Text Localization for Unmanned Ground Vehicles
Allan RichardKirchhoff

Thesis submitted to the faculty of Virginia Polytechimstituteand State University in partial
fulfillment of the requirements for the degree of

Master of Science in Mechanical Engineering

Alfred L. Wicks, Chair
JohnP. Bird
Devi Parikh

June 202014
Blacksburg, VA

Keywords: Optical Charact&ecognition, Unmanned Ground Vehicles, Stroke Width
Transform, Stroke Filter, Adaptive Thresholding, Machine Vision, Robotic Perceptamhine
Learning, Support Vector Machine



Text Localization for Unmanned Ground Vehicles

Allan RichardKirchhoff

Abstract

Unmanned ground vehiclégdGVs) are increasingly being used for civilian and military
applications. Passive sensing, such as visible cameras, are being used for navigation and object
detection. An additional object of interest in many environments isText.information can
supplementhe autonomy of unmanned ground vehiclesxt most often appears in the

environment in the form of road signs and storefront signad hazard information, unmapped

route detours and traffic informati@meavailableto human drivers through road sigRPsemade

road maps lack theseaffic details, but with text localization the vehicle could thle

information gapslLeading text localization algahms achieve ~60% accuracy; however,

practical applications are cited to require at least 80% accutaty [

The goal of this thesis is to testistingtext localizationalgorithmsagainstchallengingscenes
identify the best candidate and optimize it for scenes a UGV would encdeidsrising text
localization methods were testagainst a customatasecreated to best represent scenes a UGV
would encounter. The dataset includes road signs and storefront signs against complex
background. The methods tested were adaptive thresholding, the stroke filter and the stroke
width transform A temporal trackingproof of conceptvas alsdestedlt trackedtext through a
series of frames in order to reduce false positives.

Best results were obtained using the stroke width transfetimtemporal trackingvhich

achieved an accuracy @%%. That level of performancapproaches requirements for use in
practical applicationd/ithout temporal tracking the stroke width transform yielded an accuracy
of 46%.The runtimewas 8.9 secondser imagewhich is 44.5 times slower than necessary for
reattime object trackingConverting the MATLAB code to C++ and running the text

localization on a GPU could provide the necessary speedup.
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Chapter 1

1 Thesis Summary

The purpose of this thesis is to create a text localization algooiptimizedfor Unmanned

Ground Vehicles (UGVsWWhen combined with existing UGV hardware and Optical Character
Recognition (OCR) technology, text localization allows for reading road signs and similar text in
complex scenes. Human drivers heavily rely on road $ansavigation and hazaalvareness

but current UGVs are blind to text informatidrext localization can be used on military

vehicles for improved hazard awarernaasigationand on commercial vehicles for improved
navigation in unpredicted or unmappegisariosText localization also has nanGV

applications, such as, allowing blind persons to read and text translation for tdtnisthesis
describes the process of surveying existing text localization algorithms, selecting the most
promising for exprimentation in a UGV environment, implementing the algorithms using
MATLAB and testing their performance on multiple datas&ext localization is an image
processing step necessary for text recognitiamatural scened ext localization segments a

natural scene into text and ntext regions. The text within the regions can then be identified
using text recognition. Text localization for natural scenes poses a significant problem because of
the variety and complexity of the sces®d the textBackgound textures often exhibit patterns
similar to that otext. Text within natural images also varies significantly in its size, color, font
and orientation.

This thesis proposes a potential solution to text localization on UGVs; however, more work
needgo be done before it can reliably be used on UQWe best performing algorithm on
individual images was able to identify approximately half of the text in challenging scenes
containing road signs and storefront signs. The use of temporal data wagalsmenxted with.
A proof-of-concept test indicated thatilizing temporal data can reduce falsesitives
dramatically while preserving trygositives.Combining the best performing text localization
method tested with an improved temporal trackitgprithm has the potential to produce a
reliable text localization method for UGVs.

1.1 Background

OCR, the ability for a machine to identify text and figures in an image, has been an ongoing area

of research since the 19 2 docdusmenidigfizatofmppl i cati on
manufacturing quality assuran@nd autonomous vehicle navigatitddany of these applications

have structured and predictable environments which make OCR less difficult. OCR in these
structured environments has been fairly well solvedFor exampl e, Googl ebs

engine ha®8-99% chaacter recognition accuracy a@8-97% word recognition accuracy for
printed binary texts [3]. However,many environments where OCR is needed are not structured.
Specifically, in autonomous vedhé applications the text is often unstructured in its orientation,
color & location. Obstructions and environment are highly variable for these applications and
thus increase the difficulty of identificatiofiext localization is a necessary image prepssing

1



step to OCR for complex scenés increasing variety diext localizatiormethods are being
explored to handle these unstructured OCR applications.

1.1.1 Previous Work in Textocalization

Previous work in text localization has tested a myriachethods with steadily increasing

success; however none have performed well enough to be used in practical app[#@tions
Leading algorithms achieve approximately 60% accuracy where practical applications are cited
to require at least 80% accuracy [49].

Several text features can be used to isolate text from the background. Text features commonly
used for segmentation include edges, pixel intensity and texture. Different features perform
better in different environments. Text localizing algorithms apecally optimized for a type of
environment. Relatively little work has been done on optimizing algorithms for UGV specific
environments. This is because natural environments are far more challenging. Complex
backgrounds have many potential backgroundatbjnat may have textures and edges similar

to text.

UGV text localization in the past has focused on reading licenses plate and road signs. The best
two performing methods used in UGNKe scenes are the Stroke Width Transform (SWT) and
Maximally StableExtremal Regions (MSER). SWT relies on edge information while MSER
relies on intensity information. SWT finds continuous groups of pixels with similar intensities
whose edges are all equidistance from each other. In other words, the width of an olijeet mus
constant throughout the object. The logic behind SWT is that natural objects vary in width while
printed text characters do not. MSER also finds continuous groups of pixels with homogenous
intensities, but identifies text based only on intensity mfion. Once regions are identified,
MSER segments pixel groups that have a high intensity difference from its surrounding
background. Both SWT and MSER are currently able to identify about 60% of text in simple
natural scenes. That level of accuracy isemmugh for practical applications, but for simpler

cases they have been used successfully. MSER has been used for license plate detection in
natural scenes. License plates are relatively easy to read because the text style is consistent.
Reading licens plates using MSER has been done with 83.3% accuracy [30], which is good
enough for practical applications. This technology is already being used for practical
applications, such as, automated vehicle ticketing. Many toll roads allow for drivers toimainta
speed while driving though tolls by giving each driver an RFID tag that is identified as they drive
on the toll road. Drivers without the RFID tag are identified using automated license plate
reading software. Google maps also uses license plate icietdifi to ensure privacy by blurring
license plates in images taken for Google maps. Practical use of text localization in natural
scenes is limited to license plate detection, but has steadily been improving since the first
international text localizatiocompetition held in 2003 where the top performers only identified
40% of text 9.



1.1.2 Text Localization for Autonomousahicles

Navigation and hazard awareness of autonomous vehicles can be improved using text
recognition OCR couldaugment information gathered by other perception technologies to
provide a clearer understanding of the environmmiethora of information is available to a
human driver while navigating via signs and text. Highway signs indicate heading and location,
warning signs alert drivers of hazards unique to a stretch of road, buildings identify themselves
and unique vehicles can be identified with license plate information. This information is often
unattainableéhroughprior knowledge and helps the vehicleaet® a dynami@andunpredictable
environment.The ability to identify norstandard signs and textatsovaluable forreading a

larger variety of textsuch as store front signs

1.13 Text Localizationn Unstructuredcenvironments

Structuredext, such as the text on license platss;learand hagpredictable positions, fonts

and orientations. These environments niake localizationeasier as general rules can be
followed andfewerunknowns are present. Less structured environments goraastandard

signs where size, font, color and orientation are highly varidble text that UGVs would want

to read is often embedded in these complex environméniloor environments also introduce

a greater poterdl for false positives since tm®ntext objects in the image are numerous and
unpredictable. Handling the unknowns in the environment requires extra steps to get from the
image to a binary character set that can then be identified with more proven mBdutaise
thereare somanyunktnrnns a fAsecond passoO method can be
characters that were identified with high confidence is used to identify the characters with low
confidence.

1.2 UGV Applicationghat Could Benefit from Textdcalization

UGVs offer advatages over manned vehicles in military and civilian automobile applications.
Military UGVs take the human driver out of dangerous environments, thus saving lives. Military
UGVs also free up a driver to focus on combat or more important[@&k<ivilian UGVs

have huge potential to improve quality of life by freeing up time spent by drivers in transit,
allowing vehicles to transport themselyggreasing safetgndreducing traffic With major
automobile manufactures predicting fully autonomous commerehacles by 2020

opportunities are ripe for developing algorithms to assist in vehitnomy[55]. Text

localization has potential for use in both military and automobile UGV applications

1.2.1 Text Localization for Commercial Vehicles

Text localization on autonomous commercial vehicles could provide navigation assistance by
reading road signs and store front signsunmapped areas text localization would identify road
namesand other traffic information. Howeven@nomous vehiclesiWlikely use premade

maps whereeadingroad signs is unnecessary [5SBremade maps are inadequatesome

scenarios where the traffic signs were added recently or where unmapped information is needed.
Text localization canlw vehiclesto respondappopriately in these scenarios.



Unpredicted traffic flow changes, such as detauremporary road hazardsould require
autonomous vehicles to adapt. Text localization could improve the \@hielponse by
gathering text information about the changantén drivers are alerted temporarychanges in
traffic via signs that, with text localization, autonomous vehicles could also read.

Premade maps are also likely to fail in scenarios where detailed information is required. Less
critical information, suclas signs indicating parking spots, fire lanes and store information, is
unlikely to be included in premade maps. Autonomous parking would require that the vehicle
distinguish appropriate parking spots from restricted spots. Text localization could resd sig
restricting parking and avoid those spétdditionally, store front signs contain useful information

for drivers, but araunlikely to be available in premade map®r example, the vehicle could
identify whether the destination is open or clodeigure 1 shows examples of signs that are
unlikely to be in premade maps, but could be read using text localifafipn

PARKING
8:30 AM
105:30 PM
—

A\ Z

a2

Figure 1. Examples of road signs that are not available in premade maps, but contain
valuable information.

1.22 Text Localization for Military Vehicles

Autonomous military vehicles stand to benefit from text localization where maps are unavailable
or hazardous conditions are preséhépsof combat areas may be outdated or-egistent Text
localization could asst in navigation by reading road sigi@gns indicating hazardous terrain

or combat areas would also be of interest to militadyicles.

Military vehicles are likely to encounter foreign languages when depl&esatlingand

translating text in foreigrahguagess not only beneficial to the vehicle, but also to the
operatorsFortunately, text in all languages shares the low level traits that text localization looks
for. Languagendependence allows fanetext localizationalgorithmto identify foreign
languagesvithout needing to edit thalgorithm

1.3 Other Text Localization Applications

Text localization used on UGVs could be used for any application where text is found in
complex natural scenelBotential applications include assisting the visuiatipaired and
translating written languag¥isually impairedpersonsan geprintedtext information without
using brail.In one study the blind persom®re glasses with an embedded cam&et
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identified in the imagevas read to the person audihg]. The text could also be read at a
distance as opposed to brail which can only be read up close.

Translating written language is another application for text localization. Tourists in foreign
countries can translate text written in the fondignguage without typing the text. Currently, an
Android and iPhone application called Word Lens performs written text translation using only an
image. Figure 2 shows the software in action.

BIENVENIDO
AL FUTURO

Spanah 10 € in |
-

} WeELcome ¥
e ¥

Figure 2. Written text translation uses text localization tohelp translate foreign languages.

1.4 Autonomous Vehiclé@erception

An autonomous vehicleds percepti olmstsogemts or s pr
itself and find a path to its destinatjgossibly utilizing priori information and/or maps
Regardlessf how that information iprocessedan autonomous vehicle can only understand its
environment to the extent that its sensors allow it to. A tremendous amount of information is
available via several mediums all with different detection dewigededCommonexample
areLIDAR whichactively emitdnfrared light andneasures théme of flight to estimate

distance to thebjectwhile a visible light camera passively images the ambient ligght

outside of the visible spectrum also providdsrmation ugful for object identification,

although thossystems are less commadature provides many mediums for information to be
passed through. This is clear when identifying perception techniques used by animals. Some
animalsuse electric fieldert he Ear t h 6 sfororergation {10]la both naurednd
machines, all sensing techniques fall into one of two categories: passive orldntigestanding

how UGVs currently collect information on their environment is critical to understgundiw

text localization can best be integrated with current UGV perception systems. It is preferable for
text localization sensors to be the same as perception sensors already present on UGVSs.



1.4.1 Active Sensing

Active sensing is where a signal is ek from the vehicle/animal and the reflection is used to
measure the environment. A batodos echolocation
pulses of high frequency sonic waves and listens to the refleclibeasound waves time of

flight and angle of reflection give the bat a picture of the environment. LIDAR works on the

same principle, except that an infrared wave is usemire5 shows a false color pointaud

generated by a muiplaneLIDAR.

Figure 3. A false color point cloud generated by a multplane LIDAR. The road,
pedestrians and other vehicles reflect the L
calculations yield a 3D point cloud. Used under fair use, 2014

Citation: The Velodyne High Diafition LIDAR (HDL) Grabber PCL

All MLVT autonomous vehiclassed active sensing ftire majority oftheir perception.

Specifically, LIDAR was used to map the terrain and detect obst&ciesar active sensing
technologies are Sound Navigation &ahging (SONAR) and Radio Detection and Ranging
(RADAR). Active sensors have a reliable history, have long range capabilities and return dense
data.Unfortunately, active perception does have some drawb@bksdata returned only

provides a point cloud i8D space, which does not help in differentiating similarly sized and
shaped object$:or example, a prone human and a log of the sameaw®t be differentiated
between because there is only size and shape information provided by active sensing.
Additionally, the signals emitted by an active sensor are easily detected by outside observers.
While this is irrelevant in civilian applications ita@ssastrousn a military scenario. Imagine

ground troops attempting to move unseen through hostile terwitina vehiclethatlights up

the infrared band with its LIDAR. The enemypuld simply have to observe the infrared

spectrum to see the bright LIDAR beacéwtive sensors are alsxpensive when compared to
the vehicle. Googl e useadr’ohod ibARgipncenona |l i an v eh
Toyota Prius that costs $25,000 [1EQr these reasons, passive senkagbeen increasingly

the focus of perception systems for autonomous vehiOIER also dependm passive sensing
systems



1.4.2 Passivé&ensing

Passive sensing measures a wave or signal that is present in the ambient environment without
any input from the system. Traditional visible light cameras work on this principle by recording
the visible light that is already present in the envirentiThe light reflected on the various

objects carry information about that olijesuch as, color and intensity. In natyassive

sensing is the most commoirithvvision. Hermit crals live on the ocean shore where waves often
pick up the animal and makiee force ofgravity a poor indication of up and down. To combat

this the hermitcrameasur es the Earthds magnetic field,

waves, to determine which wayssuth While visible light (400nm to 700nm) is the most
common passive sensing method others provide additional information, such as, infrared and

ultra-violet. Passive sensing does not suffer the drawbacks that made active sensing undesirable,

butat the same timmtroducedifferent problemsVisible andinfrared cameras cost orders or
magnitude less than active sensors, are completely covert and griphd#ensitydetailed color
and intensity informatiorHowever, this plethora of data is more difficult to decipher and is
more susceptible to noise thactive sensing methods.

Successful applications of passive sensing to identify objedtsde Normalized Difference
Vegetation IndexNDVI1), stereo visiongbject classificatio® OCR.NDVI is a technique that
identifies vegetation from newegetation. VI requires a visible and infrared camera and
minimal processingThe difference betwedheinfraredintensity and visible red intensity
generates a ratio that is unique vegetatidIDVI is a very convenient method for object
identification GUSS implemeteda basic NDVI system to reduce false obstacle detection with
good resultsNDVI succeeds where LIDAR does rastd requires few computational resources;
however, broader object identification methods require more information and more complex
algorithms

Stereovision estimates an objects distance, similar to LIDAR, but usieglisparity between

two visible cameras rather thani g time 6f flight. Stereo vision takes two images
simultaneously from adjacent points. Each camera sees the same obpedassfightly different
perspective. The difference in these perspectives is called disjpagilye4 shows how two

cameras experience disparifhe magnitude of the disparity is inversely proportional to the
objects distancaVith many sets of imagd®/o visible cameras can create data similar to what is
collected by a LIDAR. Like LIDAR, a-® point cloud giving object size, shape and distance is
produced with stereo vision. Unfortunately, stereo vision only works for short rdngegure
mostanimh 6 s stereo vision is only good up to 2
this range, but beyond 17 meters the disparity is too small to detect even at high resolution and
high cameraeparations [12]Also, stereo vision is susceptible to nomgich reduces the

accuracy of the distance calculations.
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Figure 4. Two adjacent cameras see the same object from different viewpoints which
creates disparity between the two images. That disparity is inversely proportional to the

objects distance.

Object classification, something LIDAR provides only a limited solutdpranbe done with
visible camerad.IDAR is limited in its object classification with size, shape aniéntation
information Visible cameras can detect color, texture and smgctsnot seen by the LIDAR.
This additional information can determine if an obstacle can be driven through, or must be
avoided.Object recognition using passive sensing often employs machine learning. Machine
learning takes human labeled examples of abjgc a n d
The object is broken down into basic quantitative components (descriptors) which can be
compared to those of unknown obijects for identification.

Al

earnso objeads di ffer

Integrating text localizatioon existing hardwares important because it minimizes the cost of
adding text localization to vehicles. Text localization relies on visible cameras which already
exist on autonomous vehicles using passive senBinig.means that no new hardware will be
needed to implement text locadtion on most existing vehicleglachine learning algorithms
currently used for object detection on UGVs can also be used for text localiZBiein
localizationcan bé@ t a u g h &xbregiohdaock like. OCR descriptors differ from object
descriptorsbut the matching algorithms are simil&@ext localization can benefit from previous
work on machine learning rather than creating entirely new algorithms.

1.5Thesis ProblenStatement

Building on perception methods for autonomous vehitées,localizaion will be explored and
implementedspecifically for UGVs to read street signs and other text within their environment.
Thetext will be identified but the comprehension of the text is another problem entirely and will
not be discussed in this thesisLWII has set a starting point for how the data will be collected
and how environmental information can be used to assist in autonomous rakiigkgion.The

focus of the application of this text localizatispstem will be tweaked specifically for UGVs

smi |l ar to MLVTO6s UGVs.

1.6 Thesis Content/Overview

Chapter 2 is a literature reviewthie OCR software callefiesseract, which is currently thest
open source OCR software availabtalso coversa breadth of existingext localization
methodghat could be applicable to UGV environments. The necessity qfrpoessing natural
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scenes with text localization before applying OCR will be explained. A brief history of OCR will
also be covered.

Chapter 3yoes into the specifics of how the tested tezalizationalgorithmswork and how
they were implemented using softwaltealso explains what software was used for
implementation and why.

Chapter 4 explains the experimental setup. It explains the selection and creation of the trial
datasets. It atscovers how the performance of different text localization methods are quantified
and compared. Lastly, it explaittee proofof-concept test which examines the usefulness of
temporal data.

Chapter 5 covers the results from the experiments and trialisglin Chapter 4.

Chapter 6 discussthe conclusions drawn from the results and what future works needs to done
before the text localization algorithm can be used reliably on a UGV.



Chapter 2

2 Literature Review

This chapter reviewsurrent literature on how OCaénhd text localization haveeen solved in the
past and howthey have been applied previoudhywill also explain the necessity of text
localization before OCR can be applied.

2.1 OCRI A Brief Overview

The earliest genuinattempt at OCR was in 1914 [13]. The Optophone was designed to allow
blind people read individual printed characters without using Braitle Optophoneorojected

light onto a character and a selenium photosensor would detect the magnitudeamidightch

that with a character. A sound would indicate which letter was read. Initially it was exceedingly
slow at 1 word per minute, although later models achieved up to 60 words per fdhjute.

The first commercially successfOICR system was developed i858 by David Shepard. Called

AGIi smoo, the system c ou bybrute aeachasattdry-clZatcteEn gl i s h
template matchingt was used to read credit cards printed with the Farrington B numeric font,

which was invented by Shepardit@reaserecognitionreliability. Although credit cards have

long moved on to magnetic strips to carry information, the Farrington B font is still in use today.

[15]

The firstsuccessfualphanumeri©CR systemwas the IBM 182 nvent ed jwhicht he 19 ¢
was based on a t ec hnThdappjcatiorss ofrhis teehnologybegé&hh ep ar d 6
expanding to automated banking and mail sorfiings technology was limited to a fixed font

where any change in font could not be handledustrial applications wdre multiple fonts

needed identifying drove the technology to be developed to achieve omnifont recognition.

10
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Used under fair use, 2014.

Citation: Introduction to IBM data processing system&shington: [U.S. G.P.0.], 1966.

The brute force method could not handle more than a few fonts because of the computational
requirement needed. More advanced feature extraction was needed to dentfiters

regardless of fonifThese features that identify characters are the samelleggnf thefont. The
most common features are line segments, concavities and Adbplaracters are made up of
some unige combination of these features and feature extraction is relatively cheap
computationally.

Ray Kurzweil 6 s ReeasedinP7Mpandused featuve &dractior that had
to be trained to identify characters of any fdrite training process took several hours and only
nine fonts could be read at any one tiffiee technology was primarily used for converting
printed reords toadigital format K u r z wapprdadh ®f pattern recognition is still the basis of
OCR today, Bhough it ismore sophisticated.

2.2 Omnifont Feature Detection

In order to recognizkettersof any font the features of thiettermust becharacterizedLine
segments, concavities anafs are the most commonly used because of usefulness and ease of
detection Extracting these traits require an image that is binary and free affvawacter objects.

It is important to understand how the O&&ttware identifies text so that the text localization

can output something readable by the OCR. The next two sections will explain how OCR
software deals with objects in the imag@®e third section will discuss why those OCR methods
fail in natural scees and how prprocessingmages can allow OCR to work for natural scenes.
There are many methods of OCR; however, currently the best performing free OCR software is

11
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Googlebs Tesseract. I't is the most | iLKTely OCR

For thisreason Tessert 6 s met hodol ogy wi | | be the focus.

2.2.1 Text Base Line Detection

Most OCR systems can only read characters that are upright and facing perpeindibalar

image If the perspective changes even slightly the OCR system can fail. Printed text and
especially outdoor signs will be viewed fromaryingperspective and need to be altered before
the OCR system attempts to recognizéiskewed baseline is the most aown perspective

change for text reading OCR, but for outdoor OCR the problem is amplified by a third dimension
of possibleperspectiveehange Additionally, the characters identity often depends on its relative
position on the baseline. This makes the lnas®f the sting of characters critical to identify

before the rest of the OCR system can proceed.

For baseline detection OCR generally starts be identifyingaheecteccomponentgCCs), or

the individual characters that make up a watds is done P identifying the centroids & sizes

of contours and matching similar contours toget®erce grouped the baseline of the CCs is
created based on contour centroids and bounding box dimensions. The lowest points on the line
are fitted with a quadratic splin& quadratic spline is a polynomial function that approximates a
smooth curve and is useful for quantifying the distortion of a basé&ligere6 shows an

example of a line of charactdveing fit by multiple splines for baseline approximation.

YVaolume 69, pages 872=879.
Figure 6. Quadratic splines approximating a skewed baseline of a line of text. This

guantifies the characters skew and is taken into account for character identificatiotJsed
under fair use, 2014.

Citation: Smith, Ryan. "An Overview of the Tesseract OCR Engine"

Tesseract 6s basel i n@%suceess ratk &t twoadimensional skapgo a 9 8 .
+30 degreesHowever, baseline skew in the third dimension is not accounted for by OCR. Depth
information is not collected in a single image dimereforeskew in the third dimension is not

accounted fof22]. Work has been down to account feb3skew using information from a

single image, but it is only successfuMmll-structuredenvironmentg$23].

2.2.2 Character Detection

Tesseract employs multipprocesses fatharacter detectiof3] each building off the othelt

the image is clear and each character is a discrete contour then Tesseract proceeds directly to
character classificatiomlowever, less clear images with joined or brokkaractersieed

different processing before character identification can béutrally Tesseracattempts to

identify if the characters are fixed pit@tharacterareequally space apart). Figureshows a
fixed-pitch word and where Tesseract separates each character

12
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Figure 7. A fixed pitch word that is separated into individual characters using Tesseract
Used under fair use, 2014.

Citation: Smith, Ryan. "An Overview of the Tesseract OCR Engine"

If a word is not fixed pitch andharacters areot discrete theojned characters must then be
separated for identification. Concave vertices of a polygonal approxintegemmecandidate
separation pointsetween characters. The chosen separation point starts near where the character
is estimated to end. Then the cltdeas are identified and if the identification confidence is low,

a different separation point is chosen until a high confidence is yidtdpde 8shows an

example of separation point candidates on joined letters.

%

Figure 8. Letters bleed togetherinh e wor d 6ar mdéd. Candidate | ette
marked at letter concavities. The separation points that yield the highest confidence letter
identification are chosen Used under fair use, 2014.

Citation: Smith, Ryan. "An Overview of the Tessel@@R Engine"

If any of the above mentioned methods fail to generate high confidence characters, then each
contour is assumed to be part of a character, not a full character. These partial characters are then
searched for possible combinations that yieldhtugnfidence letterszigure 9shows an example

of a word with broken characters which are associated with each other to build full letters out of

relOrms

Figure 9. An example of broken letters. Tesseract identifies these by searching for coats
that when combined generate high confidence letterslsed under fair use, 2014.

Citation: Smith, Ryan. "An Overview of the Tesseract OCR Engine"
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2.2.3Feature Based Character Classification

Fontinvariant and sizénvariant features are extracted from each letter for
characterization. Tesseract uses straight edge features that are defined by their height, width,
position and angle.
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Figure 10. The edge features that make up an ideal (left¢tter being matched to an
unknown | etterdés features (middle). Each fea
classification confidenceUsed under fair use, 2014.

Citation: Smith, Ryan. "An Overview of the Tesseract OCR Engine"

An unclassified charaer typically contains 5000 features [19]The set of features is then
compared to a known letters feature set where the letter with the least difference between
features iselectedTesseract also has limited linguistic analysis and an adaptive ielgssif
however, those are beyond the scope of this research. Text localization methodsasaly be
optimized for static classification, but adaptive classificasamuch more difficult to
implement.

2.24 PreProcessing Required for Complex Scenes

The reed for preprocessintatural scenes before using OCR software is made apparent by OCR
performance on natural scenefgurells h o ws T e s s givea antindage adbstraetp u t
sign The large amount of netext objects in the scene cause Tesseract to output gibberish,
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Figure 11. OCR software typically assumes the image contains only text anccanstant
background dissimilar to the text. When applied to natural scenes the text detection fails.
Here Tesseract returns gibberish given a picture of a street sign.

As discussed in Section 2.2, OCR software has strengths and weaknesses that sHarid be ta

into account when developing a text localization solution. Since OCR is robuBt totation,

broken characters and joined character the text localizer does not need to address these issues in
pre-processingHowever,OCR softwareeannot handle neohamcter contours in an image.

OCRs typically attempt to classify all contours or blobs as characters [19]. This is not an issue

for reading text from scanned documents whereai@racter contours were rare; however,

natural scenesftenhave more noftharacter contours than character contdde$ore being sent

to the OCR software, the image mbstreduced down to its texinly componentsTo get the

best result from the OCR software any fiert objects should also be removed from tiaxt

regions.

Figure 2 shows a cropped, binary imagentainingt he wor d ¢ Tmagein Figuref r om t h
11 Where Tesseract previously failed, it now seeds because of ppeocesmg.

Tesseract OCR Output:

Trail

Figure 12. Tesseract OCR successfully identifies the same text af
pre-processing.

The goal of text localization is to identify the bounding box around each text region and
eliminate any no#text objects in that bounding box without reducing the qualityef th
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characterslnputting the simple prprocessed image into Tesseract will allow for high word
recognition ratesimilar to the high recognition rates of simple scanned text.

2.3 Text Region Detection in Natural Scenes

For natural scenes, such as what aUuld experience, filtering the text containing regions
from the rest of the image presents an additional challenge to &Ciscussed in Section 2.2,
OCR software like Tesseraotedsa binary input where netext objects have been removed.
Scale, orentation and joined/broken letters do not need to be addressed because Tesseract
already handles those problertentifying text regions in a natural scene is #tawial.

Repetitive textures andreng edges in the image appsamilar to text. Many text features

which remain constant in a controlled environment are unpredictable in natural scenes. Text
orientation, font, size, lighting and obstructi@mre often greatly varied betwetxtsin the same
scene.

2.3.1 Text Features

Text features typically have a uniqgue combination of texture, edges, corners and Connected
Component Analysis (CCAR4]. These features are often partly shared with background
objects. For example the busy, high energy texture of text is similar taatiegedr a brick wall
where a busy texture is repeated. No single trait accurately isolates text fromekheondor

all sceneshut thecombinations of these features areque to text.Figure13 shows how the
combination of features allows for a leaccurate text descriptor.

I

{coa

T
| Edee -'| Text .II.III: Texture |
Corner e

Figure 13. No single trait accurately isolates text from the background, but the
combinations of thesdeatures are unique to textUsed under fair use, 2014.

Citation: Liu, Qifeng.Stroke Filter For Text Localization In Video Imag2614

2.3.1.1 Texture

Text can be identified as having a unique tex
tendency to have dense horizontal and vertical edges. Text texture typically hasdrgh25]

response to texture filters compared to the background which has a lower edge Admgity.

energy response indicates that there are many edges, or changes in intensity, in a region. Text
produces high energy because it has a very different itytdresn the backgroundsenerally

texture identification strategies first employ a set of linear filgush as, the Gabor filter to

identify regions where the edges are dense and g26ihgrhe linear filter is followed by a nen
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linear transformatiomwhich is applied to each pixel. A popular examplé i&®@ 0[26]. The

local energy of the response is used as a feature to describe the pixel in the original image. Each
filter creates a new matrix of the size of the original image where eaclcpixespondso the
originalimage pixel. Each pixel in the original image is chemazed by a feature vector that
containsn features, whera is the number of linear filter responses calculated.

A machine learning approach is then used to classify each pixel as texttexnhbased on its
feature vector. Texturdtering typically has a low falseegativeclassificationrate, but has a
very high falsepositiveclassificatiorrate.Figure14 shows an example dbw a text texture
approach highlights the text in two different scenes. When applied to the image with a low
energy backgrund (a) the response (b) is strong for the text, but not for the background.
However, when applied to the image withighly textured backgroungt) the text is still
highlighted, but so is significantlevel of noise from the textured background.

Texture filter

GARDEN PATH AT GIVERNY (GUANRIDIIANY 10XXIQL AN @INAKIRINNY
( (OIVAWID NI NTHTE

(a) (b)

¥

EMERGENCY LVITNQITN GV

Texture filter | ( )

DOORIGONTHROI

(c) (d)

Figure 14. Text has a high response to texture filter, but background textures ca
introduce false-positives. Depending on the scene a texture filter alone can fail (
due to many falsepositives or succeed (d).

2.3.1.2Edge/Corner

Text generally has strong edgespeciallyin the horizontal and vertical directionghe density
of the orners created by the edgsgreater than most of the backgrouAdimple horizontal
filter and vertical filter can be used to find edges by searching for sudden changes in pixel
intensity in a directionkFigure15 shows an example of a simple horizorggland verticalb)
edgefilter. The center pixel intensity ifé sum of théntensitieson one side of the filter box
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minus the sum of the intensities on the other side of the filter box. When the intensities are the
same the result will be nearly zero. Conversilgn edge exists theesponse will be large.

1101 -1]-11-1

1101 0|10

1101 1111
@ (b)

Figure 15. Simple edge filters for horizontal (a) and vertical (b) edge detection in an image.

Corners where horizontal and vertical edges come together is an indicator that text is present.
Many methods exist for corndetedion; however, aHarris corner detector is one of the more
common methods. The Harris corner detector takes a winumed byd 6o , and slides it
throughout the image. Each window is compared to winddwitedadjacent to it. The

difference between the two windowsted byO 6hb , is calculated using Equatidnwhereo is

the shiftedwindows displacement in the horizontal direction and the displacement in the
vertical direction’Oc 6hd U is the intensity of the shifted window af@fto is the

intensity of the original window.

E(u,v) = Z w(x, Y (x +u,y +v) —I(x,y)]? [1]
xy

A large difference indicatessagnificantchangen that region which isikely caused by a corner
in the imageEquationl canthenbe written in matrix form, see Equati@n

E(wv) ~[u v]M Ej]

L® Ll
M=) wy) [1"1 ;zyl
xy ‘y
Theeigenvalues of thelarrismatrix (0 ) indicate the amount of change in either of the
directions. If neither eigenvalue is large then there is no change in that region of the image. If
one is large and the other small it indicates that an edge was faathdeiBenvalues being large
indicate change in all directions, which is likely caused by a c2igr

[2]

Edge anctorner detection methods generally suffer from the same high false positive rate at
texture filters. Natural scenes often contain edges am@=in the background. The many false
positives make it difficult to separate text regions out from the backgréigwte 16 illustrates
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previouswork done using a corner detector. ) &nd €) theverticalandhorizontaledges are
extracted Regions where those edges create corners are highlighthdTiné¢ regions of

interest are then filtered based on size and shape to eliminate some false positives, but many still
remain(e).
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Figure 16. Corner detection identifies text regions; however, the many false positives make it
poor standalone solution to text localiation in natural scenesUsed under fair use, 2014.

Citation: Bourlard, Hervé. "Text detection and recognition in images and video fratagierhn
Recognition 595608

2.3.1.3 Connected Component Analysis

Connected Component()-based methodgroupsmallareasvith common features (typically
intensity)into successivg larger components until alegions are identifibin the imagg28].

Each region is then compared spatially for components that could be text regions. Many methods
exist for generating the original components and results vary significantly. A more

straightforward approach is binarization based on local thresholding. Mteuc®are then

analyzed as character candidg#®. CC-based methods have also been used given edge
information to CC generatiod{]. Color has also been used to quantize the CCs, although this
makes the assumption that the text takes up a large awfdbetimage, which is not the case in
natural scenelgl5]. RGB information has also been used by clustering color histograms in an

RGB space and using supervised machine learning to identify unique retfhns [
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One of the best performers against natural scenes in tleat€goryis the Maximally Stable
Extremal Regions(MSER) methddSER takes a grayscale image and identifies objects using
intensity informationRegions of similar intensity are grouped into a single olpg83t Once

every object in the image has been labgld8ER attempts tgroup charactelike objectsto

form aword using a hierarchy structurgigurel7 shows an example of how regions are
separated and how abject structure is formed.

(o ]afolalalalalalalo il e

Figure 17. An example of an image whex continuous regions of similar intensity
are grouped using MSER (a). The regions are then categorized in a hierarchy
objects (b).

MSER has many advantages when used in natural scenes which atmoimtsigh

performancelnvariance to affine (perspective) transformasiohpixel intensities allows MSER

to identify text at various perspectiv&sze invariance is also a benefit of MSER. MSER does

not need multiple passes on the same image tovéindus sized text, which improves

computation timeLighting changes also do not greadlfject MSER and its ability to detect

objects. This stems from its use of relative local intensities for component genevtgieR

also has a high component densith very small components being detectable. This is an

advanage istextisverysmaMSEROGsSs greatest disadvantage i s i
Blurred edges make it difficult to separate local regions based on edge inforf2étion

MSER is gpopular approach to text localization because it is perspective and lighting invariant.
License plate detection and general text localization has been done with high accuracy using
MSER. License plate detection was particularly successtilan83.3% déection rate given a
complex backgrounfB0]. Figure18 shows examples of MSER outputs when used for license
plate detection in natural scenes.
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Figure 18. An example of MSER and component filtering used in license plate detection
Used under fair use2014.

Citation: Wang, Wei. "Car License Plate Detection Based on MSHEHEE

Another high performance CC approach is called the Stroke Width Transform (SWT). SWT
takes advantage of the tendency for text characters to have consistent width throughout the
characterComponents are generated using a-aarkght and lighton-dark threshold. The
components minimum width is then measured throughout its IeRgtieach character the

standard deviation in the stroke width indicates the stroke width consis@moyponents with

high stroke consistency are more likely to be characdrsdvantage of SWT, like MSER, is

that character information is extracted so additional information is available to group regions into
words.SWT is also robust against backgroumise because background textures are rarely
consistentvidth while being spaced like text.

2.3.1.4 Intensity Thresholding

Within an image the intensity of the text generally is significantly different from the background
intensity. Very early text localaion approaches used global thresholding of an image to extract
the text while removing the backgrour@@obal thresholding converts a grayscale image, which
contains pixels of intensities ranging from 0 to 255, into a binary image where pixels aré either
or 0. Global thresholding takes every pixel below somelpfmed threshold, say 127, and sets
those to 0, while setting all the pixels above 127 @&ldbal thresholding works well in

controlled environments where the text intensity is always diftérem the background and
lighting is constant. When applied to natural scenes global thresholding performs very poorly
because the background intensity varies significantly and the lighting is not coHstaetzer,

more recently (2014) thresholding haeh revisited35].

Adaptive thresholding is a different approach that sets its threshold based on the intensities of a
region within the image. Typically in an image the background represents many pixels of high
intensity and the text represents pixdl$oav intensity. The gap between those intensities is

where the threshold value would ideally be set so that the text could be extracted from the
background. Adaptive thresholding attempts to set the threshold to that ideal gap.
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A study noted that for natal scenes adaptive thresholding performed better than global
thresholding [35]The advantagef adaptive thresbiding in natural scenes is its speed. Texture
based methods and especially CC methods are very slow compared to adaptive thresholding.

2.3.15Image Compression

A |l esser used approach uses an imageds compr e
the frame or not. The advantage of this approach is that it requires very little processing per

frame. The disadvantage is that it does nirnethe text region. It only returns whether or not

the image contains text. Gargi et &7][considered the number of intcaded blocks in Pand

B- frames of an MPEG compressed video. The number of blocks usually increases when text is
presentpecause the text is a different color than the background. Use on a UGV, however, is
impractical because of the very noisy backgrounds and the small size of the text regions in the
images.

24 Non-text Features

The difficulty of text localization in naturacenes stenfsom the difficulty of separating the
nontext background from the texthe categorization of image regions is called segmentation.
For text localization there are only two categories: text anetexinBackgrounds witliew

edges and litd texture areasier to distinguish from text because text have many edges and is
highly texturedBackgrounds witmorttext objects or textured regions are more difficult to
distinguish from text because they share many of the same feataremntallyrepeating

textures increase the odds of misclassification. Unrepeatelikiextbjects will be filtered

because there are not enough characters to form a word; however, roughly horizontal repeating
textures will contain enough objects for a wdbdifferent text localization methods tend to
misclassify different types of netext objects; however, common misclassifications include
vegetation, bricks and printed ntext charactersA few examples are shown in Figut®. In (a)
multiple patchesf limbs wereextracted using SWT because limbs are roughly of exeth. In

(b) printed nortext symbols aré@entifiedas textoecause of the similar sizing, texture and
spatial features
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Figure 19. Examples of objects that are often misclassified &sxt due to their texture and
spatial features.

2.5 Machine LearninfAdaptiveApproach

Machine learning is often used in text localization because of its adaptability. There are two

general methods of machine leardadpptation n t ext | ocal i zation. The
the softwaravhat is text versus neiext. The user will select regions in the image that are text
and that region is classified as text. The re

unknownimages. This method has the advantage of being trainable to find a certain type of text.
It is easier to train the software rather than tuningymiaresholds to the new texthis is called
6supervised machine | earningb6.

An example of supervised machimaining is the Support Vector Machine (SVM). Given a set
of data labeled by a human as objects and a set labeled@geuit, the SVM will find the best
separation between the two. The SVM separates the feature space of the objects into two regions:
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objects and nebbjects. Later, when an unknown case is consid@sgeatures will place it in
either the object or neabject region.

The second methad an adaptive threshold thades information from high confidence
identifications to help identify ks confident objectd4achine learning could be used here, but a
computationally less expensive method is to use an adaptive threShagample is using

color information from characters identified with a high confidence to assist in identifying less
confident characters.

2.6 Previous Work Comparison

Significantprevious work has not been done for optimizing text localization for UB¥&vious

work has focused primarily on either less complex scenes or general natural scenes. Simple
background methodaclude identifying text overlaid in a video or identifying text on book

covers In thesetypesof applications the text takes ugignificantamount of the image and the
background has relatively simple textures. Text in these type of images are usually clearly
printed in standard font3.ext localization methods designed for these simpler scene applications
generally fail with many false posies in natural scenes.

Significant work has been done for text localization in natural scenes, but they are for general
outdoor and indoor scenarios.

The only work done specifically for cameras mounted on vehicles is license plate d¢8ddtion
These sgtems typically use MSERIith geometric localization methods find license plate text
in natural scenes very similar to what UGVs would experiddoeiever, license plate text is
very standardized in its font and has high contrast locally (dark teighdritense plate).
License plates are also always rectangaat on the rear of vehiclddGVs may be interested
in nonstandard fontand signssuch as store front signs, and other less standardized text.
Unfortunately, widening the search critetteinclude norstandard fontalso increases the
chances ofalse positives

The Obest 6 t ex tvaritssovithadendn matural scenesrwa ghnerdl approaches
outperform the reshe texture approaelsand the CCA approaeBproduce the best results,

but have different outputé promisingtexture approacts called the stroke filter. The stroke

filter is a filter optimized for finding text strokeBor identifying text from videos clips the

stroke filter was reported to hage accuracy of 95.8% and a recall of 91[B%]. In natural

scenes MSER and SWT epérform othelCC localizationtechniquesThe reported-ineasures

of MSER and SWT are comparable although SWT slightly outperforms MSER [33]. Bi@ure
shows the results of SWT and MSBBRross two standard datasets of text within natural scenes.
One study attempted to combine SWT and MSER for improve detection results, but the f
measure was the same as SWT a[GR¢
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Method P r fla=0.5) Method p r fla=05)
Proposed  0.59 059 0.59 Proposed 00 o2 ol
Neumann [S] 0.59 0.55 0.57 ;‘E‘;H:‘C < 322 854 32(8’
Zhang [L1] - 0.67 046 0.55 LIP6-Retin 063 050 0.5
Liu [2] 0.66 046 0.54 KAIST AIPR System  0.60 046  0.51
Zhou[13] 0.57 0.50 0.53 ECNU-CCG Method ~ 0.35 038 0.37
Ashida [3] 0.55 046 0.50 Text Hunter 0.50 026 0.34
(a) (b)

Figure 20. Results comparison between SWT(Proposed) and MSER (Neumann). (a)

performance against the ICDAR 2003 dataset and (b) is against the ICDAR 2011 data
. Used under fair use, 2014

Citation: Chen, Huizhong. "ROBUST TEXT DETECTION INATURAL IMAGES WITH
EDGEENHANCED MAXIMALLY STABLE EXTREMAL REGIONS." Department of
Electrical Engineering, Stanford University

2.7 Methods WeHsuited for UGVs

Scenes that a UGV would experience have complex backgrounds with matexnohjects

andtextures. Methods weHuited for UGVs were identified so that they could be investigated
further. Edge and corner based methods were expected to perform poorly in natural scenes
because natural objects introduce many edges and corners. Differentiafadgehpositives and
the real text would be difficult purely using edge and corner informaliexture based
methods; however, generally suffer less in natural backgrounds. Texture approaches generally

i and spadatlinfarmaton. Promising resulssg i o n 6
for complex backgrounds were achieved bg study using a stroke filter [B4This method is

faster than CC methods, although it does not provide any character specific information.

use edge

nf or mat i

on

Of the CC methods MSER andh\g lead the pack, with SWT outperforming MSER slightly.

MSER was first used in 2002 and at the time out performed other methods and was widely
adopted and implemented across many languages. For example the MATLAB Computer Vision
Toolbox has included a MSHignction since 2011SWT, however, was first used in 2010 and

has had less time for implementation across different languages. Less work has been done with

post processing and machine learning approaches for SWT than BSER.0 s
more likelyto see further improvementsan MSER.S WT 6 s
improvement and superior performamoakes it a more promising candidate for UGVs.

novelty,

yout h make

NCcCreas e

Adaptive thresholding produced promising results in a study [35] which used the ICDAR 2003
robust reading dataset. Adaptive thresholding is font invariant although it can be sensitive to
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complex backgrounddt is also faster than both SWT and the stroke filter mett®elsause of
its speed adaptive thresholding was of interest for applicatrdd@y's.

General ground vehicle specific text localization has little previous waoakbseadth of
methodologies waselected to move forward into testifidhe stroke filter, SWT and adaptive
thresholding were all tested as the initial feature extractiethoad. Posprocesing for each
method varied andiaseditedto improvethe detection results.
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Chapter 3

3 Methods and Fundamental Science

This section goes further in dehouthow the more promising text localization methods work
All of these methods were tested and the results are discussed in thigrptq@eselection of
themethods to test for UGV applications, the net was cast wide in order to take many types of
approachemto accountThis was done because little previousk has been done for UGV
scenes and it is not clear which methods would perform Adaptive thresholding was selected
because of its speed and promising resnltsgturalscenes35]. The stroke filter was selected
because it was a leader in the tegtbased methodSWT was selded because it was the leader
of CC methods antdad increased potential for improvemdfdch method will be discussed in
detail to the point where they can be reproduced.

SWT and the adaptive thresholding h&éive general stepgi) The first is the processing which
produces the features that describe each area of the image, such as, stroke width or relative
intensity.(ii) The second isharacteextraction. Based on the feature information in the image,
charactedlike objects are identified while necharacter objects are eliminatéid) Then

characters are grouped into words based on the spatial information of the chgreci#isds

are then filtered based on character specific and word specific feguiemally, a 29 pass
attempts taletectcharacters near high confidence words which may have been missed initially.
This last step prevents words frdravingmissing characters.

The stroke filter is identical except it does not have steps two, thfee oFhis is because the
stroke filter does not return character specific information.

3.1 AdaptiveThresholding

Adapive thresholding is aapproachsimilar to global thresholdinthpat sets its threshold based

on the intensities of a region within thedage. Typically in an image the background represents
many pixels of high intensity and the text represents pixels of low intemsitye versa The

gap between those intensities is where the threshold value would ideally be set so that the text
could be extracted from the backgrou@Gdobal thresholding labels all pixels of values higher

than a threshold as background pixels and all other pixééxt pixels. Global thresholding uses

a predefined intensity threshold valerstered by the user and is applied to every image. Each
image is different and thus has a unique ideal thresAdlabtive thresholding attempts to set the
threshold to thatdeal gad35]. Figure21 depicts the cacept of adaptive thresholding.
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Figure 21. Adaptive thresholding attempts to separate the foreground from the background base
on pixel intensities Used under fair use 2014.

Citation: Huang, ChuetMin. "Apply Adaptive Threshold Operation and Conditional Connected
component to Image Text Recognitio@6mputer Science and Information Technol2g§7-
94.HRPub

0 andd represent the class of the foreground and the background respectively. Trayscale
intensity distribution ofy is 0to T andb is T+1 to L where T is the adaptive threshold value
and L is 255, the maximum intensity. Calculating T is done through ativieprocess where
the probability of an intensityf T being the ideal cutoff is calculateld the case of an-Bit

image the threshold can be antensity from 0 to 255. Equatio®shrough 7 show how T is
calculated.

N is the total number of pixels the image and is the number of pixels &6 intensity. 0 is

the rate of occurrence of tfh gray intensityw andw are the sum of the occurrence rates of
all pixels on either side of T. The meais () and variances, ( h, ) of each T value are
summed to yield the total variance ( within both the background and the foreground.
Adaptive thresholding minimizes in order to find the best threshold.

A study [35]improved its text localization performance by applying adaptive thresholding on

.

=7 [3]
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horizontal strips in the image, rather than the image as a whole. The idea is that text in natural
scenes is usually horizontal and does not take up the entire image. Bydpteakmage into

smaller pieces the text represents more pixels and is easier to identify. A failure mode of this
method can occur if the text happens to be along the edge of a stripe and the text is cut in two. In
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this case the text usually does notresgnt enough pixels in either stripe to be identified. In
some cases the lower bits of text are highlighted, but the upper parts are threshold out. The
number of stripes used is a balance between text representation and text loss. The study cited
three gstipes as being the best perfornigs]. In qualitative testing, images in the ICDAR 2003
dataset were used to determine the optimum number of stripes for the image. One, three, five,
ten, fifty and onenundred stripes were tested. As the number of stipesased so did both the
chance bsplitting a wordand the chance of extracting the teédbove five stripes the text was
usuallysplitinto chunks which were misidentifiedt three chunks the text was rarely spbne
chunk performed poorly because tlext was generally too small to be found by the adaptive
thresholdBased on these qualitative resultsiteasonable that best performance is achieved
using three chunks.

Breaking the images into stripes may cause a problem when the image heigletvisniyp

divisible by the number of stripeBreventing errors requires some procesamtjthe

elimination of the remainingpformation. The number of image rows is divided by the number of
stripes to find the width of each strip. The remainder is thepped out of the image before the
rest of the image is reduced into stripBise lost information is very small and always at the
bottom of the image.

3.2 StrokeFilter

One approach of text region identification is to apply filters to an image where the
response highlights text edges, corners and textures. Previous research [17] has compared
different filters in their success on text detectidanny, Gabor, Harr and Rafilters had
previously been used for text detection; however, their responses were not ideal for finding the
unigue text response. The research tested a new filter called a strokehitterspecifically
highlights texilike pixel regionsA stroke fiter takes more region characteristics into account
than other filtersThe interval between the central and lateral areas of the reg®added to
ignore blurred edges around the text. The intensity difference between the central and lateral
regionsis denotedas S, which should be large for text regioriBhe similarity between the two
lateral regions is denoted ag #hich should be small for text regiofe homogeneity of the
central region is denoted as, Which should be small for text regis.Rs indicates the relative
processing speed with 1 being slowest and 5 being fastest.

Filter Iq Sa Su H. R,
Canny P v M x 5
Gabor v v b ® 1
Haar b v M x 4
Ratio vi vi bs ® 3
Stroke W v v v 4

Figure 22. Filter effectiveness for text detection. The check mark means that factor is taken
into account by the filter. Used under fair use 2014.
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Citation: Kim, Joongkyu. "A stroke filter and its application to text localizatiétattern
Recognition Lettersl14122.

The stroke filter was also tested against a test image and the output compared to other filter
outputs. This comparison is shown in Fig@Be(a) is the original image. Notice that the 4 lines

on the left are thin strokes similar to the stroke of text characters. The other changes in intensity
are edges, but not strokes so they cannot be text. (f) shows that the 4 strokes on the left are
highlighted, but not the edges on the right, which is the desirable output for identifyingrext.

stroke filter results in a more pronounced and precise output between similar strokes, while
outputting nothing fodissimilarstrokes. This is superior to thehet filters which identify all the
strokes, just with lesser intensity for the dissimilar strokg®ring the dissimilar strokes is

important for natural scenes because vegetation and background textures often contain dissimilar
strokes that need to bkreinated.

"
G

Figure 23. Comparison of filter responses on original image (a) of the Canny (b), Gabor (c),
Haar line (d), Ratio edge (e) and Stroke filter (f) Used under fair use 2014.

Citation: Kim, Joongkyu. "A stroke filter and its application to teod¢dlization."Pattern
Recognition Lettersl14122.

3.2.1Generating Stroke Maps with Stroke Filter

This section will cover how the stroke filter works and how it generates a Stroke Map.
Each pixel in the original image gets a computed stroke filter respdngiustration of the
filter is shown in Figur4.
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a,_{oquz,zl
4727 4

w, =w, = max(l, w/2)

ar 1s the orientation of stroke

I 1is the length of stroke

w 1s the width of stroke

u, and o, 1s the estimated mean
and standard deviation of

-

the intensities in Region 1 (i=1,2,3)

Figure 24. lllustration of a stroke filter . Used under fair use, 2014.

Citation: Kim, Joongkyu. "A stroke filter and its apgdition to text localization.Pattern
Recognition Lettersl14122.

The processed pixel is tite center point of the filter, around which there are three
rectangular areas of the filtdrhe central area is denoted as (1) and the adjacent areas are
denoted as (2) and (3)he size of the stroke is denoted as (I) and (w) being the length and width
of the filter.The variable representshe orientation of the filtein radians The stroke filter
response is shown in Equati8avhere Ryw(X,y) isthe pixel response.

. v 6s ® 065 D 6
v gy D08 ® 08 P 0 (8]

This formula was found to yield the best res{dfg withanj of0 ( hor i zont al ),
(verticaid) agdn/ad ) (-Bagdhal).THe ngth and thé width of the stroke are
equal.Equation 1 yields four different stroke maps; one map for each valuerok size of the
stroke filter can be changed as well to create more features. This is done to accommodate text
strokes of differenthicknesses. Rather than resizing the stroke filter the entire image can be
resized to gain the same effect. Each stroke miégeisame resolution as the original image.

3.2.2Candidate &xt Blocks Detection

Each stroke map is processeithva W (width)* H (height) discrete sliding windowl he
window is characterized with 24 features, which are then used to classify the window as text or
norttext with a Support Vector Machif8VM). Best results were achieved with a square sliding
window [17]. The sizef the windowshould ideally be halieight ofthe texttrying to be
identified although the sliding window somewhat robust against varying text sizesger
window sizes risk missing text if the window does not align on the text. Smaller window sizes
risk falling within the text stroke and losing information.

Text varying size across images or within images prevents a single sized window from
being ugd on each image. order to find text of all sizes a constant window size is used;
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however, the same image will be processed multiple times at different sizes. While this is a
performance hit, it allows for very large and very small text to be founcetisaime image with
the same sliding window classifier.

The sliding window is characterized wid?4dimensional feature vectofFwelveof
these features are the mdan ), variancgL ) andweightedenergy(Q ) of the window across
the four differenstrokemaps.

. Y N A 9
6 g Y W [9]
h N
. P N ,
b =5 ) Y adw a [10]
: p P N
© 6w W (14

(bZ"OﬁNp W ®

The rest of the features characterize the spatial distribution of tidewjtoth
horizontally and verticallyFourfeatures describe the horizongéglcumulation profé (HAP) and
eight describe th vertical accumulation profile (VAPEach window in the horizontal stroke
map is divided into four equally sized horizontal rectangles to create the HAP. The mean
horizontal intensity of each subsectiol is calculated as a feature (Equatii). Each [12]
window in the vertical stroke map divided into eight equally sized vertical rectangular
regionsto create the VAPThe mean vertical intsity of each subsection is calculatesia
feature (Equation13). The HAP and VAP characteritiee spatial intensity distributioof the  [13]
window, which isunique to text.

® o 0Q A Y oo
h

"00 0Q FER Y oh
h w

The result is that each sliding window is characterized bydirBénsional feature vector
which represents the meamariance weighted energy, vertical distribution and horizontal
distribution.This 24dimensional feature vector is what is used to train the SVM to identify text
regions and notext regions.

3.3 Supervised Machine LearnifigSupport Vector Machine

Supervised machine learning is often used to classify text anterbregions in images
based on image region features [H{imans give the algorithm examples of text and-tesmh
regionsto train the machine learning algorithm. The algorithm takeg#éi@ing data and
attempts to find a mathematical way of best segmenting the text anidxtgagionsThe
Support Vector Machine (SVM$ a popular supervised machine learning method used to
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segment text regions because it requires relatively few tgpexamples. This section covers the
history of SVMs and how they work.

SVMs area binary classification method created in 1992 by Boser, Guyon, and Vapnik
[18]. It is useful in text region classification because of its ability to deal with-diiglensioml
data and has a flexible kern€lompared to other classification methods, like the neural network,
a SVM requires fewer training samples and has superior generalization abiét$VM uses
supervised data classification to learn and classify futuesetg18].

First it is important to understarlde details ohow a SVM classifier worksA SVM
takes the inputs & set of objects characterized by adimensional feature vector and a set of
nonobjects characterized in the same wathen attemptso find a binary classifier with the
greatest amount of margin between the objects anebbgets in the feature spadagure25
shows how a SVM creates a simpi® 2inear classifier given a set of objects and-objects.
Figure25 also shows the support vectors which are the closest points to the decision boundary
and determine the margin with which the two classes are separated.

Figure 25. A simple 2D linear classifier. The circled data points are the support vectors.
Support vectors are closest to the decision boundary and determine the margin with which
the two classes are separatetdsed under fair use 2014.

Citation: BenHur, Asa. "A User's Guide to Support Vector Machines."

The line that divides the space up between tlredasses is dad the decision boundary. In
threeor more dimensions the decision boundary is called a hyperglaisehyperplane is not
limited to being linear and can be tuned for an application for best results.
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3.3.1Customizable SVM Kernel

An advantage of an SVM is that the kernel the SVM uses is very flexible and can be
tunedto fit the shape of the datln many cases, and in the case for text localization, a linear
decision boundary is not the best solution. The sbéfee trainirg data may not be separable
using a linear decision boundary. In this caselnwar decision boundaries are used for better
classification.Three nodinear decision boundaries are popular and are supported by MATLAB:
guadratic, polynomial and Gaussiaadial Basis Function (RBFrigure26 shows an example
of RBF and polynomial decision boundaries.

(b)

Figure 26. Examples of nonlinear decision boundaries used to
create a binary classifier for 2D data. (a) is a Gaussian or RBF
decision bowndary and (b) is polynomial. Used under fair use 201«

Citation: BenHur, Asa. "A User's Guide to Support Vector Machines."

3.32 SVM Kernel Selection & MATLAB Implementation

The best decision boundary shape depends on the shape of the data. Because the data
fromthest roke filter was 24 di mensional it i s 1 mg
the best decision boundary for the data was done experimentally. Several different decision
boundary types were tested and the one with the best result was detdoifiingd data the
best.The original creator of the stroke filter [17] suggests using RBF as the KEnealesults of
the SVM kernel selection are in the results chapter of this paper.

Creating &SVM is unnecessary as it has been implemented aciasg language
MATLAB provides two simple functions that allows the user to train and classify their data
using a SVM. The SVM kernel catsobe specified among other critertdote that MATLAB
defaults to a maximum number of iterations while tryingdbthe classifier to convergesing
svmtrain If the number ofmaximum iterations is met before the level of convergence is the
MATLAB will quit the script and throw an erroWith large amounts of data or with data that is
very mixed it may be necessary to either increase the maximum iterationconvieegence
thresholdto avoid errorsincreasing the maximum iterations (Default 15000) will increase
processing time while pserving classifier quality. Increasing the convergence threshold
(Default 1e3) will decreaseterations and thugrocessing time, but the quality of the classifier
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may be reducedn this paper only the maximum iterations were increased, but the traineng
singledataset took many hours.

3.4 Stroke WidthTransform (SWT)

One text feature that separates it from background textures and objects is consistent stroke width.
SWT takes advantage of thendency for text characters to have consistent widtugfirout the
character. Components angtially generated using a dada-light and lighton-dark threshold.

SWT is a two pass process since it is unknaaetherthe text is light and the background is

dark or vice versalwo stroke width mapef the same size as thgutimageare generatednd

text is found in eactndependently of each othé&troke width is calculated for ela pixel inside

of a component where the pixel value is the length of the ray passing through it.

The process of caldating a single stroke width map is as followstially every pixel value is
set to D. A Casappledtetdegnput idhagndreturrsedgeinformation. The
gradient direction at each edge pixg) is then consideredn theory, if the gradient direction of
that pixel(Q ) is followed usingarayi 1 &£z QF m)it should intercept astheredge
pixel 1 which has a gradien2 approximatelyopposite that 02 'Q Q  “7To .Ifthe
gradientQ doesnot have an opposite direction then the ray is not considered to be part of a
strokeand the ray is discarde@onversely, ifQ has aropposing gradiengvery pixel along ray
i is assigned the width i sof the ray, which is the stroke width. The piteettroke width

value will only be overwritten if it contains a value larger than the stroke wfdtie current
ray. Every pixel of the output contains the minimum stroke width that occurs for ainele
27 shows a stroke being processed with this methodology.

/

o

(c)

Figure 27. (a) is a depiction of a stroke, (b) is the ray drawn between the stroke edges. (c) is
the pixels on the final out put ray. The rayobs
ray has its value set to the stroke widthUsed under fair use, 2014.
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Citation: Ofek, Eyal. "Detecting Text in Natural Scenes with Stroke Width Transfbticrdsoft
Corporation

In more complex scenarios, such as corners, the above mentioned first pass pvdlduce an

accurate result. For this reason a second passisdoneovereathroe ar ded ray. Eac
median SWT valuéd ) is calculated and then all pixels in the ray with SWT values greater than

G are set equdb d . After the second pass ondprners should be effected and their stroke

width values will be set to the true stroke width rather than the stroke lewmtgilt by the first

pasq36].

A significant advantage to using SWT is that character information is very well preserved. This
is beneficial in the next posSWT processing stephere characters are extracted. Information on
individual characters, such as color, can be accurately extracted.

3.5Character & WordExtractionfor CC Methods

The initial processing of the image usiagaptive thresholding or SWT produces a
binary image where presumably characters and background noise are bothSustbig.out
the noncharacter objects from the characters is the next step in text localiBszause
adaptive thresholding and SWave similar outputboth use similar charactand word
extraction methodsSWT outputs more features describing objects so it has additional character
extraction steps.

A three step multpass method was used for the best results. First all individaedatler

candidates were filtered. Then the spagdtionships between all the remaining potential

characters weranalyzed for characters that could be groups into words. Words identified with

high confidence are then revisited with a relaxed settefdil The second pass uses
characteristics of the wordo6s | etters, such a
filtered out. The logic is that a word is more likely to have more characters nearby with similar
characteristics. This allasvxcharaters that were originally filteretd be picked upThe following

sections will go into detail on how these filters were applied.

3.5.1 Characte€CandidateExtraction

The goal of this step is to eliminate objects thanhcapossibly be charactetsdividual objects

are filtered byaspect ratiostroke width to height ratio, stroke width standard deviation and the

number of norcharacter objects within a characters bounding Bobaptive threshold outputs

do not have stroke width information soyhHead a more limited set of filter8lso, the original

SWT output has many long stroke widths that look like cobwebs going between natural objects

in the scene. Unless the text takes up a very large part of the image, which is unlikely in a natural
sceneyery long stroke widths are not tekor this reason the longest 20% of stroke widths are
removed before character extraction begins. This can be very beneficial in character extraction
because the 6cobwebsd somet i ideabstrokeowhichenakes c har a
the object identification merge letters.
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All objects in the image were initially identified as continuous objects or blobs with a high
response in the binary imagae.MATLAB the function regionprops identifies the objects and
returns information on the region, such as, area, bounding box, and ceftemtder in which

the filters are applied can improve processing time. It is advantageous to start with a filter that is
computationally simple and eliminates many objects. @bjeliminated early on will not take

up additional processing time late for other filters.

Aspect ratio is the simpleand firstfilter applied Aspect ratio is the width adhe bounding box

divided by itsheight.Letters fall into a limited rangeofpse ct r ati os. The | ette
|l ow aspect ratio, approximately 0.14, while t
1.7.The range 0.14 to 1.7 captures a vast majority of text characters while eliminating seme non
character object&xtremely arely (~0.1%) very nonstandard or stylized fonts will have letters

that fall out of this range and are erroneously filteHmvever, these are individual characters

within the word so during the second pass with more relaxed filters, thiese &t properly

identified.

The second filterwhich takes more time, but eliminates many-oharacters is the stroke width
standard deviation filteF-or each character, the standard deviation of the stroke width within the
object is calculated. Tegenerally has low standard deviation while natural objects do not.
Experimental results indicated that approximately 80% of characters will have a stroke width
standarddeviationof less than 2 pixelApproximately 95% of notext characters will be above

this thresholdText filtered at this stage still has a standard deviation less than most background
objects and will be identified as text on the relaxed second pass.

Text stroke width is also proportional to character heigtihough it varies with font the stroke
width to height ratio waexperimentallydetermined to be between 3.6 and Pis filter
eliminates asignificantportion of background objects.

The final filter removes characters that have many objects prevideslitfied as norcharacters
within their bounding boxText usually hafiomogenous backgrounds right around the letters.
Backgroundscendextures; however, have lots of noise and are likely to havenaracter
objects within their bounding box.

3.5.2Word Candidate Extraction

Word candidates are formed using the setairacters produced by the character extraction

filters. Characters are joined into words based on several criteria. Two characters are compared
at a time. If they meet thaziteriato be joined and neither charactealieadyassigned a word, a

new word is created. However, if one character is already associated with a word the other
character becomes part of that word as well. If both characters are already associated with
different words then the two wordsill be joined.

In order for characters be become a wblhiorizontal displacement between characters mus
be greater than the sum of approximately half the widths of the char&ctetiserwords the
character 6s boundi Thigcriteronisesisowrcirabguatoid. Ther e r | a o .
difference in the character heights must not be greater than the minimum character heig [16]
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Characters in the same wallarethe same height scal€his criterion is shown in Equatidib.
Theverticaldifference between the characters must bethes0.7 times the minimum

character heighthismale s t he assumption that the wordoés s
the horizontabnd that charactefsllow a straight lineThis criterion is shown in Equatidk®6.

Lastly, the horizontal displacement betwebaracters must be less thanSltimes the

minimum character height. This criterion prevents-text from being included to the beginning

and endf a word. Note that 1.75 times the minimum height is rather larger than the distance
between each character. This was done so that if a character in the middle of the word did not
pass the character extraction filters, the characters on either sigdeuwltlitstill be joined.
Unfortunately the long reach allows for separate words to be joined and increases the amount of
nontext included. The benefit of better word cohesion is worth thatToss criterion is shown

in Equationl7. All of these criteria were tuned experimentally for best results; however,
depending on the type of scene ithealthresholds could change slightBelow are all four

criteria for character joining in equation fommerewis the horizontal displacemebetween
characterswis the vertical displacement between charact@msgd’Care the two characters being
consideredy is character width an@s character height.

0 0
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After the word joining process the word candidates must be confirmed. First the words are
filtered based on their average character characteristics and then word characteristics.

For the first filt eripiscohsieleratEachcharackenimtidect er 60 s
word already had to pass an aspect ratio filter, but it was relaxed so that the thinnest and fattest
characters could make it through. In a word; however, the average aspect ratio cannot be that
extremebecause a wdrcannot be madanly of very thin or very fat characterEhe average
aspect ratio of letters within a word must be between 0.3 and 1.25. Otherwise the word is
eliminated. Focomparisonthe character aspect ratio allowed characters of aspect ratiizlof O.
to 1.7.

The second filter eliminates naext objects within the word that were initially picked
up, but do n ostcenfdiod. Higore28illustrateswhcs filterdo

EE@E - Y=mx+b

Figure 28. Characters thatdo not follow the words center line are eliminated.
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For implementationn MATLAB the functionpolyfit was used to generaadine that best fitthe
x and y values of each characters centroid. Any character with a vertical distance from the line
greaterthan 0.15 times its height was eliminated from the word.

An additional character filter considers the stroke width of each character within the word.
Characters of the same word typically all have the same stroke width. A character with a stroke
width different from the median stroke widbh the wordis likely not a characteihese

characters are eliminated from the wa¥ate that &€xt in the image that is very small may have

a stroke width obnly a few pixels. The stroke width may have significantaraze between
pixelatedcharacters, making it difficult to tell the difference between characters and non
characters. From experimental results, characters with a stroke width of more than approximately
8 pixels do not suffer from this problem.

Words arealso filtered based orharacteristics of the entire word. The simplest is an aspect ratio
filter on the wordés bounding box. A word is
aspect ratidessthan one i®liminated The word must also be atlst three characters long. This

is done because background textures generate mampéalgre words with only two

characters. The odds of a random background texture have three consecutpesitiiee

characters is much lower than having only twofddtuinately there are a few English words with

only two characterand r oad signs often use two | etter a
Ignoring two letter words is not ideal and if character detection was improved to the point that

false positives wre rare, two letter words should not be ignored.

The final word filterconsiders the number of n@haracter objects within the words bounding

box. Earlier a character filter eliminated characters with manycharacter objects within its
bounding boxunder the logic that text is not surrounded by noise, butexdrtextures often are.

This same logic is applied to each word as a whole. This reduces the number of false positives
significantly without eliminating true word#.should be noted that thits on charactet i ke 01 6

a n d wilbbe éonsiderednoh e xt obj ects. This is because the
such. The dots cannot be associated with the letters until after OCR,isvhatipart otext
localization.These text dotprevent this filter from having a very low threshold

3.5.32"4Pass Post Processing witdaptive RGB Threshold

The initial pass for character and word extraction eliminates approximately 99.5% of false

positives andatorrectly extracts approximateb% of text. Large portions of the missed texted
areindividual letters in or around an identified word. Asecondpassar t he wor ddés bo
box can pick up previously missed characters. This is deimgan RGB adaptive threshold

based on the high conéidce characters and more relaxed filters

The size of the region of the second pass depends on the word being considered. Using the
confident characters, a line of best fit is created with their centroids."pas region will

follow this line because characters that would have been missed are expected to be on the same
line as the rest of the wordihe average confident character height in then used to determine
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how far away the™® pass should look along the line for potentially missed charadiees.

average confident character height multiplied by 1.15isithest ance al omfg t he wo
bestfit where the 29 pass is executed@he height of the ™ pass box is the averagendident

character height times 0.Bigure29illustrates an example of thé%assbox. Charactersvith a

centroid withinthis box are reconsidered as potentially being part of the word.

Figure 29. The 2nd pass box (shown in red) where anyreviously rejected character in the
box will be reconsidered as a potential part of the word.

Not all previously rejected characters within this region are accepted. Although this simple
approach was tested and did improve word cohesion, it often pigkedntext objects as well.
A superior method leveragasaptive RGB thresholdmd relaxed filters.

Approximately95% of false negatives from the first set of filters were from the stroke width
standard deviation filter. This filter removed objects vehssoke width had high variance. It

was successful in removing much of the background, but also removed some text characters as
well. Falsenegativesvere often due to pixelated strokes and environmental variation. Stroke
width is calculated by an approxation using a pixelated image where the text stroke often is
less than ten pixels wide. Discretizing a thin stroke makes it difficult to accurately calculate the
stroke width, especially at curves. Pixilation can cause gradient directions to misaligmjrwhi
turn causes stroke width variation. Blurry edges or strong lighting variations can also cause
variation in the stroke width calculatiofihe 2'¢ pass reassesses these initially removed
characters with a relaxed stroke width variance filter, if tregatter is near the ends of a word.

It performed well in reinstating false positives. Words became more cohesive and were less
likely to drop a letter within the word.

Unfortunately relaxing the SW variance filterccasionally added netext objects which
happened tbe near the ends of the word. An adaptive threshokapgoach was implemented
to reduce the number of ndext objects being picked up in th&pass because of relaxed filter

The SWT has the advantage of preserving character information. The original pixels in the image
which made up the character are known. Leveraging the RGB information of the high confidence
characters supplies additional featre which can filter false psitives on the 2 pass The

assumption is that characters within the same word all have nearly the same RGBIalues.
average color information of the high confidence characters was used to oradttmnal 2
pasdfilter. For an object to be addéalthe word in the ? pass the object had to have similar

RGB valuesas the word. Results from this wgm®mising False positives were significantly

reduced without incurring false negativébis adaptive thresholdpproach solved the issue of
picking up nontext objects in the™ pass.
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3.6 Stroke Filte'Word Extraction

The stroke filter outputs a binary i mage wher
classified as a t eXhestroke filtér reduaes thd btock inforanatibngtaao u n d .
24 feature vector which makes it impossible to extract character information. Words can be
identified be searching for groups of Ahigho
Removing fale positive blocks stagtwith the removal small block groupisat are too small to

actually represent words and are likely noise from the background texauoess of blocks

smaller than 4 were removed using the MATLAB functmvareaopen

Oftenregions of text would have laackground noise that would appear to be part of the text
region, but would only be attached by one or two blocks of nbrsetext regions were usually
joined at several blocks. Without separating the noise frortrikeharacter blocksgegionprops
would return large areas where no texisted Simply applying the morphological open to the
image successfullgeparatedhe noise from th&uetext regions, but would also remota®
muchappropriately identifiedextregons A custom3x3filter was created to separate the noise
from the text regions. The filter was based on the fact that noise regions were only attached by
one or two blocks while real true text regions were attached by mbayfilter would set a pixel
from white to black if it was mostly surrounded by black pixels, i.e. it was noise connecting
separate regions. The filter would set the pixel from black to white it was surrounded by mostly
white pixels.The filter increaed the accuracy of text regionnaling boxesThis helped to fill in
gaps in a text regioequation18 shows the filter bel where x is the 3x3 region.

i éo:.&ggfﬂ & 20 G [18]
The rest of the processing is similar to the CC word extraction md®egionpropsvas used to
extract bounding boxes of the text region candiddtke aspect ratio and the size of the
bounding box was used to filter regions. Regions taller than they were wide were eliminated and
very large regions were eliminatdRlegions where the original contdilled less than 1/5 of the
bounding box were eliminated. The logic behind this filter, also called the extent filter, was that
text should fill most of a rectangular box. Very thin, long or steeply angled regions are unlikely
to be textBounding boxeshat passed these filters were considered text regions.

As mentioned in the literature review the stroke filter is not size invariant. It depends on the
stroke being roughly the same width as the center section of theQifterway to take size into
acount is to vary the size of the filtduring training and the block during classification

Another way is to apply the same training data to differently sized versions of the image in
question.This effectively achieves the same result while being ettsierplementBased on

previous worl{17] thebest scaling sizes for thimageare 100%, 75%, 50% and 40%. The

smallest text will be identified in the 100% sized image while the largest text will be found in the
40% sized imageAll the identified regionsre combined together in the end to form a single
binarytext and noftext image.
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3.7 Software Selection

There are sveralcomputer visionCV) softwarelanguageso choose from when developing CV
software solutiong~or most applications the best language<OpenCV, MATLAB and
LabView. For this project the leguage selected was based on two criteria: ease of
implementation on a UGV and the development time.

LabView CV is less flexible than OpenCV and MATLAB ciinhave very low development
time for smple, widely used tasks, but custom CV tasks would be difficult to program. LabView
is not significantly implemented doGVs.

MATLAB offers the customizability necessary for creating experimental CV software.
Developnent time using MATLAB is low because MATLAB handles many tasks automatically.
It also has many useful CV functions built into the langu@gker languages need more detailed
code to handle small taskehis makes MATLAB ideafor testing new CV approachbscause

of its low development timéJnfortunately MATLAB is not an executable language and needs
and environment to run iMATLAB code can be converted into an executable language, but it
requires expensive software from MathWorkkis means that impheentation on a UGV is
difficult. Once the new method has been tested and optimized in MATLAB it can be converted
to a more implementable language, like C/C++.

OpenCVusingC and C++ represents most of the CV code used in the past for MLVT W@GVs.

or C++ iseasy to implement on a UGV, but it is rast fast for code development as MATLAB.

The text localization methods being tested are experimental and many of them may never
actually be used on a UGV. It is more reasonable to reduce the development time for
experimental methods and once finalized convert it to C/C++ for implementation. For this reason
MATLAB was choserfor text localization.
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Chapter 4

4 Experiment

Three of the more promising text localization methods were tested. Adaptive threshsklng
local intensity information and is very fast. The stroke filter uses texture information and is
slower than adaptive thresholding. The stroke width transforsedlgge and stroke width
information anchasthe longest processing timexperimental setup for each of these methods is
discussed in this chapter

4.1 Trial Dataset Selection

Quantifying the performance of text localization algorithms is a difficult tBekiormance

varies significantly with scene and type of téxtr thisreason standard datasets are used for
comparison. The most widely used benchmark for text localization is the ICDAR datasets. They
feature a variety of scenes where text font, lighting, sizé background varsignificantly.

They are designed to requiabust text detectiort.he most commonly used of the ICDAR

datasets is the ICDAR 2003 datagéiis dataset was chosen so that a universal comparison
would be available.

The ICDAR 2003 dataset includes scenes similar to those a UGV would experienceghowev
many scenes are not applicable, such as, indoors or clodedgms. background textures do not
accurately represent the backgrounds experienced by UGVs. Many close ups of text are also in
the ICDAR dataset. Images where the text takes up large modfdhe image are not similar to

UGV scenes where the text is generally small relative to the size of the scene. Different methods
may perform better on different scen€ke ICDAR 2003 datasenay not indicate how well an
algorithm performs in scenes necapplicable to UGVd-or this reason a custom dataset was
needed that contained scenes that a UGV would be more likely to expefiguee30 below

shows two sample images from the ICDAR 2003 dataset.

Hi

7 |
N
Figure 30. Two sample images from the ICDAR 2008ataset. Note that the image on the left is

scene that is not applicable to a UGV. Approximately half the ICDAR dataset is made up of
similar images of indoor and/or close up scenes.
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The dataset includds3images taken at a resolution of 3008 x @(Rcenes are taken from the

dash of a vehicle driving on public roads in Blacksburg, Virginia. Scenes indadsigns and

store front textimages in the UGV dataset contain a much smallesttelsackground ratio. The

text region is generally very sthinthescendb e cause t he i mages encompa:
field of view. Backgrounds are also more detailed and contain more objects than the ICDAR
datasetPerformance on this dataset cannot be comparexigbngalgorithms; however, it will

provide a better picture of how the algorithms would perform on a UGV.

Figure 31. The UGV dataset uses images similar to what a UGV would experience. Ni
that the text is small relative to the scene. Backgrounds are mooemplex and varied
compared to the ICDAR dataset.

4.2 Performance Quantification

Text localization kyorithms are typically compared using améasure which is proportional to
two measures called precision and ref@]. Precision andecall are calculated as folloy32].
The output of any algorithm is a set of rectangles prescribing the bounding boxes of each
detected wordThis output set is called the estimaieset of ground truth boxes, regions
indicated by a human, are calledgets. The targets come with most datag&isa matchn  of
the target rectangle and the estimatie area of intersection divided by the area of the
minimumbounding box that encompasses both rectangfes match will return a value of one
if the boxes perfectly overlay and will return zero is they do not overlay aflaithes between
rectangles are madby finding which matches are closest to overlaying each other. The best
match is defined a& i RY wherei is in a set of rectanglég

a il 1 A® ifi gao'y [19]

Precision refers to how close the estimate bounding box is to the target bounding box. Recall
refers to how much of the target bounding boxes are filled with the estimate bounding boxes.
Note that it is possible to correctly idép all text and not score a perfect recall or precision
because of slight differences between the human drawn bounding box and the estimated
bounding boxEquations20 and21 show how precision and recall are calculatespectively
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The combination of recall and precision indicatgedormancdevel, called fmeasure.
Precision and recall can be weighted differently withvidméable® ; however, it is typically set
to 0.5 for arequal weighting of precision and rec&6].

. P
Q [22]
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4.2.1 Performance Context

Although a perfect-measurescore is 1careful human recognizers score an average of{8 492
Different humans will draw slightly different bounding boxe®loccasionally miss valid text
[59]. The ICDAR 2013 competition report suggests that for practical applications, text
localizationneeds ar-measure of approximately 0.849].

4.3 Training S/M Classifiers

Creating a SVM classifier requires training examples of objects andbjents. More training
examplesorrelatewith better identification rate at the costgrbcessing timeThe ICDAR
dataset comes with a XML file which describes theugtbtruth text regions in each image.
Features are extracted from these regions and used to train the SVM.

An SVM was only used for the stoke filter method. For the stroke, fidltarh predefined text
region in the dataset was used for training. And egommunt of nortext regions from the same
images were manually cropped and used as traimimgtraining data file size for each was
approximately 13B. Using MATLABSs svmtrain the processing time was estimated to be 10+
hours per classifieSince sevel classifiers were needed for testing, the training data was
reduced in size to half the provided amouit7.5 MB per training set, each training process
required approximately three houtsitime ona 4-core3.2GHz processor.

4.4 Temporal Processing

Text localization can benefit from information across multiple frames of the same scene.
Multiple frames of the same text from slightly different viewpoints may be able to be combined
to better localize the text and filter out falsesitives.Temporal da could greatly assist in text
localization, but it effectively tracking text between frames is a challenging problem. Significant
progress in object tracking algorithrinas already been made and the same technology could be
applied to tracking text betwedrames.

Two general methods could be used to merge text localization and object tracking. Th®ofirst
initially identify text objects and use the bounding boxes to show the object tracking algorithm
what to track. Text localization could be doneemtittently rather than on every frame. The
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object tracking software could identify the text without additional text localization in the frames
where no text localization is donEhe text localization algorithm would have to have authority

in deciding whato track.The second methadto apply text localization to each frame while
simultaneously tracking the text with an object tracking algoritfime. two methodsombine

their results in order to check each other mrdove false positive3he combinatin of the

object tracking results and the text localization results istriaial and would require more

work thanthe first method; however, is likely to produce superior results.

In both methods the iterative text localization could reverse-fagatves and remove false

positives. Regions containing the same content that were identified across many frames could be
considered words with higher confidence. Regions identified only once among many frames
could be considered noise and removed. This wonffave recall and precisiaignificantly.

Note that processing time would increase if both object tracking and text localization is
performed on every frame. If the text localization process is much slower than object tracking
than the first method coulchprove the processing time by limiting the number of frames the
text localization is needed for.

Implementing a fully functional temporal processing method is outside the scope of this paper,
but a proof of concept was tested. The goal of this proofrafequt is to show that using

temporal data can reduce fajsesitives and can increase the nunidpeaility of true positives. It

may also mitigate the problem where partial lines of text are extracted.

The implementation for the proof of concept used a simple object traaljogthmthat

connected text regions which were identifiecéach frame using SWBWT output regions

within a frame where text was found. Between two consecutive frames anioljexfirst

frame would be matched to the closest object
was required to fall within a bounding box around the first centroid location. The bounding box
accounts for the object movement between framhelse same text region did not occur in at

least one set of consecutive frames it was considered to be-pdalsee and was removed.

Frames after the second would be processed in a similar way; homeweinjng regions are

also associated with the magchregions in all previous framda.this way the samtext would

be considered as the same wacdoss all the frames.

The output of the tracking method is a list of matched text regidresoutput from a set of

frames isa 3 dimensional array. The first dimension is the temporal text region number, the
second is a list of frames where the text region was found and the third dimension contains the
informationabout the text region, such as, the centroid, bounding box,d@Rt, number of
characters, average character color, average character stroke width and average character height
This word information could assist in tracking the text in later frafigsire32 shows a model

of a temporal text region futureiterations it may be necessary to store temporal features of a

text region. This could be stored on the second tier along with the list of frames.
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(@) Probabletrue-positive

The temporal proebf-concept experiment was setup using seven consecutive images of a road
sign. The camera approaches the road amghtranslates slightl{-hree different text colors,
backgrounds and sizes are in the im&deven lines of text are in the image. The variety of text

(b) Probable false-positive

Figure 32. The data structure of a temporal text region. Information from separate
frames can be used térack a text region (a) and identify false positives (b).

was chosen to see if it had any effect on the temporal processing.

The results of the temporal preof-concept are in the Relés chapter.
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Chapter 5

5 Results

This chapter goes into detail of the results obtained with adaptive thresholding, the stroke filter
and SWT. The performance of each of the kernels used for the stroke width SVM is also
discussedvith RBF performing the besin summary, SWT out performed both adaptive
thresholding and the stroke filten the UGV dataseSWT did not perform as well on the

ICDAR 2003 dataset because of the 1stendard fonts in the dataséailure modes of each
algorithm in each dataset are examined and explafpdbof-of-concept test indicated

promising results when using temporal data and SWT together. The temporal information
allowed for drastic false negative reduction while preserving the true positives.

5.1 SVM Kernel Comparison

The SVM that classified the stroke filter bloaksesa 24 feature vector. Four types of SVM
decisionboundariesre supported by MATLAB: linear, quadratic, polynomial and Gaussian

Radial Basis Function (RBF)he ideal decisioboundary depends on the shape of the data in

the feature spac@Above three dimensions it becomes difficult for a human to see which type of
decision boundary to choose. The performance of the decision boundary types was determined
experimentally. In thénterestof time, asmall dataset asused for trainingand testing. The

dataset was trained and then tested on itself. This was done so that the only difference in the test
was the SVM decision boundaRrecision and reall of each decision boundatypewas

calculated
Tableli Kernel Performance
Recall Precision f-measure
Linear 0.08 0.02 0.03
Polynomial 21 A1 0.14
Quadratic 22 .19 0.20
RBF .26 .23 0.24

RBF performed the besk. h e

5.2 UGV Dataset

The UGV dataset contaim8 images(see Appendixjvhere the text regions are tagged in an
xml file. The scenes are similar to those a UGV would experience where the target text is on

road signs and store fronts.

results support
They found that an RBF decision boundary outperformed the others. This is not surprising
because an RBF filter has the ability to fit the data more closely compared to the others. Other
methods require the data to have a certain shape while RB&-tfits shape of the data.
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5.2.1 Algorithm Performance Comparison

The performance of the three algorithms on the UGV dataset are shown below i@. Tiable
denotes the number of horizontal stripes the image is broken into when performing adaptive
thresholding on each strips a comparison, the performance of randomly selecting pixels for

this dataset is also listed. The random precision and recall were calculated by dividing the mean
number of text pixels in an image by the total pixels in the image.

Table21 Performance o UGV Dataset

Precision | Recall f-measure
Random 0.015 0.015 0.015
Adaptive ThresholdingnEl) 0.03 0.16 0.06
Adaptive Thresholdingn&3) 0.04 0.16 0.06
Adaptive ThresholdingnEb) 0.04 0.18 0.07
Adaptive ThresholdingnE10) | 0.04 0.21 0.07
Adaptive Thresholding §=20) | 0.04 0.21 0.07
Adaptive ThresholdingnE50) | 0.04 0.22 0.07
Stroke Filter 0.03 0.01 0.02
Stroke Width Transform 0.12 0.46 0.19

The ICDAR 2013 competition report suggests that for practical applications, text localization
needs arfrmeasure of approximately 0.80 [49], with the average human scoring 0.92 [47]. SWT
is not close to anineasure of 0.8; however, temporal tracking showed promising results in
raising SW'B precision to a usable level. Section 5.5 outlines the results pbtahtracking.

5.2.2 Adaptive Thresholding

Testingthe adaptive thresholdinglgorithmonthe UGVdataseyieldeda recall of 0.22 and a
precision of 0.04,-fneasure of 0.0%Beveral variations were used to test the impact of the
number of horizontal image stripay pn performanceAn n of one, three, tenwentyand fifty
were testedAt low values ofn the text intensity did not make up a large enough portion of the
imageand the text was not highlighted. For large valuastbk text represented a large portion
of the image, but lines of text could be split.

Increasingn produced an improvement in results un#lL0. Increasing to values greater than

10 did not have a significant effect on the performaifbeés result contradicts previous work
which indicated that the ideal value fowas thred35]. The most likely cause for this difference
is the dataset. The cited study usieel ICDAR 2003 dataset where text generally takes up larger
portions of the imagd.arger text does not need to be as isolated as small text in order to be
identified.

Adaptive thresholding performed poorly overakpeciallyin precisionfor several easons.

Adaptive thresholding depends on the text intensity to be a large enough portion of the image to
be identifiable from the background intensity variation. In the UGV dataset the images cover
most of a driver o6s f i el idsmalfcomparesto.the Gabkgreundme a n s
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and does not provide enough of a presence to be considered by the threshold. Text that is
successfully segmented is done more by a coincidence of the background intensities and is not
reliable. Figure83 shows a zoomeiuh section of an image containing a sign. The upper text is

not threshold out well while the lower text i§his indicates the text is too small to be
considered.

Figure 33. Adaptive thresholding on images where the text is small performs poorly due to th
text intensity not being considered. The green boxes indicate detected words. Yellow are hur
specified regions.

Adaptive thresholding also suffers from a lack of information on character candidates. Size and
spatial information is available, btitere are nadditional features, such as stroke width, to help
distinguish characters from naharactersThis results in a high false positive rate and thus the

low precision Figure34 illustrates this problem where horizontally repeating textures can
generate false positives.

Figure 34.Horizontally repeating textures cause adaptive thresholding to fail. The lack of character
features makes it difficult to remove noncharacter objects.

Overall adaptive thresholding alone is not a robust solution to text localization in UGV scenes.
However, it does perform well if the text represents a saamf portion of the imagén
conjunction with other methods it could offer a solution to character extraction.
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5.2.3 Stroke Filter

The stroke filter algorithm on the UGV dataset yielded a recall of 0.03 and a precisioh, d O.
measure of 0.0Z'he stoke filter did not work well in any image of the UGV datagaitputs

from the SVM were too inconsistent to create regions of high enough confidence for
identification.Regions were rarely classified as text because of the inconsistent SVM output.
The likely cause is that the low level feature space used to classify blocks is not distinct between
text and nortext regionsBackground textures, in terms of lower level information, look similar
to text regionslin the original study the text was larger andrenpronounced than in the UGV
datasetThat distinctiveness is not present in the text of the UGV dateseexample, the

stroke filter looks for high energy areas caused by the large number of high contrast edges in
text. In natural scenes vegetatiordather textures have an identical energy and cannot be
separated. The SVM fails in creating an accurate classifier because the features are poor.
Essentially, the SVM is not able to find a difference between the background and the text when
there is non®ased on the features used

Overall, low level image information is not useful in classifying text regions in UGV scenes
because of the similarity between text and-textregions given only low level information.

5.2.4 Stroke Width Transform

SWT localzed text in the UGV dataset with a recall of 0.46 and a precision of Ghii€adure of
0.19.0f the methods tested SWT performed the best in both recall and precision. The recall
performance of 0.46 is on the level of state¢he-art algorithmsThe orignal implementation of
SWT achieved a recall of 0.42 on a similar dataset [A#. precision performance was
considerably poorer compared to their precision of (Fatkepositive failure modes were

common and were caused by background textures ddspiextensive filtering. Several

methods of filtering the large number of false positives could be done after the text localization
processFalsenegatives were much less common. THgass completed words and

significantly reduced the number of splitte or missing characters.

The most common falgegositive failure mode occurred on background textures. Background
textures that were horizontally repeating and had constant stroke width created tfaglunest

The most common texture to cause failwas vegetation. Tree limbs and grass often occur in
the background and have horizontally repeating texture. Blades of grass or limbs often have a
consistent stroke widtand therefog evade the stroke width filteRoad pavement and

architecture were the other often misclassified textures although they were much less frequent.
Falsepositives were grouped into categories based on textuFaégure35.
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Falsepositives by texture

m Vegetation
m Pavement
m Architecture

Figure 35. Categorization of textures that causéalse-positives using SWT.

Examples of each category are showioty in Figure36. Each of thdoxes were identified as
words using SWTMisclassifiedtextures ar@isuallyhorizontally repeating and have consistent
stroke width.

(c) Pavement

(a) Vegetation (b) Architecture

Figure 36. Examples of image regions that were misclassified as words using SWT. All thes
textures are similar in that they are horizontally repeating and have consistent stroke width.
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SWT did have a very high recall ratmeaning that much of the text in a scene was identified,
especially for road sign&tore front signs typically have less standard fonts and therefore had a
lower recognition rate than road sighgyure37 showsexamples of results on road signs andesto
fronttextl n (a) the words O6mustdé and o0l aned are mi
of the word. The P pass on each word should have picked up characters like this, but did not
because the relaxed color intensities or stroke witlér was too liberal. Relaxing the'®pass

could increase the chances of including missed characters, although it would also increase the
chance of noitext being added to the start or end of a wbrdd) store front text using a standard

font is sucessfully extracted. The blue text, however, is not fully segmented. This is b#wause
characters OFRO were not init.i &lpdsgtheyweeemoti f i e d
similar in color to the white text associated with it. This failigreecause of the assumption that

text on the same line will be the same cofdso nokin (d) that the spatula symbol on the left of
6Cookoutd is included in the word. Symbols ne.
be part of the word because of their proximity.
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(d)
Figure 37. Examples of SWT results on road signs and store front text.

The primary falsenegative failure mode of SWT occurs on very small or pixelated text. Small or
distant text will end up pixelated by the camera. Pixilated text makes it difficult to accurately
calculate the stroke width. For example, a pixelated stroke may vary from 2 to 3 pixels wide
because the true edge is within a pixel. The same stroke at a higher resolution only varies from 10
to 11 pixels. The edge is still within a pixel, but that singies! is relatively small compared to

the rest of the stroke. The pixelated stroke variance is much higher relative to its size and may be
incorrectly rejected for having a high variance stroke width. Note that the camera resolution is
directly proportiona t o t ext resolution. A cameras6 fiel
resolution. I ncreasing the camera resolution
the text resolution and thus mitigate this failure mode. Keep in mindrtbegaised resolution
requires longer processing times. Fig@&eillustrates the problem with using stroke width on
pixelated strokes.
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50% SW variation

Figure 38. Stroke width calculations have high variance on pixelated text evehthe true
stroke is of constant width. High variance will cause characters to be misidentified as
background.

A rarer failure mode for SWT occurs on characters that have varied lighting. SWT assumes a
character does not have internal gradients or gtyovaried lighting. Edges within a character
produce inaccurate stroke widths for a character making it difficult to identify. Fa§usbows

an example of this failure mode.

v
EA )

Figure 39. SWT failure mode where characters have internal gradients causing
incorrect stroke width calculation.

Occasionally fals@egatives were due to partial character obstruction bytexanFor example,
street signs often have a bolt head that goesigfr a character. This can jdetters in some
cases, ocause theharacter to be misséd other cases

5.3 ICDAR 2003 Dataset

The full 251 images from th€DAR 2003 dataset were used for evaluating the performance of
each text localization methodlhe ICDAR 2003 dataset was chosen because it is widely used to
compae different text localization methodBhe ICDAR dataset was used as a reference and
comparison to other methods, but does not necessarily reflect the performance in a UGV
environmentlt contains many different fonts, sizes and orientations of lteista general robust
reading set with no focus on type of scene. This makes it-&deahcandidate for testing a text
localization algorithm focused on UGVs. Many scenes in the ICDAR 2003 dataset are not
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applicable to a UG\énvironmentHandwritten text, nie-standard fonts and indoor backgrounds
are present in the ICDAR dataset, but are not relevant to a UGV envirofithemqterformance

on this dataset should be regarded as a point of comparison, rather than an overall measure of
performance in a UGV enviroment.The UGV dataset better represent scenes expedéyca

UGV.

5.3.1 Algorithm Performance Comparison

The performance of the three algorithamsthe ICDAR 2003 dataset are shown below in Table
3.

Table3i7 Performance on ICDAR 2003 Dataset

Precision Recall f-measure
Adaptive Thresholdingn=3) | 0.34 0.31 0.32
Stroke Filter 0.19 0.07 0.10
Stroke Width Transform 0.37 0.23 0.28

5.3.2 Adaptive Thresholding

When applied to the ICDAR 2003 dataset, adaptive thresholding performbdghof any of the
algorithms with arf -measure of 0.32.

The scengypegreatlyaffectsthe performance of adaptive thresholdifigxt that had a strong
intensity difference from its background was easily identifidee strong difference allows for
text extraction even if amaccuratehreshold is se#Additionally, images where large text
represented significantamount of the image wesasily identified Adaptive thresholding takes
the text intensity into account and if the text is too small the tbl@slannot be made
accuratelyConstant lighting improved detection rates as well. Adaptive thresholding is very
sensitive to lighting conditions becausatsfreliance on intensity information. Images with
inconsistent lighting had a lower probability of being identified.

Figure40 shows an example of an image that was accurately segmented because of its text and
lighting characteristicsGreen boxes indate the identified text regions.
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* COURSES FOR STAFE -

Figure 40. Lighting and text characteristics greatly affect adaptive
thresholding performance. Above is an example of successful text
segmentation due to consistent lighting and text intensity/size.

Failure modesisually had their roots in too much intensity variation or too little. The most
common falsenegative failure mode is caused by the text having a similar intensity as the
background. Without a strong difference the threshold does not separate the tvner false
positive failure mode was caused by strong lighting variatfanied lighting makes it difficult

for one blanket threshold to succeed on all parts of the in@dgeacters in the text will either be
blacked out or whited out by the backgroundaese of the lighting variation.

Backgrounds with strong variations in intensity can also cause failures. This is because the text
intensity is between the two and is not considered by the threstglole41 shows an example

of this failure mode. Thedak bui | di ngs are segmented from th
too small and has too little variation from the background to be identified.
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Figure 41. Adaptive thresholding failure mode where text is too small and has too little intensity
variation to be identified. The yellow boxes are human labels.

Reducing the image into horizontal stripes and then applying the adaptive threshold mitigates

this problem somewhat, but introduces failures of its own. If the horizontal strip splits a string of
text i1t I s possible that half the text is hig
presence in each strip decreasgshance of being considered by the threshGlthnces of the

OCR identifying partial letters atelikely.

Adaptive thresholding is prone to false positives because of background textures. Background
textures that vary in intensity can create charddterobjects which can be misidentified.
Adaptive thresholding only generates spatial and size informatiachwinekes character and

word filtering difficult. Overall, adaptive thresholding has significant potential in scenes where
text size and lighting can be controlled. Unfortunately in UGV environments this is not always
the case.

5.3.3 Stroke Filter

The strole filter algorithm on the ICDAR 2003 dataset yielded a recall of 0.07 and a precision of
0.19, fmeasure of 0.10Che root cause of the poor performance was the same as in the UGV
dataset, but imanifestdtself to a lesser extent because of the relainglicity of the

backgrounds in the ICDAR dataset. The output from the SVM was not consistent enough to
accurately identify text regions from the backgrouHie likely cause is that the low level

feature space used to classify blocks is not distinctdmsivext and netext regions.

Background textures, in terms of lower level information, look similar to text regions.

An advantage of the stroke filter is that it is largely font invariable. Text in many fonts that were
missed by the stroke width transform, which requires standard fonts, were identified with a
stroke filter. Figuret2 shows a group of images from the ICRR003 dataset and the
corresponding identified texitlote that the font invariance in performance.
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Figure 42. Samples of the text localization using the stroke filter on the ICDAR 2003 datase

5.3.4 Stroke Width Transform

SWT localized text in théCDAR 2003 dataset with a recall of 0.23 and a precision of ©.37
measure of 02 These results underperform stafethe-art algorithmswhich achieved an-f

measure of 0.47 on the same datg&2f The lower performance due to the ICDAR dataset
containing scenes that are not applicable to UGVs. The SWT algorithm was tuned to perform on
road signs and store front signs, which generally use standard fonts with consistent stroke widths.
Many images in the ICDAR dataset da have consistence stroke width and/or do not follow

thea | g o r spatibl as8usnptionslowever, SWTperformedwell against most road signs and

signs with standard text.

53.4.1 SWT Common Success Modes

SWT did perform well against most road signs andesfront signs with standard text. Two

sample images below show an example of results against a road sign and a store front sign. The
red box indicates the text bounding box found using SWT. The green bounding box shows the
human selection. In both cadée text is cropped closely and accurately. Both images also show

a region of the background that was erroneously identified as text. In both cases the texture has
strong edges and is repeatihpte that the recall for these images is approximately @Qran
precision is approximately 0.75coring a recall or precision above .9 to .95 is unlikely, even if

all the text regions are identified correctly. This is because of how the scoring is calculated and
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how the human drawn boxes are slightly arbitr&yactly where the bounding boxdsawncan

make up to 10% of the error in an image.

Figure 43. Red bounding boxes indicate text identified with SWT. Green boxes indicate
human identified regions. SWT accurately identifies text in street signs anstore front
signs with standard fonts. Background textures with strong edges and repeating patterns
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5.3.4.2SWT Common Failure Modes

Several failure modes were made apparent when using SWT on the ICDAR dataset. Non
standard fonts, horizontally repeatimxtures and occluded text failed to be recognized the most
often.The cause of the misclassification stems from how SWT finds char&gWisrelies on
consistent stroke width for character identification. Characters without consistent stroke width
are ofen erroneously ignoreéfigure44 shows two images where fonts without consistent stroke
widths are missed.

Figure 44. Examples of nonstandard fonts that were missed because of their inconsistent
stroke width. The red box marks text found with SWT. The green boxes are labeled by a
human.
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False positives were most common on horizontally repeating textures, especially textures like
vegetation, fences and architectlRepeating strokes rarely have the spatial similarity necessary
for amisclassification, but the prevalence and variety of these textures make them difficult to
filter. Using SWT alone may not provide enough information to eliminate these textures without
performing character recognitiofigure45 shows an urban image whehe repeating

horizontal windows of the building are erroneously detected.

i

Figure 45. Examples of architecture being identified as false positives because of its
horizontally repeating pattern. The red box marks text found with SWT. The green boxes
are labeled by a human.

5.4 Processing Time Comparison

Processing time was measured for each of the three algorithms. Each algorithm was tested by
processing a series of 902x600px images. The average time per image was measured. No
software acceleration, suels parallelizing the processing on a CPU or GPU, was used in these
tests. Tabld shows the result of the test.

Table4 i Algorithm Processing Time Comparison

Algorithm Speed (sec/image)
Adaptive Thresholding 0.83

Stroke Filter 8.0
Stroke WidthTransform 8.9
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SWT and the stroke filter have long processing times that, if not reduced, could not be used on a
UGV. Implementing SWT on a UGV will require a much faster processing time than 8.9
secondsSee the Future Work section of this paper to kealetails on how fast of a speed up is
necessary for practical applications.

It is possible to reduce the processing times by using a GPU or acor@tCPU. This can be
implemented in MATLAB. The current code is written so that steps are sequentiabaltd
take a significant time investment to convert to parallelizable code.

5.5 Temporal Proobf-Concept

A simple text region tracking algorithm was tested as a psbobncept. The goal was to

determine if temporal information could reduce false pgestandncrease the number/quality

of true positivesThe occurrence of the same text line across multiple frames is called a temporal
word. A sequence of seven frames containing a road sign was tegjere46 shows the first

and last frame of the seeypce.

7 frames

Figure 46. Above are the first and last of the seven frames in the temporal test. Text regio
are tracked in each frame in order to supplement identification.

last frames with the background removed and only text regions remaining \h&kile that the
falsepositives in the image do nobrrespondo the same real world objeasross frameslhe
true text regions; however, are identifi@m both framesThis makes it easy to remove false
positives without removing trupositives.
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Figure 47. Above are the first and last of the seven frames in the temporal test after SWT is
applied. The visible regions are text regions and thieackground is black. Notice how the
false-positives do not reoccur across frames.

Temporal analysis eliminated 100% of fajsasitives in the image sequence. Origindiyfalse

positives were identified in the sequence, or about 2.4 per frame. Aftdedstdat regions were
eliminated based on adjacent frame® false positives remainethis is very promising
considering SWT6s tendency t oTempovakanadysisicauld pr ec
be used to significantly i mprove SWTO06s precis

The preservation of trupositives was also promisingen of the eleven words were tracked

well enough that the true text region made up a majority of the temporal word. An alternative
metric is the number of estimated connected text regions dividde mumber of true

connected text regions. Using this metric 79% of text regions were linked to the correct temporal
word. There were two common failure modes. Either the text region in a frame would not be
associated with the temporal word or the wrong tegion would be associated with the

temporal wordAn example ofa wrongassociations in Figure48. Temporal word #4 was

associated with the wrong text region in frame 1, but was correctly associated for the rest of the
frames. The cause of tHailureis the simple object tracking algorithm used. A more advanced
trackingalgorithm that uses more information to link text regions could do much better.
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Temporal Word Temporal Word

MAX. TOWING CHARGE $150
CAMPUS AUTOMOTIVE 540-951-7398
CAMPUS AUTOMOTIVE 540-951-7398

CAMPUS AUTOMGTIVE 540-951-7398
CAMPUS AUTOMOTIVE 540-951-7398
CAMPUS AUTOMOTIVE 540- )-951-7398

CAMPUS AUTOMOTIVE 540-951-7398

Figure 48. Above is an example of two text regions tracked through the frames. Notice how
in temporal word #406s frame 1 the wrong reg
algorithm is necessary for preserving truepositives.

Overall, the results usingmporal information are very promising. False positives were greatly
reduced. The basic text tracking algorithm used was only successful 79% of the time and needs
to be improved. Improving the tracking algorithm is +iowial, but very possibleTemporal
information has great potential in improving precision without sacrificing recall.
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Chapter 6

6 Conclusion and Future Work

SWT performed the best on the UGV dataset and has potential to become a reliable solution to

text localization if temporal daia utilized. SWT had a very promising recall rate, but a low

level of precisionThe low precision could be increased drastychised on the experiment with

temporal data. Future work is required to build on this thesis to create a more reliable solution.
Temporal text tracking needs to be improved in order to fully preservethpmug i t i ves. SW
processing time also needsi® reduced by either using a GPU or mattre CPU. The current

processing time is too slow for real time implementation especially if temporal data is going to

be used.

6.1 Stroke Width Transform

SWT6s recall was high (.12 Bhe low grecision vds eausedbg c i s i
background textures with similar patterns as text. Horizontally repeating strokes with constant

width were the cause of most of the fapssitives. Vegetation represented™6f such false

positives. It is unlikef that the low precision rate could be improved using information from a

single isolated image. The textures are too similar to text after applying SWT. Potential solutions
exist for increasing SWTSs precision. One is to use temporal data to help renseym&ilives.

Another is to use another method along with SWT to help in identification.

6.2 Adaptive Thresholding

Adaptive Thresholding did not perform well on the UGV dataset because the text was small
relative to the scene. The text must representrafisignt portion of the scene in order to be

reliably extracted. For this reason it performed better on the ICDAR 2003 dataset where the text
was larger relative to the scene. Although adaptive thresholding is not a viable solution on its
own it could be sed in tandem with a different method for verification. For example, if an
algorithm could identify regions in the image with text, but not the individual characters,
adaptive thresholding could be applied to the reduced region for character extragtign. Us
adaptive thresholding with SWT is unlikely to improve results because SWT already has
character information.

6.3 Future Work

The results of using SWT for text localization on UGVs is promising, but needs further work to
become more reliable. Specifibalthe precsion, accuracy angrocessing time nedd be
improved

6.31 Temporal Tracking

The results using temporal information are very promising. False positives were reduced by
100% in the proebf-concept test. The basic text tracking algorithndusas only successful in
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preserving trugoositives 79% of the time and needs to be improved. Temporal information has

great potential in improving precision without sacrificing recall. Improving the tracking

algorithm is nortrivial, but very possibleExisting object tracking software could be used, such

as Predator, but they are not intended for text tracking and may not integratédesiloped,

an important decision to make early on will be wieaturesof the text is trackedl tracked each
textr egi onds bounding box, but since pixel l evel
tracked. SIFT features are commonly used for object tracking$%4T. provides pixel level

detail so the text color is known and could assist in the tracking ahtsgénes where multiple

text colors exist.

6.3.2Improving SWT Accuracy and Precision

The ICDAR 2013 competition report suggests that for practical applications, text localization
needs afrmeasure of approximately 0.80 [49]. Without temporal procesW g only achieves
anf-measure of 0.19, but the low score is primarily due to low precision. The temporal tracking
proof of concept indicated that precision could be increased to human levels. Careful human
recognizers score an average of 0.92 [47]. ém@ntation of a successful temporal tracking
algorithm would be a big step in creating a practical text localization algofitkime. precision

was improved to human levels using temporal tracking and accuracy stayed the same it would
yield anf-measure ©0.73, which is much closer to the practically usable threshold.

As noted in Secti on 5beferahhighSeddlubos texd. incraasingc y i s
resolution of the text would result in a significant improvement in accuracy. The image

resoltion could be increased, however, this would also increase processing time. Another
solutionis to first identify regions of interest in the whole image and only apply SWT to those
regions of interestSign detection could be used to find regions of @gel his would not

account for store front text, but would encompass road signs. The regions of interest would then
be processed using SWT, but at a much higher resolution without sacrificing processing time.

Adaptive thresholding did poorly on imagesemb the backgrounds were complex and the text
was small. This makes it a poor candidate for identifying text in the scene as a whole, but not if
signs were extracted. Signs have simple backgrounds and the text is larger relative to the sign
than it is to lhe scenelf signs or similar regions of interest were extracteldpdive thresholding
could perform just as well as SWBhut much faster

Combining SWT and adaptive thresholding has potential in improving precision, but not
accuracy. Text regions retudhasing SWT could be adaptively thresholded to confirm that text
is present in the text region. Adaptive thresholding performs well when the text is large relative
to the background so it should identify the same characters as SWT given a croppedotext regi
Regions where SWT disagrees with adaptive thresholding likely indicate that SWT returned a
false positivelmproving accuracy using adaptive thresholding and SWT is unlikely because
both methods are prome missing small text. Both woultdliss the samgext in the image.
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6.33 Software Acceleration

Temporal tracking in real time requires tkfa text localization be done in the time between

frames. The higher the frame rate the easier it is to track objects, but the less time is available for
processing each fram8.WT 6 s p r o c everghigh. § takes 8m@eseconds per 902x600px
image.Accurate object tracking in video requires betweam® 30 frames per second (F58),

51, 52] Even at 5 FPS, SWT has 0.2 seconds of processing time per ffsimg real time

temporal tracking with SWT will require at least 44.5 times faster procegsimgage.

Thecurrentprocessing time could be reduced significaralyhough not likely to the extent
neededif the code was rewritten so that it could be done in parallel on a GPU. MATLAB can
use a GPU to improve processing, but the current sequeatiisie of the code does not allow
MATLAB to effectively use a GPU. Rewriting the code to run in parallel on a GPU would
decrease its run time significantly.

Additionally, implementation of text localization on UGVs requires the code to be written in
C/C++ which is faster than MATLABA processing speed comparison for large datasets showed
that C++ is approximately 500 time faster than MATLAB [53]. Results are likely to vary
depending on the application, but may offer a solution to real time temporabpnug.

6.3.4 Text Localizatiomntegrated with/ehiclesPerceptionSystem

Text localization will not be an isolated perception system on a UGV. UGVs have a wealth of
other object classification systems which can provide information that assists ircédizialion.
Image regions that score high in text and a-teo object are more likely to be a false positive
than text regions that do not score high asteshregions. Vegetation was the most common
false positive identified by SWT. UGVs use vegetatiletection to assist in autonomy. The
vegetation detection could assist in ehiating false positives fronext localization Regions
identified as text that also scored high as vegetation could be eliminated because it is likely a
false positive causdualy vegetation.

Vegetation detection has the most potential to assist in text localization because UGVs typically
already have vegetation detection and vegetation causes many false positives in text localization.
It is possible that other perception sysserould be used as well. As mentioned earlier, sign
identification could assist in identifying regions of interest in the image where text is more likely
to occur. Sign detection could be assisted by stereo vision, which is common on UGVSs. Stereo
vision reurns the distance to objects in the scene. Road signs are likely to stand out against the
background because they are closer to the vehicle than the landscape behind the sign.

6.35 OCR Feedback

Using feedback from the OCR software could allow for an improvement in precision and
accuracy. Text regions identified using SWT could be processed with OCR and if the result is
notsimilar toa word then the text can be eliminated. Accuracy could nohpeoved if the

entire word is missely the text localizatiomalgorithm but if a text region contains a partial
wordit could guess at the full wor@CR feedback could be used as an unsupervised method of
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machine learning where the text localization alfpon learns what it identified correctly and
incorrectly based on OCR feedback.

6.3.6 Adaptive Thresholding Sliding Window

Adaptive thresholding performs well on images where the text is large relative to the scene, but
not if the text is small. This thesis improved results by slicing the image into horigbipgsland
applying adaptive thresholding to each strip, thus ngattie text larger relative to the image
region. However, in many images this was not enough and the text would still be washed out.
Another problem that aroseof slicing an image into stiggs that the text could be cut into

parts and segmented diffetly in each stripThere are potentially better ways to break up the
image for adaptive thresholding. Sliding a small square region over the image could allow the
text to represent enough of the square to be identified. Also, the squares could paeikdly ov

and overlay results so that text is not slip between squares.
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Appendix A: UGV Dataset (53 Images)
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