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ABSTRACT

We develope a technique to perform e�cient and accu-

rate matching to detect the occurence(s) of a template

in a scene. The template may describe an object or a

textured surface. Representative binary features such

as edge points for objects and a set of intensity extrema

for textured surfaces are extracted from both test and

template images. The search is based on a three-stage

\coarse-�ne-�nal" matching. First, we match with the

binarized template skipping positions in horizontal and

vertical directions and �nd a number of highest rank-

ing matching positions. Second, we search in neigh-

borhoods centered at the stated positions and �nd im-

proved matching positions. Finally, some error measure

between the original, i.e. gray level or color, test and

template images is computed at the �ne positions as

the �nal matching. It is demonstrated that the pro-

posed scheme achieves signi�cant reduction in compu-

tational complexity with virtually no loss of detection

performance.

1. INTRODUCTION

Template matching is one of the basic operations in

image processing and computer vision. Suppose we are

given a test image A of size N1 � N1 and a template

image B of size N2 � N2, where N1 � N2. For sim-

plicity of notation we assume that images are square.

The images may be in gray level or in color. In the

classical approach the template is translated over the

test image and for each of (N1�N2)
2 positions the de-

gree of matching is determined by some image distance

measure, such as cross-correlation or the mean square

di�erence [12].

Such exhaustive searches for the matching positions

of a template are computationallyvery expensive. Many

researchers have studied various ways to decrease this

complexity. To this e�ect, parallel and quadtree struc-
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tures, chamfer matching [7], edge based matching [2]

were suggested.

Two-stage coarse-to-�ne template matching scheme

based on a reduced-resolution template was introduced

in [10]. Other such approaches extract binary feature

maps representative of template and test images and

then match these, so-called binary feature �elds. The

binary features may be (a) edge points, [7, 2], (b) cor-

ners, (c) line or curve primitives [8]. Among these,

edge points, have proven to be the most useful set of

features for general template matching [2]. However,

direct matching of edge maps by calculating pairwise

point distances is still a very time consuming proce-

dure. This brute force approach may take over 4 hours

on Silicon Graphics R4000 [6].

To speed up these calculations the Distance Trans-

form (DT) was successfully used [7, 2]. The DT is

applied to the binarized template image, then the re-

sulting distance map is superimposed with the bina-

rized test image at all possible locations. Distances

from the nearest edge points of the test image are eas-

ily computed and combined to give various indices of

mismatch.

More robust and more accurate distance measures

combined with e�cient search methods have reduced

the complexity of the matching task: D. Huttenlocher

with co-workers developed ranked Hausdor� distances

(Eq. 5) based on order statistics [2]. Twenty-four

such functions combining the local distances in di�er-

ent ways were studied by M.-P. Dubuisson and A. Jain

[3]. Further modi�cations of these ideas based on ro-

bust statistics were presented in [5].

The goal of our study is two-fold: First we try

to develop a new reduced-cost coarse-to-�ne matching

scheme which is applicable to a broad range of images

In this scheme the coarse stage runs on the binarized

feature maps of both the template and the test images,

while the �ne stage validates the products of the coarse

stage by recoursing to the original images. Secondly,

we assess quantitatively the e�ectiveness of various dis-

tance measures (Eqs. 4 to 10).
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The paper is organized as follows: Section 2 presents

various matching measures. Section 3 introduces our

matching scheme. In section 4 experimental results of

two test cases along with a brief discussion are pro-

vided.

2. MEASURES OF MATCHING

2.1. Intensity based measures

A digital image A is a discrete function de�ned in a

lattice domain of size N�N and taking values in the set

of gray levels f0; 1; :::;G� 1g. In this section, without

loss of generality, we consider a gray scale image A as

a set of pixels A = fAijg , where every pixel is de�ned

by its spatial coordinates (i; j) and gray value aij, i.e.

a pixel is a point Aij = (i; j; aij) in the 3-d space.

A general criterion to deduce how much the two

data sets look alike is the normalized correlation, for-

mulated as:

CO(A;B) =

PN

ij=1 aijbijqPN

ij=1 a
2
ij

PN

ij=1 b
2
ij

(1)

A second common error measure is the mean-square

di�erence [12]:

MSD(A;B) =
1

N2

NX
i;j=1

(aij � bij)
2 (2)

which is a metric.

It is often desirable to have similaritymeasures that

possess the metric property because it provides consis-

tency of multiple measurements with qualitative hu-

man observations. However, square errors are very

sensitive to phase (translation) therefore exhibit fre-

quent oscillations over a small range of translations and

this behavior hinders accurate localization of the global

minimum.

2.2. Distance based measures

Let us consider two point sets A = fa1; :::; aNA
g and

B = fb1; :::; bNB
g. They may be the sets of black pixels

from the binarized images Ab and Bb. The standard

bidirectional Hausdor� distance between A and B is

de�ned as

H(A;B) = maxfh(A! B); h(B ! A)g: (3)

The function h is called the directed Hausdor� distance

from one set to another. In the case of binary images we

calculate distances from the black pixels a to the set of

the black pixels B. These distances may be calculated

in di�erent manners, for example,

h1(A! B) = maxa2Afd(a;B)g = dsortNA
(a;B); (4)

h2(A! B) = Kth
minfd

sort
i (a;B)g; (5)

h3(A! B) =
1

NA

X
a2A

d(a;B); (6)

h4(A! B) =

s
1

NA

X
a2A

d2(a;B); (7)

h5(A! B) =
1

NA

X
a2A

�(d(a;B)); (8)

h6(A! B) =
1

K

KX
i=1

dsorti (a;B);K � NA (9)

h7(A! B) =
1

(1� 2�)NA

NA��NAX
i=�NA+1

dsorti (a;B); (10)

where dsorti (a;B) means distances from points a to im-

age B sorted in the increasing order; Kth
min denotes the

K-th ranked distance value after sorting all distances

d(a;B); �(d) is a simple limiting function, taken to be

�(d) = d for d < � and �(d) = � for d � � (we used

� = 2:5); � is the trimming parameter (we used 0.2).

Similarly we de�ne functions hl(B ! A), l = 1; 2; ::; 7.

All the distances from a point to a set use some ba-

sic norm, such as the city-block, Euclidean, chessboard

distances on the 2D image space.

In the following we will denote bidirectional dis-

tances based on hl(:; :) as Hl(:; :) for l = 1; 2; ::; 7, con-

sistent with Eqs. 4 to 10. Properties of these measures

can be found in [2, 4, 3].

One advantage of using Hausdor� distance based

dissimilaritymeasures is the ease of computation: Haus-

dor� distances express local distance transform (DT)

information and approximate DTs are obtained by sim-

ple mask convolutions [7]. Furthermore distance maps

are inherently not as sensitive to translations as the

square-error based measures. Consequently error sur-

faces are smoother in contrast to error surfaces result-

ing from correlation criteria which tend to have spuri-

ous minima. This property of the error surfaces result-

ing from the Hausdor� measure enables one to carry

out the search on a sparser set of points.

2.3. A combined distance-intensity based mea-

sure

The new dissimilaritymeasure proposed, D(:; :), penal-

izes the discrepancies both between spatial coordinates
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and between gray values[11].

D(A;B) =

vuutk

N2�wX
i;j=w

[d(aij;BWij
) + d(bij;AWij

)]2

(11)

where k = 1=2(N2 � 2w), AWij
and BWij

are sub-

images of the images A and B limited in the spatial

domain by the square window W of size (2w + 1) �

(2w + 1) centered at the point (i; j). To avoid edge

e�ects we let window centers roam only within (N2 �

2w) � (N2 � 2w). The distance function d has been

computed as in Eqs. 12-15 .

d(aij;B) = min
blm2Bfd(aij; blm)g: (12)

d(bij;A) = min
alm2Afd(bij; alm)g: (13)

Throughout experiments we used the chess and the

city-block metrics as the distance function d between

two pixels

dcity(aij; blm) = (ji� lj+ jj �mj)=N1 + jaij � blmj=G;

(14)

dch(aij; blm) = maxfji�lj=N; jj�mj=N1; jaij�blm j=Gg

(15)

as they are faster to compute. In Eqs. 15 and 16,

N1 is the size of the test image and G is the range

of gray values. Note that the distance measure (Eq.

11) is more 
exible in that it is tolerant of both shape

deformations and gray level di�erences.

3. THE PROPOSED MATCHING SCHEME

3.1. Template analysis and image binarization

Given a template we may want to determine its na-

ture as to whether it contains any objects with promi-

nent edges surrounding homogeneous regions, whether

it is textured or �nally whether it is �ne enough to be

noise. A decision based on a simple density analysis

of the image intensity peaks usually su�ces [1]: We

compute a peak map Z = fzijg of our template image

such that zij is the number of intensity extrema in a

window of size v � v centered at the point (i; j). The

noise/textured/nontextured decision can be made by

applying two thresholds to the mean, z, (over all win-

dows) of the extrema density. No further processing is

made if the template describes noise.

If the template represents one or more objects, the

edges may be extracted and used as the binary features.

For this purpose it was su�cient to use the output of

the Canny edge detector (with 1:0 � � � 2:0.)

On the other hand for templates that are textured,

it is di�cult to come up with universal binary features

for matching. In our scheme we simply extract inten-

sity extrema: Such a binary map facilitates at least

the coarse step of matching, and in our experiments it

proved to be a robust indicator.

The binarization of the test image is carried out

using the same parameters as for the template image.

The output of this stage is two binary models Ab and

Bb of the initial nonbinary images.

Binary 
feature operator

Binary 
feature operator

Model image        Test image

Coarse matching
by p-pixel skips

Select Q best 
positions

Fine matching 
around Q positions

Final matching

The "best" match

Figure 1: Three stage coarse-to-�ne-�nal matching

with recourse to original image pair.

3.2. Coarse matching

Coarse matching is performed between binary images

Ab and Bb. First, we carry out the Distance Transform

of the binarized template Bb to obtain the distance

map VBb , using an integer valued metric such as one

of the the city-block, chessboard or pseudo-Euclidean

metrics.

Then we superimpose the map VBb on Ab at posi-

tions (x; y) = (mp + (p � 1)=2; np+ (p � 1)=2), for all

possible integers m and n such that the translated bi-

nary mapBb stays within the borders of the test image.

That is, we do not visit all possible locations one by

one, but a regularly sampled subset of it, by skipping p

units (pixels) in horizontal and vertical directions. The

skipping parameter p is an odd integer greater than 1.
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For each of the positions (x; y) indicated above, we

calculate Hl(Ab; Bb � (x; y)), l = 1; 2::7, and select Q

positions yielding smallest values of Hl. Q denotes the

ceiling on the number of match positions we want to in-

vestigate and we call these Q positions coarse matches.

3.3. Fine and �nal matchings and choice of pa-

rameters

At the �ne matching stage we analyse the neighbour-

hoods of size p � p centered at the coarse positions

and �nd the best matching position in every neigh-

bourhood. We call these updated Q positions the �ne

matches. Straightforward template matching needs test-

ing of (N1 � N2)
2 variants. Using skipping approach,

we test just (N1�N2)
2p�2+Qp2 variants. For a given

number, Q, of selected coarse positions the optimum

skip parameter that minimizes the number of distance

calculations is then given by

popt =
(N1 � N2)

1=2

Q1=4
(16)

Skipping by this optimum amount, the total num-

ber of distance calculations becomes

Cmin = 2Q1=2(N1 � N2) (17)

which re
ects an order of magnitude reduction in com-

plexity, as opposed to exhaustive template matching

with C = (N1 � N2)
2. In practice we use the closest

odd integer to popt as the skipping parameter p. To

give an example, for N1 = 256, N2 = 32, if Q = 16

is selected then popt = 7 and the number of distance

calculations is 1; 792 whereas 50; 176 calculations are

needed in straightforward template matching.

The skip parameter that is optimum for computa-

tional complexity is not necessarily optimumfor match-

ing, since it depends on the numberQ of coarse matches

hypothesized. With high p values, the sampling of the

error surface is sparse and one needs a high Q value

which is also limited by ((N1�N2)=p)
2. With low val-

ues of p, an occurence of the scene may cause spurious

weaker matches in its surrounding, which may mask

other true occurences, unless special care is taken in

the list of coarse matches. In practice, a reasonable

choice of p is

p = minfpopt;
N2

2
g (18)

where N2 is the size of the template.

Finally we apply, to the original image pair (A;B),

some measures of matching (section 2) for the selected

positions output by the �ne matching stage.

4. EXPERIMENTAL STUDY

Experiment 1: Matching an object. The 32� 32

template \eight" is extracted from the �rst frame of the

240�240 \football" sequence and compared to the �fth

frame of the same sequence using Hl(:; :), l = 1; 2; ::; 7,

and 3 � p � 2popt. The number of coarse matches was

taken to be Q = 10. The optimum skip parameter is

popt = 7.

Table 1 shows the results obtained with the Modi-

�ed Hausdor� distance (MHD,H3(:; :)) for which seven

out of ten �ne matches are found to be below a thresh-

old of 1.90. The �rst column of the table gives the

relative positions of the template with respect to the

test image (�ne matches), sorted in ascending order of

H3(:; :) values which are in the second column. The

third and fourth columns give the �gures of the nor-

malized correlation and the proposed distance measure

(subsection 2.3) respectively. Figure 2 is the template

overlaid with the test image at the best match (116,1).

(x,y) H3(Ab; B
t
b) CO(A;Bt) D(A;Bt)

(116,1) 1.570 0.944 0.051

(123,15) 1.622 0.878 0.104

(122,5) 1.689 0.885 0.102

(118,13) 1.700 0.914 0.108

(123,14) 1.705 0.885 0.097

(127,4) 1.725 0.898 0.099

(127,10) 1.857 0.898 0.091

Table 1: Results of experiment 1. Superscript t

denotes translation.

Experiment 2: Matching pieces of texture.

The 48 � 48 template is a high-pass �ltered version

of the textured surface taken from the Brodatz album

(D79). The test image is an original 256� 256 piece of

the same texture. The number of coarse matches was

taken to be Q = 8. The optimum skip parameter is

popt = 7, however p = 5 was used in the experiment.

Table 2 shows the results obtained with the MHD. Fig-

ure 3 is the template overlaid with the test image at

two best positions, (74,63) and (123,52).

(x,y) H3(Ab; B
t
b) CO(A;Bt) D(A;Bt)

(74,63) 1.053 0.924 0.039

(76,62) 1.057 0.937 0.038

(123,52) 1.080 0.924 0.041

(108,64) 1.124 0.927 0.047

(126,52) 1.127 0.926 0.043

(137,52) 1.137 0.916 0.043

(54,49) 1.154 0.929 0.044

(48,188) 1.158 0.915 0.088

Table 2: Results of experiment 2.
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Figure 2: Best match (116,1) of experiment 1.

The �rst experiment demonstrates the e�ectiveness

of the coarse-to-�ne matching approach. In our ex-

periments, the true matching position is consistent for

each of the skipping values in the range (3; N2=2). For

p = popt, extremely fast operation was achieved.

The second experiment demonstrates a successful

generalization of the approach to texture images: We

achieved accurate detection of many occurences of the

sample texture pattern in the original textured surface.

Furthermore, the set of intensity extrema has proven

to be a reasonable set of binary texture features for

matching purposes.

5. CONCLUSIONS

In this study, we have proposed an e�cient three-stage

template matching scheme which is applicable to a wide

range of images. In general, most accurate results are

obtained using the pseudo-Euclidean metric for the DT,

MHD as the geometrical mismatch measure and the

city-block metric for the combined diversity measure.

It was observed that the normalized correlation gave

spurious responses to smooth regions in the test im-

age whereas the combined diversity measure sharply

distinguish the best match in almost all cases.
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