
THE MAIN TEA ETA DATELE MAI MULT MAI AI AI AI AI AIT AN US 20180150710A1 
( 19 ) United States 
( 12 ) Patent Application Publication ( 10 ) Pub . No . : US 2018 / 0150710 A1 

Bhardwaj et al . ( 43 ) Pub . Date : May 31 , 2018 

( 54 ) SYSTEM AND METHOD FOR SCENE TEXT 
RECOGNITION ( 51 ) 

( 71 ) Applicant : eBay Inc . , San Jose , CA ( US ) 

Publication Classification 
Int . Ci . 
G06K 9 / 18 ( 2006 . 01 ) 
GOOT 11 / 60 ( 2006 . 01 ) 
G06K 9 / 62 ( 2006 . 01 ) 
G06K 9 / 46 ( 2006 . 01 ) 
U . S . Cl . 
??? G06K 9 / 18 ( 2013 . 01 ) ; G06T 11 / 60 

( 2013 . 01 ) ; G06K 2009 / 4666 ( 2013 . 01 ) ; G06K 
9 / 6267 ( 2013 . 01 ) ; G06K 9 / 6231 ( 2013 . 01 ) 

( 72 ) Inventors : Anurag Bhardwaj , Sunnyvale , CA 
( US ) ; Chen - Yu Lee , San Diego , CA 
( US ) ; Robinson Piramuthu , Oakland . 
CA ( US ) ; Vignesh Jagadeesh , Santa 
Clara , CA ( US ) ; Wei Di , Cupertino , CA 
( US ) 

( 52 ) 

( 21 ) Appl . No . : 15 / 824 , 403 
( 57 ) ABSTRACT 

( 22 ) Filed : Nov . 28 , 2017 
Related U . S . Application Data 

( 63 ) Continuation of application No . 14 / 971 , 143 , filed on 
Dec . 16 , 2015 , now Pat . No . 9 , 858 , 492 , which is a 
continuation of application No . 14 / 479 , 217 , filed on 
Sep . 5 , 2014 , now Pat . No . 9 , 245 , 191 . 

( 60 ) Provisional application No . 61 / 874 , 291 , filed on Sep . 
5 , 2013 . 

Apparatus and method for performing accurate text recog 
nition of non - simplistic images ( e . g . , images with clutter 
backgrounds , lighting variations , font variations , non - stan 
dard perspectives , and the like ) may employ a machine 
learning approach to identify a discriminative feature set 
selected from among features computed for a plurality of 
irregularly positioned , sized , and / or shaped ( e . g . , randomly 
selected ) image sub - regions . 
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SYSTEM AND METHOD FOR SCENE TEXT 
RECOGNITION 

CLAIM OF PRIORITY 
[ 0001 ] This application is a continuation of U . S . applica 
tion Ser . No . 14 / 971 , 143 , filed Dec . 16 , 2015 , which is a is 
a continuation of U . S . application Ser . No . 14 / 479 , 217 , filed 
Sep . 5 , 2014 , which claims the benefit of priority to U . S . 
Provisional Patent Application Ser . No . 61 / 874 , 291 , filed on 
Sep . 5 , 2013 , each of which are hereby incorporated by 
reference in their entirety . 

[ 0007 ] FIG . 1B illustrates different feature channels in 
accordance with various embodiments ; 
[ 0008 ] FIG . 2 is a flow chart illustrating methods for 
determining a discriminative feature space in accordance 
with various embodiments ; 
[ 0009 ] FIG . 3 is a flow chart illustrating methods for 
classifying scene characters based on discriminative features 
in accordance with various embodiments ; 
[ 0010 ] FIG . 4 is a block diagram illustrating various 
functional modules of a system for implementing the meth 
ods of FIGS . 2 and 3 in accordance with various embodi 
ments ; 
[ 0011 ] FIG . 5 is a block diagram illustrating an example 
software architecture in accordance with various embodi 
ments ; 
[ 0012 ] FIG . 6 is a block diagram illustrating an example 
computer system in accordance with various embodiments ; 
and 
[ 0013 ] FIG . 7 depicts a smart phone in which text - recog 
nition methods in accordance herewith may be imple 
mented , in accordance with various embodiments . 

TECHNICAL FIELD 
[ 0002 ] The present invention relates generally to computer 
vision , and more particularly to text recognition . 

BACKGROUND 
[ 0003 ] With the rapid growth in large collections of digital 
images and increasing capabilities for quickly and conve 
niently acquiring such images in natural settings , interest in 
developing efficient ways for extracting useful information 
from these images in an automated fashion is increasing as 
well . For example , the wide proliferation of mobile com 
puting devices ( such as smart phones ) with integrated cam 
eras and network ( e . g . , Internet ) access gives rise to a desire 
for technologies that enable analyzing a picture of an object 
of interest — such as a product , building , etc . — on the fly to 
retrieve relevant information associated with the object ( e . g . , 
a product description , the name of the building , etc . ) . It will 
be evident that object - detection and - recognition capabilities 
have vast application potential in e - commerce , tourism , and 
other contexts . 
[ 0004 ] Accordingly , much research has and is being done 
on computer - vision approaches for detecting and recogniz 
ing certain types of objects within images . Given the ubiq 
uity of text objects ( such as words , number , or symbols ) in 
our environment , text - recognition is a task of particular 
importance . A number of text - recognition approaches that 
are successful in certain circumstances have been devel 
oped . For instance , commercially available optical character 
recognition ( OCR ) systems achieve high performance on 
text - containing images obtained , e . g . , by scanning a page of 
a book or other printed medium , where text is typically 
displayed in constrained settings , e . g . , on a uniform ( typi 
cally white ) background , in standard fonts , etc . However , 
these systems generally do not provide satisfactory perfor 
mance on textual images acquired in natural settings , e . g . , 
photos of bill boards , traffic signs , product labels , etc . Such 
images are often characterized by noisy backgrounds , per 
spective , irregular sizes and fonts , unusual aspect ratios , and 
so on , resulting in low classification performance ( i . e . , 
incorrectly identified text ) and / or an impracticably high 
computational load . Accordingly , alternative text - recogni 
tion approaches that achieve higher performance particu 
larly on images of text occurring in natural settings are 
desirable . 

DETAILED DESCRIPTION 
[ 0014 ] Described herein are methods , systems , and appa 
ratus for performing accurate text recognition of non - sim 
plistic images . Various embodiments facilitate the accurate , 
efficient , and automatic detection and recognition of text 
present in images having clutter backgrounds , lighting varia 
tions , font variations , non - standard perspectives , and the 
like , hereinafter also referred to as “ scene text . ” Such scene 
text recognition capability has applications in , without limi 
tation , commerce , inventory management systems , or visual 
search systems by providing valuable and unique textual 
information directly from product images . 
[ 0015 ] In the following description , example embodi 
ments and numerous details are set forth for the purpose of 
explanation . However , various modifications to the example 
embodiments will be readily apparent to those skilled in the 
art , and the generic principles defined herein may be applied 
to other embodiments and applications , and practiced with 
out the use of these specific details , without departing from 
the scope of the invention . Thus , the present disclosure is not 
intended to be limited to the embodiments shown , but is to 
be accorded the widest scope consistent with the principles 
and features disclosed herein . Furthermore , certain well 
known structures and processes are omitted from the fol 
lowing description and accompanying drawings in order not 
to obscure the description of the invention with unnecessary 
detail . 
[ 0016 ] Text recognition in accordance herewith generally 
involves the classification of individual characters extracted 
from scene text ( hereinafter referred to as " scene charac 
ters " ) based on a set of discriminative features derived from 
the scene character image in conjunction with feature 
weights associated with all of the supported character 
classes . In various embodiments , the set of discriminative 
features is selected from a larger , random collection of 
features ( or , more precisely , a discriminative feature space is 
determined within a larger feature space ) using a machine 
learning algorithm applied to a set of training images . The 
machine - learning algorithm also serves to determine the 
feature weights associated with the selected features . Once 
a discriminative feature space and associated feature weights 
for all supported character classes have been determined , 

BRIEF DESCRIPTION OF THE DRAWINGS 
[ 0005 ] Various embodiments are illustrated herein with 
reference to the accompanying drawings , in which : 
10006 ] FIG . 1A illustrates region - based feature pooling in 
accordance with various embodiments ; 
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weighted averages of the discriminative features computed 
for a scene character ( i . e . , features computed for all dimen 
sions within the discriminative feature space ) can be com 
puted for all classes , and the class most closely matching the 
scene character can be identified based on a comparison of 
the weighted averages . 
[ 0017 ] As used herein , a character class is “ supported ” in 
a particular embodiment if characters of that class can be 
recognized . Certain embodiments support 62 different char 
acter classes , including ten number digits and 52 English 
characters ( both upper and lower case ) . The present disclo 
sure is , however , not limited to this particular set of character 
classes ; rather , the approach disclosed herein is generally 
applicable to any arbitrary set of character classes , includ 
ing , e . g . , characters specific to other languages ( such as 
Greek , Russian , Chinese , etc . ) and special symbols ( such as 
+ , = , & , % , etc . ) . While example embodiments are herein 
illustrated with reference to English characters and number 
digits , it will be readily apparent to persons of skill in the art , 
from the following description , how to modify and / or extend 
the example embodiments to facilitate the detection and 
recognition of other types of characters . 
[ 0018 ] A " feature , " as used herein , is a ( typically real ) 
number aggregating a particular type of image information , 
such as a color , gray - scale , or gradient value , over a par 
ticular sub - region ( i . e . , a contiguous group of pixels or , in 
the extreme case , a single pixel ) of the image region 
containing the character . Different features ( corresponding 
to different sub - regions and / or different types of image 
information ) generally vary in their usefulness for discrimi 
nating between different character classes , a feature or set of 
features is herein considered “ discriminative ” for a given 
character class if its usefulness for distinguishing between 
characters of that class and characters of other classes is high 
compared with other features or feature sets . The relative 
usefulness of different features for recognizing characters of 
a particular class may be captured in " feature weights ” 
associated with the class , where higher weights generally 
correspond to more discriminative features . Different char 
acter classes generally vary in the feature sets that are 
discriminative of each class and , thus , in their associated 
feature weights . 
[ 0019 ] In contrast to many conventional text or object 
recognition methods , which utilize features computed for a 
pre - defined , regular set of sub - regions of an image , such as 
the sub - regions defined by a uniform square grid , various 
embodiments hereof use features computed for irregularly 
sized and spaced sub - regions . For example , in some embodi 
ments , the sub - regions are rectangular in shape , and their 
positions ( e . g . , the two - dimensional positions of their upper 
left corners within the image of the character ) , width , and 
height are randomly selected from , e . g . , uniform distribu 
tions . In other embodiments , fewer , more , or different 
parameters of the sub - region may be variable and / or irregu 
lar . For instance , squares of different sizes and irregular 
positions , rectangles of equal areas but different aspect 
ratios , or non - rectangular ( e . g . , trapezoid , round , etc . ) sub 
regions may be used . By releasing constraints that are 
conventionally imposed on the sub - regions , e . g . , by allow 
ing varying sizes , aspect ratios , shapes , and / or irregular 
spacing and position , a greater initial feature space is made 
available , bearing the potential of identifying therein a 

discriminative feature ( sub - ) space providing higher dis 
criminatory performance than a feature space constrained at 
the outset . 
10020 ] In various embodiments , features are computed for 
multiple “ feature channels , ” i . e . , multiple types of image 
information . Some embodiments utilize ten feature chan 
nels , including three color channels ( corresponding , e . g . , to 
the well - known LUV values ) , six gradient channels ( corre 
sponding to intensity gradients in six directions ) , and one 
gradient magnitude channel . For a given image ( whether it 
be a training image used to identify a discriminatory feature 
space or a scene character image to be classified ) , features 
may be first calculated pixelwise for each feature channel , 
and the resulting low - level features may thereafter be aggre 
gated across pixels within each sub - region to provide mid 
level features . The machine - learning algorithm used to iden 
tify a discriminatory feature set operates on these mid - level 
features ( the same ones for all training images ) , as does the 
character recognition algorithm used to classify scene char 
acters based on a previously determined discriminatory 
feature set . 
[ 0021 ] The foregoing will be more readily understood 
from the following more detailed description of example 
embodiments and the accompanying drawings . FIG . 1A 
conceptually illustrates feature aggregation ( or “ feature 
pooling ” ) over randomly selected sub - regions of an input 
image 100 , in the depicted example an image of the letter 
“ A , ” in accordance with some embodiments . From the input 
image 100 , which can be mathematically represented as a 
matrix I ( x , y ) , one or more images 102 , each corresponding 
to a different feature channel , can be computed . These 
images 102 may be collectively represented as a feature 
channel set C ( x , y ) = { 21 ( 1 ) , 22 ( 1 ) , . . . , 2D ( 1 ) } , where D is 
the total number of channels and ( I ) denotes a channel 
generation function over all pixels ( x , y ) . Each channel 
function 2 . generates a real - valued channel response for 
each individual pixel location ( i . e . , a low - level feature ) ; 
accordingly , each image within the feature channel set has 
the same dimensions as the input image 100 . 
[ 0022 ] FIG . 1B shows a series of images , including the 
input image 100 ( far left ) and ten images 102 of a feature 
channel set C ( x , y ) with ten feature channels , in accordance 
with one embodiment . From left to right , the images 102 
reflect six gradient histogram channels for six corresponding 
orientations at uniform angular spacings ( 0° , 30° , 60° , 90° , 
120° , 150° ) , the gradient magnitude , and three LUV color 
channels ; these ten feature channels are commonly referred 
to as “ integral channel features . ” Of course , other types and 
numbers of feature channels may be used . For example , 
LUV color channels may be replaced with RGB color 
channels ; or gradient histograms may be computed for 
fewer , more , or different orientations . In some embodiments , 
only a single channel , e . g . , measuring the intensity or 
grayscale value of each pixel , is used . 
[ 0023 ] With renewed reference to FIG . 1A , the low - level , 
pixelwise features contained in the feature channel set 
C ( x , y ) ( i . e . , the set of images 102 ) are aggregated over 
sub - regions 104 , also referred to as “ templates , " to form 
mid - level features . As shown at 106 , the sub - regions 104 
may be substantially rectangular regions of varying sizes 
and aspect ratios that are distributed substantially uniformly 
over the total area of the input image 100 . Assuming an NxN 
image I ( x , y ) and denoting the sub - regions or templates r , 
where i runs from 1 to the total number T of templates , the 
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rectangular sub - regions R can be parameterized by position 
( Xi , Y ; ) , width Wi , and height hi , where Xi , Yi , Wi , and h ; are 
each randomly sampled from a discrete uniform distribution 
U over N : 

T ; = R ( xjY ; , W ; , h ; ) with x ; , y ; , w ; h ; ~ U ( 1 , M ) 
If the random sampling of the four parameters results in a 
rectangle that falls partially outside the image NxN image 
region , this rectangle may be simply discarded , ensuring that 
all t ; are wholly contained within the image region . Of 
course , the sub - regions may be selected in many alternative 
ways that still result in irregular positions , sizes , and / or 
shapes . In various embodiments , the original number of 
templates T is large ( e . g . , > 1000 for an image including 
256x256 pixels ) , but only a fraction ( e . g . , less than half or 
less than one third , or fewer ) of the original templates are 
ultimately selected for character classification . 
[ 0024 ] From the feature channel set C ( x , y ) and the set of 
sub - regions z , a first - order channel feature vector i , can be 
computed for each sub - region r , by aggregating , for each 
channel , over the response values for all pixels with the 
sub - region z ; the components of this vector are the mid - level 
feature for the sub - region i . In some embodiments , aggre 
gating corresponds simply to summing ( or , alternatively , 
averaging ) over the response values for all pixels within the 
sub - region z for each channel : 

for the different character classes . The training image set for 
each individual class , in turn , may include images of char 
acters belonging to that class ( called “ positive ” instances ) as 
well as , for comparison and contrast , images of characters 
not belonging to that class ( called " negative ” instances ) . 
Distinguishing between positive and negative instances is , 
of course , based on a - priori knowledge of the class associa 
tion , which may be obtained , e . g . , by a having a human label 
each character image . While labeled training images sim 
plify the learning algorithm , they are not strictly necessary , 
as labels can , in principle , be learned automatically with a 
suitable unsupervised learning algorithm . 
[ 0026 ] As shown in FIG . 2 , a method for determining a 
discriminative feature space in involves randomly selecting , 
or otherwise defining , a plurality of irregularly sized , 
shaped , and / or positioned sub - regions ( 200 ) , e . g . , in a man 
ner as described above . Further , the method involves , for 
each character class ( 202 ) and for each training image with 
a character class ( 204 ) , computing low - level , pixel - based 
features ( for one or more feature channels ) ( 206 ) , and 
aggregating the low - level features over the sub - regions to 
compute mid - level features ( 208 ) , e . g . , as described above . 
As will be readily apparent to those of ordinary skill in the 
art , the computation of low - level features ( 206 ) may precede 
the selection of the sub - regions ( 200 ) since it is independent 
of the sub - regions . For example , in some embodiments , 
low - level features may first be computed for all training 
images , and the sub - regions may thereafter be defined to 
facilitate the computation of the mid - level features . Alter 
natively , as another example , the low - level and mid - level 
features may be computed sequentially for all training 
images , and the sub - regions may be selected when they are 
needed for the first time , i . e . , just prior to computing the 
mid - level features for the first training image , and may be 
re - used during subsequent determinations of the mid - level 
features for other images . 
[ 0027 ] In embodiments that use rectangular sub - regions , 
the computation of the mid - level features may be accom 
plished in two steps : First , integral features may be com 
puted for each channel and for all rectangular regions 
beginning at the upper left corner of the image , according to : 

= C C1 ( x , y ) , C2 ( x , y ) , . . . , 
x , yET ; LX , YETi X , yeTi X , yeTi 

CC ; ( x , y ) = Ci ( x ' , y ' ) where j = 1 , . . . , D . 
x ' < x , y ' < y 

( Averaging over the pixel values corresponds to summing 
over the pixel values and normalizing by the size of the 
sub - region , i . e . , the number of pixels within the sub - region . ) 
In other embodiments , the individual pixel values can be 
aggregated in more complex manners , for instance , by 
computing a weighted average of the pixel values in which 
the weight depends on the location of a pixel within the 
sub - region . In general , a mid - level feature for a sub - region 
is a function of the low - level features computed for all 
individual pixels within the sub - region . The first - order chan 
nel feature vectors 5 , of all sub - regions t ; may be concat 
enated , in a specified , fixed order , to form a feature vector 
f = [ s1 $ 2 , . . . ] for the image I as a whole . 
[ 0025 ] FIG . 2 illustrates , in the form of a flow chart , how 
feature pooling over randomly selected sub - regions in con 
junction with machine learning can be used , in accordance 
with various embodiments , to determine a discriminative 
feature space for a plurality of character classes . The order 
of operations may , to some extent , vary from the depicted 
order , the latter being chosen to emphasize logical interre 
lations and dependencies between the various actions that 
constitute the overall method . The starting point of the 
method is a set of training images for all character classes 
that are to be supported . Several suitable collections of 
training images that cover the 52 English characters and ten 
number digits are publicly available ; non - limiting examples 
include the Chars74K , ICDARO3 , ICDAR11 Robust Read 
ing Competition , and Street View Text ( SVT ) datasets . To 
achieve a canonical size across all training images ( e . g . , in 
some embodiments , 24x24 pixels ) , the images may be 
resized if necessary . The dataset ( s ) may be split into training 
images , which are used to train the character recognition 
algorithm ( e . g . , in accordance with FIG . 2 ) , and testing 
images , which may thereafter be used to assess the perfor 
mance of the trained algorithm ( see FIG . 3 ) . Further , the 
plurality of training images may be split into multiple sets 

This equation can be easily implemented , e . g . , in Matlab ( a 
high - level computing language particularly suitable for 
implementing mathematical operations and algorithm , avail 
able from MathWorks , Inc . , Natick , Mass . ) , using a single 
line of code : “ CC = cumsum ( cumsum ( C ) , 2 ) ; " . From these 
integral features , the jth entry in the first - order channel 
feature vector s , can be computed efficiently with only three 
linear algebraic operations : 

Š : ( ] ) = C ; ( x , y ) = 
X , YeTi 

CC ; ( Xi , Y ; ) + CC ; ( X ; + Wi , Y ; + h ; ) - CC ; ( X ; + Wi , yi ) - CC ; ( Xi , Y ; + hi ) 

[ 0028 ] With renewed reference to FIG . 2 , once the mid 
level features for all training images within a character class 
have been computed ( i . e . , following 210 ) , a machine - learn 
ing algorithm may be applied to the feature vectors f = 5 

- > 
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- In some embodiments , the K top - level features are selected 
by ( e . g . , five ) repeated trials , each using only a subset of the 
training images , to allow for ( e . g . , five - fold ) cross - valida 
tion . The value of K may be chosen manually or automati 
cally based , e . g . , on a pre - set threshold for the product of 
feature vectors and weight vectors that is to be exceeded to 
achieve satisfactory performance . 
[ 0031 ] Once features have been ranked and selected for all 
supported character classes ( i . e . , following 218 ) , the union 
of the top K features across all M classes may be formed 
( 220 ) : 

F = U fm 
Jselect falect 

m = 1 : M 

> > > 

$ 2 , . . . $ ] = [ fi f2 . . . fal within the d - dimensional 
feature space ( d = DxT ) to determine feature weights asso 
ciated with the character class ( 212 ) . Suitable machine 
learning algorithms ( including both supervised algorithms , 
which operate on labeled training images , and unsupervised 
algorithms , which do not require labels ) are well - known to 
those of ordinary skill in the art , and can be implemented 
without undue experimentation : example algorithms include 
boosting , random forests , neural networks , and other super 
vised learning algorithms . The machine learning algorithm 
generally serves to automatically discover meaningful , dis 
criminatory spatial features for each character class . 
[ 0029 ] In some embodiments , a support vector machine 
( SVM ) with a linear kernel is used ; SVMs are well - known 
to those of ordinary skill in the art ( see , e . g . , C . Cortez et al . , 
“ Support - vector networks ” in Machine Learning 20 ( 3 ) : 273 
( 1995 ) ) . The SVM determines , based on the feature vectors 
f = [ f f 2 . . . f d for all the training images within the 
class , a feature weight vector w = [ 0 , 02 . . . wa ] . Given a 
trained feature vector w & for a given class and a feature 
vector f for a particular image , the determination whether 
the image belongs to the class can be made using a decision 
function 1 ( f ) = sgn ( o f + b ) , where “ sgn ” is a function that 
determines whether the quantity in brackets is positive or 
negative , and b is an adjustable off - set . With well - trained 
feature weights and a suitable off - set b , the sign is positive 
for most ( or all ) feature vectors of images that fall within the 
character class and negative for most ( or all ) feature vectors 
of images that do not fall within the class . The feature weight 
vector w may be geometrically interpreted as the normal 
vector of the hyperplane within the feature space that best 
separates positive from negative instances . Since the final 
decision value 1 ( f ) is a weighted linear combination of the 
features , it is apparent that the bigger the value of a weight 
0 ; , the more the corresponding feature fi contributes to the 
final decision value ; therefore , the weights indicate the 
relative importance of the various features to the final 
decision . The decision function may be modified and / or 
generalized in various ways ; for example , instead of com 
puting the straightforward scalar product between the fea 
ture vector and the feature weight vector , the scalar product 
between the feature weight vector and a function ( F ) may 
be used . 
[ 0030 ] In order to select , from among the large number of 
( mid - level ) features originally calculated , a set of discrimi 
native features for a given class , the mid - level features may 
be re - arranged in the order of their relative importance based 
on the calculated feature weights ( larger weights corre 
sponding to more important features ) ( 214 ) , and a specified 
number of the higher - ranking features may then be selected 
for subsequent use ( 216 ) . Specifically , for class m , the 
features may be ranked , 

- > 

[ 0032 ] Note that the top K features of the various classes 
may overlap ; thus , the total number of features is often less 
than KxM . Further note that , as described above , each 
feature corresponds to a combination of a particular sub 
region and a particular feature channel ; thus , the union set F 
may contain , for a certain sub - region , a feature for one 
channel but omit the feature for another channel . In some 
embodiments , the selected features are augmented such that , 
for each sub - region contributing to the discriminative fea 
ture space at all , features for all channels are included ; in this 
case , the feature selection effectively results in a selection of 
sub - regions ( from among the initially large set of T sub 
regions ) that contain relevant information for discriminating 
between character classes . The union set F ( whether aug 
mented as described or not ) corresponds to a discriminative 
feature space ; this feature space may subsequently be used 
to classify scene characters , as described in detail with 
respect to FIG . 3 . 
[ 0033 ] In addition to determining the discriminative fea 
ture space , actions 200 - 220 yield class - specific feature 
weights . These weights , which were originally computed ( at 
212 ) for individual character classes and used to rank the 
features in accordance with their relative importance , may in 
principle also be employed to compute the decision function 
value for a scene character image to be classified . In some 
embodiments , however , the feature weights are re - computed 
( 224 ) for each character class ( 222 - 226 ) once the discrimi 
native feature space has been fixed , typically ( but not 
necessarily ) using the same machine - learning algorithm 
( e . g . , SVM ) as was used previously . Re - computing the 
feature weights may result in increased classification per 
formance . 
0034 ] Refer now to FIG . 3 , which illustrates a method for 
classifying a scene character using the discriminative feature 
space and feature weights determined in the method illus 
trated in FIG . 2 . A scene character image may first be 
obtained ( 300 ) , e . g . , by extracting a portion corresponding to 
an individual character from a larger text - containing image 
and rescaling the image to the canonical size . In various 
embodiments , the isolation of an individual character from 
the text is accomplished inherently by the trained character 
recognition algorithm itself , which may be applied to por 
tions of the text - containing image in a sliding - window 
fashion . Recognizing words or text as such in images may , 
in turn , be accomplished using a conventional text - detection 
approach , such as , e . g . , the PLEX word - spotting algorithm , 
which is described in a publication by K . Wang et al . , 
entitled “ End - to - end scene text recognition ” ( ICCV , 2011 ) , 

ma 72 _ If mm fm 
Jrank IJ1 J2 : : : Jd 

such that w ; " f " ) 20 , " ( " ) for i < j . From the ranked list , 
the K top - level features may be selected : 

fselect " = { f } " , tsK } 
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the entire disclosure of which is incorporated herein by 
reference . Other text - detection algorithms are described 
e . g . , by L . Neumann et al . in “ Real - time scene text local 
ization and recognition ” ( Computer Vision and Pattern Rec 
ognition ( CVPR ) , 2012 , IEEE Conference ) and by T . Wang 
et al . in “ End - to - end text recognition with convolutional 
neural networks ” ( Pattern Recognition ( ICPR ) , 2012 , 21st 
International Conference IEEE ) , which are also incorporated 
herein by reference in their entireties . The image portion 
corresponding to an individual character may , optionally , be 
pre - processed , e . g . , to filter out noise , enhance the image 
contrast , etc . 
[ 0035 ] From the properly sized scene character image , 
low - level features may be computed ( 302 ) and aggregated 
over the sub - regions of the ( previously determined ) dis 
criminative feature space to form mid - level features ( 304 ) ; 
these actions can generally be performed in the same manner 
as used during the training phase . Then , for each character 
class ( 306 ) , a weighted average of the mid - level features 
may be computed using the feature weights associated with 
the particular class ( 308 ) . In other words , a scalar product of 
the feature vector derived from the scene character image 
with the feature weight vector for the class ( or a function o 
thereof , as mentioned above ) may be computed . Once the 
weighted averages have been computed for all supported 
character classes ( i . e . , following 310 ) , they may be com 
pared with each other to identify the largest weighted 
average , which corresponds to the best - matching character 
class ( 312 ) . Alternatively , in accordance with some embodi 
ments , a decision function 1 ( f ) may be applied to the product 
of the feature vector f ( computed within the discriminative 
feature space , i . e . , a sub - space of the original feature space 
used during the training phase ) and the feature weight vector 
omega for a particular class , whether the scene character 
belongs to that class ; if the answer is positive ( with a 
sufficient level of statistical confidence ) , the computation of 
weighted averages for the remaining classes is no longer 
necessary . 
[ 0036 ] The methods described herein can generally be 
implemented in hardware , software , or any suitable combi 
nation thereof , including , e . g . , with a suitably programmed 
general - purpose computer , a special - purpose computer ( e . g . , 
a digital signal processor , programmable gate - array , etc . ) , or 
dedicated hardwired circuitry . FIG . 4 illustrates an example 
architecture including a number of functional modules of a 
suitable computing device 400 . The device 400 may be 
integrated or in communication with image - acquisition 
hardware , such as a camera 402 , which may supply images 
to be processed by the various modules . Alternatively or 
additionally , the device 400 may receive digital images from 
a digital storage device 404 ( such as a hard drive , disk , USB 
memory key , etc . ) . 
[ 0037 ] The device 400 may include a number of modules 
configured to execute discrete computational tasks associ 
ated with the performance of the methods of FIGS . 2 and 3 . 
These modules may include , for example , a sub - region 
selection module 406 configured to define a plurality of 
irregularly sized and positioned sub - regions within an image 
region ( which may , e . g . , utilize a random - number - generator 
function to randomly select the positions , width and height 
of the sub - regions ) ; a feature - computation module 408 con 
figured to compute mid - level features from an input image ; 
a machine - learning module 410 implementing a suitable 
algorithm ( e . g . , SVM ) to determine feature weights for each 

class that can be used to decide whether a particular image 
( as characterized by certain features computed therefrom ) 
belongs to that class , and a feature - selection module 412 
configured to rank features for each class based on the 
feature weights and select the top - ranked features for inclu 
sion in a discriminative feature space . Some or all of these 
modules may include sub - modules . For instance , the fea 
ture - computation module 408 may include a low - level 
feature - computation module 414 that can be used to com 
pute low - level features for the individual pixels of an image , 
and a feature - pooling module 416 that can aggregate ( e . g . , 
sum ) the low - level features over a sub - region to compute 
mid - level features . As another example , the feature - selec 
tion module may include separate sub - modules for ranking 
features and for selecting the top - level features based on a 
specified ( e . g . , user - supplied or programmatically fixed ) 
number . 
[ 0038 ] In addition to modules implementing certain dis 
crete functions ( e . g . , modules 406 , 408 , 410 , 412 ) , the 
device 400 may include one or more modules that control 
and organize the operations and interactions of the other 
modules to implement the character - recognition methods 
described herein as a whole . For example , the device 400 
may include a training - control module 420 that takes train 
ing sets for all supported character classes as input and calls 
the sub - region - selection , feature - computation , machine 
learning , and feature - selection modules 406 , 408 , 410 , 412 
as needed to determine a discriminative feature space and 
feature weight vectors associated with all of the classes . 
More specifically , the training - control module may cause the 
feature - computation module 408 to cause mid - level features 
for each of the training images for all sub - regions . Further , 
it may cause the machine learning module 410 to apply the 
implemented learning algorithm separately to each set of 
training images ( each set corresponding to a character class ) 
to first compute feature weights for all of the mid - level 
features , and , following the determination of a discrimina 
tive set of mid - level features across the classes , to re 
compute the feature weights for the discriminative features 
( again separately for each class ) . 
[ 0039 ] A character classification module 422 may receive , 
as inputs , an individual scene character image ( e . g . , from the 
camera 402 ) as well as the discriminative feature space and 
feature weights determined at the direction of the training 
control module 420 . It may call the feature - computation 
module 408 to compute mid - level features from the scene 
character image within the discriminative feature space , and 
may then computed weighted averages of these mid - level 
features with the feature weights for the various classes , and 
identify the largest weighted average to ascertain the best 
matching character class . The device 400 may include 
further modules , e . g . , a module 430 for detecting text in 
images , a module 432 for extracting individual characters 
from the text , a module 434 for resizing and / or otherwise 
pre - processing the character image prior to classification , a 
text - recognition module 436 that recognizes words based on 
the individually classified characters ( e . g . , in conjunction 
with a dictionary and / or statistical language models that can 
address errors and uncertainties in the individual character 
classification ) , and / or one or more application programs 438 
that utilize the text - recognition functionality of the other 
modules . Of course , the functionality described herein can 
be organized in many different ways , and grouped into 
fewer , more , or different modules than depicted , as will be 

MDP ) . 
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tion capabilities in accordance herewith may be used , e . g . , to 
control robot behavior based on text encountered by the 
robot . Additional applications will occur to those of ordinary 
skill in the art . 

readily apparent to one of ordinary skill in the art . Further , 
the device 400 may be implemented in many different ways , 
e . g . , as ( or on ) a desktop computer , laptop computer , tablet , 
smart phone , etc . More detail regarding example hardware 
and software architectures is provided below with respect to 
FIGS . 5 - 7 . 
[ 0040 ] In various embodiments , scene recognition meth 
ods and systems in accordance herewith improve character 
classification accuracy , compared with various other text 
recognition approaches . For example , in one embodiment , 
the method described herein , implemented with an L2 - regu 
larized SVM ( as known to those of ordinary skill in the art ) 
and weight retraining following feature selection , achieves 
79 % accuracy in a 62 - way character classification , com 
pared with only 62 % accuracy achieved by the conventional 
AdaBoost approach . According to tests performed on the 
publicly available Chars 74K - 15 and ICDARO3 - CH datasets , 
various implementations of the method proposed herein also 
outperform certain combinations of the histogram - of - gradi 
ents ( HOG ) , Ferns , multiple - kernel - learning ( MKL ) , and 
other computer - vision approaches as described in C . Yi et 
al . , “ Feature representations for scene text character recog 
nition ” ( ICDAR 2013 ) , K . Wang et al . , “ End - to - end scene 
text recognition ” ( ICCV 2011 ) , and T . E . de Campos et al . , 
“ Character recognition in natural images ” ( ICCVTA 2009 ) . 
( Note that various embodiments falling within the scope of 
the inventive subject matter may differ in their respective 
performance , depending , e . g . , on the particular machine 
learning algorithm employed , the types of sub - regions 
defined , and on whether weights are re - computed following 
selection of a discriminative feature space . Accordingly , 
observations that one embodiment hereof outperforms cer 
tain conventional character - recognition methods does not 
necessarily mean that all other embodiments do so as well . ) 
[ 0041 ] In addition to achieving , in some embodiments , 
higher classification accuracy , the method described herein 
may also benefit from a smaller discriminative feature space , 
which reduces computation time at the testing stage . Further , 
as compared with the well - known HOG approach employed 
in many conventional text - recognition systems , where HOG 
features are extracted based on a sliding window , various 
embodiments of the method described herein involve com 
puting low - level features for an input image , as well as 
integral features for all rectangular regions beginning at the 
upper left corner of the image , only once , and thereafter 
performing feature pooling in the discriminative sub - regions 
in linear time ( i . e . , with a substantially constant lookup time 
per sub - region ) , yielding significant savings in computation 
time . 
[ 0042 ] Practical applications of the systems and methods 
described herein are numerous . For example , in commerce , 
recognizing text that occurs as part of a product title , 
description , logo , or other associated information may 
enrich visual search systems by providing unique and valu 
able textual information directly from product images . An 
automated scene text reader may also help to bridge the gap 
between offline and online commerce , and serve as a fun 
damental component to enable visual search for seamless 
e - shopping . Text recognition in accordance herewith may 
also be employed in road - sign ( including , e . g . , traffic - sign ) 
detection , roadside mapping ( e . g . , the mapping of attrac 
tions , restaurants , shopping facilities , etc . based on images 
taken along roads ) , and other traffic - related applications . Yet 
another application context is robotics , where text - recogni 

Modules , Components , and Logic 
[ 0043 ] Certain embodiments are described herein as 
including logic or a number of components , modules , or 
mechanisms . Modules may constitute either software mod 
ules ( e . g . , code embodied on a machine - readable medium or 
in a transmission signal ) or hardware modules . A “ hardware 
module ” is a tangible unit capable of performing certain 
operations and may be configured or arranged in a certain 
physical manner . In various example embodiments , one or 
more computer systems ( e . g . , a standalone computer system , 
a client computer system , or a server computer system ) or 
one or more hardware modules of a computer system ( e . g . , 
a processor or a group of processors ) may be configured by 
software ( e . g . , an application or application portion ) as a 
hardware module that operates to perform certain operations 
as described herein . 
[ 0044 ] In some embodiments , a hardware module may be 
implemented mechanically , electronically , or with any suit 
able combination thereof . For example , a hardware module 
may include dedicated circuitry or logic that is permanently 
configured to perform certain operations . For example , a 
hardware module may be a special - purpose processor , such 
as a field - programmable gate array ( FPGA ) or an Applica 
tion Specific Integrated Circuit ( ASIC ) . A hardware module 
may also include programmable logic or circuitry that is 
temporarily configured by software to perform certain 
operations . For example , a hardware module may include 
software encompassed within a general - purpose processor 
or other programmable processor . It will be appreciated that 
the decision to implement a hardware module mechanically , 
in dedicated and permanently configured circuitry , or in 
temporarily configured circuitry ( e . g . , configured by soft 
ware ) may be driven by cost and time considerations . 
[ 0045 ) Accordingly , the phrase " hardware module ” should 
be understood to encompass a tangible entity , be that an 
entity that is physically constructed , permanently configured 
( e . g . , hardwired ) , or temporarily configured ( e . g . , pro 
grammed ) to operate in a certain manner or to perform 
certain operations described herein . As used herein , “ hard 
ware - implemented module ” refers to a hardware module . 
Considering embodiments in which hardware modules are 
temporarily configured ( e . g . , programmed ) , each of the 
hardware modules need not be configured or instantiated at 
any one instance in time . For example , where a hardware 
module comprises a general - purpose processor configured 
by software to become a special - purpose processor , the 
general - purpose processor may be configured as respec 
tively different special - purpose processors ( e . g . , comprising 
different hardware modules ) at different times . Software 
may accordingly configure a particular processor or proces 
sors , for example , to constitute a particular hardware module 
at one instance of time and to constitute a different hardware 
module at a different instance of time . 
100461 Hardware modules can provide information to , and 
receive information from , other hardware modules . Accord 
ingly , the described hardware modules may be regarded as 
being communicatively coupled . Where multiple hardware 
modules exist contemporaneously , communications may be 
achieved through signal transmission ( e . g . , over appropriate 
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circuits and buses ) between or among two or more of the 
hardware modules . In embodiments in which multiple hard - 
ware modules are configured or instantiated at different 
times , communications between such hardware modules 
may be achieved , for example , through the storage and 
retrieval of information in memory structures to which the 
multiple hardware modules have access . For example , one 
hardware module may perform an operation and store the 
output of that operation in a memory device to which it is 
communicatively coupled . A further hardware module may 
then , at a later time , access the memory device to retrieve 
and process the stored output . Hardware modules may also 
initiate communications with input or output devices , and 
can operate on a resource ( e . g . , a collection of information ) . 
[ 0047 The various operations of example methods 
described herein may be performed , at least partially , by one 
or more processors that are temporarily configured ( e . g . , by 
software ) or permanently configured to perform the relevant 
operations . Whether temporarily or permanently configured , 
such processors may constitute processor - implemented 
modules that operate to perform one or more operations or 
functions described herein . As used herein , " processor 
implemented module ” refers to a hardware module imple 
mented using one or more processors . 
[ 0048 ] Similarly , the methods described herein may be at 
least partially processor - implemented , with a particular pro 
cessor or processors being an example of hardware . For 
example , at least some of the operations of a method may be 
performed by one or more processors or processor - imple 
mented modules . Moreover , the one or more processors may 
also operate to support performance of the relevant opera 
tions in a “ cloud computing " environment or as a “ software 
as a service ” ( SaaS ) . For example , at least some of the 
operations may be performed by a group of computers ( as 
examples of machines including processors ) , with these 
operations being accessible via a network ( e . g . , the Internet ) 
and via one or more appropriate interfaces ( e . g . , an appli 
cation program interface ( API ) ) . 
[ 0049 ] The performance of certain of the operations may 
be distributed among the processors , not only residing 
within a single machine , but deployed across a number of 
machines . In some example embodiments , the processors or 
processor - implemented modules may be located in a single 
geographic location ( e . g . , within a home environment , an 
office environment , or a server farm ) . In other example 
embodiments , the processors or processor - implemented 
modules may be distributed across a number of geographic 
locations . 

programming interface ( API ) calls 510 through the software 
stack and receive messages 512 in response to the API calls 
510 . 
[ 0051 ] The operating system 502 may manage hardware 
resources and provide common services . The operating 
system 502 may include , for example , a kernel 520 , services 
522 , and drivers 524 . The kernel 520 may act as an abstrac 
tion layer between the hardware and the other software 
layers . For example , the kernel 520 may be responsible for 
memory management , processor management ( e . g . , sched 
uling ) , component management , networking , security set 
tings , and so on . The services 522 may provide other 
common services for the other software layers . The drivers 
524 may be responsible for controlling and / or interfacing 
with the underlying hardware . For instance , the drivers 524 
may include display drivers , camera drivers , Bluetooth® 
drivers , flash memory drivers , serial communication drivers 
( e . g . , Universal Serial Bus ( USB ) drivers ) , Wi - Fi® drivers , 
audio drivers , power management drivers , and so forth . 
[ 0052 ] The libraries 504 may provide a low - level common 
infrastructure that may be utilized by the applications 508 . 
The libraries 504 may include system libraries 530 ( e . g . , C 
standard library ) that may provide functions such as memory 
allocation functions , string manipulation functions , math 
ematic functions , and the like . In addition , the libraries 504 
may include API libraries 532 such as media libraries ( e . g . , 
libraries to support presentation and manipulation of various 
media format such as MPEG4 , H . 264 , MP3 , AAC , AMR , 
JPG , PNG ) , graphics libraries ( e . g . , an OpenGL framework 
that may be used to render 2D and 3D graphic content on a 
display ) , database libraries ( e . g . , SQLite that may provide 
various relational database functions ) , web libraries ( e . g . , 
WebKit that may provide web browsing functionality ) , and 
the like . The libraries 504 may also include a wide variety 
of other libraries 534 to provide many other APIs to the 
applications 508 . 
[ 0053 ] The frameworks 506 may provide a high - level 
common infrastructure that may be utilized by the applica 
tions 508 . For example , the frameworks 506 may provide 
various graphic user interface ( GUI ) functions , high - level 
resource management , high - level location services , and so 
forth . The frameworks 506 may provide a broad spectrum of 
other APIs that may be utilized by the applications 508 , 
some of which may be specific to a particular operating 
system or platform . 
[ 0054 ] The applications 508 may include a home applica 
tion 550 , a contacts application 552 , a browser application 
554 , a book reader application 556 , a location application 
558 , a media application 560 , a messaging application 562 , 
a game application 564 , and a broad assortment of other 
applications such as a third - party application 566 . In a 
specific example , the third - party application 566 ( e . g . , an 
application developed using the AndroidTM or iOSTM soft 
ware development kit ( SDK ) by an entity other than the 
vendor of the particular platform ) may be mobile software 
running on a mobile operating system such as iOSTM , 
AndroidTM , Windows® Phone , or other mobile operating 
systems . In this example , the third - party application 566 
may invoke the API calls 510 provided by the operating 
system to facilitate functionality described herein . 

Software Architecture 
[ 0050 ] FIG . 5 is a block diagram illustrating an architec 
ture of software 500 implementing the methods described 
herein . FIG . 5 is merely a non - limiting example of a 
software architecture and it will be appreciated that many 
other architectures may be implemented to facilitate the 
functionality described herein . The software 500 may be 
executing on hardware such as a machine 600 of FIG . 6 that 
includes processors 610 , memory 630 , and I / O components 
650 . In the example architecture of FIG . 5 , the software 500 
may be conceptualized as a stack of layers where each layer 
may provide particular functionality . For example , the soft 
ware 500 may include layers such as an operating system 
502 , libraries 504 , frameworks 506 , and applications 508 . 
Operationally , the applications 508 may invoke application 
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Example Machine Architecture and Machine - Readable 
Medium 
[ 0055 ] FIG . 6 is a block diagram illustrating components 
of a machine 600 , according to some example embodiments , 
able to read instructions from a machine - readable medium 
( e . g . , a machine - readable storage medium ) and perform any 
one or more of the methodologies discussed herein . Spe 
cifically , FIG . 6 shows a diagrammatic representation of the 
machine 600 in the example form of a computer system , 
within which instructions 625 ( e . g . , software , a program , an 
application , an applet , an app , or other executable code ) for 
causing the machine 600 to perform any one or more of the 
methodologies discussed herein may be executed . In alter 
native embodiments , the machine 600 operates as a stand 
alone device or may be coupled ( e . g . , networked ) to other 
machines . In a networked deployment , the machine 600 may 
operate in the capacity of a server machine or a client 
machine in a server - client network environment , or as a peer 
machine in a peer - to - peer ( or distributed ) network environ 
ment . The machine 600 may comprise , but not be limited to , 
a server computer , a client computer , a personal computer 
( PC ) , a tablet computer , a laptop computer , a netbook , a 
set - top box ( STB ) , a personal digital assistant ( PDA ) , an 
entertainment media system , a cellular telephone , a smart 
phone , a mobile device , a wearable device ( e . g . , a smart 
watch ) , a smart home device ( e . g . , a smart appliance ) , other 
smart devices , a web appliance , a network router , a network 
switch , a network bridge , or any machine capable of execut 
ing the instructions 625 , sequentially or otherwise , that 
specify actions to be taken by the machine 600 . Further , 
while only a single machine 600 is illustrated , the term 
“ machine ” shall also be taken to include a collection of 
machines 600 that individually or jointly execute the instruc 
tions 625 to perform any one or more of the methodologies 
discussed herein . 
[ 0056 ] The machine 600 may include processors 610 , 
memory 630 . and 1 / 0 components 650 , which may be 
configured to communicate with each other via a bus 605 . In 
an example embodiment , the processors 610 ( e . g . , a Central 
Processing Unit ( CPU ) , a Reduced Instruction Set Comput 
ing ( RISC ) processor , a Complex Instruction Set Computing 
( CISC ) processor , a Graphics Processing Unit ( GPU ) , a 
Digital Signal Processor ( DSP ) , an Application Specific 
Integrated Circuit ( ASIC ) , a Radio - Frequency Integrated 
Circuit ( RFIC ) , another processor , or any suitable combina 
tion thereof ) may include , for example , a processor 615 and 
a processor 620 that may execute the instructions 625 . The 
term “ processor ” is intended to include multi - core processor 
that may comprise two or more independent processors ( also 
referred to as “ cores ” ) that may execute instructions con 
temporaneously . Although FIG . 6 shows multiple processors 
610 , the machine 600 may include a single processor with a 
single core , a single processor with multiple cores ( e . g . , a 
multi - core processor ) , multiple processors with a single 
core , multiple processors with multiples cores , or any com 
bination thereof . 
[ 0057 ] The memory 630 may include a main memory 635 , 
a static memory 640 , and a storage unit 645 accessible to the 
processors 610 via the bus 605 . The storage unit 645 may 
include a machine - readable medium 647 on which is stored 
the instructions 625 embodying any one or more of the 
methodologies or functions described herein . The instruc 
tions 625 may also reside , completely or at least partially , 
within the main memory 635 , within the static memory 640 , 

within at least one of the processors 610 ( e . g . , within a 
processor ' s cache memory ) , or any suitable combination 
thereof , during execution thereof by the machine 600 . 
Accordingly , the main memory 635 , the static memory 640 , 
and the processors 610 may be considered machine - readable 
media 647 . 
[ 0058 ] As used herein , the term “ memory ” refers to a 
machine - readable medium 647 able to store data temporarily 
or permanently , and may be taken to include , but not be 
limited to , random - access memory ( RAM ) , read - only 
memory ( ROM ) , buffer memory , flash memory , and cache 
memory . While the machine - readable medium 647 is shown 
in an example embodiment to be a single medium , the term 
“ machine - readable medium ” should be taken to include a 
single medium or multiple media ( e . g . , a centralized or 
distributed database , or associated caches and servers ) able 
to store the instructions 625 . The term “ machine - readable 
medium ” shall also be taken to include any medium , or 
combination of multiple media , that is capable of storing 
instructions ( e . g . , instructions 625 ) for execution by a 
machine ( e . g . , machine 600 ) , such that the instructions , 
when executed by one or more processors of the machine 
600 ( e . g . , processors 610 ) , cause the machine 600 to perform 
any one or more of the methodologies described herein . 
Accordingly , a “ machine - readable medium ” refers to a 
single storage apparatus or device , as well as “ cloud - based ” 
storage systems or storage networks that include multiple 
storage apparatus or devices . The term “ machine - readable 
medium ” shall accordingly be taken to include , but not be 
limited to , one or more data repositories in the form of a 
solid - state memory ( e . g . , flash memory ) , an optical medium , 
a magnetic medium , other non - volatile memory ( e . g . , Eras 
able Programmable Read - Only Memory ( EPROM ) ) , or any 
suitable combination thereof . The term “ machine - readable 
medium ” specifically excludes non - statutory signals per se . 
[ 0059 ] The I / O components 650 may include a wide 
variety of components to receive input , provide and / or 
produce output , transmit information , exchange informa 
tion , capture measurements , and so on . It will be appreciated 
that the I / O components 650 may include many other 
components that are not shown in FIG . 6 . In various example 
embodiments , the I / O components 650 may include output 
components 652 and / or input components 654 . The output 
components 652 may include visual components ( e . g . , a 
display such as a plasma display panel ( PDP ) , a light 
emitting diode ( LED ) display , a liquid crystal display 
( LCD ) , a projector , or a cathode ray tube ( CRT ) ) , acoustic 
components ( e . g . , speakers ) , haptic components ( e . g . , a 
vibratory motor ) , other signal generators , and so forth . The 
input components 654 may include alphanumeric input 
components ( e . g . , a keyboard , a touch screen configured to 
receive alphanumeric input , a photo - optical keyboard , or 
other alphanumeric input components ) , point - based input 
components ( e . g . , a mouse , a touchpad , a trackball , a joy 
stick , a motion sensor , and / or other pointing instruments ) , 
tactile input components ( e . g . , a physical button , a touch 
screen that provides location and force of touches or touch 
gestures , and / or other tactile input components ) , audio input 
components ( e . g . , a microphone ) , and the like . 
[ 0060 ] In further example embodiments , the I / O compo 
nents 650 may include biometric components 656 , motion 
components 658 , environmental components 660 , and / or 
position components 662 among a wide array of other 
components . For example , the biometric components 656 
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may include components to detect expressions ( e . g . , hand 
expressions , facial expressions , vocal expressions , body 
gestures , or eye tracking ) , measure biosignals ( e . g . , blood 
pressure , heart rate , body temperature , perspiration , or brain 
waves ) , identify a person ( e . g . , voice identification , retinal 
identification , facial identification , fingerprint identification , 
or electroencephalogram - based identification ) , and the like . 
The motion components 658 may include acceleration sen 
sor components ( e . g . , accelerometer ) , gravitation sensor 
components , rotation sensor components ( e . g . , gyroscope ) , 
and so forth . The environmental components 660 may 
include , for example , illumination sensor components ( e . g . , 
photometer ) , temperature sensor components ( e . g . , one or 
more thermometers that detect ambient temperature ) , 
humidity sensor components , pressure sensor components 
( e . g . , barometer ) , acoustic sensor components ( e . g . , one or 
more microphones that detect background noise ) , proximity 
sensor components ( e . g . , infrared sensors that detect nearby 
objects ) , and / or other components that may provide indica 
tions , measurements , and / or signals corresponding to a 
surrounding physical environment . The position compo 
nents 662 may include location sensor components ( e . g . , a 
Global Position System ( GPS ) receiver component ) , altitude 
sensor components ( e . g . , altimeters and / or barometers that 
detect air pressure from which altitude may be derived ) , 
orientation sensor components ( e . g . , magnetometers ) , and 
the like . 
[ 0061 ] Communication may be implemented using a wide 
variety of technologies . The I / O components 650 may 
include communication components 664 operable to couple 
the machine 600 to a network 680 and / or devices 670 via 
coupling 682 and coupling 672 respectively . For example , 
the communication components 664 may include a network 
interface component or other suitable device to interface 
with the network 680 . In further examples , communication 
components 664 may include wired communication com 
ponents , wireless communication components , cellular com 
munication components , Near Field Communication ( NFC ) 
components , Bluetooth® components ( e . g . , Bluetooth® 
Low Energy ) , Wi - Fi® components , and other communica 
tion components to provide communication via other 
modalities . The devices 670 may be another machine and / or 
any of a wide variety of peripheral devices ( e . g . , a peripheral 
device coupled via a Universal Serial Bus ( USB ) ) . 
[ 0062 ] Moreover , the communication components 664 
may detect identifiers and / or include components operable 
to detect identifiers . For example , the communication com 
ponents 664 may include Radio Frequency Identification 
( RFID ) tag reader components , NFC smart tag detection 
components , optical reader components ( e . g . , an optical 
sensor to detect one - dimensional bar codes such as Univer 
sal Product Code ( UPC ) bar codes , multi - dimensional bar 
codes such as Quick Response ( QR ) codes , Aztec codes , 
Data Matrix , Dataglyph , MaxiCode , PDF417 , Ultra Code . 
UCC RSS - 2D bar codes , and other optical codes ) , acoustic 
detection components ( e . g . , microphones to identify tagged 
audio signals ) , and so on . In additional , a variety of infor 
mation may be derived via the communication components 
664 , such as location via Internet Protocol ( IP ) geo - location , 
location via Wi - Fi® signal triangulation , location via detect 
ing an NFC beacon signal that may indicate a particular 
location , and so forth . 

Transmission Medium 
[ 0063 ] In various example embodiments , one or more 
portions of the network 680 may be an ad hoc network , an 
intranet , an extranet , a virtual private network ( VPN ) , a local 
area network ( LAN ) , a wireless LAN ( WLAN ) , a wide area 
network ( WAN ) , a wireless WAN ( WWAN ) , a metropolitan 
area network ( MAN ) , the Internet , a portion of the Internet , 
a portion of the Public Switched Telephone Network 
( PSTN ) , a plain old telephone service ( POTS ) network , a 
cellular telephone network , a wireless network , a Wi - Fi® 
network , another type of network , or a combination of two 
or more such networks . For example , the network 680 or a 
portion of the network 680 may include a wireless or cellular 
network and the coupling 682 may be a Code Division 
Multiple Access ( CDMA ) connection , a Global System for 
Mobile communications ( GSM ) connection , or another type 
of cellular or wireless coupling . In this example , the cou 
pling 682 may implement any of a variety of types of data 
transfer technology , such as Single Carrier Radio Transmis 
sion Technology ( 1xRTT ) , Evolution - Data Optimized 
( EVDO ) technology , General Packet Radio Service ( GPRS ) 
technology , Enhanced Data rates for GSM Evolution 
( EDGE ) technology , third Generation Partnership Project 
( 3GPP ) including 3G , fourth generation wireless ( 4G ) net 
works , Universal Mobile Telecommunications System 
( UMTS ) , High Speed Packet Access ( HSPA ) , Worldwide 
Interoperability for Microwave Access ( WiMAX ) , Long 
Term Evolution ( LTE ) standard , others defined by various 
standard - setting organizations , other long range protocols , 
or other data transfer technology . 
[ 0064 ] The instructions 625 may be transmitted and / or 
received over the network 680 using a transmission medium 
via a network interface device ( e . g . , a network interface 
component included in the communication components 664 ) 
and utilizing any one of a number of well - known transfer 
protocols ( e . g . , hypertext transfer protocol ( HTTP ) ) . Simi 
larly , the instructions 625 may be transmitted and / or 
received using a transmission medium via the coupling 672 
( e . g . , a peer - to - peer coupling ) to the devices 670 . The term 
“ transmission medium ” shall be taken to include any intan 
gible medium that is capable of storing , encoding , or car 
rying instructions 625 for execution by the machine 600 , and 
includes digital or analog communications signals or other 
intangible media to facilitate communication of such soft 
ware . 
10065 ] Furthermore , the machine - readable medium 647 is 
non - transitory in other words , not having any transitory 
signals ) in that it does not embody a propagating signal . 
However , labeling the machine - readable medium 647 “ non 
transitory ” should not be construed to mean that the medium 
is incapable of movement ; the medium should be considered 
as being transportable from one physical location to another . 
Additionally , since the machine - readable medium 647 is 
tangible , the medium 647 may be considered to be a 
machine - readable device . 

Applications 
10066 ] FIG . 7 illustrates an example mobile device 700 
that may be running a mobile operating system ( e . g . , iOSTM , 
AndroidTM , Windows® Phone , or other mobile operating 
systems ) , according to example embodiments . In an 
example embodiment , the mobile device 700 may include a 
touch screen that may receive tactile information from a user 
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702 . For instance , the user 702 may physically touch 704 the 
mobile device 700 and in response to the touch 704 the 
mobile device 700 may determine tactile information such 
as touch location , touch force , gesture motion , and so forth . 
In various example embodiment , the mobile device 700 may 
display home screen 706 ( e . g . , Springboard on iOSTM ) that 
the user 702 of the mobile device 700 may use to launch 
applications and otherwise manage the mobile device 700 . 
In various example embodiments , the home screen 706 may 
provide status information such as battery life , connectivity , 
or other hardware status . The home screen 706 may also 
include a plurality of icons that may be activated to launch 
applications , for example , by touching the area occupied by 
the icon . Similarly , other user interface elements may be 
activated by touching an area occupied by a particular user 
interface element . In this manner , the user 702 may interact 
with the applications . 
[ 0067 ] A broad spectrum of applications ( also referred to 
as " apps ” ) may be executing on the mobile device 700 . The 
applications may include native applications ( e . g . , applica 
tions programmed in Objective - C running on iOSTM or 
applications programmed in Java running on AndroidTM ) , 
mobile web applications ( e . g . , HTML5 ) , and / or hybrid 
applications ( e . g . , a native shell application that launches an 
HTML5 session ) . In a specific example , the mobile device 
700 may include a messaging app 720 , audio recording app 
722 , a camera app 724 , a book reader app 726 , a media app 
728 , a browser app 730 , a file management app 732 , a direct 
app 734 , a location app 736 , a settings app 738 , a contacts 
app 740 , a telephone call app 742 , other apps ( e . g . , gaming 
apps , social networking apps ) , and a third party app 744 . 

Term Usage 

instances may be provided for resources , operations , or 
structures described herein as a single instance . Additionally , 
boundaries between various resources , operations , modules , 
engines , and data stores are somewhat arbitrary , and par 
ticular operations are illustrated in a context of specific 
illustrative configurations . Other allocations of functionality 
are envisioned and may fall within a scope of various 
embodiments of the present disclosure . In general , structures 
and functionality presented as separate resources in the 
example configurations may be implemented as a combined 
structure or resource . Similarly , structures and functionality 
presented as a single resource may be implemented as 
separate resources . These and other variations , modifica 
tions , additions , and improvements fall within the scope of 
embodiments of the present disclosure as represented by the 
appended claims . The specification and drawings are , 
accordingly , to be regarded in an illustrative rather than a 
restrictive sense . 

1 . ( canceled ) 
2 . A system comprising : 
one or more computer processors ; and 
memory storing instructions that , when executed by the 

one or more computer processors , cause the one or 
more computer processors to perform operations com 
prising : 

computing , from each of a plurality of training images 
having specified image dimensions , features for a plu 
rality of irregularly sized and positioned sub - regions 
defined for an image region having the specified image 
dimensions ; 

determining feature weights associated with the computed 
features , 

ranking the features based on the feature weights ; and 
selecting , among the features , a number of top - ranked 

features for inclusion in a discriminative feature space . 
3 . The system of claim 1 , wherein the operations comprise 

use of machine learning to determine the feature weights . 
4 . The system of claim 1 , wherein the operations further 

comprise computing pixel - wise low - level features from the 
plurality of training images , the features for the plurality of 
sub - regions being mid - level features computed by aggregat 
ing the low - level features over the pixels within the respec 
tive sub - regions . 

5 . The system of claim 1 , wherein the plurality of training 
images are associated with a plurality of character classes , 
and wherein the operations comprise determining the feature 
weights , ranking the features , and selecting the top - ranked 
features separately for each of the plurality of character 
classes , the operations further comprising combining the 
selected top - ranked features across character classes into a 
combined feature space . 

6 . The system of claim 5 , wherein the operations further 
comprise updating the feature weights associated with the 
top - ranked features combined into the combined feature 
space . 

7 . The system of claim 5 , wherein the operations further 
comprise classifying a scene character based on an image 
thereof by computing features within the combined feature 
space from the image of the scene character , computing 
weighted averages of the features for the plurality of char 
acter classes , and comparing the weighted averages to 
identify a closest match for the scene character among the 
plurality of character classes . 

[ 0068 ] Throughout this specification , plural instances may 
implement components , operations , or structures described 
as a single instance . Although individual operations of one 
or more methods are illustrated and described as separate 
operations , one or more of the individual operations may be 
performed concurrently , and nothing requires that the opera 
tions be performed in the order illustrated . Structures and 
functionality presented as separate components in example 
configurations may be implemented as a combined structure 
or component . Similarly , structures and functionality pre 
sented as a single component may be implemented as 
separate components . These and other variations , modifica 
tions , additions , and improvements fall within the scope of 
the subject matter herein . 
[ 0069 ] Although an overview of the inventive subject 
matter has been described with reference to specific example 
embodiments , various modifications and changes may be 
made to these embodiments without departing from the 
broader scope of embodiments of the present disclosure . The 
embodiments illustrated herein are described in sufficient 
detail to enable those skilled in the art to practice the 
teachings disclosed . Other embodiments may be used and 
derived therefrom , such that structural and logical substitu 
tions and changes may be made without departing from the 
scope of this disclosure . The Detailed Description , therefore , 
is not to be taken in a limiting sense , and the scope of various 
embodiments is defined only by the appended claims , along 
with the full range of equivalents to which such claims are 
entitled . 
10070 ] As used herein , the term “ or ” may be construed in 
either an inclusive or exclusive sense . Moreover , plural 
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8 . The system of claim 1 , wherein the operations further 
comprise defining the plurality of irregularly sized and 
positioned sub - regions by randomly selecting positions , 
widths , and heights from respective uniform distributions . 

9 . The system of claim 1 , wherein the features comprise 
features computed for a plurality of feature channels . 

10 . The system of claim 8 , wherein the feature channels 
comprises at least one of a color channel , a gradient histo 
gram channel , and a gradient - magnitude channel . 

11 . A non - transitory machine - readable medium storing a 
plurality of processor - executable instructions which , when 
executed by one or more processors of the machine , cause 
the one or more processors to perform operations compris 
ing : 

computing , from each of a plurality of training images 
having specified image dimensions , features for a plu 
rality of irregularly sized and positioned sub - regions 
defined for an image region having the specified image 
dimensions ; 

determining feature weights associated with the computed 
features ; 

ranking the features based on the feature weights ; and 
selecting , among the features , a number of top - ranked 

features for inclusion in a discriminative feature space . 
12 . The machine - readable medium of claim 11 , wherein 

the operations comprise use of machine learning to deter 
mine the feature weights . 

13 . The machine - readable medium of claim 11 , wherein 
the operations further comprise computing pixel - wise low 
level features from the plurality of training images , the 
features for the plurality of sub - regions being mid - level 
features computed by aggregating the low - level features 
over the pixels within the respective sub - regions . 

14 . The machine - readable medium of claim 11 , wherein 
the plurality of training images are associated with a plu 
rality of character classes , and wherein the operations com 
prise determining the feature weights , ranking the features , 
and selecting the top - ranked features separately for each of 
the plurality of character classes , the operations further 
comprising combining the selected top - ranked features 
across character classes into a combined feature space . 

15 . The machine - readable medium of claim 14 , wherein 
the operations further comprise updating the feature weights 
associated with the top - ranked features combined into the 
combined feature space . 

16 . The machine - readable medium of claim 14 , wherein 
the operations further comprise classifying a scene character 
based on an image thereof by computing features within the 
combined feature space from the image of the scene char 
acter , computing weighted averages of the features for the 
plurality of character classes , and comparing the weighted 
averages to identify a closest match for the scene character 
among the plurality of character classes . 

17 . The machine - readable medium of claim 11 , wherein 
the operations further comprise defining the plurality of 
irregularly sized and positioned sub - regions by randomly 
selecting positions , widths , and heights from respective 
uniform distributions . 

18 . A method comprising : 
computing , from each of a plurality of training images 
having specified image dimensions , features for a plu 
rality of irregularly sized and positioned sub - regions 
defined for an image region having the specified image 
dimensions ; 

determining feature weights associated with the computed 
features ; 

ranking the features based on the feature weights ; and 
selecting , among the features , a number of top - ranked 

features for inclusion in a discriminative feature space . 
19 . The method of claim 18 , wherein the plurality of 

training images are associated with a plurality of character 
classes , and wherein the feature weights are determined , the 
features are ranked , and top - ranked features are selected 
separately for each of the plurality of character classes , the 
method further comprising combining the selected top 
ranked features across character classes into a combined 
feature space . 

20 . The method of claim 19 , further comprising classify 
ing a scene character based on an image thereof by com 
puting features within the combined feature space from the 
image of the scene character , computing weighted averages 
of the features for the plurality of character classes , and 
comparing the weighted averages to identify a closest match 
for the scene character among the plurality of character 
classes . 
21 . The method of claim 18 , further comprising defining 

the plurality of irregularly sized and positioned sub - regions 
by randomly selecting positions , widths , and heights from 
respective uniform distributions . 

* * 


