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Abstract

This work proposes a novel technique aimed at improv-
ing the performance of exhaustive template matching based
on the Normalized Cross Correlation (NCC). An effective
sufficient condition, capable of rapidly pruning those match
candidates that could not provide a better cross correla-
tion score with respect to the current best candidate, can be
obtained exploiting an upper bound of the NCC function.
This upper bound relies on partial evaluation of the cross-
correlation and can be computed efficiently, yielding a sig-
nificant reduction of operations compared to the NCC func-
tion and allows for reducing the overall number of opera-
tions required to carry out exhaustive searches. However,
the bounded partial correlation (BPC) algorithm turns out
to be significantly data dependent. In this paper we propose
a novel algorithm that improves the overall performance of
BPC thanks to the deployment of a more selective sufficient
condition which allows for rendering the algorithm signifi-
cantly less data dependent. Experimental results with real
images and actual CPU time are reported.

1. Introduction

Matching a template sub-image into a given image is an
ubiquitous task occurring in countless image analysis appli-
cations. The basic template matching algorithm consists in
sliding the template over the search area and, at each po-
sition, calculating a “distorsion”, or “correlation”, measure
estimating the degree of dissimilarity, or similarity, between
the template and the image. Then, the minimum distorsion,
or maximum correlation, position is taken to represent the
instance of the template into the image under examination.
The typical distorsion measures used in template matching
algorithms are the Sum of Absolute Differences (SAD) and
the Sum of Squared Differences (SSD), while Normalized

Cross Correlation (NCC) is by far the most widely used cor-
relation measure.

Since with large-size images and/or templates the match-
ing process can be computationally very expensive, numer-
ous techniques aimed at speeding up the basic approach
have been devised (see [6] for a concise review). Among
general techniques (i.e. applicable with both distorsion
and correlation measures), the major ones are a) the use of
multi-resolution schemes (i.e. locating a coarse-resolution
template into the coarse-resolution image and then refining
the search at the higher resolution levels), b) sub-sampling
the image and the template, c) two-stage matching (i.e.
matching a sub-template first, and then the whole template
only at good candidate positions). However, techniques a),
b), c) imply a non-exhaustive search process since they do
not compare the full resolution image with the full resolu-
tion template at every search position and can be trapped by
local extremes resulting in wrong localisation of the tem-
plate under examination.

On the other hand, in the specific case of distorsion mea-
sures two interesting techniques, called SEA (Successive
Elimination Algorithm) [4], [8] and PDE (Partial Distorsion
Elimination) [1], allow for notably speeding up the compu-
tation required by an exhaustive-search template matching
process. SEA relies on fast evaluation of a lower-bound for
the distorsion measure: if the bounding function exceeds
the current minimum, the position can be skipped without
calculating the actual distorsion. PDE consists of terminat-
ing the evaluation of the distorsion measure if it exceeds the
current minimum.

In this paper we propose a novel technique aimed at
improving the performance of exhaustive template match-
ing algorithms based on NCC using an upper bound of the
NCC function. The original technique proposed in [3] is
improved using a tighter bound that renders the algorithm
significantly less data dependent and improves the overall
performance.
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2. An upper bound for Normalized Cross Cor-
relation

With Normalized Cross Correlation the template sub-
image is located into the image under examination by
searching for the maximum of the NCC function:
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The numerator of (1) represents the correlation cross-
correlation between the template and the image, � ��� ��,
and its computation turns out to be the bottleneck in the
evaluation of the NCC. In fact, the two terms appearing in
the denominator represent the 	� norms of the subimage
under examination, ����� ���

�
, and of the template,�� �

�
. The

latter can be precomputed at initialization time, the former
can be obtained very efficiently via a box-filtering scheme
[5] at a cost of only 4 elementary operations (i.e. accumu-
lation of a product term) per image point.

Suppose now that a function 
��� �� exists such that

��� �� is an upper-bound for ���� ��:
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by normalising 
 we obtain an upper-bound for the ���

function:
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Then, indicating as ���� the current correlation maxi-
mum, if at point �� � the elimination condition
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is verified, the matching process can proceed with the
next point without carrying out the calculation of ���� ��,
for the point is guaranteed not to correspond to the new cor-
relation maximum. Conversely, if (4) does not hold it is
necessary to compute ���� ��, normalise it by the product
����� ���

�
� �� �

�
and check the new maximum condition:
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In order to find 
��� �� consider the relationship between
geometric and arithmetic series known as Jensen inequality
[7]:
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Applying (6) to the generic pair of homologous terms
appearing in the cross-correlation product yields
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from which we can derive by simple manipulations
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Therefore, if we pose
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from inequality (8) it follows that 
��� �� satisfies (2) at
each image point.

The elimination condition relies on calculating 
��� �� in-
stead of ���� ��. As pointed out, this holds the potential for
speeding up the matching process as long as 
 can be com-
puted much more rapidly than �. The function defined in
(9) requires evaluation of the squares of the 	� norms of
the sub-image under examination,

�
����� ���

�

�
�, and of the

template,
�
�� �

�

�
�. The latter quantity can be precomputed

and the former calculated recursively running a box-filter.
Moreover, one may also notice that evaluating 
 as de-
fined in (9) does not require any extra computation since the
quantity

�
����� ���

�

�
� had to be calculated for the purpose of

normalising the correlation in the new maximum condition
(5).

Yet, for the above described approach to yield computa-
tional advantages, the elimination condition should be also
effective. Unfortunately, this is not the case for condition
(4). In fact, it is straightforward to verify that the quantity
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�

(10)

is lower-bounded by 1, which in turn is the upper-bound
of the NCC function. Hence, the elimination condition de-
fined via the equations (4) and (9) is never satisfied.

3. Bounded Partial Correlation

An effective elimination condition can be obtained by
computing only a small portion of the actual correlation
function, referred to as “partial correlation”, and bounding
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Figure 1. Partitioning of the window under ex-
amination.

the residual portion with a term that, similarly to �, is de-
rived from (8).

Defining the partial correlation associated with row n as
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a new upper-bound for the correlation ���� �� as
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The new elimination condition result
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Hence, � combines (see Figure (1)) the evaluation of a
given part of the total correlation, �� , computed with the
approximation of the residual part by means of an upper-
bounding term, ��, derived from (8).

For the described bound-based approach to prove use-
ful it is mandatory to compute � very efficiently. This is
achieved running a distinct box-filter on each sub-window,
with the filter running on �� calculating the quantity
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and that running on �� the quantity
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Then, �� can be used to compute � while �� and �� can
be added together to obtain

�
����� ���

�

��, which is needed to
normalise � and � in the elimination and new maximum
conditions (15) and (5). It is worth pointing out that, due
to the partitioning, the computational cost associated with
box-filtering amounts now to 8 elementary operations per
point. On the other hand, the evaluation of the partial cor-
relation term present in � does not introduce any overhead
with respect to the standard algorithm since when (15) fails
���� �� can be attained adding the residual product terms to
����� ���� ��. Eventually, the last quantity needed to obtain
�, i.e.

��
�����

��
��� 
 ��� 	��, can be precomputed at initial-

isation time.
We call �� (Correlation Ratio) the ratio between the

number of points involved in the calculation of the partial
correlation and those needed to evaluate the entire correla-
tion function

�� �
�

�
(18)

It is clear from the definition of � that, as �� increases,
the bounding function gets closer to the actual correla-
tion and the elimination condition becomes more effective.
However, the computational savings associated with skip-
ping points satisfying the elimination condition amounts ba-
sically to the residual fraction of the correlation, which de-
creases with ��.

A typical parameter of template matching algorithms is a
threshold on the minimum correlation value yielding a valid
match. This value allows for discriminating when an in-
stance of the template is present or not in the image under
examination. The standard NCC algorithm (i.e. brute force
approach) does not take any computational advantage from
the selection of high thresholds. Conversely, as the correla-
tion threshold is increased the sufficient condition of BPC
gets more effective.

4. Multiresolution Bounded Partial Correla-
tion

The technique outlined in the previous section, referred
to as BPC (Bounded Partial Correlation), behaves, within
the framework of correlation-based matching, analogously
to SEA and PDE. In fact, it does not imply any approxi-
mation in the search and it is a data-dependent optimisation
technique: once �� has been chosen the elimination con-
dition becomes more effective as the correlation between
the template and the current best matching sub-image im-
proves (i.e. ���� gets closer to the best score �����	).
Hence, BPC yields better speed-up if, given the scan order,
the search process finds rapidly a good matching position.

An example of this behavior can be observed comparing
Figure 2 and Figure 3. Figure 2 shows the NCC scores com-
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puted by the standard NCC algorithm on the image and the
template pcb1 available1 at [2]. Figure 3 shows the scores
of the NCC function computed by the BPC technique, high-
lighting in in dark blue (black if the paper is printed on a
BW printer) those points discarded by the elimination con-
dition (15), on the same image pcb1, with a �� � ��� and
following the usual raster scan order. Since the template is
located approximately at the center of the image, the effec-
tiveness of the BPC technique turns out to get higher start-
ing from the middle of the search process when the template
is approached.

Hence, the BPC technique can be improved and rendered
less data dependent if a good score ���� (or better, the
best score ������) can be quickly found. An estimated
value ���� and location ���� ��� of the point with the high-
est cross correlation score (������ at ������ �����) can be
obtained at a small computational cost within a multires-
olution framework. The template is first located at coarse
resolution (at level � � �, in position ������� ������ with score
����

���) then the search is refined at higher resolution (i.e.
� � �) in proximity of the best score found at lower resolu-
tion re-projected at higher resolution.

At both resolution levels the computation is carried out
using the BPC technique. At higher resolution the ����

value (upper bounded by ������) is used as initial esti-
mate of ������. This initial estimate allows for improving
the BPC technique with a more tight elimination condition
(15). Since the multiresolution BPC outlined, referred from
now as MBPC, relies on a initial estimate ����, not nec-
essarily equal to ������, the coarse image and template
at level � � � can be obtained with a negligible overhead
simply sub-sampling the original image and template with
a step ��. In fact, MBPC provides the same solution of NCC
and BPC algorithms also if the initial estimated best match
obtained with the coarse to fine approach is not exact (i.e.
���� ��� does not collides with ������ �����).

Figure 4 shows at resolution level � � � the scores of
the NCC function computed with the MBPC technique pro-
posed. The coarse resolution level was � � �. In dark blue
(black if the paper is printed on a BW printer) are high-
lighted those points discarded by the elimination condition
(15) on the same image pcb1 with �� � ��� following the
usual raster scan order. Figure 4 points out that the perfor-
mance of MBPC is not affected by the the position of the
template within the image under examination resulting in
an higher number of points rejected by the elimination con-
dition if compared to BPC with the same �� (see Figure 3).

1The data set used for experimental results is not shown in the paper
due to constraint on the number of pages. It can be found at [2]

Figure 2. NCC scores for the template and the image
pcb1 available at [2].

Figure 3. NCC scores for the template and the image
pcb1 available at [2]. In blue, the points rejected by
BPC thanks to the elimination condition with �� �

��� and threshold ����.

Figure 4. NCC scores for the template and the image
pcb1 available at [2]. In blue, the points rejected by
MBPC thanks to the elimination condition with �� �

���, threshold ���� and � � �.
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5. Performance evaluation metric

BPC and MBPC technique belong to the class of ex-
haustive search algorithms. Therefore, in order to evalu-
ate their performance we compare BPC and MBPC to the
standard NCC-based template matching algorithm. We will
use as performance evaluation metric, referred to as ����,
the ratio between the average number of elementary oper-
ations (i.e. accumulation of one product term) per point
executed by BPC and MBPC and that required by the stan-
dard algorithm, which amounts to �� �� � ��. For example
���� � �� means that the considered algorithm executes an
average number of operation per point which is �� of that
required by the standard algorithm.

The number of operations executed by BPC at a given
point depends on the outcome of (15). If this is satisfied,
the algorithm executes only the � � � operations needed to
evaluate the partial correlation term, �� ��� ������. If the
condition fails, the partial correlation term must be inte-
grated with its residual part, giving a total number of op-
erations equal to � � � . In both cases we apply the double
box-filtering scheme, which requires � additional operations
per point. Hence, if 	 is the number of points for which the
elimination condition is satisfied, we can express the total
number of elementary operations executed by BPC as


��� � �� �� � 	� �� �� � 	 �� � �� � �� �� (19)

The number of operations executed by MBPC at a given
point depends on the outcome of (15) at level  � � and at
level  � �. At level  if (15) is satisfied, the algorithm exe-
cutes2 only the ���� � ���� operations needed to evaluate the
partial correlation term, � ���

�

�
����� ���������� ����

�
. If the con-

dition fails, the partial correlation term must be integrated
with its residual part, giving a total number of operations
equal to ���� �����. In both cases we apply the double box-
filtering scheme, which requires � additional operations per
point.

At  resolution level we call 	��� the number of points for
which the elimination condition (15) is satisfied. Moreover,
we call 	���

�
the number of points for which the elimination

condition is satisfied at the higher resolution level within
the search area of size ����� � 	� � ����� � 	� in proximity
of ���
���� � 	�� ��� � 	� ��
���� � 	�� ��� � 	�. Hence, we can
express the total number of elementary operations executed
by MBPC as

2Superscript  refers to the dimensions of image, template and n scaled
down according to the resolution level .
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6. Experimental results

We present here the results, in terms of ���� as well as
in terms of CPU time, obtained on the data set pcb1, pcb2,
albert, pcb3, plants and pm available at [2]. The sub-image
used as template, also available at [2], has been extracted
from a different - though similar - image. Within the entire
data set we use the same �	 � ��� for BPC and MBPC. For
MBPC, within the entire data set, we use the same coarse
resolution level � � �. Table 1 reports ���� for the three ex-
amined algorithms NCC, BPC and MBPC for four thresh-
old levels. The Table shows that BPC allows for reducing
the number of ���� in the worse cases (i.e. pcb1 and pm
with threshold 0.00), up to � ��� and in the best case (i.e.
image pcb1 with threshold 0.98), up to � ���.

As for MBPC, the Table shows that it can always halve
���� independentently of the threshold value. The reduction
ranges from � �� (i.e. image albert and pm) to � ��� (i.e.
image pcb1). Table 1 shows also that MBPC yields a sig-
nificant reduction of ���� compared to BPC. With thresh-
old 0.00 this reduction ranges from � ��� to � ��, with
threshold 0.98 from � ��� to � 	��. Both BPC and MBPC
are data dependent optimisation techniques. However, un-
like BPC, MBPC turns out to be nearly unaffected by the
threshold value as well as by the position of the template
within the image. Both properties can be clearly appreci-
ated analysing the data in Table 1 and observing Figures 3
and 4, which show the effectiveness of the elimination con-
ditions of BPC and MBPC on image pcb1 (available at [2]).
As discussed, since MBPC starts the finer resolution search
with a good estimate, ����, of ���
�� it can deploys an
effective elimination condition throughout the whole search
process independently of the position of the instance of the
template within the image.

Table 2 reports the CPU time percentages of BPC and
MBPC with respect to the brute force NCC algorithm mea-
sured on a 1 GHz Pentium III processor running Linux.
The three algorithms were compiled with GCC version
3.2, enabling the higher optimisation level and with tar-
get processor the Pentium III (optimisation switches: -O3
-march=pentium3 -finline-functions -fomit-frame-pointer -
funroll-loops). The Table shows that the actual measure-
ments follow quite closely the predictions yield by the de-
fined performance evaluation metric.
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����� ��� ��� 	��� ��� 	��� ��� 	��� ��� 	���

pcb1 ������ ����� ����� ����� ����� ����� ����� ���	� �����

pcb2 ������ ����� ����� ����� ����� ���	� ����� ����� �����

albert ������ ����� ����� ����	 ����� ����� ����� ����� �����

pcb3 ������ ����� ����� ����� ����� ����� ����� ����� �����

plants ������ ���	� ����� ����� ����� ����� ����� ����� �����

pm ������ �	��� ����� ����� ����� ����	 ����� ���	� �����


������� � ���� ���� ���� ���� ���� ���� ���� ����

Table 1. Average number of elementary operations per point (����) for���, ��� and���� algorithms.
For ��� and ���� �� = 30%. For ���� � 
 �.

����� ��� ��� 	��� ��� 	��� ��� 	��� ��� 	���

pcb1 ������ 	���� ����� ����� ����� ����� ����� ����� �����

pcb2 ������ ����� ����� ����� ����� ����� ����� ����� �����

albert ������ ����� ����� ����� ����� ���	� ����	 ���	� ����	

pcb3 ������ ����� ����� ����� ����� ����� ����� ����� ���	�

plants ������ ����� ����� ����� ����� ����� ����� ����� �����

pm ������ ����� ����� ����� ����� ����� ����� ����� �����


������� � ���� ���� ���� ���� ���� ���� ���� ����

Table 2. CPU time percentages of BPC and MBPC with respect to the brute force NCC algorithm
measured on a 1 GHz Pentium III processor running Linux. For ��� and ���� �� = 30%. For ����

� 
 �.

7. Conclusion

We have described an improvement, referred to as
MBPC, to a novel template matching algorithm, i.e. BPC.
The BPC technique extends to the case of the Normalized
Cross-Correlation the principles of the SEA and PDE tech-
niques. BPC exploits a suitable bound for the NCC func-
tion to establish an elimination condition aimed at discard-
ing rapidly the search positions that are guaranteed not to
provide a better degree of match with respect to the current
best-matching one.

Since BPC is a data-dependent optimisation technique -
as it is the case of SEA and PDE, from which BPC derives
- it is not possible to assess its computational benefit in an
absolute manner. Indeed, this depends on the image, the
template, the position of the template within the image...

The MBPC algorithm proposed in this paper deploys an
estimated value of the best NCC score obtained using a mul-
tiresolution approach. This allows for rendering the algo-
rithm almost independent of the threshold value as well as
of the position of the template within the image. MBPC
yield also a considerable reduction of the CPU time needed
to carry out an exhaustive pattern matching process based
on the NCC. Hence, MBPC significantly improves the over-
all performance of the bounded partial correlation approach

with respect to the original BPC algorithm.
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