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Abstract. We introduce a new framework for feature grouping based on fac-
tor graphs, which are graphical models that encode interactions aanbitigry
numbers of random variables. The ability of factor graphs to exprésstions
higher than pairwise order (the highest order encountered in mgstigeghmod-
els used in computer vision) is useful for modeling a variety of pattelwgrtion
problems. In particular, we show how this property makes factor graptatu-
ral framework for performing grouping and segmentation, which pgyato the
problem of finding text in natural scenes. We demonstrate an implementdtio
our factor graph-based algorithm for finding text on a Nokia cameva@fwhich
is intended for eventual use in a camera phone system that finds atsltesa
(such as street signs) in natural environments for blind users.

1 Introduction

The ability to read street signs and other informationahsigrould be very useful to
people who have visual impairments that make it difficultopossible to find and read
signs. A growing body of work in computer vision tackles thielgem of finding text
in natural scenesl[2,3,4], a task that is especially challenging in highly cluttessd
vironments; once text is located, well-established OCRi¢apcharacter recognition)
techniques can be used to read it. So far almost all of thi& woifinding text has been
implemented on standard personal (e.g. desktop or laptoppuaters. While comput-
ers are continually improving in terms of power and porighithey are still too heavy,
bulky and expensive to be convenient for most visually imgzhusers.

An attractive hardware alternative is the camera cell plfonemart phone), which
is lightweight, inexpensive, multi-purpose and nearlyquitious. Since most people
already carry a cell phone, it has the added benefit of retguio additional device to
purchase or carry.

However, an important limitation of the camera phone is thhas substantially
less processing power than a standard computer. The cahmama @PU is significantly
slower than the kind found in desktop computers; in addjttbe camera phone lacks
a floating point processing unit (FPU), which means thatifiggboint calculations — a
mainstay of most computer vision algorithms — are partityklow. Integer arithmetic
is faster on the camera phone, but it is still up to an orderagmitude slower than on
a standard computer.



The need for an algorithm to find text efficiently enough to omna camera phone
has motivated us to develop a new framework for simple, fadt fegmentation. To
this end we have adapted a graphical model-based framewigrkally developed for
finding pedestrian crosswalks in traffic intersecticiigd the problem of finding text in
natural scenedd. In this approach, we cast text detection as a problem ahsetjing
edge-based text features extracted from an image into fiyugeound. The signature
of a text region is an abundance of text features that araedign a fairly regular way.
By contrast, text features occur more sparsely outsidexbfrégions, and are spaced
less regularly. The purpose of the graphical model framkugto exploit this pattern
to segment all the text features in an image into figure ormpulpaorresponding to text
or non-text regions, respectively. The graphical modeieas the desired behavior by
expressing appropriate grouping criteria among the tettufes.

In this paper we describe a new framework for segmentatiatigran outgrowth of
our previous work, which provides for more expressive gnogpriteria, and which is
simpler and faster. The framework is based on factor graghsvhich provide a con-
venient way of expressing interactions of any order in algicg model. We have used
this framework to develop a text-finding algorithm thateslalmost entirely on integer
arithmetic calculations, which enables an efficient canpdiene implementation. Pre-
liminary experiments demonstrate the ability of the aljon to segment text regions
in an image in several seconds on a camera phone (Nokia 688 MRz ARM CPU).

2 Past Work on Text Detection

A large body of work addresses the problem of detecting aading printed text, but
so far this problem is considered solved only in the domai®@GR (optical character
recognition). This domain is limited to the analysis of higdsolution, high-contrast
images of printed text with little background clutter. Thredder challenge of detecting
and reading text in highly cluttered scenes, such as indooutoloor scenes with infor-
mational signs, is much more difficult and is a topic of ongaiesearch. (We focus on
the problem of segmentation in this paper, leaving the tdskarling segmented text
for future research.)

Many text segmentation algorithms employ deterministittdm-up processes for
grouping text features into candidate text regions usiagufes such as edges, color or
texture [L,2,3,4]; a recent and comprehensive survey is foundn$tatistical methods
have recently been developed, such as an Adaboost-bagsmithatg [9] that uses a
cascade of filters trained from a labelled data set of nasaehes containing text.

We build on our recent workd] casting text detection as a figure-ground segmen-
tation problem represented using a probabilistic grapmadel. We now propose to
use a novel factor graph grouping technique that permits 1@ @epressive graphical
model to be used — specifically, one that alldwgher-order interactions among several
features, rather than being restricted to pairwise intemas (between pairs of features).
The advantage of the factor graph grouping framework isittedlows grouping to be
performed on very simple features that can be extractedilsefpom an image. The
simple features can be grouped according to complex aitesing higher-order fac-



tors. As we will see later, the computational complexitytt@uld arise from the use of
higher-order factors is avoided because of the particolan of the factor graph.
Recent work related to ours(,11] also uses a graphical model framework. Unlike
our approach, the former work tackles text detection sefetiocuments, and the latter
work uses color to initiate the segmentation and requireges in which individual
letters are clearly visible. By contrast, we have designeditmorithm to process natural
grayscale images with letters that may be poorly resolvegl f8g.5). This allows us
to segment text in images in which the letters appear smalbaprocess the images at
coarser scales (which decreases the amount of computatjoired for segmentation).

3 Grouping with Factors

Most methods devised for clustering or grouping data (swchamalized cuts1]/]
and graphical-model based typical cuig]) rely on affinities defined opairs of data
points to express the likelihood that two points should muged together. However,
many clustering problems necessitate the use of higheraffinities; for instance,
the problem of grouping points on a 2-D plane into lines rezgian affinity defined
on triplets of points, since every pair of points is trijadlollinear. Some recent work
[14] has investigated hypergraph partitioning techniquebéordling these higher-order
affinities.

We propose that a particular form of graphical model knowa ftor graph [7]
provides a natural framework for grouping with higher-ardéinities that results in
simple and efficient grouping algorithms. Our framework isliveuited to modeling
object-specific figure-ground segmentation, which is howcast the problem of text
detection. It is inspired by object-specific figure-grouadraentation work by1[5] and
from work on clustering using graphical modeisi].

The factor graph provides a convenient way of representitegactions among ar-
bitrary numbers of variables, generalizing the pairwigeriactions often used in graph-
ical models. An important property of factor graphs is tlaatfor all graphical models,
rapid inference can be performed on them using a form of b@l@agation (BP).

In the next subsection we introduce factor graphs and fagegph BP and demon-
strate how they can be used to implement figure-ground segtiean The application
of figure-ground segmentation to text detection is desdridsequently.

3.1 Factor Graphsand Belief Propagation

Factor graphsi] provide a convenient framework for representing grapghitadels in
a way that shows interactions of any order in a visual fortfit. 1 shows an example
of a factor graph. Each square node represents a factortesadtion, among one or
more variables, depicted by circles, and the topology ofdbtor graph indicates how
the joint distribution of all variables factors.

Belief propagation (BP) can be extended to factor graphse Me present a brief
overview of factor graph BP, using notation similar to thaf d. We note that factor
graph BP is very similar to standard BP: messages are sentdne node to another,
and each message is a function of the state of one node \aridblvever, a chief



Fig.1. Factor graph. This graph represents a distribution on feuwiablesw,x,y,z
(drawn as circles) using three factofsg, h (drawn as squares). Edges connect fac-
tors with the variables they influence. The joint distribatirepresented by this factor

graphisP(w, z,y, 2) = f(w,z,y)g9(z,y, 2)h(y, 2).

difference is that there atwo types of messages in factor graph BP, those that are sent
from variables to factors and those sent from factors tabées. We consider the max-
product version of factor BP rather than the sum-produdcivarbecause the former can
be implemented very efficiently in the log domain using ordgiion and subtraction,
without the need for multiplication. (We convert to the lognekin by taking the log of
the original max-product equations, and renaming the ngessand factors to absorb
the logs.) As we will see, this arithmetic simplification sykio our ability to implement
factor BP efficiently on a camera phone CPU.

The max-product version of factor graph BP is expressedeithaty domain accord-
ing to the following update equations:
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wheren(z) is the set of neighbors af, and
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whereX = n(f) is the set of arguments of functigh and~ {z} denotes the set of all
arguments off except forz. (The sums in these two equations correspond to products
before converting to the log domain.) Note that, for eachioia¢ and neighboring
variablez, updating all messages;_., (x) has worst-case complexi®y(|.S|™), where
m is the number of variables coupled by factorand |S| is the number of allowed
states of each of they variables (assuming the state spaces are the same sizelfor ea
variable). This is because Eg.must be iterated for each value ofon the left-hand
side, and for each value of the max must be evaluated over the remainimg— 1
variables~ {z}.

Once the messages have converged to some value (which,enagjene can only
hope happens after enough message updates), we can ealbal&belief function” for
each node:

b(z)= Y mp.(x) (3)

fen(z)



In sum-product BP, the belief is an estimate of the margimabability of each
node. In max-product BP, the belief is a function with a wegkeperty: the state that
maximizes the belief of a node is an estimate of the nodets stdhe most likely global
configuration of states across the entire graphical modeltie MAP estimate if the
graphical model is interpreted as representing a posteistnibution).

3.2 Factor Graphsfor Figure-Ground Segmentation

We now specialize our discussion of factor graphs to the Iprotof figure-ground
segmentation. In this context, each node variable the factor graph is binary-valued:

x; = 1landx; = 0 represent figure and ground states, respectively. A fadton o
variablesf (x4, ..., x,,) expresses the likelihood of every possible assignmenatést

to all m variables, irrespective of the other variables in the fiagtaph. Aunitary factor

of one node variablg(x) enforces a prior bias towards figure or ground, independent
of other nodes.

A simple form of this type of factor graph — a graphical modéhvonly unitary
factors and pairwise interactions — was used in our preweork on figure-ground
segmentationd]. Generalizing from that form, we now stipulate that eaatidain our
graph has a special fornfi(z1, . .., x,,) isnon-zeronlywhenz, = ... = z,, = 1,i.e.
when all the variables are in figure states, id;, ..., z,,) = 0 otherwise. In other
words, the factor can only assume two possible values: oloe vehen its arguments
(variables that it influences) are in the “figure” state, aaotherwise.

We make a further non-negativity requirement thgt = f(z; = 1,...,2,, =
1) > f(xy = 0,...,2, = 0) = 0. This additional requirement implies great com-
putational savings: factor BP for this factor graph will gerge inonly one iteration
of message updates. It is straightforward to show this byififsalizing all messages
my_., andm,_ ¢ to zero and noticing that the first update will yield; ., (0) = 0 and
ms_.(1) = K;. (The messages from variables to factors all remain zera: ;(z) =
0 for x = 0 andz = 1.) Thanks to the non-negativity requirement, subsequestage
updates will leave the message values unaltered (provitedessages are “normal-
ized” after each iteration by uniformly shifting them by appaopriate amount — an
operation that does not affect the outcome of BP).

The beliefs then have the following simple foriy:(z = 1) = >_ ., ., K and

by(x = 0) = 0. Sinceb,(x = 0) = 0 is fixed and only the difference,(x = 1) —
b, (x = 0) matters, we use a simplified notation to represent the lselief
B,= > Ky (4)
fen(x)

This result shows that the beliefs can be calculated wittimubeed for any message
updates! This computational savings comes at a price, rewigvst, the non-negativity
requirement means that a unitary prior favoring ground digerre (e.g.f(x = 0) =
0, f(z = 1) < 0) is not allowed. As a result, the state configuration thatimaes the
sum of all the (non-negative) factors in the graph is simply 1 for all node variables
x, which is a degenerate result. A simple way to work arounsl pndblem is to omit
all unitary factors but to assign each node variabl® figure only if its beliefB,, is



sufficiently large. In this way, only nodes with sufficienpgort from other nodes will
be assigned to figure, and the rest will be assigned to ground.

Second, the fact that BP converges in only one iteration si¢faat information
will not be propagated over long distances in the factor lgr&uch propagation can
be very useful for “filling in” an image region that has weakd®ance with stronger
evidence outside the region. However, the benefit of our lgifi@etor graph is that it is
easy to includdactors of arbitrarily high order, whereas in general the computational
complexity increases exponentially with the factor ordere(the complexity analysis
immediately following Eq2). Since information is still propagated within overlapgpin
factors — which can be of very high order and thus encompéags tagions of an image
— this means that information can still be propagated ovay ftistances.

4 Grouping Text Features

We have devised a bottom-up procedure for grouping edgescimnposite features

that are signatures of regions containing text. The nextextipn describes how these
features are constructed, and the subsequent subsecgilainsxhow the features are
grouped into factors.

4.1 Constructing Features

Speed is a major consideration, so we used a very simple exgetar to provide the
basic elements to be grouped. First, the image is blurrgttsli converted to grayscale
and decimated t640 x 480 pixels or smaller. Two kinds of edges are detected, cor-
responding to local maxima or minima of the horizontal andival image intensity
derivatives. The edges are grouped into line segmentshvelne&capproximately straight
and fully connected sequences of edge pixels (with betwead20 pixels, which sets
an appropriate range of scales for text detection). Therénar kinds of line segments,
those that are oriented (approximately) vertically andsénhthat are oriented (approx-
imately) horizontally. Vertical segments that are suffithe close together and have
opposite polarity are grouped into “weakly matched veleéces”, shown in Fig2(a).
“Weakly matched horizontal edges” are determined in a simiiay (see Fig2(b)). As
the figure suggests, weakly matched edges are featuresiddsimbe prevalent along
the borders of letter strokes.

Fig. 2. Edge features used to construct text features shown oneddpmage of street
sign. Left, weakly matched vertical edge segments. Righgkly matched horizontal
edge segments. Edges shown in red and green to indicateiteppolsrities.



Next we prune the set of weakly matched vertical segmentsbtairo our final
features, “anchored verticals” (see FR). An anchored vertical feature is a weakly
matched vertical segment whose topmost or bottommaost pelsufficiently close
to the leftmost or rightmost pixel of a weakly matched honiad segment. By “suffi-
ciently close” pixels we mean that they are either identaabne pixel is one of the
eight nearest neighbors of the other.

Fig. 3. Anchored verticals. Top, anchored verticals shown for iengagprevious figure.
Bottom, shown for an image. Note density and regularity ahaned verticals in text
region, where bottoms and tops tend to be at the same levetoBlast, anchored
verticals are scattered sparsely and irregularly throughest of the image.

As Fig. 3 shows, anchored verticals have a distribution on text regtbat is sig-
nificantly different from the distribution outside of texdgions. Anchored verticals are
distributed densely on text regions, and their bottoms apd tend to be aligned to
the same level. By contrast, outside of text regions, arethuerticals are distributed
more sparsely and irregularly. We will exploit this diffet&l distribution of anchored
verticals to segment out text regions in an image.

4.2 Building Factors

Having constructed a set of useful anchored vertical feattinat have a distinctive
signature in text regions, we now proceed to construct afagiaph based on these
features. In the factor graph, each anchored vertical isiabla node. Factor nodes are
defined as groups of anchored verticals that may plausitbhnbeo one text region. As
we have shown, our particular factor graph has the advarit@géhe results of BP can
be calculated very simply without any iterative messageatipd. However, the trade-
off is that the search for building suitable factor nodesamputationally intensive,
since many of these factors are high-order (i.e. they binadyraachored verticals).

The search for factors is conducted by means of a sliding evindf size 5 pixel
rows by 30 pixel columns. Rather than having to slide the wingixel by pixel across
each column and row of the image, the left side of the windoaligned to the top or
bottom of each node (anchored vertical), one after the offleereach node the window



is aligned to (which we call the “reference” node), all nodpg or bottoms to its right
are found that lie in the window. Two kinds of factors are ¢anged, one linking the
tops of the nodes and the other linking the bottoms. For saitylve will describe the
case of linking node tops; the same procedure is followedtirfking node bottoms.

For each candidate factgr we calculate a measure of alignment with respect to a
horizontal line at the level of the top of the reference nddes alignment measure is
the maximum of the absolute value of the vertical pixel diseabetween each node top
and the horizontal line, where the maximum is taken overadles in the window. To
accomodate text that may be slightly off-horizontal, wealslculate similar alignment
measures for two other lines, one with a slope of 1/10 and tther avith slope -1/10.
The final error measurg'; corresponding to factof equals the minimum of the three
alignment errors, divided by the number of nodes in thersfjdvindow.

Empirically we find that error measurés: of 5 or more correspond to very weak
factors, so we discard any factgrfor which £, > 5. Otherwise, we defind(; =
5 — E¢, so that a lower error equates to a stronger factor.

One of the strengths of our max-product factor BP approattfaisalmost all calcu-
lations can be done in simple integer arithmetic, which tlyesppeeds up the algorithm
on a camera phone CPU (which lacks a floating-point unit)h&athan using floating-
point to calculate and represent the error meaduyrgwhich is defined above using
division), we rescale it by a factor of 100 into a suitablegauiof integers. Obviously,
this rescaling is implicit in all subsequent calculations.

5 Experimental Results

We implemented our algorithm in Symbian C++ on a Nokia 668tha@ phone. Al-
though the built-in camera has a resolution of approximydt@hegapixel, our algorithm
decimated the images 60 x 480 or smaller to speed execution.

Fig.4. Experimental results. Left, text segmentation from Bip) demonstrating ro-
bustness to non-uniform lighting. Right, result demorisigaperformance in high clut-
ter.



Fig.'s 4-5 show results of the algorithm for pictures taken by the canméone of
local street scenes. The algorithm took several secondspge to execute. Note the
algorithm’s ability to handle considerable amounts of scelutter. The algorithm’s
robustness to non-uniform lighting conditions is shown iig. B. However, false pos-
itives still occur, especially in image regions charaaedi by periodic structures such
as windows or fences that resemble text at a local scale §ig.

Fig. 5. More experimental results.

6 Discussion

We have demonstrated the feasibility of a novel groupingh&aork, based on factor
graphs, which we have applied to the problem of segmentixigittenatural scenes.
The algorithm is simple and fast enough to implement on a cajpieone. Future work
will focus on improving the false positive and false negatiates, which may be ac-
complished in part by learning the potentials][from training samples of manually
segmented text. In order for our algorithm to function ag paa practical system for
finding and reading text, we will also have to use the textiesst output by it to deter-
mine appropriate bounding boxes to enclose the text, an@Gseto actually read the
text. We note that the OCR stage will have the benefit of diingrsome false positives
which cannot be ruled out by our algorithm alone.
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