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Abstract

Most page segmentation algorithms have user-
specifiable free parameters. However, algorithm designers
typically do not provide a quantitative/rigorous method for
choosing values for these parameters. The free parameter
values can affect the segmentation result quite drastically
and are very dependent on the particular dataset that the
algorithmis being used on. In this paper, we present an
automatic training method for choosing free parameters
of page segmentation algorithms. The automatic training
problem is posed as a multivariate non-smooth function
optimization problem. An efficient direct search method —
simplex method — is used to solve this optimization prob-
lem. Thistraining method isthen applied to the training of
Kise's page segmentation algorithm. It isfound that a set
of optimal parameter values and their corresponding per-
formance index can be found using relatively few function
evaluations. The UW Il dataset was used for conducting
our experiments.

1 Introduction

Page segmentationisacrucia preprocessing stepin OCR
system. In many cases, OCR accuracy heavily depends on
page segmentation accuracy. Whilenumerous segmentation
algorithms have been proposed in the literature [12, 6, 14,
11,9, 1], relatively littleresearch effort has been devoted to
automatic training of algorithms with user-specifiable free
parameters.

Some research agorithms [6, 11, 5] specify default
parameter values. In performance evaluation literature,
Hoover et al. [4] manualy selected the algorithm param-
eters. A common aspect of these training methods is that
a set of “optimal parameter values’ are manually selected
based on some assumption regarding thetrai ning dataset. To
objectively optimize a segmentation algorithm on a given
training dataset, a set of optimal parameter val ues should be
automatically found by atraining procedure.

In this article, we pose the automatic a gorithm training
problem as an optimization problem. We set-theoretically
define a textline based performance metric, which is used
to construct an object function. The objective function
is a function of the agorithm parameters and the training
dataset. This average performance metric on the training
data set is used as the objective function value. The sim-
plex search technique introduced by Nelder and Mead [10],
which belongs to the class of direct search method [2], is
used to find the optimal solution. This method is applied to
Kise's Voronoi-diagram-based segmentation algorithm on
the University of Washington 111 dataset [13].

This paper is organized as follows. In Section 2, we
define page segmentation and error metrics. In Section 3,
we pose the automatic training problem as an optimization
problem. In Section 4, we specify the experimenta proto-
col. In Section 5, wereport experimental resultsand provide
discussions. Finaly, in Section 6, we give our conclusions.

2 ThePage Segmentation Problem and
Error Metrics

In this section we define page segmentation and the error
metrics used. These definitions are based on set theory and
mathematical morphology [3].

2.1 Page Segmentation Definition

Let 7 beadocument image, and let G be the groundtruth
of I. Let Z(G) = {Z{,q = 1,2,...,#Z(G)} bea
set of groundtruth zones of document image / where # de-
notes the cardinaity of aset. Let L(Z{) = {I,j =
1,2, #L(Z{)} be the set of groundtruth textlines in
groundtruthzone ZqG. Let theset of dl groundtruthtextlines
in document image I be £ = Uf:Zl(G>L(ZqG). Let A be
a given segmentation algorithm, Seg4 (-, -) be the segmen-
tation function corresponding to the algorithm A. Let R
be the segmentation result of algorithm A such that R =
Sega(I,p?)where Z(R) = {ZEk = 1,2,..., #Z(R)}.



Let D(-) C Z? be the domain of its argument, the
groundtruth zones and textlines have the following proper-
ties 1) D(Z;) N D(Z5) = ¢ for 27, 25 € Z(G) and
q # ¢',and 2) D(IFY N D) = ¢ fori¥ 1§ € £ and
i £

2.2 Error Measurements and Metric Definitions

While a performance metric is typically not unique, re-
searchers can select aparticular performance metric to study
certain aspects of page segmentation a gorithms, a set of er-
ror measurements is necessary. Let Tx, 7y € Z+ U {0}
be two length thresholds (number of pixels) that determine
if the overlap issignificant or not. Let E(Tx,Ty) = {e €
7% —Tx < X(e) < Tx,-Ty <Y(e) < Ty} bearegion
of arectangle centered at (0, 0) withawidthof 27’x + 1 pix-
elsand aheight of 27y + 1 pixelswhere X (-) and Y'(-) de-
notethe X and Y coordinates of the argument respectively.
We now define two morphological operations. dilation and
erosion [3]. Let A, B C Z2. Morphological dilation of A
by B isdenoted by A & B and is defined as.

A® B ={ceZc=a+b forsome a € A, b€ B} .
Morphological erosion of A by B isdenoted by A © B and
is defined as:

AecB={ceZ%c+be A forevery b€ B}.

Now, we define three types of textline based error mea
surements:

1) Groundtruth textlinesthat are missed:
Cr = {19 e LID(I9) & E(Tx, Ty)
C (Uzrez(mD(Z27))°},
2) Groundtruth textlines whose bounding box is split:
Sp = {19 € LI(D(I9) © BE(Tx, Ty)) N D(Z7) # ¢,
(D(I9) & E(Tx, Ty)) N (D(Z7)) # ¢,
forsome Z% € Z(R)},
3) Groundtruth textlinesthat are horizontally merged:
My = {15 e L3S, e £, 27 € Z(R), ¢ # ¢,
77,25 € Z(G) such that
(DUG) & E(Tx, Ty)) n D(Z5) # ¢,
(DU, & E(Tx, Ty ) 0 D(Z5) # 6,
(D) & EQ0,Ty)) & E(00,0)) N D(Z;7) # ¢,
(D(Ig;) © EQ0,Ty)) & E(00,0)) N D(Z7) # 6} .
Let the number of groundtruth error textlines be #{C U
Sp, UMy} (miss-detected, split or horizontally merged), and
the total number of groundtruth textlinesis #.£. We define
the performance metric p(1, G, R) as textline accuracy:

_#L—F{CLUSL UM}
= T :

We only consider three types of textline errors — split,
missed and horizontally merged. Our textline-based perfor-
mance metric has the following features: 1) it is based on
set theory and mathematical morphology, 2) it is indepen-

p(I,G, R) «y

dent of shape of zones, 3) it isindependent of OCR recog-
nitionerror, 4) it ignoresthe background information (white
space, salt and pepper noiseetc.), 5) segmentation errorscan
be localized, and 6) quantitative evaluations on lower level
(e.g. textline, word and character) segmentation agorithms
can be readily achieved with little modifications. However,
this performance metric needs textlinelevel groundtruth. In
generd, p(I, G, R) can be any user-specified function.

3 Automatic Algorithm Training:
The Optimization Problem

We pose the automatic segmentation algorithm training
problem as an optimization problem. An optimization prob-
lem has three components, the objective function that gives
aquantitative measure of goodness, a set of parameters that
the objective functionisdependent on, and aparameter sub-
space that defines acceptable or reasonable parameter val-
ues. The acceptable or reasonable parameter subspace is
typically termed as the constraints of the optimization prob-
lem. The purpose of an optimization procedure is to find
a set of parameter values for which the objective function
gives the “best” (minimum or maximum) measure values.
In this section, we first define the objective function for our
page segmentation algorithm training problem, then we in-
troduce adirect search a gorithmto optimize the defined ob-
jective function, and finally we discuss the starting point se-
lection in our optimization problem.

3.1 TheObjective Function

Let pA be the parameter vector for the segmenta-
tion algorithm A, let 7 be a training dataset, and let
p(I,G, Sega(I,p?)) where (I,G) € 7 be aperformance
metric. We define the objective function f(p4; 7, A, p) to
be minimized as the average textline error rate on the train-
ing dataset:

1
YT, Ap) = —

T Z 1—p(G,SegA(I,pA))

(I,G)eT

where p(G, Sega(I,p#)) is given by Equation 1. This
objective function has the following properties; 1) The
function has no explicit mathematical form and is non-
differentiable, 2) Only function evaluations are possible, 3)
Obtaining a function va ue requires nontrivia computation.
This objective function can be classified as a multivariate
non-smooth function. In the following section, we describe
an optimization a gorithm to minimize this objective func-
tion.



3.2 The Simplex Search Method

Direct search methods are typically used to solve the op-
timization problem described in Section 4.1. We choosethe
simplex search method proposed by Nelder and Mead [10]
to minimize our objective function.

We give the notation used to describe the simplex
method: Let qo be a starting point in segmentation al-

gorithm parameter space, and let A;;¢ = 1,...,n bea
set of scaes. Lete;,i = 1,...,n ben orthogonal unit
vectors in n-dimensiona parameter space, let po, ..., pn

be (n 4+ 1) ordered points in n-dimensional parameter
gpace such that their corresponding function values sat-
isfy fo < fi <., < fa, ltp = Y12 pi/n bethe
centroid of the n best (smallest) points, let [p;p;] be the
n-dimensiona Euclidean distancefromp; top;, let o, 5, ¥
and o be the reflection, contraction, expansion and shrink-
age coefficient, respectively, and let 7' be the threshold for
the stopping criterion. For a segmentation algorithm with n
parameters, the Nelder-Mead algorithm works as follows:

1 Given qp and the ;, form theinitial simplex as
q; :q0+Aieiai: 1""an'1

2 Relabd then + 1 verticesas po, . .
f(Po) < f(p1) - < f(Pn),

3 Get areflection point p, of p,, by pr = (1 4+ a)p — apy,
where « = [p,p]/[pP~D]-

4.11f f(pr) < f(Po), repla:e Pn by Pr and f(pn) by
f(pr), get an expansion point p. of p,, by
pe = (1 = 7)p +vpn Wherey = [pep]/[p:p] > 1.

If f(pe) < f(Pn), repla:epn bYPe and f(pn) by f(pe)-
Goto step 5.

42 Elseif f(pr) > f(Pn-1),if f(pr) < f(pn) replace
p» by p, and f(p,) by f(p.), get acontraction point p..
of Pn by Pe = (1 - 6)13 + 5Pm 6 = [pcf)]/[pnf)] <L
If f(pe) > f(pn), shrink the simplex around the best
vertex po by p; = (pi + po)o, i # 0, elsereplace p,,
by p. and f(pn) by f(p.), gotostep 5.

4.3 Elsg, Tgeplace P» by pr and f(px,) by f(p-) -

51f /> iz (f(pi) — f(P))?/n < T, stopelsegotostep 2.

., Pn With

3.3 Multiple Starting Point Selection

The objective function corresponding to each segmenta-
tion algorithm need not have a unique minimum. Further-
more, direct search optimization algorithms are local opti-
mization a gorithm. Thus, for each (different) starting point,
the optimization algorithm could converge to a different op-
tima solution. We constrain the parameter vaues to lie
within a reasonable range and randomly choose six start-
ing locations within thisrange. The optimal solution corre-
sponding to the lowest optimal value is chosen as the best
optimal parameter vector.

4 Experimental Protocol

We select the University of Washington Dataset [13] for
the algorithm training task. A training dataset of 100 doc-
ument pages was randomly sampled from the selected 978
documents in the UW |11 dataset. The dataset contains ge-
ometric textline and zone groundtruth for each page. We
compute a performance metric only on text regions.

Kise'salgorithm[6] worksasfollows: 1) label connected
components, 2) remove noise connected components, 3)
generate the Voronoi diagram for each connected compo-
nent using the sample points on its border, 4) delete super-
fluous Voronoi edges according to a area-spacing criterion
to generate zone boundaries, 5) remove noisy zones.

Kise'sagorithm has eleven free parameters and isinsen-

sitiveto seven of them. We fix the seven parameters as fol-
lows. maximum height and width thresholds of a connected
component, C, = 500 pixelsand C,, = 500 pixels, maxi-
mum connected component aspect ratio threshold, C. = 5,
minimum area threshold of azone, A, = 50 pixels® for all
zones, and minimumareathreshold, A; = 40000 pixels, and
maximum aspect ratio threshold, B, = 4 for the zones that
are vertical and ongated. The last parameter is the size of
the smoothing window, whichisfixed at sw = 2. The opti-
mal values for the other four parameters are searched from
the following ranges recommended by Kise:
1) sampling rate sr: {4-7}, 2) maximum size threshold of
noise connected component nm: {10-40}, 3) margin con-
trol factor for Td2 fr: {0.01-0.5}, 4) arearatiothresholdta:
{40-200}.

The machines we use are Ultra 1,2 and 5 Sun worksta:
tions running Solaris 2.6 operating system. After the train-
ing step, aset of optimal parameter valuesarefound for each
research agorithm.

5 Experimental Resultsand Discussions

From Figure 1 and Table 1, we can make the following
observations®:

1) The error rates for all starting points converge in the
range of 4.74% to 5.52%, 2) The convergence rate before
first 30 function evaluationsis much faster than that beyond
30
function evaluations, 3) The vaue parameter nm for most
(five) starting points convergesto 11 pixels, 4) Thereisre-
atively small variance in the convergence values of param-
eter sr, nm and ta, 5) Thereisreatively large variance of
the convergence values of parameter fr, 6) Thereisarea
tively large variance of the number of function evaluations
corresponding to six starting points.

INote that some numbers reported in this paper differ from those re-
portedinour technical report[7]. In[7] we used Numerical Recipesversion
of Nelder-M ead algorithm whereasin this paper we use theoriginal [10] al-
gorithm.
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Figure 1. Convergence curves corresponding to six
randomly selected starting pointsin thetraining of the
Voronoi agorithm.

Table 1. Optimization resultsof VVoronoi agorithmfor
six randomly selected starting pointswithin areason-
able working parameter subspace.

start parameter values | optimal parameter values | error rate | number of function | timing
(sr,mm, fr. ta) (s, nm, fr ta) (percent) evaluations (hours)
(6,25,0.1,80) (6,15,0.079,106) 4.80 72 14.06
(7,10,0.1, 180) (6,11,0.083,199) 474 80 14.97
(6,30,0.3,60) (6,11,0.147,148) 531 138 39.30
(7,15,0.1, 120) (8,11,0.098,190) 5.18 116 3152
(6.35,0.25,120) (6,11,0.246,193) 552 95 32.78
(4,25,0.05, 140) (4,11,0.138,160) 5.49 66 15.80

From the above observations, we can see that the Voronoi
algorithm obj ective function has multiplelocal minima, but
the performance at these local minimaiis stable. The algo-
rithm only needs about 30 function evaluations to reach a
stable performance. The optimal agorithm performanceis
insensitive to the value of parameter fr. The fact that the
optimal value of parameter ta is big implies that the text
and non-text connected componentsare well separated. The
fact that thevalues of parameter fr are generally small indi-
cate we should choose a conservative (large) interline spac-
ing threshold. This training methodology is very general
and has been applied to many page segmentation algorithms
[8, 7].

6 Conclusons

We posed the automatic segmentation a gorithmtraining
problem as a multivariate non-smooth function optimiza
tion problem. A textline based performance metric was de-
fined using set theory and mathematical morphology. This
textline based metric was used to construct the objective

function to be minimized. Nelder-Mead simplex method
was then used to solve the optimization problem. An em-
pirical analysis of the effect of initial parameter values and
scales on optimization results was performed. From the ex-
perimental results, we found that a set of “optimal” parame-
ter valuesand their corresponding “optimal” objectivefunc-
tion value can be quickly found with relatively |ess compu-
tation.
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