificial intelligence (AI), machines are approaching

human behavior in the sense of being able to perform tasks similar to listen, speech, understand,

estimate and act automatically and independently.

Despite the increasing focus on information and communication technologies, print me-

dia continue to be an important and frequently used means of conveying information [1]. In fact,

even with the great advance of the Internet, knowledge continues to be strongly disseminated

through physical format, as in articles, books, encyclopedias, newspapers, magazines and more,

especially during school and academic education. It has been estimated that more than 200 mil-

lion books are being published every year, many of which are being distributed and printed on

traditional papers [2]. However, given that the availability of haptical written mechanisms such

as Braille are not always plentiful, solutions under the concept of Assistive Technology must be

constantly explored for people with low vision or total blindness, which have been prevented

from accessing regular textual information.

Assistive Technology (AT) is an interdisciplinary field of knowledge dedicated to in-

creasing the independence and mobility of people with disabilities (PWD), encompassing prod-

ucts, methodologies, practices and services that aim to promote their autonomy, quality of life

and social inclusion [3, 4]. The term refers to technology that provides assistance to people

with different types and degrees of limitation in order to reduce the effects of disabilities and

allowing them to actively participate in their respective routines. According to the Convention

on the Rights of Persons with Disabilities [5], published by the United Nations in 2006, the

eyes of the 21st century had quit seeing PWD as “objects” of charity, medical treatment and

social protection, and come to see them under a new perspective, in which the PWD are active

“subjects” in society, capable of claiming their rights and to make decisions based on their own

consent.
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Through AT, it is possible to reduce the difficulties experienced by people who need solu-

tions that do not leave them out of the use of electronic devices. Aiming to reduce the exclusion

imposed on PWDs due to the difficulty or total inability to perform specific tasks, accessibility

is seen as a fundamental element to raise self-esteem and the degree of independence of this

group. In addition, the solutions presented can also be useful for people without any disabilities,

since the usage and interaction with various electronic apparatus becomes more practical, com-

fortable and natural [6]. In fact, technology has the potential to enhance individuals” ability to

participate fully in societal activities and to live independently [7].

In this sense, technologies such as optical character recognition (OCR) [8], as well as

text-to-speech synthesis (TTS) [9], when combined, can enhance human-computer interaction

while turning resources accessible to people with visual impairments (VI). OCR refers to the

system that receives a digital image as input, extracts and recognizes textual content, and gener-

ates a string of characters as the output. This string might serve as input to a TTS system, which

is responsible for synthesising a digital speech signal. By applying such concepts, stand-alone

reading systems are independent machines that are able to scan a printed document, and pro-

duce an audio version of the document for visually impaired and blind readers. Although there

is a decrease in usability and speed of task execution in contrast with standard methods, such

alternative interaction techniques provide a much more pleasant and enjoyable experience [6].

Therefore, this work aims at developing an stand-alone reading machine with audible re-

sponse for the visually impaired, named Book2Speech. By implemeting the OCR-TTS pipeline

as a standalone automatic reader, Book2Speech can read aloud the words from pictures taken

from book pages or similar physical textual content, The prototype is configured as a portable

device over a Raspberry Pi 3 development board. OCR is obtained through the Tesseract open-

source engine while speech synthesis is achieved communicating with the gTTS (Google Text-

to-Speech) application programming interface (API). Images are taken by the Raspberry Pi

NoIR camera module, which presents good results, especially under low light environments.

Finally, a regular 8 Ohm external speaker is used to reproduce the synthesised speech generated

by the TTS system.

The potential target users of this work are people with visual limitations (partial or com-

plete) with preserved cognitive and superior motor skills. The idea is to provide these users with

access to the vast knowledge and information present in books and derivatives that do not have

a Braille version available or are difficult to access. It is worth mentioning that Book2Speech

is an open-source project, providing all of its implementation, command line interface (CLI),

scripts, libraries and packages used publicly on the Internet [10].



Chapter 1. Introduction 14

1.2 Justification

Disability, by definition, is the partial or total incapacity of a certain person to perform

common everyday tasks, when compared to others of a standard group of people. Disability

can be the consequence of a physical, mental, sensory, emotional, developmental impairment

or a combination of some of these factors. The term “disability”, as it is quite extensive, en-

compasses impediments, limitations in carrying out activities and restrictions on participation

in society [11]. Still, people with disability experience poorer health outcomes, have less access

to education and work opportunities, and are more likely to live in poverty than those without a

disability [12].

As stated by the World Health Organization (WHO), approximately 15% of the whole

population of the globe has some kind of disability [13]. This number really speaks volumes,

since it reveals that in a population of 7.9 billion people, around one out of seven (over 1 billion

people) is a disabled person. Regarding visual disabilities only, approximately 285 million are

visually impaired, representing more than 3.86% of the entire population. In Brazil, regarding

visual disability in particular, approximately 35.8 million (18.8%) has some kind of problem in

their sight, according to the last census of the Brazilian Institute of Geography and Statistics

(IBGE) in 2010 [14]. Table 1 shows the profile of the Brazilian population with disabilities.

Table 1 – Profile of the Brazilian population with disabilities.

Disability Description Number of People Percentage
Cognitive Mental or intellectual problems 2.611.536 1,369%
Auditory Deafness or general difficulties 9.717.318 5,094%
Motor Paralysis or general difficulties 13.265.599 6,950%
Visual Blindness or general difficulties 35.774.392 18,754%

Source: Extracted from 14.

In the last decades, several methods, such as Braille, were invented as an option for the

visually impaired to acess the content of engraved text. However, Braille poses two main issues.

Firstly, very few books are published along of or modified into a Braille version. Secondly, only

a small part of the blind population is dictated to read by this method. In fact, fewer than 10%

of the US blind people can read Braille [15]. Such scarcity of resources and literacy has led to

a growing need to explore commercial and academic solutions to provide the visually impaired

with access to the content distributed in books.

Despite the current existence of numerous instruments geared towards assistive technolo-

gies, such as wheelchairs, glasses, and software that promote accessibility when using comput-

ers and smartphones, a large portion of PWD still do not have access to these tools. The World

Health Organization also estimates that, in underdeveloped countries, for example, only 15%

of PWD have access to these assistive technologies [13]. This scenario can be mainly driven

by two factors: i) the high cost of some of these instruments; and ii) the low availability given
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factors of manufacture and export to other countries. In fact, depending on the needs of individ-

ual visually impaired persons, the average cost of such technologies varies from approximately

US$1,000 to as much as US$20,000 [16].

In constrast with the available technologies, Book2Speech was designed with cheaper

hardware in order to promote more access to the knowledge distributed through physical form

to people with visual impairments, especially those who do not have the economic conditions

to obtain the available commercial instruments. Still, people with the right knowledge can also

replicate Book2Speech on their own setup.

1.3 Objectives

The main objective of this work is to develop a stand-alone reading machine, which is

able to help people with different degrees of visual impairment to have access to the content of

books and derivatives. At first, as a proof of concept, as a system developed to run on a Linux-

based Raspberry Pi 3 with a NoIR Camera module attached and external speaker, it will be

possible to synthesize a sound signal from the recognized text referring to the images captured

by the prototype. It is also important to note that this work is low-cost and with its system

implementation freely available on the Internet [10].

Unfortunately, given the current pandemic scenario, tests with volunteers who are visu-

ally impaired could not be conducted. Hence, the proposed work has not been concerned with

the usability of the product up to this point. In this sense, Book2Speech’s performance was eval-

uated considering various optical character recognition error rate metrics and processing time

measures. Finally, given the scarsity of document-image datasets in Brazillian Portuguese, such

evaluation was conducted with an initial focus on the English language.

1.3.1 Specific Objectives

The specific objectives can be divided into five main subgroups: i) study and implemen-

tation of assistive technologies; ii) study and implementation of image processing modules; iii)

study and implementation of text correction and processing methods; and iv) performance and

accuracy tests. A brief description of each topic is given below.

i) Study of assistive technologies systems:

· Optical character recognition;

· Text-to-Speech.

ii) Study and implementation of image processing modules:

· Camera module control;
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· Binarization;

· Noise alleviation;

· Distortion correction.

iii) Study and implementation of text correction and processing methods:

· Spelling correction;

· Text tokenization.

iv) Performance and accuracy tests

· Acquisition and preparation of the test dataset;

· Study of OCR performance metrics evaluation;

· Definition of the tests scenarios and parameters;

· Evaluation of the results in order to overcome the disadvantages and possibly im-

prove the system in the next versions.

1.4 Thesis Organization

This chapter provided a brief introduction regarding assistive technologies application

and the motivations of this area of research. In addition, it was discussed the justification of this

work given the current scenario of people with disabilities, considering mainly those who are in

low-income situations.

The next chapters are organized as follows:

Chapter 2 Related Work. This chapter discusses some related work regarding the commercial

as well as the academic works of stand-alone reading systems and their derivatives.

Chapter 3 Background. This chapter presents some general background information and the-

ory about all system, tools, algorithms and metrics used in the work.

Chapter 4 Methodology. This chapter details the activities performed to build the project. It

will also describe in details the procedures implemented from the image acquisition to

the generation of the synthetic speech referring to the recognized text, as well as the

details about the physical design of Book2Speech.

Chapter 5 Experiments and Results. This chapter details the evaluation dataset, as well as tests

stages performed to calculate the error rate of the proposed work in different scenarios.

The results obtained as well as the general difficulties will also be discussed in this chap-

ter.
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Chapter 6 Considerations and Future Work. This chapter presents some considerations and

shed some lights on what can possibly be the next steps to be followed.
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2 RELATED WORK

When it comes to commercial products, several approaches for stand-alone reading sys-

tems have been developed over the last years. OrCam MyEye 2 [17] is a wearable device that

attaches to the user’s glasses and claims to read textual content from books, smartphone screens,

and any other surface through a 13 megapixel camera, fully off-line and with support for 20

languages. OrCam MyEye 2 requires the user to have full control over their head and hand

movements to send the system activation commands by touching the device’s surface, in or-

der to recognize the target text. The latest version of the product is currently costing, in 2021,

US$4250 on Amazon’s official website.

The CZUR ET16 Plus Scanner [18] functions as a scanning device specializing in the

digitalization of books and derivatives. Similar to Book2Speech, the images are captured by a

camera that is vertically aligned with the horizontal plane that the book lies on. The device also

features several lighting sources to remove possible shadows on the pages, improving the final

readability of the captures. On the other hand, the ET16 Plus does not offer voice synthesis

capabilities, making it necessary for people with visual impairments to use third-party software

such as screen readers and similars to access the digitalized content. The product can be found

for sale in price ranges from US$400 to US$425. A cheaper version of the scanner is also

available, without some of the previous features, such as artificial lighting and a built-in display

to accompany the captures, the CZUR Shine Pro can be found in the average price range of

US$129.

Aimed at portability, Scanmarker Air Pen Scanner [19] and C-Pen Reader [20] are two

devices similar to a text marker, where the user slides them over the text lines of a document

to scan its contents. The first one, aimed at scanning and helping in the learning of a new

language, has support for recognition and translation of approximately 40 languages. However,

for the user to have access to the TSS output, it is necessary to use a smartphone or computer

with the developer’s proprietary software installed, since the product itself only performs the

OCR process. Meanwhile, C-Pen Reader only supports English, French, Spanish, German and

Italian, but has built-in TTS support. Both devices can be found for sale for an average price of

US$120 and US$250, respectively.

In regard to academia, several works have been presented on the development of auto-

matic reading systems for the blind and visually impaired. The following strings were applied

into the Google Scholar plataform as search criteria to find the candidate works to be included

in this revision: “automatic reading system” and “OCR-TTS system”.

In [21], a Windows desktop GUI application was proposed for text recognition and

speech synthesis. The system is used on an ordinary desktop computer and requires an external
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scanner to capture the images. After image acquisition, the program preprocesses the images by

applying binarization, denoising, deskewing and segmentation algorithms. Finally, the image

is passed to the OCR module followed by the TTS API, which is unspecified, generating the

sound signal that is played by the computer speakers.

Also in the context of embedded machines, the FingerReader device [22] is a large ring

that slips on the index-finger and features a front facing camera that scans the text that the finger

is pointing to. Smart software powering the device recognizes the line of text under the finger

and reads only that line. The OCR and TTS procedure is performed by Tesseract and Flite

Text-to-Speech engines, respectively.

It was proposed in [15] a system based on the Raspberry Pi 2B as a mobile processing

unit connected to glasses adapted with a HD micro-camera and an external Bluetooth headset.

To capture the images, the user should hold the book open (two pages) with his hands stretched

straight at the level of his eyes to capture the image in order to minimize the curviness of

the pages, and then start to move the book toward him slowly but steadily. This movement

is necessary for the camera calibration step. After the image is captured, it is binarized and

deskewed before the OCR-TTS pipeline.

In [23] was suggested an Arabic reading machine aimed at the visually impaired. The

idealized prototype is composed of a dark colored base with a surface barely larger than an A4

page where the printed paper is to be placed. A 3 megapixel digital camera is located above

the dark base and takes a picture of the print text in order to send it to the integrated computer.

The machine considers the SAKHR software for both OCR and TTS because, according to the

author, it presents the most natural synthesized speech. Even describing the processes required

to develop such a system, no real prototype was presented. Finally, the author considers one of

the following on-board boards as the processing unit of the machine: EPIC, EBX or 5.25“ SBC.

The price for such equipment, without considering the camera, speakers and other equipment

like cables and connectors, is on average 281 dollars 1.

The proposed work in [24], while not providing much detail about the machine devel-

opment methodology and evaluation methods, is also based on the Raspberry Pi 3 microboard,

as is Book2Speech. The device uses the Pi NoIR camera module for image acquisition, while

the Tesseract and Pico engine are responsible for the OCR and TTS procedure, respectively.

For controlling the system, an external keyboard is used, while external speakers are necessary

for sound output. One point that caught attention was the use of two binarization algorithms in

sequence, Global and Otsu’s threshold, before smoothing the image in the pre-processing phase,

since already binary images cannot be “rebinarized”.

Another approach to producing a portable reading system for blind people is the proto-

type Read IT [1], similarly idealized to run on a Raspberry Pi 3 microcomputer. In the proposed

1 Direct conversion of the board’s price provided by the author, 2480 Moroccan Dirham (MAD), to the US dollar.
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work, an image of the text is captured by a video camera positioned in the user’s sunglasses.

This image is analyzed and the text content identified drives the speech synthesizer card. The

resulting speech output is then delivered to the user via a single earphone. The signal process-

ing unit, speech synthesizer card and battery power supply are housed in a small box worn at

waist level. Also, manual control is via a small hand-held Braille key pad. As in the other works

cited, the engine responsible for the optical character recognition procedure is Tesseract, while

an unspecified modular hardware is used for TTS [25].

This research aims to present a solution to reduce the digital exclusion experienced es-

pecially by people with varying degrees of visual needs and who are on the margins of the elec-

tronic world due to the absence of devices adapted to their needs. In contrast to commercially

available solutions, Book2Speech aims to provide a low-cost automatic reading machine for the

visually impaired that cannot afford the equipments currently available on the market. Table 2

presents the average price of the components necessary to built the work developed. Regarding

the proposed works in the academic field, Book2Speech aims to provide an open-source system

that performs the image and text processing procedures, together with the OCR-TTS pipeline,

within a single processing board and without the need for users to use their upper movements

frequently.

Table 2 – Average price, in dollars, of the components used to build the Book2Speech prototype.

Component Price ($)

Raspberry 3 Model B 35.0
Pi NoIR Camera Module 25.0
Phone Holder 10.0
External Speaker 15.0
Keyboard 18.0

Total 103.0
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3 BACKGROUND

This chapter aims to present the theoretical framework of the most important modules

for the development of the device proposed in this work, such as: i) optical character recogni-

tion; ii) speech synthesis; iii) image processing; iv) spelling correction, v) specifications of the

Raspberry Pi 3 and NoIR Camera module; and vi) evaluation metrics.

3.1 Optical Character Recognition

Optical Character Recognition (OCR) is the process of converting scanned images of

text into digital documents that can be processed, edited, searched, saved, and copied for an

unlimited number of times without any degradation or loss of information [2]. This technol-

ogy allows machine to recognize the text automatically through an optical mechanism whether

from a scanned document, a picture, a scene-photo or from subtitle text superimposed on an im-

age [26]. OCR is a vast field with a number of varied applications such as invoice imaging, legal

industry, banking, health care industry, etc. It is also widely used in many other related fields

like captcha, Institutional repositories and digital libraries, Optical Music Recognition (OMR),

Automatic Number Plate Recognition (ANPR) and Handwritten Recognition (HWR) [27].

In the 60s, the International Business Machines Corporation (IBM) was very active in

developing OCR systems, recognizing that this technology was a very important input device

for computers. The first commercialized OCR was the IBM 1418, which was designed to read a

special IBM font, 407 [28]. By the end of the 1960’s, the next targets for document readers were

for poor-print-quality characters, and hand-printed characters for a large category character set,

such as Chinese characters. These targets have been achieved partially and such commercial

OCR systems appeared roughly during the decade from 1975 to 1985 [29].

Since then, several new techniques of optical character recognition have been developed,

and, along with the advances in the computational performance of current technologies, new

systems with higher accuracy rate and speed have emerged. Various approaches such as matrix

matching, fuzzy logic, feature extraction, structural analysis and neural networks where used to

design OCR pipelines [30]. However, even today’s systems still face challenges when trying to

recognize textual content of digital images [2, 8, 31].

While OCR is well-established for majority languages, the same cannot be said for en-

dangered languages [32]. Actual OCR models might struggle to recognize non-ocidental alpha-

betic characters, diacritical marks and symbols such as japanese Kanjis [33]. Also, the small

difference between some characters, for example, the digit “0” and the letter “O”, especially

in small resolution images, might lead into misrecognitions. Still, images geometric deforma-

tions, common artifact on camera-captured documents, make it difficult to trace text lines which
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might imply into suboptimal results [31]. Practically, the error rate of OCR systems can fairly

become high, occasionally over 10%, if the papers being scanned have numerous defects such

as bad physical condition, poor printing quality, discolored materials, and old age papers [2]. In

this sense, even with the great advantages during the last decades, OCR systems performance

still strongly correlated to the quality of the input image and language resources available for

recognition models training.

3.1.1 Tesseract Engine

Tesseract is an free optical character recognition engine developed at Hewllet Packard

(HP) in between 1984 to 1994, originally as an PhD research project. It was modified and

improved in 1995 with greater accuracy and in late 2005, HP released Tesseract for open

source [34]. Since 2006, the engine is developed and maintained by Google as an public repos-

itory at GitHub 1 under the Apache 2.0 license.

Writen in C++, Tesseract aims for high portability. Currently supporting over 100 lan-

guages and various types of output, such as PDF, XML and HTML, the engine can be accessed

through its command line interface (CLI) or by several wrappers developed for various pro-

gramming languages. Figure 1 presents the main components of Tesseract’s text recognition

pipeline.

Figure 1 – Top-level block diagram of Tesseract OCR system.

Source: Adapted from 8, 26

Processing starts with the binarization of the original image by applying adaptive thresh-

olding in order to separate the pixels into two groups, white for background and black for text.

The main idea is to make the text as clear as possible to be recognized, removing unnecessary

noise and artifacts from the image background. Image processing techniques are discussed in

more depth in Section 3.3.

The next step, connected component analysis (CCA), is responsible for recognizing and

storing text and words outlines. These outlines are gathered together into blobs in order to

1 https://github.com/tesseract-ocr/tesseract
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detect text lines. A blob is a putative classifiable unit, which may be one or more horizontally

overlapping CCs, and their inner nested outlines or holes [35]. Tesseract them analyze these

regions searching for some fixed pitch area or proportional text size. Text lines are then broken

into words according to the kind of character spacing [36]. Figure 2 shows the respective outputs

from the steps above.

After finding text lines and words, the image content recognition step is then started

as a two-pass process. The first is responsible for attempting to recognize each word in turn.

In most cases, a blob corresponds to a character, so the word recognizer first classifies each

blob, and presents the results to a dictionary searcher to find a word in the combinations of

the classifier choices for each blob in the word. While the result from a word is unsatisfactory,

Tesseract attempts to improve the result by chopping the blob with worst confidence from the

character classifier. On the other hand, the blobs that are in a dictionary and are not dangerously

ambiguous, are passed to an adaptive classifier for training.

Figure 2 – Tesseract adaptative thresholding binarization and connected component analysis de-
tection output.

(a) Original image (b) Binary image (c) Boundary outlines
Source: Author.

Since it may have learned something useful within the end of text to make a contribution

near the top of the page, a second pass is run over, in which words that were not recognized

well enough (low confidence) are processed again. Finally, a final step resolves fuzzy spaces,

and checks alternative hypotheses to locate small-cap text.

Since Tesseract 4.0, a new neural network subsystem was configured as a text line recog-

nizer. It has its origins in OCRopus” Python-based LSTM (Long Short-Term Memory) imple-

mentation 2 and can be used with the legacy layout analysis module explained above to analyze

text within a large document, improving the recognition accuracy.

2 https://github.com/ocropus/ocropy
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3.2 Speech Synthesis

Speech synthesis consists of artificially producing human speech, through the automatic

generation of the speech signal from text [37]. Several works on speech synthesis have been

developed for decades and considerable progress has been achieved. However, the quality in

terms of the naturalness of the voice produced still has gaps, especially with regard to the adap-

tations that speech may suffer considering aspects such as intonation and emotion, which are

associated with the expressiveness of the content to be synthesized.

One of the applications of speech generation can be found in Text-to-Speech (TTS)

systems, which convert an input text into an artificial voice that is intelligible and as natural

as possible. According to [9], TTS systems are mainly composed by two components: Natural

Language Processing (NLP) and Digital Signal Processing (DSP). Figure 3 shows the functional

diagram of a general text-to-speech system.

Figure 3 – General diagram of a TTS system which converts written text to a phonemic repre-
sentation, then to waveforms that can be output as sound.

Source: Adapted from 37.

The NLP module (also referred as front-end) is responsible for producing a phonetic tran-

scription of the text, together with the desired intonation and rhythm. The front-end performs

the normalization (or pre-processing) of the text, converting symbols, such as numbers and ab-

breviations, into equivalent words written in full. It also implements grapheme-to-phone (G2P)

conversion, syllabification and stressed syllable determination. These tasks assign phonetic tran-

scription to each word and mark the text with prosodic information. Phonetic transcriptions and

prosodic information together make up the linguistic symbolic representation that serves as

input for the synthesizer.

The DSP module (also referred as backend or synthesizer) transforms the symbolic in-

formation received into natural-sounding speech. Typically independent of language, the syn-

thesizer is the block that effectively generates the sound, converting the linguistic representation

into speech signal.

In recent years, TTS systems were developed as an output device of human-machine in-

terfaces, and can be used in several areas such as in car navigation systems, information retrieval

over the telephone, voice mail, assistive technologies and so on. The increasing availability of
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large speech databases makes it possible to construct more robust TTS systems, which are re-

ferred to as data-driven or corpus-based approach, by applying statistical learning algorithms.

These systems can generate natural and high quality synthetic speech by reproducing voice

characteristics of the original speakers [38].

For constructing such systems, the use of Hidden Markov Models (HMMs) has arisen

largely. Voice synthesis based on HMMs is already quite popular due to its flexibility in syn-

thesizing voice considering characteristics such as style and speaker’s speech individuality, in

addition to the possibility of expressing emotional aspects in the voice [39]. Figure 4 presents

the HMM’s training and synthesis step top-level block diagram.

Figure 4 – Top-level scheme of a HMM-based TTS system.

Source: Adapted from 38, 39.

Simply put, a HMM-based TTS system works through the execution of two stages: train-

ing and synthesis. During the training phase, parameters related to the voice spectrum and ex-

citation, such as mel-frequency cepstral coefficients (MFCCs) and fundamental frequency (F0),

are extracted from a voice base (corpora) and modeled through HMMs, considering phonetic,

linguistic and prosodic aspects of speech. In this specific case, there is an HMM for each phone

(handset), but the statistical model can be based on larger units, such as biphones, triphones,
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words, etc.

As a result of this first stage, there is a unified framework with models of the excitation

and duration of the voice spectra. In the synthesis step itself, the input text is transformed into

a sequence of phones where each HMM corresponding to a phone is concatenated with the one

of the anterior and posterior phone (depending on the context). After the concatenation process,

each HMM issues a set of observations (MFCCs parameters, F0, among others). Finally, a voice

waveform is synthesized directly from the estimated parameters.

Currently, several TTS engines with different languages, dialects and specialized vocabu-

laries are available through third-party publishers, for example Google Cloud Text-to-Speech [40],

or as open-source software such as Festival, eSpeak and Gnuspeech [41, 42, 43].

3.3 Digital Image Processing

Digital Image Processing refers to processing digital images by means of a computer. A

digitalized image is composed of a finite number of elements, generally referred to as picture

elements, image elements, pels, or pixels. Pixel is the term most widely used to denote the

elements of a digital image [44]. In this sense, for each pixel, the imaging device records a

number, or a small set of numbers, that describe any of its properties, such as brightness (the

intensity of the light) or color. The numbers are arranged in an array of rows and columns that

correspond to the vertical and horizontal positions of the pixels in the image. This way, as a

digital image is intrinsically a numerical matrix, it is possible to apply several operations and

mathematical transformations to it. Figure 5 presents a gray-scale image and the values of the

pixels that compose it.

Figure 5 – A digital image with its corresponding pixel matrix representation.

Source: Extracted from 45.

There is no general agreement regarding where image processing stops and other related

areas, such as image analysis and computer vision, starts. However, one useful paradigm is to

consider three types of computerized processes in this continuum: low-, mid-, and high-level
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processes. Low-level processes involve primitive operations such as image preprocessing to re-

duce noise, contrast enhancement, and image sharpening. A low-level process is characterized

by the fact that both its inputs and outputs are images. Mid-level processing on images involves

tasks such as segmentation (partitioning an image into regions or objects), description of those

objects to reduce them to a form suitable for computer processing, and classification (recog-

nition) of individual objects. A mid-level process is characterized by the fact that its inputs

generally are images, but its outputs are attributes extracted from those images (e.g., edges, con-

tours, and the identity of individual objects). Finally, higher-level processing involves “making

sense” of an ensemble of recognized objects, as in image analysis, and, at the far end of the

continuum, performing the cognitive functions normally associated with vision. Figure 6 shows

the principal areas regarding digital image processing.

Figure 6 – Block diagram of the main areas of digital image processing. Such stages can be
divided into two large groups according to their generated output: new images or
attributes extracted from the source image.

Source: Adapted from 44.

Today, there is almost no area of technical endeavor that is not impacted in some way

by digital image processing [46]. In this sense, image processing techniques are used in various

applications, such as: i) military operations, by detecting enemy soldiers or vehicles and missile

guidance; ii) autonomous vehicles, by detecting obstacles, pedestrians and other vehicles; and

iii) medicine, by detecting malign changes in image data, such as tumours and heart diseases,

to diagnose patients [47].

3.3.1 Binarization

Image binarization is a fundamental research theme in image processing and an impor-

tant preprocessing method in optical character recognition and edge/boundary detection. As a
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image segmentation subarea, the purpose of binarization is to extract the outlines of different

regions in the document made up of pixels that have common attributes, such as brightness or

colour, indicating that they might belong to the same object. In this sense, binarization is re-

sponsible to convert gray images in a bi-level form in such way that the foreground information

is represented by black pixels and the background by white ones, or vice versa [48].

Figure 7 – Results of a global thresholding binarization applied on two images. Note how Fig-
ure 7a obtained a suboptimal result due to shadow propagation at the bottom of the
page while Figure 7d was well segmented. The histograms shown in Figures 7b
and 7e endorse the correlation between the precision of the global thresholding
method and the bi-modal characteristic of the images.

(a) (b) (c)

(d) (e) (f)

Source: Author.

The simplest way to acquire a binary image is through a technique called global thresh-

olding, where one threshold value obtained from heuristics or statistics of a image attribute is

selected for the entire document. Global thresholding is based on the assumption that the image

has a bimodal histogram and, therefore, the object can be extracted from the background by a
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simple operation that compares image values with a fixed threshold T [49]. For a gray value

image I(x, y) with intensity values between 0 and 1 and a threshold T each image pixel is clas-

sified in foreground (labeled as 1) and background (labeled as 0) resulting in the binary image

Ith(x, y), as shown in Equation 1:

Ith(x, y) =







1 ↔ (x, y) > T

0 ↔ (x, y) 6 T
(1)

Figure 7 shows that when the background has non-uniform illumination or noise, or the

image has a non-bimodal histogram, or the input image has low quality, a fixed threshold value

will poorly segment the image [50]. Thus, a local threshold value that changes dynamically over

the document might obtain better results.

In this sense, local or adaptive thresholding methods compute a threshold for each pixel

in the image on the basis of the content in its neighborhood. Adaptive methods have the charac-

teristic that the value of T (x, y) depends on the local region R(x, y) properties, such as the local

mean or standard deviation values [51]. Hence, as opposed to global thresholding, local methods

generally perform better for low quality images, but are computationally more expensive [52].

During the last decades, several approaches to both global and local threshold value

estimation where presented [48]. Otsu’s thresholding method involves iterating through all the

possible threshold values and calculating a measure of spread (interclass variation) for the pixel

levels each side of the threshold, i.e. the pixels that either fall in foreground or background. In

other words, the method’s purpose is to find the threshold value where the sum of foreground

and background spreads is at its minimum [53].

3.3.2 Denoising

In image analysis, the extraction of information can be significantly altered by the pres-

ence of random distortions called noise [54]. The principal sources of noise arise during image

acquisition (digitization) and/or transmission, due to the fact that the performance of imaging

sensors is affected by a variety of factors, such as environmental conditions during image acqui-

sition and the quality of the sensing elements themselves [44].

The growing need to develop automated systems for image interpretation, such as OCR

engines, necessitates that the input to be interpreted should be free from noise and other aber-

rations. Thus, it is important to perform preprocessing operations on the document so that the

resultant image is better suited for the target system [55]. In this sense, as an image enhance-

ment subarea, the ultimate goal of denoising (or smoothing) techniques is to improve an image

in some predefined sense by accentuating its features, such as contrast, boundaries, edges, and

so on.
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The types of noise can be divided into two major classes: multiplicative and additive [46].

An image with variable illumination, the graininess noise from photographic plates and the

speckle noise from the imaging systems as in ultrasound imaging are multiplicative in nature.

For a digital image function f(x, y) and a multiplicative noise n(x, y), the resulting corrupted

image g(x, y) can be modelled as follow:

g(x, y) = f(x, y) · n(x, y). (2)

Additive noise is often assumed to be impulse or Gaussian noise. The first, also known

as salt-and-pepper noise because of its appearance as white and black dots superimposed on

images, alters at random the value of some pixels. Occasionally, the noise generated from digital

or analog image transmission system is impulsive in nature, and can be modeled as shown in

Equation 3, where i(x, y) is the impulsive noise and p is a binary parameter that assumes the

values of either 0 or 1 [55].

g(x, y) = (1 − p)f(x, y) + p · i(x, y) (3)

Instead of modifing the value of random pixels, additive Gaussian noise means that a

value drawn from a zero-mean Gaussian probability density function is added to the true value

of every pixel in the image. Figure 8 shows a image corrupted with multiplicative and both

impulse and Gaussian noise.

Figure 8 – A sample image corrupted with different types of noise.

(a) Original image. (b) Multiplicative
noise.

(c) Impulse noise. (d) Gaussian noise.

Source: Author.

A variety of methods for images noise reduction has been developed so far. Most of

them successfully remove noise but their edge preserving capabilities are weak [56]. Similarly
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to threshold binarization, most denoising algorithms are based on filtering methods applied to

the entire image. However, its also possible to perform image denoising using an average or

median value of a group of pixels, also called kernel (similar to local threshold regions), that

moves through the image [57].

Image smoothing (or blurring) is the process of removing different types of noise from

a image. In the last decades, several image blurring methods where proposed, such as low-

pass filtering. In this method, image denoising is performed by convolving a image with a

low-pass filter (LPF) kernel in order to remove high frequency content from the document, such

as noise. However, some filters also remove useful information from the image buried in these

high frequencies [58].

It is possible to apply several LPF kernels to smooth an image. Median and mean filters

generally obtain good results with impulse noise, while Gaussian and bilateral filters are the

most suitable for Gaussian noise.

Mean and median blur is achieved by convolving the source image with a normalized

box filter, which takes the mean or median value of all the pixels under the kernel area and

replaces the central element. By replacing the value of every pixel in an image by the resulting

value of the gray levels in the neighborhood defined by the filter mask, this process leads into

an image with reduced “sharp” transitions.

Impulse noise filters have the side effect of also blurring edges, a feature that is generally

important in some image analysis tasks such as object recognition. In addition, these methods

cannot remove Gaussian noise or a mixture of Gaussian and impulse noise. The reason is that

Gaussian noise corrupts each pixel in the image, and therefore it is difficult for these methods

to find enough original pixels to be able to estimate the noisy ones [59].

Guassian blur consists in convolving the image with a Gaussian function in order to

calculate the resulting value of each pixel in the image. The Gaussian distribution of a two

dimensional matrix is calculated as follow:

G(x, y) =
1

√
2πσ2

e
x

2
+y

2

2σ2 , (4)

where x is the distance from the origin in the horizontal axis, y is the distance from the

origin in the vertical axis, and σ is the standard deviation of the Gaussian distribution. Once a

suitable kernel has been calculated, the Gaussian smoothing can be performed using standard

convolution methods. It is important to note that this method also preserve boundaries and edges

better than other uniform kernel filters [60].

In Gaussian smoothing, the pixel value is calculated by the weighted average of the

neighborhood, which are inversely proportional to the distance from the center of the kernel.

Besides these spatial weights, the bilateral filter calculate a weighted sum of the pixels in a
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local neighborhood that weights depends on both spatial and intensity (or tonal) distance [61].

The tonal weighting makes the bilateral filter capable of preserving edges (large differences in

tonal value) while smoothing in the more flat regions (small tonal differences). However, since

it does not have a linear implementation, the bilateral filter has the disadvantage of being harder

to compute, with a longer processing time compared to other filters [62].

3.3.3 Dewarping

One of the main research directions in camera-based document analysis (CBDA) is to

deal with warped images and perspective distortions. Current document analysis and OCR sys-

tems do not expect these types of artifacts, and generally show poor results when applied directly

to camera-captured documents [63]. In this sense, the goal of image dewarping is to adjust the

text lines horizontally by flattening images of curled pages, in order to facilitate the identifica-

tion of text outlines by OCR and document-analysis systems.

If a thick book is scanned, text lines on the scan may be wrapped near the spine of the

book. Also, if a digital camera is used to retrieve the image instead of a scanner, the text lines

may be still wrapped due to several possible causes, such as: i) perspective distortions generated

by optics of digital cameras; ii) the barrel (fish-eye) effect caused by the finite distance between

the camera and the page; and iii) the local curvature of the page in to the image plane [64, 65].

Despite the existence of so many approaches for performing the dewarping of docu-

ments, there is no comparative evaluation so far. Still, few algorithms and models that perform

correction of such documents are publicly available, making the treatment of camera-based

images a more arduous task.

The script described in [66] uses a parametric model to reproject the detected keypoints

on horizontal text spans. Starting with a initial guest, the model tries to find the rotation r and

translation t vector, the α and β slopes and the horizontal x and vertical y offsets values which

minimize the reprojection error of the keypoints. Figure 9 ilustrate the process performed by the

script in order to dewarp the input document.

Figure 9 – Page dewarping block diagram.

Source: Author.

Using a fixed horizontal and vertical margin value, the script trims the edges of the
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image in order to remove unecessary information that may have been captured by the camera.

In the text countours detection step, the image is binarized with an inverse adaptive threshold

(background as black and foreground as white), followed by a morphological dilatation and

erosion to connect adjacent mask pixels and eliminate single-pixel-high “blips”. Morphological

transformations apply the same kernel and convolution principles as blurring techniques in order

to enhance (dilatation) or degrade (erosion) image features. Finally, similarly to the Tesseract

engine, the script performs a connected component analysis to determine the horizontal text

contours.

Then, the detected text contours are combined to generate the horizontal page spans.

This process consists of generating candidate edges for every pair of text contours and assigning

a weight to the connection in order to assemble nearby countours into the same span. Because

the parametric model needs discrete keypoints, it is necessary to generate a small number of

representative points on each span. The spans sampling step is responsible for choosing one

keypoint per twenty pixels of text contour.

With the spans determined, the naive estimation of the parameters is performed by sim-

ply calculating the mean orientation of all spans using principal component analysis followed

by the reprojection of the keypoints into the image plane.

Finally, it is necessary to minimize the reprojection error previously estimated. To do

so, the script uses a minimizer function available at a Python library, called Scipy, as a black-

box optmizer. It is also important to note that this step is the principal bottleneck of the script,

representing ∼ 99% of the entire execution time.

The dewarped image is calculated by establishing a coordinate transformation with the

obtained r, t, α and β parameters. The script projects the page points into a three-dimensional

plan and perform a remmaping by transposing the resulting image coordinates to it. The final

output is generated by binarizing the resulting page with an adaptive threshold mask.

3.4 Spelling Correction

As computers are used in an ever-widening variety of lexical processing tasks, the prob-

lem of error detection and correction becomes more critical [67]. Computer-aided spelling cor-

rection has been the subject of investigation since the 1960s. Research has focused on several

different areas, from pattern matching algorithms and dictionary searching techniques to OCR

systems, to context-dependent text analysis that seeks to identify and correct even real-word

spelling mistakes [68].

Today, spelling correction is important for many of the potential NLP applications such

as text summarization, plagiarism checking, sentiment analysis and machine translation [69].

Automatic spelling correction is also crucial in search engines as spelling mistakes are very



Chapter 3. Background 34

common in user-generated text. As example, many websites have a feature of automatically

giving correct suggestions to the misspelled user queries [70].

In a relentless effort to find a way to better detect and correct misspelled words in text,

researchers conceived the dictionary-based error correction methodology, also known as lexical

error correction. This approach identifies words not belonging to the dictionary and weights

the correction candidates accordingly to a distance metric. Such metric generally represents the

number of character-level transformations necessary to convert the misspelled word into the

correct one. In this sense, the correction candidate with the lowest distance with respect to the

misspelled word is the best to fit as a correction [2].

Although dictionary-based error correction techniques are easy to implement and use,

they still have various limitations and drawbacks. The first limitation is that it requires a wide-

ranging dictionary that covers as many as possible words in the language. This dictionary should

encompass proper nouns, names of countries and locations, scientific terminologies, and tech-

nical keywords. The second limitation is that regular dictionaries normally target a single spe-

cific language and thus they cannot support multiple languages simultaneously. Finally, the

dictionary-based approach tries to look at the misspelled word in isolation, in a sense that it

does not take into consideration the context in which the error has occurred.

A common situation encountered during proofreading using the lexical-based approach

is to find several possible candidates with equal distance metric. For example, if the word “cafa”

was wrong recognized by an OCR system in a Portuguese text, there are many possible can-

didates, such as “casa”, “cara”, “cama” and “capa”. Since selecting one of these candidates

at random seems like a very lazy method, a frequency-based correction of the words usually

obtains better results in these situations.

Table 3 – Most frequent words in both English and Portuguese mono and bigram frequency
dictionaries.

English Brazilian Portuguese
Monogram Bigram Monogram Bigram

the of the que que o
of in the não o que

and to the o com o
to on the de com a
in for the a para o

Frequency-based correction requires a dictionary built from a robust text corpora. Unlike

a common dictionary, the frequency dictionary also contains the number of occurrences within

the corpora assigned to each word. The frequency-based correction method consider the likeli-

hood of a suggestion based on the frequency of its occurrence in the provided dictionary. Thus,

in situations where multiple candidates are selected, the spell-checker chooses the most frequent
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word within the dictionary. In addition, frequency-based correction can also use bigrams (fre-

quency of two words appearing together), trigrams and so on to segment and compound words.

Table 3 shows the most frequent words in a English and Portuguese mono/bigram dictionaries

available on the Internet3,4.

Still, the task of spelling correction is challenging for resource-scarce languages [70].

This is due to the fact that to obtain a very representative dictionary, a large amount of text from

a given language is required. Since most acoustic and textual resources are more easily found

for languages like English, generating robust spelling correction system for other languages

becomes a hard challenge.

3.5 Raspberry Pi 3

Raspberry Pi is a series of small single-board computers (SBC) developed in the United

Kingdom by the Raspberry Pi Foundation in association with Broadcom. As an embedded plat-

form, The Raspberry Pi is a low cost, credit-card sized computer that plugs into a computer

monitor or TV, and uses a standard keyboard and mouse.

Besides its main operating system, Pi OS, the Raspberry Pi supports a variety of Linux

distributions, such as Raspbian (a Debian-based distro), Windows IoT Core, Ubuntu and Arch

Linux. Such flexibility has made Raspberry Pi a widely adopted tool for carrying out various

tasks in the areas of home automation, robotics and other hardware-bases projects, education

and edge computing.

The Raspberry Pi 3 Model B is the earliest model of the third-generation Raspberry Pi,

replacing Pi 2 Model B in February 2016. The third generation received an upgrade over its

predecessor as the CPU increased in frequency from 900 MHz to 1.2 GHz, while the old 32-bit

architecture was upgraded to 64-bit.

Although there are different types of microcomputers and micro components that could

be used in the construction of computational systems with different purposes, such as Arduino,

Banana Pi, Pc Duino, UDOO, etc. The Raspberry Pi has characteristics that make it a top plate

in its functionality, given its hardware that allows: i) fast data transfer; ii) ports for external

hardware; iii) internet connection via Ethernet or Wi-Fi cable; and iv) video output (HDMI)

and audio (mini-jack) [72]. Also, the Raspberry has several external modules that can increase

the functionality of the system, such as: heartbeat, temperature and motion sensors, cameras,

GPS receiver and joysticks.

Shortly after the release of the new version of the Raspberry Pi, the infrared Camera

Module v2 (Pi NoIR) replaced the original PiNoIR Camera Module in April 2016 as the official

“night vision” camera board. The Raspberry Pi NoIR Camera Module v2 is a 8 megapixel Sony

3 https://github.com/wolfgarbe/SymSpell/tree/master/SymSpell
4 https://github.com/hermitdave/FrequencyWords/tree/master/content/2018/pt_br
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Figure 10 – Main components of the Raspberry Pi 3 board.

Source: Adapted from 71.

IMX219 image sensor custom designed add-on board for the Raspberry Pi, featuring a fixed

focus lens.

Such module attaches to the Raspberry Pi by way of one of the small sockets on the

board upper surface and uses the dedicated Camera Serial Interface (CSI), designed especially

for interfacing to cameras, as shown in Figure 10. It’s capable of capturing 3280 x 2464 pixel

static images, and also supports 1080p30, 720p60 and640x480p60/90 video recording. Finally,

the NoIR Camera has a No InfraRed (NoIR) filter on the lens which improves its representative-

ness when performing infrared photography and taking pictures in low light environments.

3.6 Evaluation Metrics

In order to evaluate the correctness of the Book2Speech system, three metrics were

considered: Character Error Rate (CER), Word Error Rate (WER) and Word Information Lost

(WIL) [73]. Such metrics, although generally used in the evaluation of automatic speech recog-

nition (ASR) systems, can be applied in any context where a text-to-text comparison is required,

usually between a reference text (also referred as “ground truth”) and the hypothesis.

CER is based on the Levenshtein distance, which represent the minimum number of edit

operations (character insertions, deletions, and substitutions) needed to correct the hypothesis

to match it with the ground truth [74, 75]. Let Hc, Sc, Dc and Ic denote the total number of

character hits, substitutions, deletions and insertions and Nc the total number of input characters.

CER is defined as:

CER =
Sc + Dc + Ic

Hc + Sc + Dc + Ic

= 1 −
Hc

Nc

(5)
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Similarly, the WER considers the number of word misrecognitions in the hypothesis text,

normalized by the word-length of the reference text. Such metric is sometimes criticized for not

having an upper bound, that is, the error rates for a given recognition can go beyond 1. Notably,

WER also does not consider whether some words may be more important to the meaning of

the message or whether some words might be more predictable than others in a text [76]. To

calculate the WER between two texts, consider the same variables from Equation 5 but at a

word-instead of character-level. In this sense, the WER is calculated as follow, in Equation 6:

WER =
Sw + Dw + Iw

Nw = Hw + Sw + Dw

(6)

The WIL metric does not consider the edit operations necessary to correct the hypothesis

text. Instead, it only takes account of the correct matches H squared proportion divided by the

size (number of words) of both ground truth and hypothesis, Struth and Shypothesis, as shown in

Equation 7:

WIL =
H2

w

Struth · Shypothesis

(7)
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4 METHODOLOGY

Book2Speech was built with the idea of an accessible tool for digitizing and reproducing

the textual content of books through a voice signal for people with visual disabilities. The Rasp-

berry Pi 3 plays the role of the system’s main hardware, which captures the images through its

camera module and reproduces the voice signal through its P2 Jack audio output. The pipeline

of the prototype developed in this work is shown in Figure 11.

Figure 11 – Book2Speech modules.

Source: Author.

Even though it has a direct pipeline, the prototype has a highly customizable command

line interface written in Python 3, providing the more advanced user with several hyperparam-

eters to enable, disable and customize most of the modules present in this work. Appendix A

presents a list with all available Book2Speech command line parameters and flags. This work

was also developed with the intention of being open-source and low-cost, granting access to an

alternative method to acquire the content of books that do not have a Braille version available.

From image acquisition to speech synthesis, each task has its specific module within the

prototype implementation. This makes it possible to test and use the modules individually, help-

ing in the process of developing, maintaining and updating the system. For better understanding,

this chapter was subdivided according to the Book2Speech modules: i) image acquisition; ii)

image processing; iii) optical character recognition; iv) text processing; and v) text-to-speech.

Still, Book2Speech also possess a performance evaluation module, responsible for calculating

the obtained error rate metrics as well as the pre- and post-processing runtime.
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4.1 Image Acquisition

Book2Speech is controlled through a keyboard connected via USB, through which the

user performs the image capture command by pressing a single key. The prototype was designed

to be vertically parallel to a horizontal plane with the support of a tripod or a flexible phone

holder where the target books are simply placed below the prototype in the direction of the

NoIR Camera to be captured. Figure 12 shows Book2Speech ready to perform a image capture.

Figure 12 – Book2Speech supported by a cell phone holder above the book to be scanned. The
system waits for the capture or cancel command to perform an action.

Source: Author.

OpenCV is the library responsible for capturing the images through the Pi NoIR Camera

and pre-processing them before they are analyzed by the OCR module. As it is not a wrapper,

this module is very easy to use within Python. Also, it does not require the C++ version of the

library to be installed on the system, increasing the processing speed.

Such library provides some methods to access any camera that is connected to the com-

puter, like webcams, bluetooth cameras, and so on. This way, the system starts connecting to

the NoIR camera and stays in a waiting state until the user types the “s” key (for shot) when he

wants to capture a new image, or the “q” key (for quit) to exit the program. Once the image is

acquired, its information is transformed into a matrix of gray-scale pixels and then forwarded

to the next module.

Since the prototype is ideally located vertically parallel to a horizontal plane, such as a

table, the user only needs to position the book below the camera to perform the reading, and if

desired, change the pages to perform new readings without much effort. Although not directly

part of the main scope, the user also has the option of providing the path from a previously
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captured image, a directory with several images or a text file with the path of various image

files so that multiple readings can be performed in sequence.

4.2 Image Processing

The goal of the image processing module is to improve the content of the captured image

before it is recognized by the Tesseract engine. To evaluate the performance of the OCR system

under different scenarios, several image processing algorithms were implemented. In this sense,

blurring and thresholding binarization functions were implemented using the methods provided

by the OpenCV library, as well as an improved version of the proposed script by [66] for image

dewarping.

The script for dewarp images, originally written in Python 2, has been adapted to work

with more recent versions of the programming language. As mentioned in Section 3.3.3, its opti-

mization step accounted for over 99% of the execution time within the script, taking an average

of 24 seconds for image correction. It was found that this processing delay was due to two main

factors: i) the script considered many points as text countours, generating many parameters to be

optimized; and ii) the default optimization algorithm, Powell [77], took more time than others

available within the Scipy minimization function, such as the L-BFGS-B algorithm [78].

To work around this problem, the value of the parameter TEXT_MAX_THICKNESS,

which represents the max reduced pixel thickness of detected text contour was reduced from 10

to 6. This way, fewer text contours were considered in the optimization process, reducing the

module’s execution time by about 70%. The other significant change was to make the optimizer

algorithm changeable through the command line, helping in the evaluation of its performance.

It is also possible to disable the optimization sub-step, using only the parameters of the initial

guess (lazy optimization) to perform the curvature correction of the image text. Figure 13 shows

the keypoints estimation output before and after reprojection, as well as the resulting dewarped

and binarized image.

At this point, it is important to note that embedded operating systems like the Raspberry

Pi 3 are simplifications of more robust systems, having most of their functionality reduced to fit

a smaller platform. So, since the conception of the idea of this work we believe that the system

as a whole should have a reduced computational cost, given the specifications of the system

where it would be deployed, but also in terms of user experience, who would not want to wait

too long to get a feedback from the tool.

To perform the smoothing of the image, the algorithms mean, median, Gaussian and bi-

lateral blur were implemented. Since the process of image acquisition, as well as the conditions

of the environment where the image was captured, can generate several noises of different cate-

gories, we sought to implement algorithms that encompassed the most common cases of noise

that could occur.
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Figure 13 – The red points in Figure 13a and 13b are detected keypoints on text spans, and the
blue ones are reprojections through the model. Note that the Figure 13b (final opti-
mization output) has established the page pose/shape well enough to place almost
all of the blue points on top of each corresponding red point. It is also remarkable
how the binarized image with adaptive thresholding manages to segment the text
much better compared to the global threshold shown in Figure 7c.

(a) Before reprojection. (b) After reprojection.

(c) No optimization. (d) Powell optimization.
Source: Author.

Finally, for the segmentation of the images, the global, Otsu, local average, and local

Gaussian threshold algorithms were implemented. Since Tesseract already has an image bina-

rization step, we would like to evaluate its performance with other types of thresholding. Fur-

thermore, given the previously mentioned variables such as the light source and the shadows

that can be projected onto the image, we intend to evaluate the performance of the algorithms

under these conditions.
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The result of the pre-processing step is, in theory, an improved image for the OCR

task, since image features such as characters and page outlines will be enhanced, as well as the

elimination of possible textlines distortions that might occur. Such a diversity of algorithms will

help us in evaluating the accuracy of text recognition preceded by different image processing

pipelines.

4.3 Optical Character Recognition

The OCR module is responsible for generating the text string given the provided image.

This module can receive the original image that was captured, or the pre-processed version,

depending on whether the image enhancement module was disabled or not. The Python API

pytesseract is responsible for accessing the Tesseract engine within the Book2Speech’s OCR

module. It is necessary to previously install Tesseract and the language packages that the system

will utilize. Furthermore, if the user wants to recognize non-English texts and has the target

language package installed on the system, it is possible to change the Tesseract language via the

Book2Speech CLI argument --lang=LANGUAGE.

A certain effort was spent looking for ways to speed up the recognition of the Tesser-

act, which took around 4 to 8 seconds per image. Changing the page segmentation method to

that of previous versions produced poor results in the same way when using the recognition

mode without the LSTM model. However, it was found that Tesseract performs an extra ver-

ification step to check if the input image is already binarized with the background as white

and foreground as black. Such stage can be disabled within the pytesseract wrapper by passing

the tessedit_do_invert=0 parameter to the OCR function, which reduced the execution

time in about 1.5 seconds.

4.4 Text Processing

When the OCR module fails to recognize a character, a recognition error is produced,

commonly causing a spelling mistake in the output text. Such error makes it necessary to post-

process the recognized text before the Text-to-Speech step. In this sense, the goal of spelling

correction post-processing is to detect and correct linguistic misspellings in the OCR output text

after the input image has been captured and processed [2].

Before the text can be corrected, it must undergo a process known as tokenization. In

this sub-stage, the string resulting from the OCR module passes through a sequence of trans-

formations, where multiple white spaces, punctuations and special characters such as ‘\n’ and

‘\t’ are removed. Then, the cleaned string is lowercased and transformed into a word vector. A

modified version of the JiWER library 1 is used to tokenize the reference and hypothesis texts,

1 https://github.com/jvcanavarro/jiwer
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as well as calculating the accuracy metrics of the system.

To perform the frequency-based spelling correction, Book2Speech uses three methods

implemented in the SymSpellPy library: direct lookup, compound and segmentation. The direct

lookup method uses a frequency monogram to correct the words that have been identified as

incorrect. It generates a list of the words closest to the incorrect one (fewer number of editions)

up to a limit number of operations, and then replaces it with the most frequent one.

Instead of looking from a dictionary of correct words to figure out the closest match for

a misspelled word, the SymSpell algorithm [79] flips the problem around by building a map

of misspelled words to a probable list of correct words for up to a predetermined edit distance.

This makes it extremely fast for lookup, at a cost of more computational memory required. In

other words, SymSpell precomputes probable misspellings of the entire dictionary beforehand

to make the lookup much faster.

The compound and segmentation methods perform the joining of word fragments that

have been recognized apart, and the separation of words that have been incorrectly joined, re-

spectively. For both, it is necessary that in addition to the monogram, a bigram dictionary is

provided. Both methods are considerably slower compared to direct correction, either for load-

ing the dictionaries and for the correction process itself, since they also perform the process

of direct correcting words separately. Table 4 presents a correction example of each one of the

methods implemented on the text-processing module.

Table 4 – Direct lookup, compound and segmentation spelling correction methods examples.

Direct lookup Compound Segmentation

Original text
Dictiunary qualiti is paramoomt

for corrctio qualty

Can yu readthis messa ge despite

thehorible sppelingmsitakes

Thequickbrownfoxjump

soverthelazydog

Corrected text
Dictionary quality is paramount

for correction quality

Can you read this message despite

the horrible spelling mistakes

The quick brown fox jumps

over the lazy dog

4.5 Text-to-Speech

The Text-to-Speech module is responsible for generating the speech signal referred to

the text received from the previous step. The gTTS library is responsible for generating the

speech signal from the text by communicating with the Google Translate’s text-to-speech API.

Unfortunately, Google does not provide a TTS engine for local installation, requiring an in-

ternet connection to use its Google Translator API to perform the speech synthesis procedure.

Other TTS engines were also considered for this module, however either the resulting synthe-

sized voice had a very low quality or the engine did not support many languages, like Brazilian

Portuguese. Overall, this is the module that takes the longest to process.
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Once the resulting audio is received by Book2Speech, it is played inside the system for

the user. It is also possible to save the audio locally for later access.
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5 EXPERIMENTS AND RESULTS

This chapter presents the results obtained with Book2Speech in recognizing the textual

content of images. More specifically, evaluation metrics are used to measure the rate of dif-

ference between the text generated by Book2Speech and the reference text of the recognized

image. In order to measure its accuracy, a sample of 100 images randomly extracted from the

ICDAR2015 dataset was used, which is described in Subsection 5.1.

In the tests, the Character Error Rate (CER), Word Error Rate (WER) and Word Infor-

mation Lost (WIL) metrics as well as the total program execution time from the image loading

to the text processing module were calculated as forms of performance comparison.

In addition, it should be noted that, for each image, a single run was performed. This

means that instead of passing a list of images in a directory or in a text file to the Book2Speech

image acquisition module, each image was passed as a single entry. This was done so that the

system would have to reload the OCR engine and the frequency-based dictionaries at each run,

not changing the real processing time.

The testing methodology was divided into two parts. In the first, each module was eval-

uated individually, that is, each image processing algorithm as well as spelling correction meth-

ods were used alone to find which ones obtained the lowest error rates. In the second part, the

algorithms and methods that achieved the best results in the first phase were combined with

each other to form various processing pipelines. In this way, it would be possible to identify

which techniques could achieve the best results together.

The scripts used to generate the results of both phases, as well as the results them-

selves and the list of images used in the tests are available at the Book2Speech repository on

GitHub [10]. Finally, the mono- and bigram English dictionaries used in the spelling correction

methods are also freely available for download at [79].

Unfortunately, given the current pandemic scenario that persists in Brazil, it was not pos-

sible to conduct tests with visually impaired people in order to evaluate the end-user experience

and raise important points for improvement.

5.1 Evaluation Dataset

The absence of large-scale document image datasets is a serious problem that has an

impact on the current state of research in the OCR area. To the best of our knowledge, there are

no publicly available datasets containing images and their ground truth transcription in Brazilian

Portuguese, and the hypothesis of producing a new dataset manually for PT-BR was discarded

throughout the production of this work as generating such datasets is a time-consuming and
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costly procedure [80].

Also, most of the document image datasets we found either did not fit the scenarios we

would like to evaluate, because they consisted of images of cropped text lines instead of whole

pages [81] or were in a format other than plain text, such as XML [82, 83], or were not publicly

available [84].

The 13th International Conference on Document Analysis and Recognition document-

image dataset (ICDAR2015) [85] was adopted to measure the accuracy of Book2Speech, since

it is composed of images that well represent the most common inputs that the system would

receive during personal use. The entire database was generated through smartphone captures

under varying conditions (perspective angles, distances, light and blur), causing geometric and

photometric distortions that hinder the OCR process. Figure 14 shows a sample composed by

8 images extracted from the referred dataset, presenting the notable distortions distinction be-

tween each image.

Figure 14 – Sample images extracted from the ICDAR dataset.

Source: Author.

The dataset has 12100 document images captured from 50 different paper documents

with real content from wiki-books and cooking recipes from Internet. All documents contain

single column text printed with multiple scales, fonts, font-faces and colors. Original content is

mostly English, however some words, sentences and paragraphs have been randomly replaced

with random text generated by lorem and also by other dictionary words. Finally, at least 240

different images are captured per document, those captures are taken using representative values

of different distortions.
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5.2 Individual Results

To generate the individual results for the first part of the tests, all the spelling correction

and image processing algorithms available in the Book2Speech system were evaluated. In ad-

dition, the image dewarp method was evaluated with the standard optimizer (Powell), and with

the L-BFGS-B algorithm, as well as without the optimization process, thus performing the text

curvature correction only with the initial estimation of the page keypoints (lazy optimization).

The L-BFGS-B algorithm was chosen as an alternative optimization method because it showed

good results when compared to other algorithms with the same purpose in punctual evaluations

performed before the present experiments.

Table 5 – Average error rates and runtime per individual method.

Method CER (%) WER (%) WIL (%) Time (s)

No processing (baseline) 22.62 18.53 23.46 4.41
Spellchecking (direct) 22.62 18.53 23.46 6.62
Spellchecking (compound) 24.82 20.49 26.76 10.25
Spellchecking (segmentation) 23.51 19.65 24.95 7.55
Threshold (global) 21.00 17.98 23.94 3.77
Threshold (otsu) 17.53 15.17 19.99 3.94
Threshold (mean) 21.59 17.52 21.67 9.36
Threshold (gaussian) 33.55 25.11 29.49 11.27
Blur (average) 50.02 42.60 46.00 4.16
Blur (median) 18.42 15.79 20.37 5.61
Blur (gaussian) 26.07 20.17 24.91 5.21
Blur (bilateral) 30.56 25.43 29.81 4.50
Dewarp (lazy) 15.16 13.26 17.28 5.73
Dewarp (powell) 14.88 12.76 16.59 10.71
Dewarp (l-bfgs-b) 14.41 12.32 16.07 6.43

Table 5 shows the average results obtained by each individual method, where the er-

ror rate values are in percentage and the time measurement in seconds. Also, the best results

obtained, i.e. the lowest WER, CER, WIP and runtime are in bold.

The lowest error rates were achieved by the dewarping methods, being approximately

7% lower compared to the results without any processing technique, in all metrics. Compared

to each other, they all generated a very similar error rate. However, the Powell optimization

achieved an average run time 4 seconds slower than L-BFGS-B, while the second only per-

formed about 2 seconds slower than “raw OCR” (recognition result without any pre- or post-

processing method).

Still with regard to image dewarping, Figure 15 shows the frequency histograms as well

as the confidance interval of each error metric generated by the dewarping method using the L-
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Figure 15 – Histogram plots of the error rates generated by the L-BFGS-B dewarping method.

(a) Frequency histogram.

(b) Confidence interval.

BFGS-B as optmizer algorithm. Looking at the frequency of the first three bars of the histogram

subplots, it is noticeable that, on average, the evaluated method obtained better results than raw

OCR approximately 73% of the time for all metrics evaluated. Also, the presented histogram

shows that the method was able to achieve an error rate less than or equal to 10% in more than

half of the performed recognitions, according to the height of the first bar. The confidence inter-

val shown above was generated from an iteration with 10,000 samples, with 95% confidence. In

other words, the first confidence interval graph shows that with 95% certainty, given an image

pre-processed with the evaluated method, it will achieve a character error rate between 3 and

25%, with the most likely error rate being around 12.5%.

It was noticed that during the recognition of some images, the dewarp module was not

able to estimate the minimum number of spans needed to perform the pose estimation step.

Since the dewarp implementation has a minimum size in pixels to consider a certain keypoint

as text, it is believed that due to the camera-to-page distance in some scenarios, the text was

captured with a very small size and thus any keypoint was considered. Hence, changing the

minimum text size parameter needs to be evaluated further, since if the minimum value is re-

duced, more false-keypoints may be identified, leading to higher computational cost and lower

accuracy.

Binarization with global thresholding achieved the shortest runtime, followed by Otsu

thresholding. This is due to the fact that both algorithms have low complexity compared to the

other adaptive segmentation methods. Overall, the other image processing methods were able to

improve the results obtained by the OCR module without major compromises in the execution
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time.

It is noticeable how the spelling correction methods ended up increasing the error rate of

the system. On a more individual analysis, we can verify that this was due to the fact that many

times a correct word was either changed because it was not found in the dictionary or wrongly

segmented/compounded into another word. This scenario occurred mostly with proper names,

names of companies, locations, and non-English words. For example, the Italian region “Cal-

abrese” was erroneously replaced by “calaboose”, just as the surname “Heider” was replaced

by “header”. Also, the time it took to load the dictionaries into the memory considerably in-

creased the system’s execution time, resulting in the compound spelling correction being the

third slowest among the methods evaluated.

5.3 Combined Results

For the second phase of testing, only the methods that averaged better or very close to

the results without processing (raw OCR) were considered. The evaluation process consisted

of applying all possible combinations of two or three methods to the same 100 images that

were used for producing the individual results. In total, 28 pipelines were evaluated. Thus, the

spelling correction module as well as the adaptive Gaussian threshold and average/bilateral blur

algorithms were ignored. Table 6 shows the average results obtained by the combined methods.

It is noticeable that none of the pipelines managed to obtain an error rate lower than that

of the dewarp with the L-BFGS-B optimization algorithm in the previous stage (14.4% of WER).

On the other hand, it is noticeable that applying binarization with the Otsu algorithm along with

dewarp generates the best results (15.4% of WER), followed by smoothing the image with

median blur, witch obtained an error rate about 3% higher. Finally, regarding execution time,

global thresholding plus Gaussian blur achieved the shortest runtime among all tests.

Another notable point from the combined results was the high error rate presented by

the pipelines with the global threshold. Even though this method achieved reasonable results

in the first evaluation phase, when used in conjunction with other image processing algorithms,

it led to a very high inaccuracy, averaging 40% in some cases. Because of this, it was decided

to perform a few additional tests switching from the global to the local average threshold al-

gorithm. Table 7 shows the results obtained by the pipelines applying local rather than global

thresholding.

It is possible to notice that, in all cases, the error rate was reduced, especially in scenarios

where the algorithm was applied together with the gaussian blur, having cases where the average

error rate was approximately 25% lower compared to the previous binarization algorithm. In

contrast to the higher accuracy, the preprocessing execution time increased, reaching more than

14 seconds in one pipeline, the longest execution time among all the methods considered.
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Table 6 – Average error rates for each possible combination of the image processing algorithms
that were implemented in Book2Speech that obtained satisfactory results in the previ-
ous test phase, along with the average execution time.

Method CER (%) WER (%) WIL (%) Time (s)

Thresh (global) + Blur (gaussian) 37.67 45.42 41.94 3.11
Thresh (global) + Blur (median) 26.78 33.13 32.81 3.54
Thresh (otsu) + Blur (gaussian) 23.04 28.59 28.96 3.58
Thresh (otsu) + Blur (median) 17.85 21.07 23.69 3.78
Thresh (global) + Dewarp (lazy) 17.37 20.27 23.43 3.98
Thresh (global) + Dewarp (powell) 16.99 19.85 22.54 9.25
Thresh (global) + Dewarp (l-bfgs-b) 16.24 19.32 21.79 4.68
Thresh (otsu) + Dewarp (lazy) 14.31 16.19 19.12 4.13
Thresh (otsu) + Dewarp (powell) 13.71 15.85 18.26 9.41
Thresh (otsu) + Dewarp (l-bfgs-b) 13.27 15.46 17.69 4.83
Blur (gaussian) + Dewarp (lazy) 20.40 25.17 25.39 4.83
Blur (gaussian) + Dewarp (powell) 19.60 24.46 23.99 10.11
Blur (gaussian) + Dewarp (l-bfgs-b) 19.39 24.41 23.86 5.55
Blur (median) + Dewarp (lazy) 16.33 18.88 20.93 5.20
Blur (median) + Dewarp (powell) 15.40 18.21 19.55 10.49
Blur (median) + Dewarp (l-bfgs-b) 15.06 17.94 19.07 5.90
Thresh (global) + Blur (gaussian) + Dewarp (lazy) 37.74 45.34 42.07 3.24
Thresh (global) + Blur (gaussian) + Dewarp (pow... 36.07 43.72 39.80 8.54
Thresh (global) + Blur (gaussian) + Dewarp (l-b... 36.54 44.36 40.21 3.95
Thresh (global) + Blur (median) + Dewarp (lazy) 26.74 33.04 32.94 3.71
Thresh (global) + Blur (median) + Dewarp (powell) 25.69 31.56 31.23 8.95
Thresh (global) + Blur (median) + Dewarp (l-bfg... 25.64 32.14 31.34 4.40
Thresh (otsu) + Blur (gaussian) + Dewarp (lazy) 24.17 29.44 30.64 3.73
Thresh (otsu) + Blur (gaussian) + Dewarp (powell) 23.00 28.18 28.75 9.00
Thresh (otsu) + Blur (gaussian) + Dewarp (l-bfg... 23.16 28.71 29.08 4.45
Thresh (otsu) + Blur (median) + Dewarp (lazy) 18.65 21.63 24.52 3.91
Thresh (otsu) + Blur (median) + Dewarp (powell) 17.60 20.76 22.96 9.20
Thresh (otsu) + Blur (median) + Dewarp (l-bfgs-b) 17.42 20.73 22.74 4.61

Overall, the results showed that even though some algorithms get good results individu-

ally, such methods are very sensitive when mixed together. For example, certain segmentation

algorithms lead to poor results when applied in conjunction with binarization methods, and

vice versa. However, it was possible to prove that even applying some image processing tech-

niques, Book2Speech was able to obtain better results than raw OCR without much increases

in increasing execution time.

Finally, it was also shown how the application of frequency-based spelling correction

in the context of optical character recognition led to suboptimal results. However, other text

correction techniques should be considered, since this is an essential post-processing step for

an OCR-TTS pipeline.
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Table 7 – Average error rates and runtime of mean adaptive threshold combined with other pre-
processing methods.

Method CER (%) WER (%) WIL (%) Time (s)

Thresh (mean) + Blur (gaussian) 16.52 20.25 21.03 6.82
Thresh (mean) + Blur (median) 16.95 20.26 21.70 6.89
Thresh (mean) + Dewarp (lazy) 16.46 19.45 20.61 8.79
Thresh (mean) + Dewarp (powell) 16.41 19.61 20.15 14.03
Thresh (mean) + Dewarp (l-bfgs-b) 15.86 19.13 19.54 9.47
Thresh (mean) + Blur (gaussian) + Dewarp (lazy) 16.39 20.16 20.83 6.91
Thresh (mean) + Blur (gaussian) + Dewarp (powell) 15.58 19.39 19.57 12.19
Thresh (mean) + Blur (gaussian) + Dewarp (l-bfg... 15.90 19.93 19.87 7.61
Thresh (mean) + Blur (median) + Dewarp (lazy) 16.84 19.83 21.79 7.08
Thresh (mean) + Blur (median) + Dewarp (powell) 16.13 19.26 20.73 12.26
Thresh (mean) + Blur (median) + Dewarp (l-bfgs-b) 15.97 19.28 20.52 7.71
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6 FINAL CONSIDERATIONS

This work presented a proposal for a low-cost machine for converting textual content

into audible feedback via synthesized speech. Directed to people with partial or total visual

impairment, this work aims to provide these users with access to the vast knowledge spread

in physical form, such as books and derivatives, given that the availability of haptical written

mechanisms such as Braille are not always plentiful. Initially conceived as a system built on

a Raspberry Pi 3, this work can be deployed in any device with Linux or Mac OS installed,

internet access, and support for image capture and sound reproduction. In adition, the work

developed has an open-source proposal, having its entire system freely available on GitHub for

download and contributions [10].

In general, Book2Speech image pre-processing methods leaded into better results in

comparison to raw OCR procedures. In the tests performed, the average word error rate was

reduced from 22.6% to 14.4% by dewarping the image using the L-BFGS-B algorithm as the

optimizer method, while only increasing the execution time by approximately 2 seconds. The

other error rate metrics considered were also reduced by approximately 7%. In the combined

methods results, Book2Speech was able to achieve an average WER of 15.4% with Otsu thresh-

olding plus L-BFGS-B dewarping, while also maintaining an average runtime of 4.82 seconds,

only 0.4 seconds slower than pure OCR.

On the other hand, Book2Speech spelling correction methods maintained or increased

the error rate of the system. This is mainly due to the fact that the quality of the correction is in-

trinsically related to the quality and representativeness of the dictionary used. The spell-checker

often identified correct words as incorrect ones, these being mostly proper and institutional

names (also referred as named entities), which were not part of the dictionary. Furthermore,

since the images in the test database had words that did not belong to the English language, the

spell-checker ended up replacing them erroneously.

Even as an initial effort, the proposed work proved to be a possible alternative to the cur-

rent assistive technologies aimed at the visually impaired. Due to its low cost, it is expected that

more people with low income or in underdeveloped countries will be able to have access to the

developed system in their daily use, helping in the education and dissemination of knowledge.

It is hoped that in future versions the system will achieve greater accuracy in recognizing

the text of the captured images. It is also expected that new processing modules for both image

and text can be added to the system in order to make it more robust and prepared for the various

environmental conditions that may occur during image acquisition. Finally, we believe that

porting Book2Speech to be compatible with other operating systems and mobile architectures

such as Android is an idea that will add even more value to the work proposed.
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6.1 Future Work

We believe that a prior modification that should be made to the proposed work is to

change the external control of Book2Speech, as it requires the use of the hands. The application

of assistive technologies such as ASR to promote accessibility has been strongly adopted in

recent years. Thus, we believe that a possible alternative to the current keyboard-based control

would be through voice command, where Book2Speech could be used and configured only by

the user’s speech. Such an improvement would also be a differential in comparison to other

works related to stand-alone reading systems, since all products aimed at automatic reading

require the user to have a preserved upper motor skills. Another control alternative would be

the use of external actuators, widely applied in ATs directed to people with impaired motor

skills.

As an initial effort, the proposed work evaluated only the most common image process-

ing methods in the context of OCR systems. The area of image processing is extremely vast

and many other techniques for segmentation, improvement and smoothing of images must be

considered. Some of these are: gamma correction, deskewing (text skew correction), thinning

and morphological transformations [86].

Still with regard to image processing, we believe that further investigation into page

dewarping methods, such as optimization algorithms, text detection and pose estimation tech-

niques, as well as modification of the parameters of the used module are worth remarking on.

Since image deformations and curved pages are intrinsic characteristics of book images cap-

tured from several devices, developing a system prepared to deal with these types of artifacts

is a must. For example, adapting the Book2Speech camera so that it slides over the book, cap-

tures various images, and then stitches them together to form a panorama of the book’s content

should be a considered adaptation.

It was observed that the spelling correction methods used in this work did not produce

good results. Thus, it is necessary to consider other correction techniques, especially those that

consider the general context of the sentence to perform the replacements. In this sense, solutions

in the area of natural language processing and machine learning should generate more satisfac-

tory results. For example, using a n-grams or a Recurrent Neural Network (RNN) language

model can be applied as general context analyzer.

Currently, Book2Speech needs an internet connection to produce the speech signal refer-

ring to the recognized text. In this sense, as future work we should consider other TTS engines

that can be installed locally on the system so that it can work completely offline, removing the

need for a stable connection and speeding up the speech synthesis process.

Regarding the overall implementation of the system, we believe that applying thread

parallelization methods and translating the system source code to another compiled language,

such as C++ or Haskell, should speed up the overall runtime of Book2Speech. Furthermore,
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since the compiled file of the aforementioned languages is supported on any type of operating

system, such a modification would turn Book2Speech into a multiplataform program.

Regarding the equipment used, we point out that using other more flexible methods

to support Book2Speech may help with the portability aspect. The cell phone support used,

despite being very extensive and easy to attach to tables, is not very flexible, making it difficult

to adjust the angle and distance between the prototype and the plane. Another less important

aspect would be to use one of the cases developed for the Raspberry Pi 3 board, because besides

protecting the hardware, it helps to keep the camera fixed in a certain angle.

We also believe that some difficulties may also arise regarding the alignment of the book

below the prototype camera, leading to poor recognition results. A possible solution to this

problem would be to adapt a small platform below Book2Speech, delimiting the place where

the camera is focusing, as done in other commercial and acamedic works, such as in [18, 23].

Still, research should also be done on other metrics aimed at evaluating the performance

of OCR systems, such as those proposed in [75, 76, 87]. The performance of Book2Speech

should also be evaluated in relation to the recognition of double pages, since such a procedure

would speed up the book digitization process.
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APPENDIX A – BOOK2SPEECH PARAMETERS

At the beginning of Section 4, I commented on the flexibility of Book2Speech as a com-

mand line interface, providing users with the ability to configure the various modules present in

the work. This appendix presents the parameters and flags supported by Book2Speech as well

as an explanation of their purpose.

Listing A.1 – Book2Speech command line parameters and flags.

Usage:

python core.py [PARAMETERS] [FLAGS]

Basic Parameters:

-i --image path to a previous captured image

-t --text path to the reference text (required if

the metrics module is enabled)

-m --monogram path to the monogram dictionary to be

used in text correction

-b --bigram path to the bigram dictionary to be used

in text correction

-o --output path to store the resulting text

Flags:

--dewarp enable page dewarping submodule

--play-audio play the resulting audio

--disable-tts disable the TTS module

--improve-image enable the image processing module

--confusion-matrix plot a confusion matrix referring to the

missrecognized characters

--calculate-metrics calculate display the CER, WER, WIL and

WIP error rate metrics

-s --save-results save the resulting processed image

-v --verbose shows program messages in terminal

--debug save resulting metrics and runtime in a

separate file

--help show this message

Advanced Parameters:

--lang [eng, por]

--correction-mode [direct, compound, segmentation]

--transform-mode [reduced, default, extended]

--blur-mode [average, median, gaussian, bilateral,

disable]

--thresh-mode [global, otsu, mean, gaussian, disable]

--optimizer [Nelder-Mead, Powell, CG, BFGS,
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Newton-CG, L-BFGS-B, TNC, COBYLA,

SLSQP, trust-constr, dogleg,

trust-ncg, trust-exact,

trust-krylov, disable]
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