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Multiscale Bayesian Segmentation Using a Trainable
Context Model

Hui Cheng Member, IEEEand Charles A. Boumatiellow, IEEE

Abstract—in recent years, multiscale Bayesian approaches segmented regions must have smooth boundaries or that certain
have attracted increasing attention for use in image segmentation. classes can not be adjacent to one another.
Generally, these methods tend to offer improved segmentation |, 5 Bayesjan framework, contextual structure is often mod-
accuracy with reduced computational burden. Existing Bayesian "
segmentation methods use simple models of context designed toeled by a Markov r_andom field (MRF) [5,]_[7_]' US‘%a”y' the
encourage large uniformly classified regions. Consequently, these MRF contains the discrete class of each pixel in the image. The
context models have a limited ability to capture the complex objective then becomes to estimate the unknown MRF from the
contextual dependencies that are important in applications such available data. In practice, the MRF model typically encourages
as document segmentation. the formation of large uniformly classified regions. Generally,

In this paper, we propose a multiscale Bayesian segmentation al- thi thi fth tation i tati
gorithm which can effectively model complex aspects of both local IS SmMoothing orine segmentation INCreases Segmentation ac-

and global contextual behavior. The model uses a Markov chain curacy, but it can also smear important details of a segmenta-
in scale to model the class labels that form the segmentation, but tion and distort segmentation boundaries. Approaches based on
augments this Markov chain structure by incorporating tree based  MRFs also tend to suffer from high computational complexity.

classifiers to model the transition probabilities between adjacent The noncausal dependence structure of MRFs usually results in

scales. The tree based classifier models complex transition rules. . . . -
with only a moderate number of parameters iterative segmentation algorithms, and can make parameter esti-

One advantage to our segmentation algorithm is that it can be mation difficult [8], [9]. Moreover, since the true segmentation
trained for specific segmentation applications by simply providing is not available, parameter estimation must be done using an in-
examples of images with their corresponding accurate segmenta- complete data method such as the EM algorithm [10]-[12].
tions. This makes the method flexible by allowing both the con- Another long term trend has been the incorporation of multi-

text and the image models to be adapted without modification of le techni - tati lqorith Method h
the basic algorithm. We illustrate the value of our approach with Scale technigues in segmentation algorithms. viethods such as

examples from document segmentation in which text, picture and PiXel linking [13], boundary refinement [14], [15], and deci-

background classes must be separated. sion integration [16] through pyramid structures have been used
Index Terms—Document segmentation, image segmentation, to enfqr_ce contextgal information in the segmgntanon process.
mu|tisca|ey prior r'node|l trainingl wavelet. In addltlon, pyramld [17] or WaVeIet decompOSItIOI’lS [18], [19]

yield powerful multiscale features that can capture both local
and global image characteristics.

Not surprisingly, there has been considerable interest in com-
MAGE segmentation is an important first step for manpining both Bayesian and multiscale techniques into a single
image processing applications. For example, in documdramework. Initial attempts to merge these view points focused

processing it is usually necessary to segment out text, pictorgal using multiscale algorithms to compute segmentations but re-
and graphic regions before scanned documents can be effained the underlying fixed scale MRF context model [20]-[22].
tively analyzed, compressed or rendered [1], [2]. Segmentatibhese researchers found that multiscale algorithms could sub-
has also been shown useful for image and video compress#antially reduce computation and improve robustness, but the
[3], [4]. For each of these cases, the objective is to separaigple MRF context modellimited the quality of segmentations.
images into regions with distinct homogeneous behavior. In[23] and [24], Bouman and Shapiro introduced a multiscale
In recent years, Bayesian approaches to segmentation hematext model in which the segmentation was modeled using a
become popular because they form a natural framework for iarkov chain in scale. By using a Markov chain, this approach
tegrating both statistical models of image behavior and prigvoided many of the difficulties associated with noncausal MRF
knowledge about the contextual structure of accurate segmetiuctures and resulted in a noniterative segmentation algorithm
tations. An accurate model of contextual structure can be vesiynilar in concept to the forward—backward algorithm used with
important for segmentation. For example, it may be known thbidden Markov models (HMM). Lafertet al. used a similar
approach, but incorporated a multiscale feature model using a
Manuscript received December 15, 1998; revised July 18, 2000. This wgdyramid image decomposition [25]. In related work, Croase
was supp_orted by Xgrox Corporati_on.lThe asst_)cia_te editor coordinating the £g- proposed the use of multiscale HMMs to model wavelet co-
view of this manuscript and approving it for publication was Prof. Kannan Ram-. . L. . .. .
chandran. efficients for applications such as image de-noising and signal
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scale and the adjacent finer and coarser scales. Comer and [ b:& Y®

used a similar context model but incorporated a 3-D autoregr « v

sive feature model [28]. —_— Yo
In this paper, we propose an image segmentation metr o ! > e

based on the multiscale Bayesian framework. Our approz _—~= /lé /7 /i7 = . a——

Y

uses multiscale models for both the data and the context. Once ) ) o )
. . . Fig. 1. Multiscale segmentation model proposed in this pap&r! contains
a complete model is formulated, the sequential maxinaumyy,q image feature vectors extracted at scalevhile X contains the
posterior(SMAP) estimator [24] is used to segment images. corresponding class of each pixel at scaleNotice that both image features,
An important contribution of our approach is that we introY”, and the context modek , use multiscale pyramid structures.
duce a multiscale context model which can capture complex as-
pects of both local and global contextual behavior. The methedale autoregressive process. This is different from [24] which
is based on the use of tree based classifiers [29], [30] to modsks a fixed scale image data model and pixel values of the orig-
the transition probabilities between adjacent scales in the muitial image as image features.
scale structure. This multiscale structure is similar to previously In order to test the performance of our algorithm, we apply it
proposed segmentation models [24], [31], [32], with the setp the problem of document segmentation. This applicationisin-
mentations at each resolution forming a Markov chain in scateresting because of both its practical significance and the great
However, the tree based classifier allows for much more commntextual complexity inherent to modern documents [2]. For
plex transition rules, with only a moderate number of paranexample, most documents conform to complex rules regarding
eters. Moreover, we propose an efficient parameter estimatibie spatial placement of regions such as picture, text, graphics,
algorithm for training which is not iterative and only needs onand background. While specifying these rules explicitly would
coarse-to-fine recursion through resolutions. be difficult and error prone, we show that these rules can be ef-
Our multiscale image model uses local texture featurésctively learned from a limited number of training examples.
extracted via a wavelet decomposition. The wavelet trans-In Section Il, we introduce a multiscale image segmentation
form produces a pyramid of feature vectors with each threeodel and a general form of the SMAP estimate derived from
dimensional feature vector representing the texture at a specifir model. The detailed algorithm for computing the SMAP es-
location and scale. While wavelet decompositions tend tnate is discussed in Section lIll. Section IV presents the pa-
decorrelate data, significant correlation can remain amorgmeter estimation algorithms developed for our model. Exper-
wavelet coefficients at similar locations but different scalegmental results are discussed in Section V, and Section VI con-
In fact, this dependency is often exploited in image codingudes this paper.
techniques such as zerotrees [33]. We account for these
dependencies by modeling the wavelet feature vectors as a II. MULTISCALE IMAGE SEGMENTATION
class dependent multiscale autoregressive process [34]. Thig_‘

approach more accurately models some textures without addin this paper, we wil _adopt a Bayes'?” segmentation ap-
significant additional computation. proach, but our method differs from many in that we use a mul-

A unique feature of our segmentation method is that tii[scale model for both the data and the context. Fig. 1 illustrates

can be trained for any segmentation application by simpﬁ e basic structure of our multiscale segmentation model [32].

.- - : ; ; t each scale, there is a random field of image feature vectors
roviding examples of images with their corresponding act- ' ; A
P g P g P g (n) and a random field of class label§{"*).2 For our appli-

curate segmentations. We believe that this makes the met o%i the i toaturds™ will d to Haar basi
flexible by allowing it to be adapted for different segmentatiofi 'OT' € 'fr;_‘a_get eat“r e ‘;V'_t_col”e;?,?)” Ot raar basls
applications without modification of the basic algorithm. Th&/@velet coefiicients at scaie Intuitively, Y’ contains image

- : ; 3 i i ile X (™ i
training procedure uses the example images together with tHEfre ang.edg? |nfo|rmbaf|or_1rﬁt sg: a:?"'hg;é; . tclf]onta;ms the
segmentations to estimate all parameters of both the im gresponding class 1abels. 1he be ‘;’W' IS theretore as-
and context models in a fully automatic manheOnce the sumed dependent on its class lab¥l&’) and coarse scale image

. . . (n+1) [P . .
model parameters are estimated, segmentation is computatf&eﬁ“r_esy hat as rl1$ md:jcate(;l_ blét('l? arrows in FO'Ig('jl' dent
ally efficient requiring a single fine-to-coarse-to-fine iteration otice tha each random he 1S afi‘f?]e Jgependen
through the pyramid. only on the previous coarser scale fiel™+). This depen-

Although our segmentation method is based on the mulﬂ—ence givesY (") a Markov chain structure in the scale vari-

scale Bayesian framework introduced in [24], it has several dgt-’let”' we WI|||See th‘? tlh'ds stru:,jture s d_es;Lable becal{[sci I ca:)n ‘
tinctions from the previous approach. First, we employ a mof&Pture compiex spatial dependencies in € segmentation, bu
llows for efficient computational processing. The multiscale

comprehensive context model, and the parameters of the B

text model are estimated from training images instead of froﬁ]ruc;ur.e can also account.for bqth large and small sgale char-

the image being segmented. Second, we use a multiscale imageristics tha}t may be de§|rak()l<i)|n a go,?g iegmentatlon.

data model and the Haar basis wavelet coefficients asimage d 0! convenience, we deﬁr_ﬁé - {‘én) Yiso to(kia)e zhe set

features. In addition, the correlation among wavelet coefficien(i class !abels at scalesor finer, andX :<{)X }i:@-%

across adjacent scales is modeled as a class dependent miiif"eL is the coarsest scale. We also defifie) andy (>~
similarly. Using this notation, the Markov chain structure may

1Software implementation of this algorithm is available from 2We will use upper case letters to denote random quantities while lower case
http://www.ece.purdue.edu/~bouman. variables will denote their realizations.
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be formally expressed in terms of the probability mass functiosan be computed using the following recursive coarse-to-fine

relationship
p (x<n>|x<>n>) —p (x<n>|x<n+1>) , 1)
2 = arg max {bg P (y<§n>|x<n>’ y<n+1>)

So the probability of: is given b
P y 9 y +logp (a:(") |§;(n+1))} (5)
L
— n n+1
plz) = Hp (x( Jat )) (2)  where the coarsest segmentatigf) is computed using the
n=0 conventional MAP estimate. While [24] did not assume the

same multiscale data model as is used in this paper, the methods
of the proof hold without change. The SMAP estimation pro-
cedure is a coarse-to-fine recursion which starts by computing
(1) the MAP estimate at the coarsest sdalé\t each scale,
equation (5) is then applied to compute the new segmentation
while conditioning on the previous coarser scale segmentation
#»=1)_ Each application of (5) is similar to MAP estimate
of the segmentation:™ since it requires maximization of a

D1 (n 1 data term related tg‘=") and a context or prior term related
plylz) = Hp (y( )|x( Ly )) ) (3) to the probability ofz(*) conditioned on the previous coarser
n=0 segmentatiort: (" 1),

where throughout this paper, the tept(?)|z(E+1) is as-
sumed to meap(z‘1), sinceL is the coarsest scale.

The image featureg™ are assumed conditionally indepen
dent given the class label$™ and image featureg”t1) at the
coarser scale. Therefore, the conditional density given x
may be expressed as

L

Combining (2) and (3) results in the joint density
Ill. COMPUTING THE SMAP ESTIMATE

p(y, =) = p(ylz)p(x) In the previous section, we derived a SMAP estimator based
L on the multiscale image segmentation model illustrated in

= Hp (y(")Ix("), y("+1)>P (w("’)lx("’J’l)) . Fig. 1. This segmentation model is a general model. It only

n=0 defines the global interaction among fields of class labels and

) ) fields of image features. In this section, we will specify the
In order to segment the image, we must estimate the clasgraction among class labels and image features at the pixel
labels X’ from the image feature data. Perhaps the MAP es- |eye| \We will also give specific forms for both the data and the
timator is the most common method for doing this. Howevegyniext terms in (5), then use these forms to derive a specific
the MAP estimate is not well suited for multiscale segmentau%ﬂgorithm for the SMAP estimator. In other words, what is dis-
because it results from minimization of a cost functional whicky,ssed in the previous section is the abstract of the algorithm,

equally weights both fine and coarse scale misclassificationg,q what is discussed in this section is the embodiment of the
In practice, coarse scale misclassifications are much more iﬁ‘?\'plementation.

portant since they affect many more pixels. For example, & mis-, order to make the computation feasible, some assumptions
classification at scale may affec™ pixels atthe finestresolu- 56 made in this section to localize the computation. There are
tion. Because of this, we will adopt the sequential MAP (SMAR),  important assumptions. First, we will assume that the data
cost function proposed in [24]. L€E(X, ) be the SMAP cost (o1 of (5) can be expressed as the sum of log likelihood func-
of choosing segmentatlon when the true segmentation.  ions ateach pixel. We denote individual pixelytw) andygn),
Then,C(X, x) is chosen to be wheres is the position in a 2-D lattic€ ™). Using this notation,

the data term of (5) will have the form

I
O(X.2) =4 + 327710, (X, 0)

o log p (y<§n>|$<n>7 y<n+1>) = 3w (ng>) ©)
r . . s€S(m)
Co(X,2)=1-[] 6 (X@) _ x<z>)
=n where the functioné")(k) are appropriately chosen log likeli-

o ) ) i hood functions. LetS(™ | be the number of pixels at scate
Wh‘fES‘S(X /(5“7 V) = 1Lif X =2 and§(X—z") =0,  Then the above assumption can be also interpreted in the sta-
if Xt 7 2. Intuitively, this SMAP cost functional assignsyigiical sense as follows: we assume that the set of image fea-
more weight to misclassifications at coarser scales, and is the[[ﬁ—esy(gn) can be partitioned intps™| disjoint subsets which

fore more appropriate for application in discrete multiscale eg;q conditionally independent given the segmentation at agale

timation problems. _ _ (" and the image features at scal¢ 1, y**+1). Section I1I-B
In [24], itwas shown that the SMAP estimator resulting frony,;y give the details for how to compute these functiaff8 (&).
the minimization Second, we will assume that the context term of (5) can be

X _ expressed as the J:)roduct of probabilities for each pixel. That
& = argmin £ [C(X, z)[Y" = y] (4) s the class labels'™ are assumed conditionally independent
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c=x_— child

f=x 3™ coarse scale

child neighbors
® parent
& neighbor
yes no yes no
Fig. 2. One-dimensional analog of the pyramidal graph model, where ee
pixel has three neighbors at the coarser scale. " - "
pl(clﬂ ‘ ‘ pz(clﬂ ‘ ‘ ps(clﬂ ‘ A 4
AV 4T AT,
coarse scale yes e
neighbors
y-:-4 = "
p4(c|ﬂ ‘ ‘ ps(CIﬂ ‘
children Fig. 4. Class probability tree. Circles represent interior nodes, and squares

represent leaf nodes. At each interior node, a linear test is performed and the
node is split into two child nodes. At each leaf nadihe conditional probability
Fig.3. Two-dimensional pyramidal graph model usirigsa5 neighborhood. Mass function{™ (| f) is approximated by (c).

This is equivalent to interpolation of a pixel at the previous coarser scale into

four pixels at the current scale.

3 SRS S 4

so that this probability distribution may be written;ég)(df).

given the coarser segmentatiof**1). Therefore, the context Later we will see that and f are actually binary encodings of
term of (5) will have the form the information contained in{™ anda:g;H)
Unfortunately, the transition functiqnf")(c|f) may be very
log p (a:(")|§:("+l)) = > logp (a:g">|g:~<n+l>) . (7) difficult to estimate if the coarse scale neighborhood is large.
sE€S0D) For example, if there are four classes and the size of the coarse
. » . neighborhood i$ x 5, there arel?® ~ 10'® possible values of
We will discuss how to compute the conditional probab|I|t|e? Hence, itis impractical to compupé")(c|f) using a look-up

p(xg.) = Klam+) = §0FD) in Section IlI-A. table containing all possible values pfFor most applications,

W.'th ”??‘59 two a_ssumptlons, .the SMAP recursion of (5) “3Re distribution off will be concentrated among a small number
be simplified to a single pass, pixel by pixel update rule of possible values. We can exploit this structure in the distribu-
tion of f to dramatically simplify the computation pf")(c|f).

In order to compute and estimapé")(df) efficiently, we
use class probability trees (CPT) [29] to represg(ﬁ‘f(df).

A CPT is shown in Fig. 4. The CPT represents a sequence of
decisions or tests that must be made in order to compute the
) _conditional probability ok given f. The input to the tree ig.

Our context model requires that we compute the probabilit each interior node, a splitting rule is used to determine which
distribution for each pixet{"’ given the coarser scale segmenof the two child nodes should be taken. In our case, the splitting
tationz("*1). In order to limit complexity of the model, we will ryle is computed by comparing, f — i; to O, whereA, is a
assume that{™ is only dependent on{. ™", a set of neigh- pre-computed vector and, is a pre-computed scalar. In this
boring pixels at the coarser scale. Hele,C S("+1) denotes a way, the tree is traversed moving from the root to a terminal
window of pixels at scale + 1. We will refer this dependency |eaf node. Each leaf nodeis associated with an empirically
among class labels as the pyramidal graph model. Fig. 2 illussmputed probability mass functigin(c). When f reacheg,
trates the pyramidal graph model for the one-dimensional (1-BY” (¢ ) is set top;(c).
case where each pixel has three neighbors at the coarser scalg.3 cpT hask leaf nodes, then the CPT approximates the
Notice that each arrow points from a neighbor:fff ™) to a  trye transition probability usingd’ probability mass functions.
pixel =, Therefore, by controlling the number of leaf nodes in a CPT,

Intuitively, this context model is also a model for interpolatingven for a relative large neighborhood, such @x& neighbor-

a pixel s(*+1) into its child pixels. Fig. 3 illustrates this situa-hood, we can still estimate the transition probabilities efficiently
tion in 2-D when & x 5 neighborhood is used at the coarsesind accurately. Since a larger neighborhood usually gives more
scale. Notice that in 2-D, each pix€l'+%) has four child pixels contextual information, CPT’s allow us to work with a larger
at the next finer resolution. Each of the four child pixels wilheighborhood and consequently have a better model of the con-
have the same set of neighbors; however they must be modated, while retaining computational efficiency in our model. In
using different distributions, because of their different relativBection IV-A, we will give specific methods for building a CPT
positioning. We denote each of these four distinct probabilifyom training data.

distributions bypE")(x§")|xg;+l)) fori =1, 2, 3, 4. Forsim-  To achieve the best accuracy from the CPT algorithm, we

plicity, we will use ¢ to denotez:,ﬁ"), andf to denotez:g;*l), have found that proper encoding of the quantit&ég) and

A are me 70V o () — D)
2 arg max {ls (k) +logp (375 k|& )}( |
8

whereM is the number of possible class labels.

A. Computing Context Terms for the SMAP Estimate
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xg;*l) into ¢ and f is important. Specifically, the encoding

should not impose any ordering on thé class labels because

an ordering imposed on the class labels combined with the

matrix operation,A;f — ., used in the splitting rule could

bias the results and consequently degrade the classification

accuracy. For example, if we denote text class as 1, picture

class as 2 and background class as 3, it would imply that the

background class is closer to the picture class that it is to _ _ _

text class. However, if we USB, 0, O]t to denote text class, Fig. 5. One-dimensional analog of the quadtree model.

[0, 1, 0]* to denote picture class, an@, 0, 1]* to denote

background class, it will give equal distance among the thrE&lt we cannot use the pyramidal graph model discussed in Sec-
classes. Therefore, we use binary encoding of class labels. #98 lI-A, because it will result in a form which is not compu-
define ¢ to be a binary vector of length where thez(™th tationally tractable. Therefore, we use a context model which

component of: is 1, and other components are 0. If we denoté simpler than the pyramidal graph model. In this model, we

theith component ot asc;, then assume that{"™ depends only on one class label at the pre-
vious coarser resolution. Though we still usfé*l) to denote
1, ifa =3 . the class label which{"™ depends on, this timé is a set con-
G = 0. otherwise 0<j<M taining only one pixel at scale + 1. This simple dependency

among class labels is often referred to as the quadtree model
() [24], [32], and its 1-D analog is shown in Fig. 5. We further re-
Forexample, when, ™ = 2,andM = 4,thenc = (0, 0, 1, 0).  quce the computation by assuming that each of the four children
Similarly, we definef to be a binary vector of length/b, where 1,56 the same probability distribution. Therefore, we replace the
b is the number of pixels in the coarse neighborhésdThe ¢ distinct distributions used in the pyramidal graph model
binary vectory is then formed by concatenating the binary engjth, 4 single distribution. We will denote the probability mass
codings of each coarse scale neighbor containexg’ji‘il). function for each child by _ p(x(") _ k|x("+1) =m)
In addition, we assume the prior distributions of class labgfg,eren <km<M andbnlénn < LS_ Sincee,fj,w has at

at the coarsest resolution to be i.i.d. uniform. In practice, Wgyst /2 distinct values for each scale we will use a look up
have always observed that the data term dominates the confgkie 1o represent this probability distribution.

term at the coarsest resolution. Therefore, the specific choice ofy, the Appendix, we use these assumptions to derive the fol-

the prior distribution generally has no significant effect on thl%wing formula for computing the log likelihood terms
segmentation result.

OEY = logn [ 19120 =
B. Computing Log Likelihood Terms for SMAP Estimate [0 (k) = logp (ys s = k) (10)
In order to capture the correlation among image features ., . _, (W(n) ) _ )
across scales, we assume that each feq:ﬁﬂ“)edepends on LY (k) = logp (9" ]2 =k ) + —
both an image featurgg;*l) at the coarser scale and its class M1 -
labelz{"™, whereds is the parent of. We assume that, for each -log{ > exp [lg’?_l)(m)} Hn,,k,n—l} 11)
classz{", yg’” can be predicted by a different linear function m=0

of yf{;*l) which depends on both the class label and the scale.

We denote the prediction error B wheres; (i = 1, 2, 3, 4) are the four children ok. Using
P @& (10) and (11), the log likelihood terms can be computed using

a fine-to-coarse recursion through scales. First, the log likeli-
hood term at the finest scale,= 0, is calculated by applying
equation (10). Then the log likelihood at the next coarser scale
Wherea;’;’) andﬁé:”) are prediction coefficients which are func-s computed with (11) for. = 1. This process is repeated until
tions of both class labels and scales. the coarsest scale is reached.

To have an efficient algorithm for computing the log likeli- In our model, the feature vector at each piyglis formed
hood termsig"')(k) defined in equation (6), we assume that thesing the coefficients of a Haar basis wavelet decomposition.
prediction errorg;{"™ are conditionally independent given thé/Vhile the Haar basis is not very smooth, it is very compu-

g =y = eyt 4 g ©)

class labels:". That is tationally efficient to implement and does a good job of ex-
tracting useful feature vectors. The wavelet transform results in
log p (y(n)|x(n)7 y(n—l—l)) = logp (g(n)|x(n)) three baqu at. each resoluti_on, vyhich are often referred to at
the low-high, high-low, and high-high bands. Among the three
= Z log p (gg">|xg">) . bands, the low-high and the high-low bands are closely related
se5(m) to horizontal and vertical edges, respectively. An example of

the Haar basis wavelet decomposition of a document image is
To calculate the log likelihood terms, we also need to compuseown in Fig. 6. Fig. 6(a) is a portion of a scanned document
the conditional probability distribution of:,ﬁ") given z("*tD . image. Fig. 6(b) is the image of wavelet coefficients of a three
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3) Fine-to-coarse recursion to compdﬁ@(k):
a) setn = 1,
b) computelé")(k) according to (11) and (12) for all
s € S5Mando < k < M;
¢) ifn < L,n =n+1, and go to step 3b). Otherwise,
go to step 4).

real-time system monito

| [l LT ]
onal) poewer nari
i ey s ke
e AR & pha
e e Do @
[T S P
wl ler 8 pewlabde

Siwhd g 4) For the coarsest resolution, comp@té’ for all s € S(£)
(L] .
ety as follows:
W, e @
dTirEH A AR
A(L) = arg ba Z(L) ]C .
@ (b) g = arg max I, (k)
Fig. 6. Haar basis wavelet decomposition. (a) Original image and (b)
illustration of wavelet coefficients of a three level wavelet decomposition using
Haar basis. 5) Coarse-to-fine recursion to compLﬁg‘):
a) setn = L — 1;
level Haar basis wavelet decomposition, where bright pixels de- b) _computef:g") according to (8) for alk € S™); _
note large positive coefficients, and dark pixels denote negative ¢) ifn >0,n =n— 1, and go to step 5b). Otherwise,
coefficients with large amplitudes. Because of the structure of stop.

the wavelet transform, each of these bands has half the spatial
resolution of the original image. Each feature ve@,ﬁi? in our NP E
pyramid is then a 3-D vector containing components from each - PARAMETER ESTIMATION

of these three bands extracted at the same position in the imagé:ne SMAP segmentation algorithm described above depends
Using this structure, the finest resolution of the pyramid has ondy, the selection of a variety of parameters that control the mod-
half the resolution of the original image. eling of both data features and the context model. This section
The conditional probability distribution of the featureyj| explain how these parameters may be efficiently estimated
vector's prediction errorp(5{™ 2"’ = k) can be modeled from training data. The training data consists of a set of images
using a variety of statistical methods. In our approach, we Uggjether with their correct segmentations at the finest scale. This
the multivariate Gaussian mixture model [35] training data is then used to model both the texture characteris-
tics and contextual structure of each region. The training process
is performed in four steps as follows.

A = gl =k
p (ys ol ) 1) Estimate quadtree model parametérs i, ., used in

Jk,n

1 equation (11).
= Z {’Yj,k,n 32 112 2) Decimate (subsample) the ground truth segmentations to
pat (2m)3/21C |V
J= form ground truth at all scales.
- exp [_1 G =5 ) O (= i )} } 3) Estimate the Gaussian mixture model parameters of (12).
2 SRSk o m 4) Estimate the coarse-to-fine transition probabilities
(12) pE")(c|f) used in equation (8) by building an optimized
class probability tree (CPT).

Perhaps the most important and difficult part of parameter
whereJy, ,, is the order of the Gaussian mixture for clésand estimation is step 4). This step estimates the parameters of the
scalen; andy, r, n, Cj, k, n, @andy;, &, » are the mean, covariancecontext model by observing the coarse-to-fine transition rates in
matrix, and weighting associated with tjth component of the the training data. Step 4) is a difficult incomplete data problem
Gaussian mixture for clagsand scale. Ingeneral(’; ;. » Will  pecause we do not have access to the unknown class J&bels
be positive definite, angl; ., € [0, 1] with E}]Ql” vi,kn = 1. atall scales. One simple solution would be to estinit(c| f)

For largeJy, », the Gaussian mixture density can approximatgom the subsampled ground truth labels computed in step 2).
any probability density. However, training from subsampled ground truth leads to biased
estimate@&")(d f) that will result in excessive noise sensitivity

in the SMAP segmentation. Alternatively, we have investigated
the use of the EM algorithm together with Monte Carlo Markov

%P}aé\in techniques to compute unbiased estimates of the parame-

Once the model parameters are estimated, the SMAP esti ; . o L
discussed in Sections Il and 11l can be computed using the ?(})c?_rs [31]. While this methodology works, itis very computation

; . ally expensive and impractical for use with large sets of trainin
lowing algorithm. Y exp P g g

C. Algorithm for Computing the SMAP Estimate

data.
1) PerformL level Haar basis wavelet decomposition of the Our solution to step 4) is a novel coarse-to-fine estimation
input image. procedure which is computationally efficient and noniterative,

2) For the finest resolution, computéo)(k) according to but results in accurate parameter estimates. The details of our
(10) and (12) for alk € S and0 < k < M. method are explained in the following Section IV-A.
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Fig. 7. Parameter estimation of the context model. 1) Compute the
segmentation at the coarsest resolutiof?’. 2) Estimate the transition
probabilitiesp’*’ (¢| f) using the SMAP segmentaticri?) and the decimated
ground truth segmentatici ). 3) Computei (2 usingp'™’(c|f). 4) Estimate

Pt (c|f) using#( and#(®, This procedure is then repeated for all scales.

Fig. 8. Splitting rule based on the least squares estimation. The dash ellipse
Estimation of quadtree model parameters is discussed in Sepresents the covariance matrix 6f and the solid ellipse represents the
tion IV-B. The resulting quadtree model is then used to decimei@variance matrix ofC', where C' is the least squares estimate Gf & is
. . . trke% principle axis of the covariance matrix 6f. F is split into F,. and F;
the ground truth segmentation, so that ground truth is availal,ging to the axis perpendiculardo
at all scales. The resulting ground truth is then used to estimate

Gaussian mixture model parameters using a well known clus-

tering approach based on the EM algorithm. ngl)
A. Estimation of Context Model Parameters @)

Our context model is parameterized by the transition proba- Xs
bilitieSpE") (c|f). Heref is abinary encoding of the coarse scale
neighborng;), andcis a binary encoding of the unknown pixel X(Sn'l) x (0-1)
X Notice that a different transition distribution is separately 1 S2
estimated for each scale, and for each of the four children x @0-1) x @1
This is important since it allows the model to be both scale and S3 S4

orientation dependent. o § lass labels in th g ol Gi |
. : . .- Fig. 9. Dependency among class labels in the quadtree model. Given class
Our procedure for estimating the transition proba‘bllltlel§1bels at all pixels except(*), (") only depends on class labels of its parent,

p§">(c|f) is illustrated in Fig. 7. The method works by esti={*+V and four childrenz (1.
mating the transition probabilities from the coarser scale SMAP

segmentatiort”*1) to the correct ground truth segmentation . . " . :
denoted byz(™. Importantly,2"+1) does not depend on theP'OCeSS is repeated, with partitions alternating roles, until the

transition probabilitie$§")(c|f). This can be seen from (5),tree converges. At each iteration, the tree is pruned to minimize

the equation for computing the SMAP segmentation. This Ege misclassification probability on the data partition not being

a crucial fact since it allowg:(*") to be computed before USﬁ]dofr%regrrtch)WIQS ttrr:: Ig_?gal orithm. we must choose a method
P (c|f) is estimated. Oncg{™ (c|f) is estimated, it is then u gorithm, we mu

L (n) . o (n—1) for.g'rowing the tree_. Tree groyving is do_ne gsing a recursive
used to computg ™', allowing the estimation of; (clf). splitting method. This method, illustrated in Fig. 8, is based on

This process |s”thenl recurswely repgated until the ransitighy, itivariate splitting procedure. First, the coarse scale neigh-
parameters at all scales are esum_ate i bors, f, are used to compute the least squares estimatecof
( I? our approach, class probability trees are used to represeibn the values of are split into two sets about the mean and
n
along the direction of the principal eigenvector. The multivariate

p;"(c|f), sothe ground truth(™ and segmentatiati™ ) will
be used to construct and train the tree at each scaled for ¢ re of the splitting procedure is very important because it al-

each of the four child pixels = 1, 2, 3, 4. We design the tree |45 clusters off to be separated out efficiently.

using the recursive tree construction (RTC) algorithm proposedy ;e specifically, let be the node being split into two nodes.
by Gelfandet al.[30], togetherwi_th amultivariate splitting rule We will assume thatV samples of the training data pass into
based on the least squares estimation. We have found that fyj§e, so each sample of training data consists of the desired
method is very robust and yields tree depths that produce acgiysg label¢,, and the coarse scale neighbofs,wheren —

rate segmentations. Determining the proper tree depth is very ., N. Bothe, and, are binary encoded column vectors.

important because a tree that is too deep will over parameterf'_z’eq 11 andys s be the sample means for the two vectors
the model, but a tree that is too shallow will not properly char- * *

acterize the contextual structure of the training data.

The RTC algorithm works by partitioning the sample set into _ 1
two halves. Initially, a tree is grown using the first partition, He =N Z:l n
and then the tree is pruned using the second partition. Next the n;
roles of the two partitions are swapped, with the second partition = 1 Z .

used for growing and the first partition used for pruning. This
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Fig. 10. Ground truth image and decimated ground truth images fer 0, 1, 2. (a) Ground truth segmentation. (b) Decimated ground truth segmentations
using majority voting. (c) Decimated ground truth segmentations using ML estimate.

We may then define the matrices Using our model, the maximization in (13) has the following
solution:
C:[CI_NQCQ_NQ"'701\"_“6] )
F = — — . r— . j+1 ak,rn,n
[fl Hf, f2 Hf, ’ f]\ Nf] 92{-‘7;%)” — F (14)
The least squares estimate@fyiven £ is then Z UI(Q, n

C = [CFYFFY) Y F =0

() s def ing:
Let &be the principal eigenvector of the covariance makiix whereay. .., is defined as the following:
C Ct. Then our splitting rule is: ifd, f — ze > 0, f goes to the ) ) (n+1) © oG
= Uy _ n) __ n — 7 7)
left child of #; otherwise,f goes to the right child of, where k,m,n = z(:) p (ws =k, zp, " =m|z, 0 ) ’
scstn
Ay =&CFY(FF)™! - ) (n41)
4 The conditional probabilitiesp(zs™ =k, xy,
e = Aeltf- m|#(®, #9)) can be computed using either a recursive

At each step, we split the node which results in the largest dermula [37], [38] or stochastic sampling techniques. The
crease in entropy for the tree. This is done by splitting all tH&cursive formulations have the advantage of giving exact
candidate nodes in advance and computing the entropy redgedate expressions for (13). However, we have found that

tion for each node. for this application stochastic sampling methods are easily
implemented and work well.
B. Estimation of Quadtree Parameters The stochastic sampling approach requires two steps. First,
(>0) . .
The quadtree model is parameterized by the transition prQslpEmplea)OW . a;r'e gtenderat'ed ltﬁ mg t?e Glbbsfstimpler [;.‘:9]_
abilitieSp(azgn) _ k|$g;+1) — ) = Ot s wherez™ — i en,s;’’  is estimated using the histogram of the samples.

(nt1) ) " For the quadtree model, the Gibbs sampler can be easily imple-
andz = m. As with the context model parameters, estima- ()
s mented, because the class label of a plxé’f, only depends

tion of the paramete®, ,,. ., is an incomplete data problem be- . n )
P &, - P P on the class label of its pareﬁg *1) and the class labels of its
cause the true segmentation classes are not known at each scale. s

. (n—1) . . .
However, in this case the EM algorithm [36] can be used to solf@Hr childrene,; =" (see Fig. 9). The detailed algorithm for sto-
this problem in a computationally efficient way. chastic sampling is given in the Appendix.

For our problem, the EM algorithm can be written as the fo

lowing iterative procedure: E Decimation of Ground Truth Segmentation

After the quadtree models are estimated, we will use them to
60U+ = argmax E [Ing(X(>O)|9)|§7(O), 9@)} (13) decimate the fine resolution ground truth to form ground truth
¢ segmentations at all resolutions. Importantly, simple decimation
whered) are the estimated quadtree parameters at iteratiomlgorithms do not give the best results. For example, simple ma-
andz(? is the ground truth segmentation at the finest resolutiojority voting tends to smear or remove fine details of a segmen-
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Fig. 11. Training images and their corresponding ground truth segmentations: (a)—(d) are training images and (e)—(h) are ground truth sedsfeskagiay,
and white represent text, picture, and background, respectively.

tation. Fig. 10(a) is a ground truth segmentation, and the déz- Estimation of Data Model Parameters
imated segmentations using the majority voting are shown in|, gection 111-B, we have used the Gaussian mixture model
Fig. 10(b). Clearly, most of the fine details, _SUCh_ as text linegs (12) to approximate the conditional probability distribution
and captions are removed by repeated decimation. To addressn») _ g|x(n) — k). The EM algorithm is a standard algo-
this problem, we will use a decimation algorithm based on tlﬁg]sm for estimating parameters of a mixture model [35], [36].
maximum likelihood (ML) estimation. Fig. 10(c) shows the re e use the EM algorithm to estimate the means, .., the
sults using our ML approach. Notice that the fine details are W%'ivariance matrice€’; x ,,, and the weightsy; » 7f07rnleach
. . J, Ry Ty J, 0,1

preserved in '_:'g' 10(}95 h L Gaussian mixture density. The model ordgr,, is chosen for

Our ML estimate of the ground truth at scalés given by ¢50p clasg: using the Rissanen criteria [40]. Training data set
are generated using the feature vectgfd and ground truth
segmentationr (™. The prediction coefficients defined in (9) are

This can be easily computed by first computing log likelihoogStimated from training data using the standard least squares es-

™ = arg max p (£(0)|x(")> .

terms in a fine-to-coarse recursion as in (10) and (11) timation.
4
IO (k) = Z logf.o , o V. SIMULATION RESULTS
i=1 i In this section, we apply our segmentation algorithm to the

~ 4 M1 N problem of document segmentation. Document segmentation is
(k) =>" 10%‘{ > exp [lg?_l)(m)} 9m,k,n1} an interesting test case for the algorithm because documents
=1 m=0 have complex contextual structures which can be exploited to
and then selecting the class label which maximizes the log likeaprove segmentation accuracy. In addition, multiscale features
lihood at each pixel are important for documents since regions such as text, picture,
and background can only be accurately distinguished by using

NP () !
¢V =arg max 1"(k). texture features at both small and large scales. For a review of

0<k<M—-1 °
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Fig. 12. (a) Original image, (b) segmentation result using TSMAP witkx& neighborhood, (c) segmentation result using TSMAP withxal neighborhood,
and (d) segmentation result using Markov random field. Black, gray and white represent text, picture and background, respectively.

document segmentation algorithms, one can refer to [2]. To d[24], we will call our algorithm the trainable SMAP (TSMAP)
tinguish our algorithm from the SMAP algorithm proposed imlgorithm.
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Fig. 13. (a)—(d) Original images. (e)—(h) Segmentation results using TSMAP wiitlk & neighborhood. Black, gray, and white represent text, picture and
background, respectively.

The TSMAP algorithm is tested on a database of 50 grayscalest overall performance while minimizing computation. For all
document images scanned at 100 dpi (dots per inch) on @ segmentation results, we use “black,” “gray,” and “white”
low-cost 32 bits flatbed scanner. We use the scanned imagesepresent text, picture, and background regions, respectively.
as they are with no pre-processing. In some cases, the imagesig. 12 illustrates the segmentation of a document image in
contain “ghosting” artifacts when pictures and text on thihe testing set. Fig. 12(a) is the original image, Fig. 12(b) shows
back of a document image can “bleed through” during thtbe result of segmentation using the proposed segmentation al-
scanning process. The database of 50 images was partitiogedthm, referred as TSMAP algorithm, wittb 5 coarse scale
into 20 training images and 30 testing images. Each of the 88ighborhood, Fig. 12(c) shows the segmentation using TSMAP
training images was manually segmented into three classe#th alx 1 coarse scale neighborhood, and Fig. 12(d) shows the
text, picture and background. These segmentations were tlsegmentation using only the finest resolution features combined
used as ground truth for parameter estimation. Four trainimgth the simple Markov random field as the context model. The
images and their associated ground truth segmentations kliRF uses an eight-point neighborhood system, and its param-
shown in Fig. 11. The proposed algorithm is coded in C areders are manually adjusted for the best results. Notice that the
runs on a 100 MHz Hewlett-Packard model 755 workstationesults using the simple MRF model is only used to give reader
On the average, it takes around 40 s to segment an 850 by 14d8aseline comparison. Figs. 13 and 14 show the segmentation
image (an 8.5 in by 11 in page scanned at 100 dpi). results for another eight images outside the training set using

In our experiments, we allowed a maximum of eight resoldFSMAP segmentation with & x 5 neighborhood.
tion levels where level 0 is the finest resolution, and level 7 is the Notice that the larges x 5 neighborhood substantially im-
coarsest. For each resolution, prediction errors were modefgdves the accuracy of segmentation when compared tiothe
using the Gaussian mixture model discussed in Section IlI-Beighborhood. This is because the large neighborhood can more
Each Gaussian mixture density contained 15 or fewer mixtugecurately account for large scale contextual structure in the
components. Unless otherwise stated,»a5 coarse neighbor- image. For thes x 5 neighborhood, the “image” regions are
hood was used. We found that this neighborhood size gave #érdorced to be uniform, while “text” regions are allowed to be
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Fig. 14. (a)—(d) Original images. (e)—(h) Segmentation results using TSMAP viitlk & neighborhood. Black, gray, and white represent text, picture, and
background, respectively.

small with fine detail. Even single text lines, reverse text (whitehich is efficient for coding uniform regions. Also, in our
text on dark background) and page numbers are correctly stgining set, there are ground truth segmentations which classify
mented. The algorithm also works robustly in the presenceshwfarders of pictures as text. However, for other applications,
different types of background. For example, white paper awthssifying picture boundaries as text or classifying the middle
halftoned color background have different textual behavior, bpért of thick text strokes as background might be un-desirable.
the model allows them to both be handled correctly. The restitthese cases, we believe that larger coarse neighborhood and
produced using a simple MRF prior model is much poorer. Thiarger training set would be important to achieve the desired
is not surprising since the simple MRF prior model can not capegmentations.
ture the structure of a document image. Regions between texFig. 15 shows the effect of the training set size on the quality
lines are frequently misclassified and edges of the picture @&-the resulting segmentation. The TSMAP algorithm with a
gions are quite irregular. Of course, a more complex MRF cénx 5 coarse scale neighborhood is trained on three training
be used. However, an MRF with a large neighbor can make &ts which consist of 20, ten, and five training images, respec-
rameter estimation difficult. tively. The resulting segmentations are shown in Fig. 15(c)—(h).
From the TSMAP segmentations shown in Figs. 12—-14, wdptice that the segmentation quality degrades as the number of
notice that boundaries of two color regions and boundarigaining images is decreased, but that good results are obtained
between pictures and background are often classified as texith as few as ten training images. However, when the number
These happened because the likelihood of an edge pigéltraining images is too small, such as 5, the segmentation re-
belonging to text class is so high that the log likelihood term isults [see Fig. 15(g)—(h)] can become unreliable.
(8) dominates the classification process. This is also the reason
why the middle portion of thick text strokes is often classified
as background. For our application, document compression
[41], these kinds of segmentations are desirable because texVe propose a new approach to multiscale Bayesian image
regions are compressed in a way designed for coding edggmentation which allows for accurate modeling of complex
information, and background is compressed in a different wapntextual structure. The method uses a Markov chain in scale

VI. CONCLUSION
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Fig. 15. (a) and (e) Original images. (b) and (f) TSMAP segmentation results when trained on 20 images. (c) and (g) TSMAP segmentation resufisdvhen trai
on ten images. (d) and (h) TSMAP segmentation results when trained on five images. For all agescaarse neighborhood is used. Black, gray, and white
represent text, picture, and background, respectively.

to model both the texture features and the contextual dependere S, we definez, as the set of pixels which consists of

cies for the image. In order to capture the complex dependemd its descendents. If we assume the quadtree context model
cies, we use a class probability tree to model the transition pramnd let

abilities of the Markov chain. The class probability tree allows

us to use alarge neighborhood of dependencies while simultane- lg") (k) = log p(¥-,

ously limiting the number of parameters that must be estimated. | .
We also propose a novel training technique which allows th@en itis easy to verify that (6) holds. When> 1, we have

2V = k) (15)

context model parameters to be efficiently estimated in a nonit- iy — 1 (0 ()
erative coarse-to-fine procedure. [ (k) = logp (st Ts = k)
In order to test our algorithm, we apply it to the problem of = logp (g(n)|$(n) _ k)
document segmentation. This problem is interesting both be- 2o
cause of its practical significance and because the contextual 4 Mo (n_1)
structure of documents is complex. Experiments with scanned + Z log Z (Y=, |2, =m)
=1 m=0

document images indicate that the new approach is computa-
tionally efficient and improves the segmentation accuracy over (n—1) (n)

. . . .p(ajg- = m|$9 = k)
fixed scale Bayesian segmentation methods. 5 :

= logp(5{"|z{" = k)

4 M—1
APPENDIX ) (n—1) }
+5°1 [zs_ O ke
COMPUTING LOG LIKELIHOOD TERMS ; Og{go R

In this Appendix, we will derive the recursive formulas foiwheres; for: = 1, 2, 3, 4 are the four children of. This shows
computingl,ﬁ")(k) which are given in (10) and (11). For a pixelthat (11) is true.
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Whenn = 0, s € S andz, = {s}. Then (15) can be [10]
rewritten as

1O(k) = logp (3" = i1+ = k).
This verifies that (10) is true.

(11]

COMPUTATION OF EM UPDATE USING STOCHASTIC SAMPLING [12]

To compute the EM update using stochastic sampling, the13
parameters are first initialized to [13]
if i =4

9(0) o7,
CF ifi#£7

0.3/(M — 1),
and then we generate samples®f® using a Gibbs sampler [15]
[39]. Notice that in the quadtree modelﬁ") depends only on
2507 andae ™, wheresy , s,, s3, ands, are the four children
of s (see Fig. 9). Therefore, at iteratignt 1, a sample ofrgn)
can be generated from the conditional probability distribution 17

hgj)(k, m,n)

(14]

[16]

p(# = el = m, )

55 T M-1 [18]
Z hg])(l,m,n)
1=0 [19]
where [20]
&) . @)
(4) _ J
hs (kv m, 7’L) - ek,m,, n lill 9mg’7_7'71>,k,n—1' [21]

The Gibbs samples are generated from fine to coarse scales. At
each scale, we perforii.5"| passes through the samples, so!
that we only do one pass at the finest scale. Each update of the
EM algorithm uses two full fine-to-coarse passes of the Gibbs
sampler. After the samples are generaba(gf‘i)hw is estimated
by histogramming the:™ results from the two passes of the
Gibbs sampler

(4)

[24]

k,m,n = Z 6 (xgn) - k? Lylnyg — m) . [25]
s€S(n)
(26]
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