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Abstract. In this work, a morphological representation of a template matching algorithm for gray—scale
images is presented. The algorithm is the composition of the so—called template matching operator with the
maximum gray-level location operator, which can be both expressed in terms of the following classes of
mathematical morphology elementary operators: dilations, erosions and anti—dilations. Moreover, the algo-
rithm is applied to remote sensing images.
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1 Introduction function to perform a template matching within a signal

The template matching problem consists of finding out jporrupted by Gaussian or impulsive noises.
a search imagehe location of aemplate (pattern). In Our main objective in this paper is to introduce a

some applications, for example in image registration, thiémPle template matching algorithm based on area and
template is extracted fromreference image defined within the framework of the lattice theory and,

In literature, we can find many techniques to perfore specifically, the. mgthematical .morphol'ogy. In our
form template matching (Ballard & Brown, 1982; Goshappro_ach the correlation is a sum of intersections of thre-
tasby, 1985; Li & Dubes, 1985; Lemmens, 1988). Thes&'oldings. _
techniques can be classified in three groups: area—based More precisely, we use some elementary morpho-
(Barnea & Silverman, 1972; Moik, 1980), feature—basd@gical operators (dilations, erosions an_d antl—dl_lat!ons)
(Medioni & Nevatia, 1984; Hannah, 1988; Toth &to construct a template matchlng'algorlthm. This is an
Schenk, 1992; Flusser & Suk, 1994) and structural (BindPPortant issue because it can unify the way we process
1988; Ventura et al., 1990; Haala & Vosselman, 1992)'Mages.

The classical technique, among the area—based Different from Maragos, we do not assume the vec-
ones, derives from the normed vector space theoﬁ?/" space structure and different from Ronse, we do not

(Luenberger, 1969). In this approach, the images or tefhiclude a dilation for template reconstruction at the end
plates are seen as vectors. ’ of the matching procedure. Finally, different from Khos-

When the Euclidian norm is used, we get the welgvi and Schafer we use pairs of erosion and anti—dilation

known correlation method (Barnea & Silverman, 1972¥ith distinct structuring functions. o
and the best fit is defined in terms of maximal correlation I Section 2, we recall some basic definitions from

between two vectors. In this approach, the correlation id2gthematical morphology. In Section 3, we present our
sum of products. template matching algorithm in terms of some elemen-

When the so calletj norm is used, Maragos (1988)tary morphological operators and, finally, in Section 4 we
showed that minimizing it is equivalent to maximizing &"OW &n application to remote sensing images.

nonlinear correlation, a sum of minima, which he called
morphological correlation.

Following the nonlinear approach, Ronse (199
characterized the template extraction by three requir®riginally, mathematical morphology was developed in
ments: the so called “overcondensation”, anti—extensithe context of image analysis (Serra, 1982). Nowadays,
ity and idempotence. It is shown that an operator haviran important part of it belongs to the lattice theory (Serra,
these properties is the composition of an inf-separakl®88; Heijmans & Ronse, 1990).
operator (Banon & Barrera, 1993) followed by a dilation. A lattice is a partially ordered set in which the supre-

Moreover, Khosravi and Schafer (1996) used themum and the infimum of two elements exist (Birkhoff,
sum of a gray—scale erosion and a gray—scale anti—di867). We denote as v b anda A b, respectively, the
tion (both vertically invariant) with the same structuringsupremum and the infimum of two elemeatndb in the
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lattice. If the lattice is finite then it has a least and a greaft,, <) (Banon & Barrera, 1991, 1993).
est element that we denote, respectively asdi. 3 Template Matching Algorithm

Let (L%, <)and (,, <)be twdfinite IatFlces. Lety Exact template matching is useless in most of the practi-
be a mapping fromlg, <)to (L, =). Wewillcally an 5 applications. For example, in remote sensing two

operator images of the same scene at different times or from differ-
By definition, ent sensors are almost never equal. A template matching

y is adilation iff algorithm must be based on inexact matching (Shapiro &

y(@ v b) = y@ v yb) andy(o) = o Haralick, 1981; Bins, 1988; Lemmens, 1988). From the

Yy is anerosioniff mathematical morphology point of view, inexact match-

W@ A b) =@ A pb) andy() = i; ing can be achieved by defining intervals around refer-

ence values and by testingaif the values of interest are

¥ is ananti-dilation iff falling into them. Nevertheless, the requirement tiiat

y(@v b) = ¥(@) A ¥(b) ?‘”g’/’(o) =i the conditions are satisfied is not reasonable in practice,
y is ananti—erosioniff and what we suggest here is to look for the situations
w@ A b) = y@ v yb) andy(i) = o; where amaximumnumber of conditions are satisfied.

foranyaandbin L,. For the general case of complete lat-  The template matching algorithm proposed is

tice see Serra (1988), Heijmans & Ronse (1990), Banshown in Figure 1. In this figuréjs thereference image

& Barrera (1993). andg thesearch imageThe template matching algorithm
These operators are called elementary operatorsisfcomposed of several operators, one in each block. In

the mathematical morphology because from them, it @rder to present each of them, we are now introducing

possible to represent any operators frolm, €) to some mathematical notations.
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Fig. 1 — Template matching algorithm.

Let Z be the set of integer numbers, we deno®@’as for anyf in K", where#E is the number of elements of
the Cartesian produ@ x Z. LetE be a finite rectangle g Actually, u(f) is an approximation of the average of
of Z2,i.e.,E 2 I, x |,, wherel, andl, are two intervals the imagé.
of Z; and letK,, be the interval [On] of Z. We denote the The template matching algorithm is aimed at
set of mappings frofto K, asK,,". Actually, K, repre- ~Séarching for a given templafg in the search image
sents the set of images with dom&rnd range, In The templatef,, is a subimage dfin the sense thais a

this work, we will need to deal with images having differrectangle ofz? calledwindow S _
ent domains, for this reason, we introduce one more finite I this section, for the sake of simplicity and without

rectangle ofZ? that we calD. lose of generality we assume thghas a center (in other .
In Figure 1, the so—called measuris a mapping words, _|ts number of rowg gnd cqlumns is o_dd) and this
from E (or D) to Z, defined by, center is located at the origin &f, i.e., the point (0, 0).

w2 15+ @D ), @
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The ter_nplatefW can be chqsen manuglly or througrhumberi in n, we denote as;
an automatic procedure. In Figure 1, this procedure js

D G . .
represented by the operatpy. In this work, we will not from Kn" to K," defined by

andéﬁ the operators

go into details about it. ' /(0 A 1 if g(x .+ w) = | (6a)
The operatory, produces a pair of templates 0 otherwise

(fw. fw) from the templatefy, in K,,". This pair of tem- 5 a1 0 g+ w) =1 o

plates is defined in the following way: O =10 otherwise (6b)

— A .
fw(x) = max{0, min{m, fu(X) + 3} (2  for anyg € K, andx € G: wherei — w, is a bijec-
f+(x) 2 max{0, min{m, f(x) + C.}} (3) tionfromntoW, just for numbering the elements\uf

for anyxin W, wherec, andc, (¢, < c,) are two integers The pixel of the binary imagg'(g) (the transformed
depending on the averagef) andu(g), and a parameter of g € K throughe,'), at positiorx has value 1 when-
F. ever the pixel ofj at the neighborhood position+ W,
lowi The tw_o integers, andc, are calculated in the fol- has a value greater than or equal féor the operataha,
owing way: we just reverse the binary relatiaa.

o ¢, =du-F/2 and c;=du+F/2 (4 By construction, the thresholding operatefsand
where, a

du = u(g) - u(. XE 0, E‘;:lre, respecGtiver, erosions. and anj[i—di!ations from

The parametef defines the length of the interval (Kn', =) to (K,", <), where < is the pointwise order-
[c,, c;] centered atiu. ing derived from the ordering between gray—levels

The parametetlu is intended for reducing the image(Banon & Barrera, 1993; Faria, 1997).

bright diff fanda h th ver We are now ready to introduce the template match-
rightness ditierence. frandg have the same ave age’ing operator. We caltemplate matching operatdhe

thendu is zero and no first order adjust is needed. Fur- D G )
thermore, we assume that both images have the saﬂ?@rato@ from Kn" to K", given by:
standard deviation, so no second order adjust is needed. ¢ A z A

The search imagg is looked over in order to find -
out the location of the best fit with the templdtge This _ o . .
is done through the so called template matching operatshere thel’s aren operators fronK,” to K", given
¢ (Figure 1). At this stage, we need to introduce somd:

(7)

i€n

new notations. _ 2 A E}W(w-) A 6fj+(w.). ®)
Let G be the subset af?, given byG = D© W, Tt .
where the symbob represents the Minkowski sub-  Actually, the operators, like ti€s, which are the

traction (Banon & Barrera, 1994), and llidte an inte- intersections of an erosion and an anti—dilation, are
ger number between 0 andThe subse, i.e., the dif- importa_nt in operator decomposition and are cailgo-
ference oD andW, is a smaller rectangle compared t@enerating operatorgBanon & Barrera, 1993). These
D, as shown in Figure 2. It will correspond to a reduc@Perators for binary images are similar to the well

domain for further processed images. known Hit—-or—Miss operators (Serra, 1982).
Figure 3 shows the operaipr
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Fig. 2 —Domain reduction.

If nis the number of window elements, in other

wordsn = #W, then we denote as 2 {1,...,n} the set

Fig. 3 —Template matching operator.
of integer numberbetween 1 and. For any integer



The pixel of the imagel'(g) (the transformed of from (K,°, <)to (K,°, <), andaea is an anti—dilation

ge K, throughl'), at positionx € G, has the value from (Kf, <) to (Kf, <) (Banon & Barrera, 1993;
A(g)(X). This value is called theatching condition Faria, 1997).

From Equations (6) and (7), the matching condition  We are now ready to introduce the operator for max-
is 1 (i.e., satisfied) whenevefx + w;) falls in the inter- imum gray-level location. We cathaximum gray—level
val [fw(w), fy(w)] and O (i.e., not satisfied) otherwise.|y.ation operatotthe operator/_)from K.CtoK,° given
Hence, we can see thpfg)(x) simply indicates the num- py:
ber of satisfied conditions amomgpossible ones.

The operation of sum, appearing in the definition of y= V )
¢, is an extension to operators of the sum néimbers 0 l'=0..n
or 1 which returns simply the number of 1’s. where thel,’s aren + 1 operators fromK,° to K,°,
In other wordsg can be defined in an equivalentgiven by:
way by: A 2e N O

j— H . - +
PO = #i De n g+ w) € [fW(Wi)’fW(Wi)]}’. For the same reason that we have seen above, the
foranyg € K,," andx € G. We can see that “behind”

X ; ; operatorsi’s are sup—generating operators. Figure 4
this expression we have a sunm@&up—generating opera- P ! sup-g g op g
tors. shows the operatap.

Furthermore, we observe that the operaitds the

sum of intersections of thresholding operators. =
In the next step, the imagg produced byyp is 1 Y
looked over through an operatpmwhich locates its max- 0
imum pixel value and produces the imdg&igure 1). In .
order to present it we need to introduce some more nota- 0 —
tions. :
For any integer number between 0 and, we A,
denote asy, and ¢, the operators fronk,® to K,°
defined by:
0,(H (%) all it () > 1 Fig. 4 —Maximum gray—level location operator.
' ~ |0 otherwise ' '
1 if f(x) =1 . . ey
f)(x) = '
(X [O otherwise The pixel of the @narylmagﬁ(g ) (the transformed

¢ . G of g’ € K,° throughy), at positionx € G, has value 1

or any € K,"andx € G. . whenever the pixel of’ at this position has the greatest
Like the operators of Equations (&), ande, are  yajue among all the pixel values, i.e., has the value

thresholding operators, but on the other hand, they ARy’ (G).

not neighborhood operators. a In other WOde,lz can be defined in an equivalent
Furthermore, we denote @ the operator from gy py:

K, to K,° defined by: P = [1 it g'0) =9 (vy€G)

a A |1lg if f=0g 0 otherwise
og () = . .

O otherwise foranyg € K,°ex € G.
for any f € K,°, where0, and 1, are mappings from Actually, in the above representation of the operator
G to K, assuming, respectively, the constant valuesf@r maximum gray-level location, there is an implicit
and 1. thresholding decomposition of the input image (Banon,

Finally, for any integer numbérbetween 0 and, 1997). _ o -

we denote aé? the operator fronK," to K,° defined by The domain of the resulting image= y(g') is G.
the composition: In order to return to the original domdnof the search

A . 8 image, which is larger tha@ (actually, D = G @& W),

0% = dg 0. we need one more step. Procesdinthrough the last

By construction, the operatots, €, and 6% are, operatord,, we get the imagk’ showing where the tem-
respectively, dilations, erosions and anti—dilationplate matching occurs in the proper domain of the search



image (Figure 1). To achieve this expansion effect, whilEM subimages of size 360 by 360, one taken in Septem-
preserving the information containedtinthe operator ber 09, 1990, as the reference image, and the t@tken

5, from K, to K,° must be define in this way: in July 18, 1994, as the search image.
: In our experiment, we have chosen three different
_Jh(x) if xe &
Op(M(®) =

) templates of size 5% 51 in the reference image. The
0 otherwise first column in Table 1 shows the position of the center of
for anyh € K,® andx € D. Furthermore, we observe these templates. For each one, we have used three differ-
thatd,, distributes over the union, i.e., it s a dilation fronNt values for the parametérFor each of these values,
G D Table 1 shows the maximum gray—levelgh{G) and its
(Ki% =) o (K, =). osition in the search image domain. The last column of
Figure 5 shows a numerical example where th% :

images and the template are reduced to one—dimensmg elliene%j Eho;vr?u:;);nescgr;teorpplate its visual location
signals. In this exampley, coincides with the origin of y P '

(10)

Z2 TABLE 1 — EXPERIMENTAL RESULTS
Parameters of the Result of the Visual
origin ~_ Experiment Algorithm Location
Template Maxi- | Position of | Template
w Wy WaWs Centerin mum the Location in
the Refer- | F value | Maximum | the Search
f |42‘40‘38|40‘52‘ 40|27‘26‘ 26| ence Image in Value Imageg
f (col., row) g(G) (col., row) | (col., row)
g [42] 49] 49 a1 52| 40] 27] 25| 26 15 | 580 | (240,37)
(241,37) (240,37)
30 1151 240,37
u(f) = 37 u(@) = 39 eq. (1) du =2 eq.(5) (210.37)
F =4 (parameter) c;, = 0c, =4 eq. (4) 45 | 1528 (240,37)
15 571 (283,120)
+ 44| 56|44
f eq. (2) (284,120) =51 71057 (283.120) (283,120)
fu 40| 52| 4Q 45 | 1440 | (283,120)
15 | 657 (37,243)
fw  |40]52]40] eq. (3) (87.243) 351250 | (36242) | 7242
45 | 1648 | (36,242)
e [2[olo[if o1 o ea(®
22(g) |0‘ 0‘ 0‘ 1‘ o‘ 0‘ OI eq. (8) In this experiment, the maximum gray-level in
g'(G) is unigue. This is generally the case in remote sens-
23(g) [o] 1] 0] 1] ol o] of eq. (8) ing images. If it is not unique, some decision should be
made depending on the final objective of the template
g =¢(@ |1 103010 eqg(n  matching .
I ‘ ‘ ‘ ‘ ‘ ‘ I Although the correct matching depends on the
h = (g I 0 ‘ 0‘ 0‘ 1‘ o‘ 0‘ OI eq. (9) parameterF, we have observed that it can be achieved

within a fairly large interval of values. For example, from
Table 1, we observe that the result is not affected so much
by a change if¥.

Figure 6 shows the reference imdgmd the search
imageg used in the experiment. The small square in the
domain of the reference image contains the second tem-
o . plate of Table 1, i.e., the template of size 651 cen-

4 Application to Remote Sensing Images tered at position (284,120) as indicated by the small
The template matching algorithm of Section 3 was usedoss. The small square in the domain of the search image
on remote sensing images (Faria, 1997). We present niwlicates the template visual location. Moreover, Figure
the result of its application to a scene acquired from ti&eshows the imageg and h’ obtained by running the
Thematic Mapper (TM) sensor of the LANDSAT-5 satelalgorithm withF equal to 15. The first one is a gray—level
lite (path=220, row=77, quadrant=A, band=5), of amage which displays at each position the number of
region near Itapeva in S&o Paulo State. We have used tsetisfied conditions in the matching process, and the last

o) |0 0] 0/ 0] 1] o] o] 0 0f eq. (10

Fig. 5 —Numerical example.



one is a binary image of one black point marking the

place of the best matching.

_ fW
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Fig. 6 — Application of the template matching algorithm to TM/LANDSAT images.

We observe that the output imageof the template 5 Conclusion
matching operator is very much like a correlation imagerhe template matching algorithm presented in this paper

is the composition of three operators which have been

~Inthis experiment, we see that the template matcfefined in terms of dilations, erosions, and anti—dilations,
ing algorithm was able to find out, in the search image,

the brighter the pixel, the better the fit.

the right location of the template.



that is, in terms of some mathematical morphology elé-aria, S. D.Uma abordagem morfologica para casa-
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pair of remote sensing images of the same scene. Thl‘-ﬁ@sser, J.; Suk, T. A moment—based approach to reg-
different templates from the reference images have been istration of images with affine geometric distor-
encountered at the right location in the search image.  tion. IEEE Transactions on Geoscience and
In this way, we have shown that a simple template Remote Sensing2(2):382-387, March 1994.
matching operator can be defined in terms of the eleme@oshtasby, A. Template matching in rotated images.
tary morph0|ogica| operators. IEEE .Transact.ions on Pattern Analysis and
Machine Intelligence?(3):338-344, May 1985.

K led Haala, N; Vosselman, G. Recognition of road and
Acknowledgment river patterns by relational matching. In: Interna-

During the period of this work, the authors have obtained tional Archives of Photogrammetry and Remote

support from CNPq (Conselho Nacional de Desenvolvi- a?snsﬁg]r?’l|Il7,5:r(\:/\k/1?\?gsln%\t/%gh[i)h gth')'nUDSAC’ 1?3%'R%°m'
mento Cientifico e Tecnologico) through the AnIMoMat 1992 v 29 B3 p. 969-975. Y '

project (contract 680067/94-9). Hannah, M. J. Digital stereo image matching tech-

nigues. In: International Archives of Photogram-

References metry and Remote Sensing, 16., Kyoto, Japan,
1988. Commission lll,Archives, Kyoto, ISPRS,
Ballard, D. H.; Brown, C. M. Matching. In: 1988. v.27, B3, p. 280—293.
Computer vision New Jersey, Prentice Hall, 1982. Hejimans, H. J. A. M; Ronse, C. The algebraic basis
cap. 11, p. 352-382. of mathematical morphology I: dilations and ero-
Banon, G. J. F. Morphological decomposition of sions. Computer Vision, Graphics, & Image Pro-
extreme gray—level location operatois: Brazil- cessing,50(3):245-295, 1990.
ian Workshop 97 on Mathematical Morphology, Khosravi, M.; Schafer, R. W. Template matching
1997, Sédo José dos Campdapceedings. Insti- based on a grayscale hit—or—miss transfoERE
tuto Nacional de Pesquisas Espaciais, 1997. Transactions on Image Processing,
Available: <http://hermes.dpi.inpe.br: 5(6):1060-1066, June 1996.
1905/rep/dpi.inpe.br/banon/1997/ Lemmens, M. J. P. M. A survey on stereo matching
01.30.14.02  >. technigues. In: International Archives of
Banon, G. J. F.; Barrera, J. Minimal representations Photogrammetry and Remote Sensing, 16., Kyoto,
for translation—invariant set mappings by morphol-  Japan, 1988. Commission ¥rchives, Kyoto,
ogy mathematical. SIAM Journal Applied Mathe- ISPRS, 1988. v.27, B8, p. V.11-V.23.
matic, 51(6):1782-1798, Dec. 1991. Li, X.; Dubes, R. C. The first stage in two—stage tem-
Banon, G. J. F.; Barrera, J. Decomposition of map- plate matchinglEEE Transactions on Pattern
pings between complete lattices by mathematical ~ Analysis and Machine Intelligencg(6):700-707,
morphology — part I: general latticeSignal Pro- Nov. 1985. -
cessing,30(3):299-327, Feb. 1993. Luenberger, D. GOptimization by vector space meth-

Banon, G. J. F.; Barrera, Bases da morfologia ods. New Yor.k, John Willey & Sons, 1969. 326 p.
matematica para andlise de imagens binarlxs,  Maragos, P. Optimal morphological approaches to

Escol 30. Recife. julh 1994, image matching and object detection. In: Interna-
22§°p"_" de Computagdo, Recife, julho de tional Conference on Computer Vision, 2., 1988, p.
695-699.

Barnea, D. I.; Silverman, H. F. A class of algorithms Medioni, G.; Nevatia, R. Matching images using lin-

for fast digital image registratiohEEE Transac- -

: 4 ear featuresIEEE Transactions on Pattern Analy-

tions on Computer21(2):179-186, Feb. 1972. sis and Machine Intelligencé(6):675—685, Nov.
Bins, L. S. Uso do casamento estrutural para registro 1984.

de imagens de satélit¢Dissertacdo de Mestrado Moik, J. G. Digital processing of remotely sensed
em Computacao Aplicada) — Instituto Nacional de  images. Washington, DC, NASA, 1980. 330 p.

zﬁiqéj 'Z?% 4E_ S-IF-DSE'/%'Z’S)S""O Jose dos Campos, 198§Qonse, C. A lattice—theoretical morphological view on
: template extraction in image3ournal of Visual
Birkhoff, G. Lattice theory. 3.ed. Providence, Rhode Communication and Image Representation

Island, American Mathematical Society, 1967. (3):273-295, Sept. 1996.



Shapiro, L. G.; Haralick, R. M. Structural descriptionsToth, C. K.; Schenk, T. Feature—based matching for

and inexact matchinglEEE Transactions on Pat- automatic image registratiodTC Journal
tern Analysis and Machine Intelligence, 1:40-46, 1992.
3(5):504-519, Sept. 1981. . Ventura, A. D.; Rampini, A.; Schettini, R. Image reg-
Serra, J. Image analysis and mathematical morphol- istration by recognition of corresponding struc-
tures. IEE Transactions on Geoscience and

ogy. London, Academic Press, 1982.
Serra, J. Image analysis and mathematical morphol-
ogy. London, Academic Press, 1988. 2 v.

Remote Sensin@8(3):305-314, May 1990.



