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Abstract. This paper describes a novel, fast template-
matching technique, referred to as bounded partial correlation
(BPC), based on the normalised cross-correlation (NCC) func-
tion. The technique consists in checking at each search posi-
tion a suitable elimination condition relying on the evaluation
of an upper-bound for the NCC function. The check allows
for rapidly skipping the positions that cannot provide a better
degree of match with respect to the current best-matching one.
The upper-bounding function incorporates partial information
from the actual cross-correlation function and can be calcu-
lated very efficiently using a recursive scheme. We show also
a simple improvement to the basic BPC formulation that pro-
vides additional computational benefits and renders the tech-
nique more robust with respect to the parameters choice.

Key words: Template matching– Pattern matching – Nor-
malised cross-correlation – SEA– PDE

1 Introduction

Matching a template sub-image into a given image, generally
within a relatively smaller search area, is one fundamental
task occurring in countless image analysis applications. The
basic template-matching algorithm consists in sliding the tem-
plate over the search area and, at each position, calculating a
distorsion, or correlation, measure estimating the degree of
dissimilarity, or similarity, between the template and the im-
age. Then, the minimum distorsion, or maximum correlation,
position is taken to represent the instance of the template into
the image under examination, with a threshold on the similar-
ity/dissimilarity measure, regulated according to the sensitiv-
ity requirements of the application, allowing for rejection of
poor matches. The typical distorsion measures used in tem-
plate matching algorithms are the sum of absolute differences
(SAD) and the sum of squared differences (SSD), while nor-
malised cross-correlation (NCC) is by far the most widely used
correlation measure.
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Since with large-size images and templates the match-
ing process can be computationally very expensive, numer-
ous techniques aimed at speeding up the basic approach have
been devised (see [4] 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 [5] (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 [7] (i.e. matching a sub-
template first, and then the whole template only at good can-
didate positions). However, techniques (a), (b) and (c) imply a
non-exhaustive search process since they do not compare the
full-resolution image with the full-resolution template at ev-
ery search position. As a result, there is no guarantee that the
algorithm finds the global distorsion minimum (or correlation
maximum).

On the other hand, in the specific case of distorsion mea-
sures, two interesting techniques, called successive elimina-
tion algorithm (SEA) [2], [8] and partial distorsion elimina-
tion (PDE) [1], allow for notably speeding up the computation
required by an exhaustive-search template-matching process.
Besides, both can be regarded as core techniques, to be use-
fully integrated into the previously mentioned non-exhaustive
methods. 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 calcu-
lating the actual distorsion. PDE consists of terminating the
evaluation of the distorsion measure if it exceeds the current
minimum.

In this paper, we show how to extend the SEA and PDE
approaches to the case of correlation. This is done by first
determining an upper-bound for the NCC function and then
incorporating the evaluation of this bound into a partial corre-
lation scheme.

2 SEA and PDE for distorsion measures

The SEA by Li and Salari [2] is based on deploying a suitable
lower-bound for the SAD function. Wang and Mersereau [8]
have successively extended SEA so as to deal also with SSD.
For brevity we describe here only the SAD formulation.
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Given an image I of size W · H and a template T of size
M · N , the SAD at position x, y is defined as:

SAD (x, y) =
N−1∑
j=0

M−1∑
i=0

|I (x + i, y + j) − T (i, j)| (1)

The computation of SAD (x, y) requires a number of opera-
tions proportional to the template area (i.e. M · N ).

Starting from (1) and by means of simple manipulations,
Li and Salari derive the following relation:

α (x, y) ≤ SAD (x, y) (2)

with

α (x, y) =

∣∣∣∣∣∣
N−1∑
j=0

M−1∑
i=0

I (x + i, y + j) −
N−1∑
j=0

M−1∑
i=0

T (i, j)

∣∣∣∣∣∣

The above relation states that function α is a lower-bound
for the SAD distorsion measure at every position x, y. The
two sums appearing in α (x, y) represent the L1 norms of the
sub-image under examination at x, y (also indicated from now
on as |I(x, y)|1) and of the template (|T |1). The latter does
not vary during the matching process, and therefore can be
precomputed at initialisation time. As for |I(x, y)|1, this can
be calculated very efficiently [2] using a standard recursive
technique, also known as box-filtering [3], which makes the
calculation independent of the template area and requires only
four elementary operations (i.e. accumulation of an absolute
difference term) per image position.

Hence, SEA consists in calculating |I(x, y)|1 at every
position via the box-filtering technique and then comparing
α (x, y) against the current SAD minimum:

α (x, y) ≥ SADmin (3)

if (3) is verified, then the matching process can proceed
with the next position without carrying out the calculation of
SAD (x, y); this is computed and compared against SADmin
only if the above relation is not satisfied.

Thanks to the search positions eliminated by checking (3),
SEA reduces the average number of calculations required to
match a template into an image. In addition, the technique does
not imply any form of approximate search since the eliminated
positions are guaranteed not to correspond to the global min-
imum.

It is worth noticing that SEA’s ability to eliminate useless
search positions depends on the value of the current mini-
mum. Indeed, the algorithm owes its name to the behaviour
of the elimination process, which improves its effectiveness
as long as the degree of similarity between the template and
current best matching sub-image increases (i.e. SADmin gets
smaller). As a result, SEA’s performance is significantly data-
dependent, with the technique turning out more effective when
the matching process rapidly finds a good matching posi-
tion (though not necessarily the best one). Nonetheless, the
sensitivity threshold, which is a standard feature of template
matching algorithms, can be used to improve SEA’s perfor-
mance by comparing the bounding function against the lower
of the threshold or the current minimum. Thus, as long as the

matching process finds sub-images relatively different from
the template, the threshold itself acts as the current minimum-
distorsion value. Consequently, a more selective matching pro-
cess will generally run faster with SEA.

A partial distorsion is defined as a part of the entire
distorsion. For example, considering (1), one may define
PSAD (x, y, m, n) as the partial distorsion accumulated up
to template position m, n:

PSAD (x, y, m, n) =
n∑

j=0

m∑
i=0

|I (x + i, y + j) − T (i, j)|

(4)
Since a distorsion measure increases as long as new points are
examined, it is clear that if for some (m, n)

PSAD (x, y, m, n) ≥ SADmin (5)

then point (x, y), can be eliminated from the search without
proceeding with the calculation of the entire distorsion mea-
sure. Similar to SEA, PDE does not introduce any approx-
imation in the search and is a data-dependent optimisation
technique that is more effective when the matching process
rapidly finds low-distorsion points. With PDE, one can also
easily make use of the sensitivity threshold to speed up the
computation. PDE has also been proposed in conjunction with
SEA [8]: if relation (3) is not satisfied, the SAD calculation
is carried out by means of a PDE scheme. One critical pa-
rameter associated with PDE is the granularity with which
condition (5) is checked. Ideally, performing the check as
soon as a new elementary contribution is added to the cur-
rent distorsion would maximise the amount of skipped cal-
culations. On the other hand, since branch instructions add a
significant computational overhead, performing too many un-
successful checks can outweigh the savings associated with
skipping distorsion calculations. Hence, in a practical PDE
scheme the test’s granularity should be kept relatively coarse;
for instance, the scheme proposed in [8] relies on checking (5)
after each row.

Eventually, it is worth pointing out that both SEA and
PDE can be applied to speed up the search when the tem-
plate can appear at multiple positions of the image. In such a
framework, the basic template-matching algorithm consists in
scanning the image and taking all the image positions where
the distorsion measure is below a given sensitivity threshold.
Hence, deploying SEA or PDE requires just using the sensi-
tivity threshold in place of SADmin in (3) or (5). In the case
of multiple instances of the template, the choice of the sensi-
tivity threshold implies a trade-off between the capability to
tolerate small differences in the appearances of the template
and the need to avoid mismatches. Consequently, and akin to
the single-instance case, a selective process will generally run
faster with SEA and PDE.

3 An upper-bound for the NCC function

When using normalised cross-correlation, the template sub-
image is located into the image under examination by search-
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ing for the maximum of the NCC function:

NCC (x, y) = (6)∑N−1
j=0

∑M−1
i=0 I (x + i, y + j) · T (i, j)√∑N−1

j=0
∑M−1

i=0 I (x + i, y + j)2 ·
√∑N−1

j=0
∑M−1

i=0 T (i, j)2

In this section, similarly to the SEA approach, we try to
determine a suitable function that upper-bounds the NCC and
that can be computed at a significantly lower computational
cost.

The numerator of (6) represents the correlation (or cross-
correlation) between the template and the image, C (x, y), and
its computation turns out to be the bottleneck in the evaluation
of the NCC. In fact, the two terms appearing in the denomina-
tor represent the L2 norms of the subimage under examination
|I(x, y)|2 and of the template |T |2. The latter can be precom-
puted at initialisation time, the former can be obtained very
efficiently via a box-filtering scheme at a cost of only four ele-
mentary operations per image point (the elementary operation
being now the accumulation of a product term).

Suppose now that a function β(x, y) exists such that
β(x, y) is an upper-bound for C(x, y), then

β(x, y) ≥ C(x, y) =
N−1∑
j=0

M−1∑
i=0

I (x + i, y + j) · T (i, j) (7)

By normalising β, we obtain an upper-bound for the NCC
function as follows:

β(x, y)
|I(x, y)|2 · |T |2

≥ C (x, y)
|I(x, y)|2 · |T |2

= NCC(x, y) (8)

Then, indicating as NCCmax the current correlation max-
imum, if at point (x, y) the elimination condition

β(x, y)
|I(x, y)|2 · |T |2

< NCCmax (9)

is verified, the matching process can proceed with the next
point without carrying out the calculation of C(x, y), for the
point is guaranteed not to correspond to the new correlation
maximum. Conversely, if (9) does not hold, it is necessary to
compute C(x, y), normalise it by the product |I(x, y)|2 · |T |2
and check the new maximum condition:

C(x, y)
|I(x, y)|2 · |T |2

≥ NCCmax (10)

In order to find β(x, y), we consider the relationship be-
tween the geometric and arithmetic series known as Jensen’s
inequality [6]:

x1 + x2 + . . . + xn

n
≥ n

√
x1 · x2 · . . . · xn (11)

Applying (11) to the generic pair of homologous terms
appearing in the cross-correlation product yields

I(x + i, y + j) + T (i, j)
2

≥ 2
√

I(x + i, y + j) · T (i, j) (12)

from which we can derive by simple manipulations

I(x + i, y + j)2 + T (i, j)2

2
≥ I(x+ i, y + j) ·T (i, j) (13)

Therefore, if we pose

β(x, y) = (14)∑N−1
j=0

∑M−1
i=0 I (x + i, y + j)2 +

∑N−1
j=0

∑M−1
i=0 T (i, j)2

2

from inequality (13) it follows that β(x, y) satisfies (7) at each
image point.

4 Bounded partial correlation

The elimination condition relies on calculating β(x, y) instead
of C(x, y). As pointed out, this holds potential for speeding
up the matching process as long as β can be computed much
more rapidly than C. The function defined in (14) requires
evaluation of the squares of the L2 norms of the sub-image
under examination, (|I(x, y)|2)2, and of the template,(|T |2)2.
The latter quantity can be precomputed and the former calcu-
lated recursively by running a box-filter. Moreover, one may
also notice that evaluating β as defined in (14) does not require
any extra computation since the quantity (|I(x, y)|2)2 had to
be calculated for the purpose of normalising the correlation in
the new maximum condition (i.e. (10)).

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 (9).
In fact, it is straightforward to verify that the quantity

β(x, y)
|I(x, y)|2 · |T |2

= (15)

∑N−1
j=0

∑M−1
i=0 I(x+i,y+j)2+

∑N−1
j=0

∑M−1
i=0 T (i,j)2

2·
√∑N−1

j=0
∑M−1

i=0 I(x+i,y+j)2·
√∑N−1

j=0
∑M−1

i=0 T (i,j)2

is lower-bounded by one, which in turn is the upper-bound of
the NCC function. Hence, the elimination condition defined
via the equations (9) and (14) is never satisfied.

Nonetheless, we carried out a set of experiments on real
images aimed at measuring and comparing β and C values.
These experiments showed that β, although obviously too
large to satisfy the elimination condition, turns out to be of-
ten relatively close to the actual correlation. This led us to the
idea that an effective elimination condition could be attained
by computing only a small portion of the actual correlation
function, referred to as partial correlation, and bounding the
residual portion with a term that, like β, is derived from (13).

We define the partial correlation associated with indexes
m, n as

PC (x, y, m, n) =
n∑

j=0

m∑
i=0

I (x + i, y + j) · T (i, j), (16)

a new upper-bound for the correlation C(x, y) as

γ(x, y, m, n) = PC (x, y, m, n) + β̃ (x, y, m, n) , (17)
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w : rows 0...n1
q1

q2
w : rows n+1...N-12

columns 0...M-1
x

y

Fig. 1. Row-based partitioning of the window under examination

with

β̃ (x, y, m, n) = (18)
∑n

j=0
∑M−1

i=m+1 I(x+i,y+j)2+
∑n

j=0
∑M−1

i=m+1 T (i,j)2

2 +
∑N−1

j=n+1
∑M−1

i=0 I(x+i,y+j)2+
∑N−1

j=n+1
∑M−1

i=0 T (i,j)2

2 ,

and a new elimination condition as

γ(x, y, m, n)
|I(x, y)|2 · |T |2

< NCCmax. (19)

Hence, γ combines the evaluation of a given part of the
total correlation PC with the approximation of the residual part
by means of an upper-bounding term β̃ derived from (13).

For the described bound-based approach to prove useful,
it is mandatory to compute γ very efficiently. This can be
achieved by partitioning the window associated with the sub-
image under examination into two sub-windows consisting
of consecutive rows, indicated as w1 and w2 in Fig. 1, and
associating the partial correlation term with w1 and the upper-
bounding term with w2:

PC (x, y, M − 1, n) =
n∑

j=0

M−1∑
i=0

I (x + i, y + j) · T (i, j),

(20)

β̃ (x, y, M − 1, n) = (21)
∑N−1

j=n+1
∑M−1

i=0 I(x+i,y+j)2+
∑N−1

j=n+1
∑M−1

i=0 T (i,j)2

2

In this manner it is possible to run a distinct box-filter on
each sub-window, with the filter run on w1 calculating the
quantity

q1(x, y, M − 1, n) =
n∑

j=0

M−1∑
i=0

I (x + i, y + j)2 (22)

and that run on w2 the quantity

q2(x, y, M − 1, n) =
N−1∑

j=n+1

M−1∑
i=0

I (x + i, y + j)2. (23)

Then, q2 can be used to compute γ while q1 and q2 can
be added together to obtain (|I(x, y)|2)2, which is needed to
normalise γ and C in the elimination and new maximum con-
ditions. It is worth pointing out that, due to the partitioning, the

computational cost associated with box-filtering amounts now
to eight elementary operations per point. On the other hand,
the evaluation of the partial correlation term present in γ does
not introduce any overhead with respect to the standard algo-
rithm since when (19) fails C(x, y) can be attained adding the
residual product terms to PC(x, y, M − 1, n). Eventually, the
last quantity needed to obtain γ, i.e.

∑N−1
j=n+1

∑M−1
i=0 T (i, j)2,

can be precomputed at initialisation time.
We can define a correlation ratio (Cr) as the ratio between

the number of points involved in the calculation of the partial
correlation and those needed to evaluate the entire correlation
function such that

Cr =
(n + 1)

N
. (24)

It is clear from the definition of γ that, as Cr increases, the
bounding function gets closer to the actual correlation and the
elimination condition becomes more effective. However, the
computational savings associated with skipping points satisfy-
ing the elimination condition amounts basically to the residual
fraction of the correlation, which decreases with Cr. Hence,
Cr turns out to be the fundamental parameter of the proposed
technique, its choice implying a trade-off between two oppo-
site requirements: it should be kept large to effectively elimi-
nate non-maximum points and small to gain a substantial com-
putational benefit at eliminated points. As we will show in
Sect. 6, the choice of a reasonable Cr value can yield a signif-
icant speedup with respect to the standard template-matching
algorithm.

The technique outlined in this section, bounded partial cor-
relation (BPC), behaves, within the framework of correlation-
based matching, analogously to SEA and PDE. In fact, it does
not imply any approximation in the search and it is a data-
dependent optimisation technique: once Cr has been chosen,
the elimination condition becomes more effective as the cor-
relation between the template and the current best matching
sub-image improves (i.e. NCCmax gets higher). Hence, BPC
yields better speed-up if, given the scan order, the search pro-
cess find rapidly a good matching position. In addition, the
sensitivity (i.e. correlation) threshold can be exploited straight-
forwardly to speed up the matching process by comparing the
left-hand side of (19) with the higher of the current maximum
and the threshold. BPC can be deployed also when the tem-
plate can appear at multiple positions of the image by simply
using the correlation threshold in place of NCCmax in (19).
In both the single-instance and multiple-instance cases, BPC
will generally run faster with a high correlation threshold (i.e.
selective matching process).

Nonetheless, BPC notably differs from SEA and PDE. In
fact, SEA uses only a bounding function and does not in-
clude evaluation of partial distorsions. PDE consists in evalu-
ating partial distorsions without making use of any bounding
function. Instead, BPC combines the use of a bounding func-
tion with the evaluation of partial information from the actual
matching measure: the bounding function incorporates par-
tial information from the actual matching measure. It is worth
noticing that this approach is also different from the mixed
SEA-PDE algorithm proposed in [8], which consist in first
using a bound and then, if the bound-based elimination con-
dition fails, evaluating partial distorsions.
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5 Performance evaluation metric

The proposed method belongs to the class of exhaustive search
algorithms. Therefore, in order to evaluate its performance
gain, we compare BPC to the standard NCC-based template-
matching algorithm. We will use as performance evaluation
metric, referred to as Aops, the ratio between the average num-
ber of elementary operations (i.e. accumulation of one product
term) per point executed by BPC and that required by the stan-
dard algorithm, which amounts to (M · N + 4). For example
Aops = 0.6 means in the considered image BPC executes
an average number of operation per point that is 60% of that
required by the standard algorithm.

The number of operations executed by BPC at a given
point depends on the outcome of (19). If this is satisfied, the
algorithm executes only the M · (n + 1) operations needed
to evaluate the partial correlation term PC (x, y, M − 1, n).
If the condition fails, the partial correlation term must be in-
tegrated with its residual part, giving a total number of op-
erations equal to M · N . In both cases, we apply the double
box-filtering scheme, which requires eight additional opera-
tions per point.

Hence, if S is the number of points for which the elimina-
tion condition is satisfied, we can express the total number of
elementary operations executed by BPC as

Tops = (W · H − S)·M ·N +S ·M ·(n+1)+8·W ·H (25)

Then, we define an elimination ratio (Er) as the fraction
of points at which the elimination condition is successful:

Er =
S

W · H
(26)

This allows us to express Aops as

Aops =
[(1 − Er) + Er · Cr] · M · N + 8

M · N + 4
(27)

6 Experimental results

BPC has been tested with several images and templates. We
present here the results obtained with images pcb1, pcb2,
albert, pcb3, plants and parking meter (abbreviated as pm),
shown in Figs 2, 3, 4, 5, 6 and 7. In every test the sub-image
used as template, also shown in the figures, has been extracted
from a different – though similar – image.

As already discussed, and similar to SEA and PDE, BPC
allows attaining computational savings from the use of the
sensitivity threshold and yields an increase in speedup when
rapidly finding a good matching position (though not neces-
sarily the best matching one) is highly probable. Therefore,
we address two situations:

1. No information about the expected position of the template
is available. Hence, we start the matching process at the
upper left corner of the image and then proceed with the
usual raster-scan order.

2. It is possible to predict the expected position of the tem-
plate, which is actually located reasonably close to this
position, i.e. within a 50 × 50 pixel window centred at the

Fig. 2. pcb1: W ·H = 320 ·240, M ·N = 29 ·28, max (NCC) =
NCC (145, 106) � 0.985

Fig. 3. pcb2: W ·H = 380 ·227, M ·N = 40 ·37, max (NCC) =
NCC (120, 136) � 0.995

Fig. 4. albert: W ·H = 320 ·240, M ·N = 51 ·58, max (NCC) =
NCC (198, 43) � 0.995.

Fig. 5. pcb3: W ·H = 384 ·288, M ·N = 72 ·73, max (NCC) =
NCC (268, 65) � 0.997
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Fig. 6. plants:W ·H = 512·400,M ·N = 104·121,max (NCC) =
NCC (333, 66) � 0.986

Fig. 7. parking meter (pm): W ·H = 512 ·480, M ·N = 103 ·137,
max (NCC) = NCC (150, 161) � 0.989

expected position. In this case, we first scan the 50 × 50
pixel window centred at the expected position and then
the whole image. This kind of situation is typically found
in those image registration applications in which the posi-
tion of the fiducial point varies slowly between successive
images (and therefore one can start the matching process
in a neighbourhood of the previously found best match-
ing position) and in tracking applications in which one can
usually predict the position of the shape being tracked over
successive frames.

In both situations, we provide the results obtained with
correlation threshold equal to 0.95, 0.97 and 0.98.

Table 1 refers to image pcb1 and situation 1, and reports
the values found for the elimination ratio Er and the aver-
age number of operations Aops with different choices of the
correlation ratio, i.e. varying Cr by a step of roughly 10%.

The table shows clearly that if Cr is chosen too low (i.e.
less than roughly 10%), Er becomes too low for BPC to pro-
vide any notable saving. However, by computing the correla-
tion for just three more rows, i.e. augmenting Cr to approxi-

Table 1. Results for pcb1, situation 1

Cr,Cr[%] Er[%]Aops[%] Er[%]Aops[%] Er[%]Aops[%]
(2/28), ≈ 10 1.05 ≈ 100.0 2.56 98.12 4.61 96.23
(5/28), ≈ 20 50.43 59.27 74.42 39.67 79.97 35.13
(8/28), ≈ 30 80.11 43.55 87.71 38.15 89.30 37.02
(11/28), ≈ 40 90.20 45.99 92.14 44.82 92.76 44.45
(14/28), = 50 97.93 51.78 98.43 51.52 98.57 51.45
(16/28), ≈ 60 99.99 57.85≈ 100.0 57.84≈ 100.0 57.84
(19/28), ≈ 70≈ 100.0 68.51≈ 100.0 68.51≈ 100.0 68.51
Threshold 0.95 0.95 0.97 0.97 0.98 0.98

Table 2. Results for pcb1, situation 2

Cr,Cr[%] Er[%]Aops[%] Er[%]Aops[%] Er[%]Aops[%]
(2/28), ≈ 10 6.49 94.49 6.52 94.47 6.59 94.40
(5/28), ≈ 20 81.61 33.78 81.82 33.61 82.02 33.44
(8/28), ≈ 30 89.53 36.85 89.71 36.73 89.77 36.68
(11/28), ≈ 40 92.59 44.55 92.82 44.41 93.00 44.30
(14/28), = 50 98.40 51.53 98.59 51.44 98.63 51.42
(16/28), ≈ 60≈ 100.0 57.85≈ 100.0 57.85≈ 100.0 57.85
(19/28), ≈ 70≈ 100.0 68.51≈ 100.0 68.51≈ 100.0 68.51
Threshold 0.95 0.95 0.97 0.97 0.98 0.98

mately 20%, Er increases dramatically and BPC yields a sig-
nificant reduction of the operations. With all the three corre-
lation thresholds the optimum Cr value lies between ≈ 20%
and ≈ 50% and allows for reducing Aops to well below 50%.
For Cr >≈ 50%, increasing the correlation ratio causes only a
very modest increase in the elimination ratio; as a result, Aops
grows with Cr since the cost associated with computing addi-
tional correlation products outweighs the savings associated
with skipping more points. Eventually, for each given Cr, the
comparison between the results corresponding to the different
thresholds shows clearly that a higher correlation threshold
implies an intrinsically more effective elimination condition
and thus better BPC performance.

By comparing Table 1 and Table 2, we can appreciate the
computational benefit associated with finding a good matching
position at an early stage of the search. Considering again the
interval [≈ 20%, ≈ 50%], for each pair (Cr, threshold value)
the elimination ratio is higher and the number of operations
smaller. It is interesting to note how, as the threshold becomes
higher, the impact of the initial matching position becomes less
notable: as already discussed, from the computational point of
view the threshold itself acts as the initial correlation score, a
high threshold behaving similarly to a good initial matching
position.

Our experiments show that BPC’s behaviour with image
pcb1 is rather typical: if Cr is less than 10%, the amount of
eliminated points is too low while for Cr greater than 50%
Aops (Cr) is an increasing function. Our experiments suggest
also that a rather conservative choice, such as Cr = 40%,
can provide in most cases a satisfactory trade-off between the
opposite requirements associated with setting the correlation
ratio. Table 3 and 4 show the results obtained on the other
images considered in this section using Cr = 40%.
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Table 3. Results with Cr = 40%, situation 1

Image Er[%] Aops[%] Er[%] Aops[%] Er[%] Aops[%]
pcb2 70.32 56.68 79.02 51.28 83.63 48.43
albert 82.43 50.49 84.78 49.07 86.18 48.23
pcb3 68.69 58.70 78.20 52.98 87.02 47.67
plants 91.42 44.90 92.45 44.28 92.60 44.18
pm 85.38 48.32 92.29 44.13 94.80 42.61
Threshold 0.95 0.95 0.97 0.97 0.98 0.98

Table 4. Results with Cr = 40%, situation 2

Image Er[%] Aops[%] Er[%] Aops[%] Er[%] Aops[%]
pcb2 87.10 46.27 87.39 46.09 87.89 45.78
albert 88.07 47.09 88.29 46.96 88.32 46.94
pcb3 96.70 41.84 97.01 41.65 97.33 41.46
plants 92.63 44.17 92.65 44.15 92.66 44.15
pm 96.47 41.60 96.57 41.54 96.63 41.50
Threshold 0.95 0.95 0.97 0.97 0.98 0.98

7 Improving the BPC technique

The basic BPC technique presented so far relies on checking
the elimination condition only once at each image point. As
discussed previously, this calls for a conservative choice of the
correlation ratio (for which we propose Cr = 40%). However,
this choice limits the maximum speedup attainable by BPC
since Aops cannot be lower than Cr.

The natural approach to improve BPC consists in trying to
use at each point the correlation ratio which is actually needed
to judge that point. Points that can be eliminated on the basis of
a small partial correlation term would then be skipped sooner
than with the basic BPC, while points harder to assess would
require the computation of more correlation products.

This means, in practice, evaluating the partial correlation,
PC , the corresponding function β̃ and the elimination con-
dition with a fine granularity. The process can be described
as follows. Given the point under examination, firstly a small
group of initial rows is considered so as to compute a par-
tial correlation term PC0 together with the corresponding β̃

term β̃0. These are added together to obtain γ0 and check the
elimination condition. If the condition is satisfied, the point
is skipped, otherwise its analysis proceeds by taking into ac-
count a successive, small group of rows. This group is used
to calculate an additional fraction of the correlation δPC1 and
the corresponding term δβ̃1. The former is added to PC0 to
attain the current partial correlation PC1 , the latter subtracted
from β̃0 to attain the current value of function β̃, β̃1. Then,
evaluation of γ1 = PC1 + β̃1 allows for a new check of the
elimination condition, which is now based on a tighter bound
(γ0 ≥ γ1). The process is iterated by considering successively
small groups of rows, until the point is skipped at some stage
or it ends up in computing the whole cross-correlation.

Although in principle this approach is feasible, the ac-
tual granularity with which the process is carried out strongly
impacts its effectiveness. In fact, the higher the frequency
with which the elimination condition is checked, the higher
the number of branches that need to be inserted into the
algorithm’s code. This overhead may neutralise the savings
brought by skipping points sooner than with the basic BPC.
Moreover, the evaluation of the bounding function itself places

an overhead growing with the granularity: if the process con-
sists of k steps (i.e the elimination condition can be checked as
many times as k) then it requires running (k+1) distinct box-
filters, with an overhead of 4(k + 1) elementary operations
per point. Besides that, the higher the number of box-filters,
the larger the amount of data storage required by the algo-
rithm; yet, with state-of-the-art processors, storage require-
ments should be minimised so as to enable efficient cache
memory usage.

Therefore, we investigate here only the simplest modifica-
tion to BPC’s basic structure (from now on also abbreviated
as BPC2), which is based on two checks of the elimination
condition (i.e. k = 2). This implies defining two correlation
ratios

Cr1 =
(n1 + 1)

N
, Cr2 =

(n2 + 1)
N

(28)

resulting from the partitioning of the sub-image under exam-
ination into the three sub-windows

w1 : rows 0 . . . n1, w2 : rows n1 + 1 . . . n2,

w3 : rows n2 + 1 . . . N − 1
(29)

and running three box-filters.
With this approach, the overhead associated with branches

is still kept extremely low, as it is the case for the storage
requirements associated with the box-filters. This allows us to
rely on the usual hardware-independent metric Aops, in order
to assess the performance of the modified, two-check BPC
technique.

Let’s suppose that the two correlation ratios Cr1 and Cr2

have been chosen and that S1 and S2 are the number of points
which would be eliminated by the basic BPC technique using,
respectively, Cr = Cr1 and Cr = Cr2 . Then, the total number
of elementary operations executed by BPC2, including the
overhead of the triple box-filtering scheme, can be expressed
as:

Tops2 = (W · H − S2) · M · N + (S2 − S1) · M · (n2 + 1)
+S1 · M · (n1 + 1) + 12 · W · H. (30)

By introducing the elimination ratios

Er1 =
S1

W · H
, Er2 =

S2

W · H
(31)

we can express the ratio to the number of operations executed
by the standard pattern-matching algorithm as

Aops2 = (32)

[(1 − Er2) + (Er2 − Er1) · Cr2 + Er1 · Cr1 ] · M · N + 12
M · N + 4

.

A practical BPC2 implementation requires choosing Cr1 and
Cr2 , and thus dealing again with the trade-off related to the
choice of correlation ratios. However, BPC2 provides two de-
grees of freedom. Thus, the first check can be carried out rel-
atively early, so as to achieve a significant saving at points
that can be eliminated quickly, while the second one can be
aimed at substantially increasing the elimination ratio. Based
on these considerations and on the analysis of our experimen-
tal results, we propose Cr1 ≈ 20% and Cr2 ≈ 40% as default
choice for BPC2’s correlation ratios.
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Table 5. Results using BPC2, with Cr1 ≈ 20% and Cr2 ≈ 40%

Image Aops2 [%] Aops2 [%] Aops2 [%]
pcb1 (1) 35.73 29.44 27.88
pcb1 (2) 27.64 27.45 27.30
pcb2 (1) 51.74 44.99 40.28
pcb2 (2) 34.92 34.71 34.38
albert (1) 39.24 37.28 36.17
albert (2) 35.19 34.76 34.66
pcb3 (1) 50.82 45.10 39.74
pcb3 (2) 31.22 31.03 30.83
plants (1) 35.48 32.77 31.56
plants (2) 31.39 31.23 31.19
pm (1) 45.10 37.65 34.65
pm (2) 32.64 32.55 32.47
Threshold 0.95 0.97 0.98

Table 5 reports BPC2’s results for the images considered
throughout the paper and with the proposed choice of corre-
lation ratios. By comparing these results with those shown in
the previous section, we can observe that BPC2 yields notable
performance improvements with respect to BPC.

Tables 1 and 2 indicate that with BPC, when the default,
conservative choice of Cr differs from the ideal optimum one
there can be a significant difference between the actual per-
formance and the potential best performance of the technique.
For instance, with pcb1 this difference varies from ∼= 2% to∼= 11%. We have collected the results attained with BPC2 us-
ing, with every image of the data set and in both situations, the
optimum pair of correlation ratios (chosen among those con-
sidered throughout the paper). In most cases the optimum pair
differs from the default one; yet now the difference between
the performance attained with the proposed choice and the
ideal best performance varies within a smaller range, i.e. from∼= 0.6% to ∼= 7%; for instance, in the case of pcb1 the differ-
ence ranges from ∼= 0.6% to ∼= 1.7%. This analysis provides
the indication that BPC2 is intrinsically more robust than BPC
with respect to the possible mismatch between the proposed
choice of the parameters and the unknown optimum one.

8 Conclusion

We have described a novel template-matching algorithm,
called BPC, which extends to NCC the principles of the SEA
and PDE techniques, which had been proposed so far only
for matching algorithms relying on distorsion measures (i.e.
SAD, SSD).

BPC exploits a suitable bound for the NCC function to
establish an elimination condition aimed at discarding rapidly
the search positions that are guaranteed not to provide a better
degree of match with respect to the current best-matching one.
Evaluation of the elimination condition requires the calcula-
tion of a given portion of the cross-correlation function, which
is defined through the algorithm’s basic parameter, namely the
correlation ratio (Cr).

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 abso-
lute manner. Indeed, this depends on the image, the template,
the position of the template within the image, the correlation

threshold, as well as on whether or not one may deploy infor-
mation concerning the expected matching position. In such a
context, we have provided experimental results showing that,
by choosing Cr properly, BPC can significantly reduce the
number of calculations with respect to the standard NCC-
based template-matching algorithm. With the images and in
the situations considered throughout the paper, running BPC
with the suggested choice of the correlation ratio allows for
nearly halving the number of calculations.

BPC basic formulation can be extended so as to define a se-
quence of elimination conditions based on increasing correla-
tion ratios. We have investigated the simplest algorithm based
on this idea, called BPC2, which consists of the introduction
of a second elimination condition. Our experimental results
show that, compared to BPC, BPC2 yields notable compu-
tational benefits and is intrinsically more robust with respect
to the possible mismatch between the suggested parameters
choice and the unknown optimum one.
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