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Abstract

When analyzing handwritten signagsr using a
computera certain amount of variation within any par-
ticular class is to be»@ected. Successfubagnition
demands that this variation be less than that between §
two diferent signatues. This paper describes éar sim- 1
ple ways to comparsignatues that do not use any com-
plicated or derivative feater measwements, edc of
which defines a distance between signesuthat allows
individual variation.

FIGURE 1. 50 signaturesoverlaid. Thevariation in
position of related pixelsisover 10%.

1. Introduction

The use of handwritten signatures &ify and indi-
viqual’s identity is older than photographCommon

to measure in anreally meaningful \&y. For example,

the maximum distance between temporally related
- goints (points the same time from the time of the first
pen daovn) is 76 pixls, or 19% of the signature width.
The maximum distance betweeryamo closest points
is 22 piels (5.5% of width). Its not clear whatyanf

and that humanxperts can match twsignatures well
enough for most practical purposes. Afidifity with
automatic signatureevification, the comparison of an . : ;
input signature with a knen file sample signature using ;Egésntrﬁalgi mgwr?t.e(r)r Woit could be used toerify the
computer algorithms, is that owsignatures are wer y "

exactly the same, notven for the same person under What is clear is that if, as is claimed, in-class signa-
identical circumstances. Thus, the signatures averne tures are in some sense more similar to each other than

compared directly they are to out-class signatures, then there is somie ob
ous (at least to the human visual system) measure that
minimizes the smallariations normal to signatures and
uses lager ones to makdistinctions.

Signature erification is frequently performed by
making \arious measurements on a digitized
image[4,5,10] and subjecting these to a classiflex a
neural net or supporteetor machine[1,2,3]; the mea- 2. M easuring Distance
surements are callddatules and often a great mpmare

used, creating a featurector The features are numeri- __. ; X '
cal values, and will ary somahat between instances ation from a template signature is natural, while another
’ variation indicates that tv distinct signatures are

created by the same writdthe hope is that the features .

. . . ? i ‘di !
will vary more for tw different writers ljetween-class It?(;/t(\)/\ll\tlai?{ siUr?;tilrlgs t\?\xittlgr?lgn%hgtsavr\:]heatvvri?ésrtg?gets i
variance) than for the same writér-Classvariance). 9 y yP

. . _ . cal, and comparing to the distances obtained between
It has been claimed that signatures are written with

X - ; th Blasses. By ‘distance’, we could meary anumber of
great deal of consisteycespecially with respect to ori-

i . things, usually iwolving feature ectors and someéhat
entation and scale (foxample [11]). This may be true .,mpjicated measurements. Therkvdescribed here is

if the writer is constrained to use a particular forot,is 5 ofort to determine whether simple, relatly obvi-
not suficiently true in unconstrained cases to yield con-, g gistances can yield good results.
sistent sets of features for recognition. Figure Insha Again, mayy different things may be meant by ‘rela-

set of 50 signatures dva freehand on a #éom data tively obvious’. What is meant here is distance will be
tablet. The wriation can be seen clearhut is difiicult y :

How can it be decided automatically that soraé-v



computed in a Euclidearaghion, from points in taw 2. 2 Global Relative Distance

dimensional geometric space. While ary two instances of a signature will fif
2. 1 Temporal Distance from each otherthey should be nearer to each other in

If two signatures are instances of the same class, M€ Sense th;m t% instarr:_ce% ofedlgn_t Si?”ag!”g.& A
should be true that points on each that were sampled gt€asurement based on this ideauld irvolve finding
the same time relat to the initial pen den time e distance from a black [kin one signature to the
should be near to each other spatially [#].fieasure N€arest black p#l in the other Of course, it wuld

this, a standard coordinate system is needed: the ceRroPably be best to find the fiifence between corre-
troid of the signature should servery well as the ori- SPonding piels in the tw images, bt the cost of doing

gin. It is also necessary to kmaat what relatie time  this would be prohibitre, and the impreement may not
each piel was dran, and for this the signature must P€ significant. _ _
have been captured using aa¥¥m data tablet or similar Again, as in temporal distance, a common coordi-
device. These return pen coordinates gutar sampling nate system must be used, and a common scale must be
intenals. Tmes associated with points betweerotw agreed on. The same method as described in section 2.1

sampled coordinates can be interpolated. There aig used here, in which a common scale is agreed on and

issues around scale to be addressed as well. the coordinate system is centroid basedxtNee dis-
The basic processvialved in computing temporal t&nce Is calculated using a distance transform.

distance is as foll@s: Consider the signature ima&e The distance trans-
The signature beingalidated isS; the eemplar ~ fOrm is an imagd® the same size &in which the alue

being compared ainst currently i<E;. of each piel Dj; is the distance from the [@kS;; to the

; nearest object pet. We used the 8-distance, because it
1. Rescalé, to the same size Ssbut do not alter the is a simple matter to compute the entire transform a tw
aspect ratio oE;. Some sizeariation will therefore . .
rermain passes through the image[8,9]. The distdges for an
. . . exemplar imageE; is found by computingD as
2. BecauseE; has changed size, the time needed to - -
. - _described and accumulating the sum oDgllwhereE;;
draw it should change also. Based on the ratio of. . . . . .
is an object pigl. This is essentially the distance from
old arc length to ng compute the e value for

the time needed to dieE;, T, [6]. each object pil in E; to the nearest object ikin S.

: —
3. Comert the coordinates for botS and E; from We need to compute also the dista&E’, which
those relatie to the capture tablet to those refati USE€S the distance transformgfin a symmetrical man-
to the centroid of each signature. ner to the abee. The distance betwedny andS is the
4. Now divide the time interal needed to draSinto  Product of these tdistances. _
a fixed number of smaller inteals- we use 250 The distance images can be computed iraace

such subinterals. For each subintenl, calculate and stored instead using thevranages and recomput-
the (x,y) position of the pen for bosandE;. De-  ing the distances each time.
termine the distance between these points, and 2 3 Multiple Signature Masks
accumulate the sum of these distances in
The distance betweehandE; is d/250, or the &er-
age position error per subintaty

Slight variations in signatures can be thought of as
noise, and a standard method for dealing with noisy data
is to average multiple samples. Combine this idea with

Ph ([P

e .
, do, the distance After a small time }//5-4,@_4—,

between the initial increment, both pens
points on the tw move. d1 is the distance

signatures. between the ve points. — -
i . ] Similar signatures should
FIGURE 2. How temporal distance is calculated. After the signatures be nearer to each other after
are scaled, each is bmrkinto 250 pieces by time &k to drav. The each intersl.

distance between the tvsignatures after each intahis summed.



that of global relatie distance (Section 2.2 al®) and 3. Experimental Protocol
we get the multiple signature mask algorithm.

Imagine that for writer A we ha 50 sianature sanm- The data used for testing therification methods
g g : consists of a total of 690 signatures, which consists of

€50 samples (actually between 46-50 samples) of 14 indi-
viduals. These signatures were captured using the

pixel is an object pil in ary of the samples. The ik Wacom data tablet and image datasvgenerated from

is set to backgroundvel otherwise. In a multiple signa- the data points for the image based methods,

ture mask each mask pbis incremented for each cor- __Because of the re,laély small amount of datavail-
responding object pét in ary sample image. able, a ‘leme-one-out’ protocol &s used. A database of

There are no longer inddual eemplar images, signatures @&s constructed for each trial, omitting the

only one mask image for each class.cbmpute the dis- taget in each case. In otheouds, the set oh@mplars

tance between a sampfand a class represented by never includes the signature beingagiated. Havever,
mask imageM, simply sum intaD the mask piel val- every signature is comparedaigst all others, both in -

uesM; that correspond to object i in the image class and out-class, and the smallest single distance (or
-2 ) ) largest similarity alue) represents the correct classifica-

Pixels Mj; that correspond to background (I.E. were

never set in ap example image for that class) result in a . . o . ,

decrease of the subi - we use aalue of -5. it this is A confusion matrix is created in each casewshg

an arbitrary penalty and the optimallve is not knan. all of the information wailable for the trials. Correct
The final alue ofD is a similarity alue rather than a classifications, dlse posities, and dlse neatives are

distance, since Iger \alues correspond to more similar &/l Present.

to a standard size, and then creating \a imeage (the
mask image) in which a pid is set to object el if that

object. 3. 1 Resultsand Conclusions

U5l

To this point three diérent methods for comparing
signatures ha been discussed. Using the protocol
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FIGURE 3. (a) Calculation of the distance from a simple distance map (Darker pixelsare
mor e distant from an object pixel). The map of the exemplar isoverlaid with the
signature, and a scoreisfound by incrementing a counter by the distance found whenever
theline passes over a pixel in the mask. (b) A mask image consists of a count of the
number of timesthat each pixel isobject level in all exemplars. Similarity isthe sum of all
pixelstouched by a given signature; empty pixels count against, reducing the similarity
value.
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described in this section, the results for all methods are It is not at all clear that the multiple signature mask

as shwn in Figure 4 as confusion matrices.eBvrav  technique can be used in practical situations. This needs

and column represents a signature class. Eacinrthe  to be &plored further but at the present time the com-

matrix sums to the total number of elements in the clasgutation is sla, and there may be a practical limit to

and of-diagonal elements in aworepresentdlse rejec- how mary signatures can be distinguished.

tions. Of-diagonal elements in a column represeree The global relatie distance methodawks as well as

acceptances. most published algorithms, and has the amdage of
Foe example, consider class 5 in the temporal dis-being quite simple and glous. It, too, may be too sio

tance matrix; 48/50 were correctly classified, oras w for most real applications.

classed as class 0 and one as class 1 for a totahlsie? f The point, havever, has been made. A simple direct

rejections. A &lse acceptance of a class 1 signatureomparison is possible, and has a high success rate.
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