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Abstract
One way of wckling document analysis is to spllt the

docunent into different layers and then to find a segmenta-

tio for each one, The straight line is often one of the basic
elements of the layers making up a document. The detection
aof these segments is often disturbed by the superposition of
diﬁ’erem layers in the same area. Therefore we developed
a segment extracior, which processes masked areas, dis-
corifmumes and even cwrvatures. After showing inour pre-
vlaus work, the interest of such a system in binary image
anqlvsis. onir aitn was (o show the method could be gener-
alized to grey level images, by taking into account pixel lu-
minosity at one of the paramelers. The Kafman filter
method combined with an adequate control scheme, alfows
the| paoling of local observations, when their position,
width and luminosity are coherent. The proposed maodet
gives an Interresting scheme 1o manage drawings masking
each other (eg. crass-lines),
I

i .
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1 | Introduction

ument segmentation aims at making easier the doe-
um{ml interpretation. Locating different kind of informa-
tiod in a document global contents is a part of document
segmen{auon Some documents, such as maps, musical
. written checks can be seen as & superposition of
u{ﬁple information layers [1]. For example, we can easily
disgem two layersin the image of a check : the background
!ay§r (printed paper, base lines, preprinted information)
and the superimposed handwritten characters, Most people
orkmg on binary images but, as we think the luminos-
sty ﬁwen by grey levels could improve the segmentation
progess, we propose 1o work on grey level images.

'!‘e achieve the analysis of a document, we try to sepa-
rate the different components to recognize them individu-
allf Multi layer superimpositions bring about difficuldes,
The “linear deawings”™ are often one of the background el-
emenis, They often interfere with handwriting on prepring-
ed documents (checks, forms, ...). In our sjudy, we tried to
discover those linear drawings (also called “'scgments”).
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+'Line drawing” {also called “segment”) definition

A linear drawing is defined as an alignment of pixels,
Each of them being chosen as a representative point of a
real observation extracted from the image (see section 3), It

‘is necessary 10 define some requesied propeities,

» {1) meaningfulness of the neighborheod ; an alignment
of isolated points is not considered as a linear drawing.

« (2) possible existence of discontinuities : it is useful to
aflow locally an absence of points, due to the quality erthe
nature of the extracled object (dotted linear drawings).

Dis%)&lmully {noise)

i Asingle ll_nea: d_rawmg .
Dﬂlimﬁhi P Amill'ler iflg_lf linear drawing

+ (3) Use of the different parameters related 1o each rep-
resentative point, such as thickness and brightness of the
corresponding observation (for grey level images).

!:irs!_ drawing Ly Second crawing : Fhird drasing

* (4} extraction of segments of diffexgnt sizes, (ranging
from a few points to several hundred representative points),
» (5} possibility of a drawings supesimposilion, e.g.

- slaves in a musical scorc covered by quavers bars,
- base lines on a written check.
This superimposition characteristic results from the
document layers theory.

A superimpossd deawing .
Another superimposed drawing

singie linear
fu» drawing
+{6) Lasliy, possibility to include a possible “curvature”
as a “straight segment” although it rmay bo seen contradic-
tory to the “linear drawing” notion. Locally, we can ob-
serve a siraight line but, globally, this “straight” segmeat is
slightly curved, and we can decide to keep this or not,

Globally:

L.
Locally
& “'slight curvature”

shraight line



Linear drawing extraction methods

Twe methods are commonly used to solve the straight
segment detection problem., :

» The first : Hough transform [2] does not respect (6).

s The second : includes a thinning stage followed by an
iterative polygonal matching, but does not respect (2) (5).

« That’s why we propose a method which respects all
the six previously deseribed properties. It locally works on
linear drawing hypotheses which are confirmed or not dur-
ing 1he analysis of the image. The used measures do not
only concers the spatial [ocation of the drawing, but also
other characteristics (thickness and grey tovel).

Our methed included two levels, The first level con-
tained a prediciionfverification tool : the Kalman filter [3),
The second lovel was a control layer permitling to interpret
the expected rases (discontinuities, crossings). In a simifar
way, Jean-Pierre Veran [6], also used the Kalman filter, to
follow roads in aerial grey level images,

xeo grey vel im g

2 Kalman filtering _

What we were trying to detect was a series of nearly hor-
izontat afigned observations {basc tines on checks).
2.1 General principle of prediction/verification

The basie hypothesis is that any object can be character-
ized by a stale ¢, varying in relation to a scale, usually dme,
The method allows 1o follow the evolution of hiy state to
estime it and afso (o predict it, For that puspose the method
used 4 recorsive lincar eslimator which according t the
known past of a stale ¢, can predict ils evolalion,

ej, = linear estimation ( @1, €2, T3, e » Cg )

After predicting (his stage, the next siep is to verify it by
examing the actual current state of the abject and coreect-

ing the estimator by taking into accoumt the error made be- -

tween the prediction dnd the measured observation,
Accepting errors and correcting the estimator by taking

those errors into account gives this principle all his power

(o manage the state of an object. However, it impli¢s know-

ing how the staie of the object can vary with time, i.e, hav-

ing a modef of this object.
2.2  Kalman filter equations _

‘The Kalman filter formalizes accurately the prediction/
verification principle. ‘This s a recursive linear estimator
which offers the advantage of taking into account calculat-
ed errors between measurements and estimations.

Those errors are automatically incorperated into the
maodel to improve futurs estimalions.

This method uses twe models {5} :

<a stale maded S, varying with time and

- & mode! of measure X, deducted from 8.

Both the modets § and X are represented by a vector,
S cannot be directly known and we are trying to estimate it
Evolution state ¢quation : _ '

Stk) = Atk-1).8(k-1) + W(k-1) . {eD)
where W stands for the model error, characterized by a 2¢r0
mean and a variance Vw. A is a matrix characlerizing the
evolution of the vector S,

Measure equation :

X(k) = C(k).S(k) + N(k) . (€2)
where C is a matrix vsed 10 dedact the measure vector X
From the state vector S, and where N stands for the measure
noise with a zero mean and a variance Y.,

Besides, it is important 1o nofe that W and N are sup-
posed to be uncomrelated. _

To find the Kalman filter equations, see [5],

3 Observation exiracted from an image

To apply this theory, it is necessary to define what kind
of object we are studying. We have to defing its state, and
its evolution model in the course of time (here columns of
the image), We are searching for “observation” alignments
in the colamns, These pooled observations wilt definé the
linear drawings thal zwe the objects we are looking for in the
document image. The state of an object will be determined
{rom parametcrs, chosen for the object mode} definition,

First of all, we had to define the observations tooked for
inthe image. Vincent Poulain ¢’ Andecy in [4] defined ob-
servations in binary images, we propose W extend this def-
inilien to grey level images,

It must be remembered that we were trying to extract
horizontal base lines in prey Jevel images of checks
(Fig. 1). Those lines can be considered as durk thin objecis
laid on a clear background. This characteristic determined
the observation model we were going to search for in the
image. A cross-section of a thin horizontal ohiect has a typ-
ical luminosity profile pattem, that we {ricd to find in the

- image malrix. We sought.in each column, a sequence of

points of decreasing luminosity, followed by another point
sequence of increasing hwminosily. Several parameters,
which corresponded to the luminosity and position in the
columa of these remarkable paints of the ohservation, were
assoviated to each detection and recorded ay follows ¢

» begin point of decreasing luminosity (bin, blumi)

- s nedium point (min,mlwnd) @ last pob of decreasing
lusminosity and first point of the increasing luminosity

» Jast point of the increasing luminosity {lin, Humi).

As the two polit positions, bin and Hn, were 100 noise
sensltive, we added twb new points (milln and mi2ln)
which had a better position stability, Those points, are lo-
caled respectively half-way down and half-way up the lu-
minosity curves (see Fig. 2). They corresponded fairly well
to points selected by edge detectors,
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Fig.2 1 An observation (luminosity curve profile) and the
eipht associated parameters

As a result, an observation was defined by eight paran-
eters. Dependiny on the rest of the application, they are not
all necessary. The technique we used only divided one col-
umn'of an image inlo a succession of intervals that could be

partg of atinear drawing. We noticed that a great number of

observations ¢omesponded o noise in the image,
lhat‘§ why a selection process was necessary. To achieve
that we associated to each observation, we calculated a

contpast (max (blumi, Humi} - minmi). Every observation

witha conirast betow a threshold was discarded.

le. observalions corresponding to noise that were not
eliminated by the previous thresholding were tioneritical
for the method, The oblained results are robust to this
threstiold usage. The final decision to consides an observa-
tion s interesting or not was based on a broader cofteal of
hisle‘gresis thresholding. Figure 3 shows the observations
{Rigi3 b, in black) obtained from the original image
{Fi gl’i a) wuh a contrast lhreshold of 30 rey Icvels

- i

F:g 3:a Ongmal image, b- extracted observations.

The “lincar drawing” object we were looking for, was
finally chasacterized by four parameters ;

sition {in the column)

+ slope (computed along the drawing)

+ fhickness (calculated with the observations)

« [uminosity (given by the observations),

Alfirst step consits in extracting observations for a ¢ol-

umn k of the image. A second step consists in a prediction

lromjexisting objects hypotheses, Finally, a difficolt prob-
tem rem'uns to be solved | the choice of the actual observa-
tions which will be used for verilication purposes. Ong of
the I{alman filter's assets s to antomatically carry out pa-
mme}ers to make this choice.

|
|
|
i

4  Application to segment detection ;

state and measure equations
As we are fooking for straight lines in an image, folfow-

"ing section 3 conclusions, we propose a state veetor {qua-

druplet) § = (position, stope, thickness, luminosity),
_ The state equation showing the object evolution then is :

3po{k) 11090 Spo(k-u wro
Ssl(k) =|0100 s;lﬂ-}) . W;i D)
Sm{k) 0010 Sm,” W‘.h
SSH(I:} _ ae01 Slu(k-! wiu
S) = Akl S(k1) + Wik-1)

The measwrement eguation matches the studied obser-
vation and the state mode) of the segment at insiant k,
Hence the following cquation :

1
Xow|  [to00]|g o
Xya) = J0010 ‘:‘:] Ny, (e2)
Xfu(k) pont lutk) Niq
X = Ok . 8B + Nk

The vectors W and N are only characterized by a pnun
fixed variances,

Final equations can easily be obtained by using matrices
A and C in the general equations of the Kalman filter {5].
We shall not develop the choice of error pammelers which
are linked to both what we are looking for and what we are
measnring, Thus, if we decide to refuse 4 “curved lino seg-

ment” (properiy (6)}, we choosg a position mode| with er-

1085 {W position Wpente) valued close to zeco,
The too?c:ve are presenting, allows us, if a linear drawing
has been expected up to column (k-1 10 ;
» predict the characteristics of the observation expected
for column k ; '

» gvaluate associated ervor predictions, depending on -

_model errors and observation ervors (image noiso) ;
« fake into account this observation (matched with a seg-
ment) for the calenlations concerning next columns,

5 "Sepment hypothesis" control scheme
The segment fypothesis control scheme consists of a
loop, marked by the column nuinber in the image. This
loop contalns the four following actions !
« for cach hypothesis, a prediction stage upd;mng each
Kalman filler (one per segment hypothesis) 3
» amatching stage, also called verification stage, match-
ing hypothiesis and observations ;
» a new hypothesis creating stage {(when an observation
didn’t match an existing segment hypothesis) ;
« a ‘hypothesis stopping stage (when o observation
matched one hypothesis) ; 1o keep it Tor fulure interpre-
tation or 10 erase it when not sufficiently confirmed,



51 Maiching observations/ segment hypotheses
+Principle

The most difficult point of the control scheme was
matching working hypotheses wilh current column obsee-
vations. For each hypothesis we had o find, the come-
sponding observation, if it exists, among all those extracted
from the image column, A way 10 do this was to calculae
for each observation, its distance from all hypotheses and,
1o choose those within & good distance range.

Knowing Gryicknesss ClLuminosity and Opogitions Biven by

Kulman filier’s covariance matrix [5], allowed us touse the

Mahalanobis distance vsing the throe parameters | thick-
ness, luminosity, position, The 2 test, used with three de-
grees of freedom, allowed us to define a distance value for
the matching. However, we had {o cope with three cases |

» one observation matched one hypothesis ;

» many observations matched one hypothesis

» no observation matched a hypothesis,

Multiple matching

In the case of multiple observations matching one hy-
pothesis, we choose to maich it with the nearest observa-
tion in terms of Mahalanobis distance, This is also known
as NNSF filter (Nearest-Neighbor Standard Filter).
sAbsence of matching

When no observation existed within the given distance
range : was it a iotal absence of observalions in the predict-
ed areq, or was it only because we were getting through a
superimposed object 7
In the case of actual absence of cbservations, our choice
wiis 10 add the predicted observation to the Kalman filler,
defaying the decision for a ceriain time,

The second case, gelting through a superimposed obyeci,
had to be better defined. The semantics of the image helped
us to explain this. We were working on check bmages
where the handwriting is darker than the preprinted base
lines are. When those wo kinds of information superim-
- pose, only the handwriting is apparent. The fuminosily pa-
vameter of e observation exiracted from the image could
be very different from the predicted one, so there was no
observation matching, despile the fact that the position pa-
rameter was “good”, That's why we considered that this
real observation was crossed by “another” hypothesis :

« if the real observation corresponded to the predicted ;

« if the thickstess was larger ¢

+ il the lumingsily was darker,

This crossing tdea is fundamental since it allows us to

“wail” before discarding or terminating a segment hypoth-.

¢sis, As a matter of fact, when a clear linear drawing was
covered by handwriting, we waited antil we found an ob-
servation which matched or did not maich before deciding
the hypothesis future. Morcover, this idea ean help us 1o
improve image segmentation by providing vs some expla-
natlons abont specific luminosity profile (when two

straight lines cross each other). We could thea predict the
lumingsity profiles of soveral hypotheses that cross each
other and then deduct associated observations.

5.2 Creation of a segment hypothesis

The conditions to create a new segment hypothesis are
simple : every observation being unmatched with an exist-
ing hypothesis generates a new hypothesis, Knowing thata
Kalman filter is associnted with each hypothesis, it is nec-
essary 1o use a stopping strategy for those new hypotheses
olherwise the required computing time will rise.

53 Endofa segmenl hypn!hesns
«Principle

To prevent an increase in computing time, it is neces-
sary 10 keep onty promising hypotheses, those that still
matched observations, and to get rid of the others,
+Lack of ebservation matching for a certain time

Hypothesis that do not match observations for a cortain
time will be discarded, The future of a hypothesis depends
on how long it remaing active, If its Hife was long enough,
the hypothesis is stored in a data structure for fater interpre-
tation, if not i is “dropped” excepl of course if the hypoth-
€sis s in a crossing state,
«Hypothesis initiation

To better control the “living” hypotheses, we used an in-
duction threshold {minimurm two first real observations),
» Hypothests synonymy

When two different hypothesis matched the same obser-
vation, the program affected this observation to those two
different hypotheses, If this was the case for a certain tims, -
we used the Mahalonobis distance to check they were not
similar. If the distance is small enough we considered those
two hypotheses as synonyms, The crossing case, involving
two siraight lines having different directions, was sorted
out by comparing their respective slope, The observation
could be finked to both hypotheses, but the slope would
keep its Mahalonobis distance above a threshold, This al-
lowed those two different hypotheses 1o survive,

6 Resulis

The obtain¢d resuils show the method’s interest,
Figure 4 shows exiracted linear drawings (longer than 10
pinels) with the described Kalman filter based on'position,
thickness and tuminosity coherence, Tt s obvious that the
two base lines of the check are detected, though they are su-
perimposed with checkbars and handwriting,

—

Fig. 4 1 The detected Hinear drawings.
The detected observations, crossed by several hypotheses



are shown in white (superimposed with the original image)
(Fig; 5), In those regions segmentation wili be improved

Pig.i5 : Observations (white) crossed by many hypotheses
"The following figures show the obtained tayers partition
(nulés, quaver bars, ...) from a musical score binary image :
e stave lines have been removed (originat Fig. 7a)
. by the common technique in two stages.

- firstly locating the difTerent lines,

- secondly removing the observations with the right
location and the right thickness, independently of
other context (defaults : see circles on Fig, 6a),

by our cooperative technique between low and high

evels, The results show n good shape along the edges.

apdl gl

- common technique b - Kalman filter method.
(sn)a!l angles left) (smoother shape)
i Fig. 6 : The image without the stave lines,

On the following image, the quaver bar, part of a layer,
has een removed, without distortion for the stave lines,
thanks to the proposed Kalman filter methed (Fig. 7h),
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a- 9 iginal image b- without the quaver bar.

i Fig. 7: The image without the quaver bar,

The last igure shows our grey level check image, after
removing the base lines. We can notice that the oblique line
‘i no} erased, The crossing zoncs are conserved with some
aspeqt defects as square edges insicad of round edges (sce

irclésin Fig. 8),

b- Zoom

same size as Fig, 1 )
Fig. | 8+ The check after elimination of the two base lines
C(jmpuung time for this image (730 columns & 100
lines) is about half a second, The average number of Jinesr
drawﬂings fiypotheses on this image is four per column,
i

!

Conclusion

The presented method whose purpose is to extract lnear
drawings has some characteristics that can be consndened as
drawbacks :

« the results are sensitive fo the scanning oricalation ;

- They can present some sinall "pixel level™ differences.
« the detection depends on the orientation of the linear
drawings (best with slope between +45° and -45°) ;
Nearly vertical linear drawings cannot be detected by a
column oriented scan. A line oriented scan solye this,

+ the method uses a great number of parameters
Nevertheless, itis very easy to use and also very robust,
As a matter of fact, the error parameters for the model
and for the observations (position, thickness, lumi) are
managed by the model controlling the Kalman filter.
We consider the following points as advantages ;
« The method can easily accept new parameters (sce
section 4),
The luminosity and thickness were added to our initial
Kalman filter model {for binary images). Thanks to
- good parameter vsage, this method is very flexible. It -
can even accept some slight curves in detected linear
drawings, by relaxing the model ervor parameter,
» the atethod manages to widen its decision contest,
By integrating compatible observations provided during
the scan (sec section 3), there s a cooperation hetween
local analysis (real observations) and global analysis
(segmen! hypothesis), This double reading level makes
the forceful point of the method,
» this method can be used for grey level Images as well
as for binary images.
= moreover, when working with grey level images, our
method (see section 3} does not imply a binarisation of
this image to extract or remove some layers,
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