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Template matching is a computationally intensive problem aimed at locating a template within a image.
When dealing with images having more than one channel, the computational burden becomes even more
dramatic. For this reason, in this paper we investigate on a methodology to speed-up template matching
on multi-channel images without deteriorating the outcome of the search. In particular, we propose a
fast, exhaustive technique based on the Zero-mean Normalized Cross-Correlation (ZNCC) inspired from
previous work related to grayscale images. Experimental testing performed over thousands of template
matching instances demonstrates the efficiency of our proposal.

� 2010 Elsevier B.V. All rights reserved.
1. Introduction to find always the global maximum of the correlation function,
Template matching (Zitová and Flusser, 2003; Goshtasby, 2005)
is a computationally intensive problem that aims at locating a tem-
plate T within an image I. The basic approach, or Full-Search (FS),
simply computes a similarity measure between T and each possible
portion of the image, referred to as the image subwindow or candi-
date, of the same size as T. Then, the candidate reporting the high-
est similarity locates the position of the template in the image.

While numerous exhaustive techniques have been recently pro-
posed to speed-up this task based on grayscale (i.e. single-channel)
images (Mattoccia et al., 2008a,b; Tombari et al., 2009; Wei and Lai,
2007; Mahmood and Khan, 2007a,b; Pan and Wei, 2008;
Alkhansari, 2001), to the best of our knowledge the problem of per-
forming fast exhaustive template matching with multi-channel
images has not been addressed yet. Today, multi-channel images
are used in an increasing number of computer vision tasks. Two
typical examples are represented by color images and multi-
spectral images: the former are commonly deployed for tasks such
as defect detection and industrial quality control (e.g. Tsai et al.,
2003), the latter for tasks such as medical image registration and
remote sensing data alignment (Guo et al., 2009; Kern and Patti-
chis, 2007; Pope and Theiler, 2003).

In this paper we propose a fast template matching technique for
multi-channel images based on the Zero-mean Normalized Cross-
Correlation (ZNCC), a measure which is widely used for grayscale
template matching (Mattoccia et al., 2008b; Mahmood and Khan,
2007a,b). The proposed technique is exhaustive, i.e. it guarantees
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and it is inspired by the ZEBC technique (Mattoccia et al., 2008b),
previously proposed for grayscale images. The basic idea is to find
efficiently computable upper bounding functions of the ZNCC that
allow rapid detection of mismatching candidates.

The paper is structured as follows. Section 2 introduces the
notation and the definitions used throughout the paper. Then,
Sections 3 and 4 describe the mathematical grounds and the
proposed algorithm. Section 5 shows experimental results on a
vast dataset composed of color images. Finally, conclusions are
drawn in Section 6.

2. Notation

Let T and I(x,y) be respectively a template and an image sub-
window with C channels, the template size being M � N:

T ¼ ½T1; . . . ; Tk; . . . ; Tc�T : ð1Þ
Iðx; yÞ ¼ ½I1ðx; yÞ; . . . ; Ikðx; yÞ . . . ; Icðx; yÞ�T ; ð2Þ

where

Tk ¼ ½Tkð1;1Þ; . . . ; TkðM;NÞ�T ; ð3Þ
Ikðx; yÞ ¼ ½Ikðxþ 1; yþ 1Þ; . . . ; Ikðxþ N; yþMÞ�T : ð4Þ

The ZNCC on multi-channel images can be defined as follows:

fðx; yÞ ,
PC

k¼1ðIkðx; yÞ � lIðx; yÞÞ � ðTk � lTÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPC
k¼1kIkðx; yÞ � lIðx; yÞÞk

2
2

q
�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPC

k¼1kTk � lTk
2
2

q ð5Þ

with � denoting the dot product between two M � N vectors, and lT,
lI(x,y) the mean values of respectively the template and the image
subwindow:
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lT ,
1

C �M � N
XC

k¼1

XN

j¼1

XM

i¼1

Tk i; jð Þ; ð6Þ

lIðx; yÞ ,
1

C �M � N
XC

k¼1

XN

j¼1

XM

i¼1

Ikðxþ i; yþ jÞ: ð7Þ

The numerator in (5), here referred to as wZC(x,y), can be seen as the
sum of C different terms, associated with each of the channels of I
and T:

wZCðx; yÞ ¼
XC

k¼1

wZk
ðx; yÞ; ð8Þ

where wZk
ðx; yÞ can be expressed as:

wZk
ðx; yÞ ,

XN

j¼1

XM

i¼1

ðIkðxþ i; yþ jÞ � lIðx; yÞÞ � ðTkði; jÞ � lTÞ: ð9Þ

We point out that another possible definition of the multi-channel
ZNCC (Tsai et al., 2003), derived as an extension from its ‘‘single-
channel’’ version, would subtract to each component of T, I in (5)
the corresponding mean value computed only on that specific chan-
nel. Though not reported here for the sake of brevity, our experi-
mental analysis has highlighted that these two definitions lead to
similar performance of the ZNCC function and that the efficiency
of the proposed algorithm is not affected by the use of either
definition of the ZNCC. The extension of the proposed algorithm
to this alternative definition of multi-channel ZNCC is anyway
straightforward.

The previous expression can be algebraically manipulated to
obtain:

wZk
ðx; yÞ ¼ wkðx; yÞ �M � N � lIðx; yÞ � lT ð10Þ

with wk(x,y) given by:

wkðx; yÞ ,
XN

j¼1

XM

i¼1

Ikðxþ i; yþ jÞ � Tkði; jÞ: ð11Þ

Hence, (5) can be rewritten as follows:
fðx; yÞ ¼
PC

k¼1ðwkðx; yÞÞ � C �M � N � lIðx; yÞ � lTffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPC
k¼1ðkIkðx; yÞk2Þ � C �M � N � l2

I ðx; yÞ
q

�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPC

k¼1ðkTkk2Þ � C �M � N � l2
T

q : ð12Þ
Compared to (5), in this new formulation of the ZNCC function the
two terms appearing at the denominator can be computed very effi-
ciently: that concerning the template once at initialization time, the
other one, concerning the image subwindow, using incremental
techniques (McDonnel, 1981; Crow, 1984) in order to compute
the L2 norms and the mean value.

2.1. Partial terms

We define wZCðx; yÞj
h
q as the term representing the numerator of

the ZNCC function computed between rows (q,h)(q,h 2 {1,N}):

wZCðx; yÞj
h
q ,

XC

k¼1

wZk
ðx; yÞjhq ð13Þ

with wZk
ðx; yÞjhq given by:

wZk
ðx; yÞjhq ,

Xh

j¼q

XM

i¼1

ðIkðxþ i; yþ jÞ � lIðx; yÞÞÞ � ðTkði; jÞ � lTÞ:

ð14Þ
We also define the generic partial correlation term referred to
the kth channel component and computed between rows q and h
as:

wkðx; yÞj
h
q ,

Xq
j¼h

XM

i¼1

Ikðxþ i; yþ jÞ � Tkði; jÞ: ð15Þ

Analogously, we define the L2 partial norms between rows q
and h, for the kth channel component of template and image
subwindow:

kTkjjjhq ,

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXh

j¼q

XM

i¼1

T2
kði; jÞ

vuut ; ð16Þ

kIkc ðx; yÞjjj
h
q ,

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXh

j¼q

XM

i¼1

I2
kðxþ i; yþ jÞ

vuut ð17Þ

and also the mean values among all channel components computed
between rows q and h for template and image subwindow:

lT j
h
q ,

1
C �M � ðh� qþ 1Þ �

XC

k¼1

Xh

j¼q

XM

i¼1

Tkði; jÞ; ð18Þ

lIðx; yÞj
h
q ,

1
C �M � ðh� qþ 1Þ �

XC

k¼1

Xh

j¼q

XM

i¼1

Ikðxþ i; yþ jÞ: ð19Þ

Finally, indicating with n the sum of the elements of a vector,
we will refer to the partial sum of the kth channel component
computed between rows q and h for template and image subwin-
dow as:

nðIkðx; yÞÞjhq ,
Xh

j¼q

XM

i¼1

Ikðxþ i; yþ jÞ ¼ M � ðh� qþ 1Þ � lIðx; yÞÞj
h
q;

ð20Þ

nðTkÞjhq ,
Xh

j¼q

XM

i¼1

Tkði; jÞ ¼ M � ðh� qþ 1Þ � lT j
h
q: ð21Þ
3. Upper-bounding functions

Given the definition of partial correlation term wZCðx; yÞj
h
q in

(13), we can determine two different upper-bounds of this term
that can be usefully deployed to establish sufficient conditions
aimed at efficient detection of mismatching candidates, that is,
candidates that can not improve the current ZNCC maximum.

3.1. First upper-bound

By applying the Cauchy–Schwarz inequality to (13), we obtain
the following upper-bound for wZCðx; yÞj

h
q:

b0ZCðx; yÞ
��h
q ,

XC

k¼1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXh

j¼q

XM

i¼1

ðIkðxþ i; yþ jÞ � lIðx; yÞÞ
2

vuut
0
@

�
Xh

j¼q

XM

i¼1

ðTkði; jÞ � lTÞ
2

s !
: ð22Þ

Then, by algebraic manipulations (22) can be rewritten as:
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b0ZCðx;yÞ
��h
q ¼

XC

k¼1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
kTkjjjhq
� �2

þ ðh�qþ 1Þ �M �l2
T � 2 �lT � nðTkÞjhq

r"

�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
kIkðx;yÞjjjhq
� �2

þ ðh�qþ 1Þ �M �l2
I ðx;yÞ � 2 �lIðx;yÞ � nðIkðx;yÞÞjhq

r #
:

ð23Þ

Hence, b0ZCðx; yÞ
��h
q represents an upper-bound for the partial numer-

ator of the ZNCC function, wZCðx; yÞj
h
q:

b0ZCðx; yÞ
��h
q P wZCðx; yÞj

h
q: ð24Þ
3.2. Second upper-bound

By algebraic manipulations (13) can be re-written as:

wZCðx; yÞj
h
q ¼

XC

k¼1

ðwkðx; yÞj
h
q � lT � nðIkðx; yÞÞjhq � lIðx; yÞ

� nðTÞjhq þ ðh� qþ 1Þ �M � lT � lIðx; yÞÞ: ð25Þ

Then, the Cauchy–Schwarz inequality can be applied to the term
wkðx; yÞj

h
q appearing in (25). This approach leads to a different upper

bounding function b00ZCðx; yÞ
��h
q:

b00ZCðx; yÞ
��h
q ,

XC

k¼1

kIkðx; yÞjjjhq � kTkjjjhq � lT � nðIkðx; yÞÞjhq � lIðx; yÞ
�

� nðTkÞjhq þ ðh� qþ 1Þ �M � lT � lIðx; yÞ
�
: ð26Þ
3.3. Succession of bounding function

It is now possible to determine a succession of upper-bounding
functions characterized by increasing tightness to the ZNCC
numerator, wZCðx; yÞj

h
q, and increasing computational cost. For this

goal, we define functions b0ZC;kðx; yÞ
���q
h

and b00ZC;kðx; yÞ
���q
h
:

b0ZC;kðx; yÞ
���h
q
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
kTkjjjhq
� �2

þ ðh� qþ 1Þ �M � l2
T � 2 � lT � nðTkÞjhq

r

�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
kIkðx; yÞjjjhq
� �2

þ ðh� qþ 1Þ �M � l2
I ðx; yÞ � 2 � lIðx; yÞ � nðIkðx; yÞÞjhq

r
; ð27Þ

1 Although this uniform partitioning scheme is not mandatory, we adopt it for
simplicity.
b00ZC;kðx; yÞ
���h
q
, kIkðx; yÞjjjhq � kTkjjjhq � lT � nðIkðx; yÞÞjhq � lIðx; yÞ � nðTkÞjhq

þ ðh� qþ 1Þ �M � lT � lIðx; yÞ; ð28Þ

which represent the kth channel components of, respectively, terms
b0ZCðx; yÞ

��h
q and b00ZCðx; yÞ

��h
q in (23) and (26). Given the bounding prop-

erties of these terms, it can be easily inferred that b0ZC;kðx; yÞ
���h
q

and

b00ZC;kðx; yÞ
���h
q

represent two upper-bounds of wZk
ðx; yÞjhq:

b0ZC;kðx; yÞ
���h
q

P wZk
ðx; yÞjhq; ð29Þ

b00ZC;kðx; yÞ
���h
q

P wZk
ðx; yÞjhq: ð30Þ

In the following, we will denote as bB
kðx; yÞ

��h
q the bound that, be-

tween the two, approximates wZk
ðx; yÞjhq more closely:

bB
kðx; yÞ

��h
q ¼ min b0ZC;kðx; yÞ

���h
q
;b00ZC;kðx; yÞ

���h
q

� �
: ð31Þ
Thus, bB
kðx; yÞ

��h
q represents, for each point, the bound that is more

effective in determining if the current candidate is a mismatching
one.

We can then determine an upper bound for wZCðx; yÞj
h
q by sum-

ming up all partial bound terms applied on each single channel
component bB

kðx; yÞ
��h
q:

c1ðx; yÞj
h
q ,

XC

k¼1

bB
kðx; yÞ

��h
q P wZCðx; yÞj

h
q: ð32Þ

This upper bound is composed of terms that do not include any cor-
relation term, but only partial means, partial sums and partial
norms (see Eqs. (23), (26)). Hence, it can be computed very effi-
ciently by means of incremental techniques (McDonnel, 1981;
Crow, 1984) requiring a small and fixed number of elementary
operations (e.g. 4 for McDonnel, 1981). As it will be shown in the
next Section, the upper bound in (32) can be usefully employed to
rapidly and safely detect mismatching candidates.

It is also important to notice that, to better approximate term
wZCðx; yÞj

h
q, other bounding functions can be determined by itera-

tively substituting to each of the k partial correlation terms
wZk
ðx; yÞjhq its corresponding partial bounding term:

c2ðx; yÞj
h
q , wZ1

ðx; yÞjhq þ
XC

k¼2

bB
kðx; yÞ

��h
q ð33Þ

� � �

cCðx; yÞj
h
q ,

XC�1

k¼1

wZk
ðx; yÞjhq þ bB

Cðx; yÞ
��h
q; ð34Þ

so as to obtain the following succession of increasingly tighter
bounding functions:

wZCðx; yÞj
h
q 6 cCðx; yÞj

h
q 6 � � � 6 c2ðx; yÞj

h
q 6 c1ðx; yÞj

h
q: ð35Þ

Of course, analogous formulations can be derived by using different
criteria of substitution between the various channel components.
Here, in lack of more advanced criteria and with the aim of outlining
a general method, we have chosen to substitute the partial correla-
tion terms with the corresponding partial bound term simply based
on the lexicographic ordering of channel components.
4. The proposed algorithm

This Section proposes a novel algorithm for fast and exhaustive
template matching on multi-channel images inspired by the ZEBC
approach described in (Mattoccia et al., 2008b). First of all, we par-
tition image subwindow and template as proposed in (Mattoccia et
al., 2008b), that is, we divide them into an equal number of r rect-
angular regions (assuming that N is a multiple of r).1 Each region is
characterized by the same width (M) and the same height N

r

� 	
.

Now, we want to apply c1ðx; yÞj
h
q on each of the r regions deter-

mined by the adopted partitioning scheme. For the sake of clarity,



Fig. 1. Some images of the dataset together with some templates randomly extracted from them.

Fig. 2. Some images of the dataset and their respective versions corrupted by different Gaussian noise levels (N1, . . . ,N5).
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Fig. 3. Some images of the dataset and their respective versions corrupted by different blur levels (B1, . . . ,B5).

Fig. 4. Some images of the dataset and their respective versions corrupted by different JPEG compression levels (J1, . . . , J5).
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we will hereinafter use the pipe symbol with a single index, jt, to
denote the application of a term on the tth region instead than be-
tween two rows. Since each c1(x,y)jt is an upper bound of the cor-
responding partial numerator term wZC(x,y)jt, and since:

wZCðx; yÞ ¼
Xr

t¼1

wZCðx; yÞ
�����

t

; ð36Þ

then it is straightforward to derive an upper bound for term
wZC(x,y) by summing up each c1(x,y)jt computed on each region:

c1
1ðx; yÞ ¼

Xr

t¼1

c1ðx; yÞ
�����

t

P wZCðx; yÞ: ð37Þ

This upper bound can be deployed to determine a sufficient condi-
tion aimed at understanding if the current candidate can be a pos-
sible global maximum by means of the following relationship:
with fM being the current maximum of the ZNCC function. If (38)
c1
1ðx; yÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPC

k¼1ðkIkðx; yÞk2Þ � C �M � N � l2
I ðx; yÞ

q
�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPC

k¼1ðkTkk2Þ � C �M � N � l2
T

q < fM ð38Þ

2 Corresponding to 0.005, 0.01, 0.02, 0.03, 0.04 on normalized pixel intensities
ranging within [0,1].
holds, then the candidate at position (x,y) can not be the global
maximum and therefore the ZNCC term for this position does not
need to be evaluated. Conversely, if (38) does not hold, a tighter
bounding function can be obtained by computing the term wZk

on
the first color component of the first region:

c1
2ðx; yÞ ¼ c2ðx; yÞj1 þ

Xr

t¼2

c1ðx; yÞjt P wZCðx; yÞ: ð39Þ

This new bounding function can be deployed to check again
whether the current candidate is a mismatching one through a suf-
ficient condition analogous to (38). Hence, a succession of increas-
ingly tighter upper bounding function can be determined:

c1
1ðx; yÞP c1

2ðx; yÞP � � �P c1
Cðx; yÞP c2

1ðx; yÞP � � �
P c2

Cðx; yÞP � � �P cr
1ðx; yÞP � � �P cr

Cðx; yÞ; ð40Þ

where, in each term appearing in the inequalities, the superscript
denotes the partition (1, . . . , r) and the subscript denotes the channel
(1, . . . ,C). Thus, the total number of sufficient conditions to be iter-
atively computed and tested is equal to C � r. If none of these condi-
tions holds, then the ZNCC can be computed by calculating the
partial correlation term on the last channel component of the last
region.

It is worth pointing out that, though not described here, this ap-
proach can be applied easily to template matching on multi-chan-
nel images based on the NCC function.

5. Experimental results

This section presents an experimental evaluation aimed at
assessing the effectiveness of the proposed algorithm in speed-
ing-up ZNCC-based template matching on multi-channel images.
In particular, we tested the performance of the proposed algorithm
on a dataset of color images of various contents. In particular, they
were chosen from 3 different image databases: one concerning
mainly indoor, urban and natural environments (MIT-CSAIL
database of objects and scenes, 2005), one concerning medical
images (Lukas Corpus Medical Image database, 2002) and the third
concerning remote sensing imagery (NASA Landsat circa 1990/
2000 coverage, 2000). The total number of images used for our
evaluation is 60, composed of 30 images sized 320 � 240 (group
S1) and 30 images sized 640 � 480 (group S2). All images are in
RGB format (hence, C = 3).

For each image of the dataset, 10 template coordinates were
randomly extracted, only rejecting those whose standard deviation
of pixel intensities did not reach a pre-defined threshold (i.e. 45).
The template size was set to 32 � 32 for the images belonging to
group S1 and to 64 � 64 for those belonging to group S2. Some
images from the dataset together with some templates -enlarged
for visualization purposes- are shown in Fig. 1.

Successively, 3 different distorted sets of the image dataset are
built by adding different kinds of corruption to the original images.
In particular, a first set of distorted images is built by adding to
each image 5 different levels of i.i.d. zero-mean Gaussian noise, re-
ferred to as N1, . . . ,N5. The 5 noise levels range from very low noise
to very high noise, the variances of the Gaussian distributions
being respectively 1.3, 2.6, 5.1, 7.7, 10.2.2 A subset of the dataset,
including images affected by increasing levels of Gaussian noise,
is shown in Fig. 2. Another set of distorted images is built by cor-
rupting each image with 5 different blur levels obtained by Gauss-
ian low-pass filters. The 5 blurring levels, referred to as B1, . . . ,B5,
correspond to Gaussian filters having standard deviation r = 0.2,
0.9, 1.6, 2.3 and 3 respectively. A subset of the dataset, including
images affected by increasing levels of blur, is shown in Fig. 3. A fi-
nal set of distorted images is obtained by adding to each image 5
different levels of JPEG compression, referred to as J1, . . . , J5 and
corresponding to quality measures QJPG = 90, 70, 50, 30 and 10
respectively (higher QJPG meaning lower image degradation
due to compression). A subset of the dataset, including images
affected by increasing levels of JPEG compression, is shown in
Fig. 4.

Then, each template is matched against all corrupted versions of
the corresponding image, yielding an overall number of 9000 tem-
plate matching instances on which the proposed algorithm was
tested.

The results of the proposed experimental evaluation are shown
in Tables 1–3, corresponding, respectively, to the case of images
corrupted by Gaussian noise, blur and JPEG compression. Each ta-
ble reports, for the different levels of corruption, for both image
sizes (S1,S2), and for different values of parameter r (r = 2,4,8)
the mean speed-ups, measured as ratios of execution times,
yielded by the proposed algorithm with respect to the FS algo-
rithm. More specifically, each mean speed-up is obtained by aver-
aging single speed-ups over 300 template matching instances (10
templates for 30 images). Moreover, the table reports the standard
deviation associated to each mean speed-up value.

As it can be seen from the Tables, the proposed algorithm is sub-
stantially faster than the FS algorithm. As one could have expected,
the computational benefits decrease with higher corruption levels,
since the bounding functions approximate better the numerator of
the ZNCC with less presence of corruption. It is also worth pointing
out that the proposed algorithm is always faster than the FS with
both image sizes used, and it seems to perform better with bigger
images, probably due to the fact that with smaller images the
computational overhead associated with those terms included in
the ZNCC function (12) that do not concern correlation is more



Table 1
Speed-ups yielded by the proposed technique vs. FS on the dataset corrupted by
different levels of Gaussian noise (N1, . . . ,N5).

S1 S2

r 2 4 8 2 4 8

l r l r l r l r l r l r

N1 4.1 2.0 3.8 1.2 2.6 0.6 8.4 5.5 11.1 3.3 8.3 1.2
N2 3.2 1.7 3.3 1.2 2.4 0.7 5.7 4.0 8.3 3.6 7.0 1.9
N3 2.4 1.5 2.5 1.1 2.0 0.7 3.6 2.8 5.2 3.1 4.9 2.1
N4 2.0 1.4 2.1 1.0 1.7 0.6 2.6 2.1 3.7 2.5 3.7 2.0
N5 1.7 1.3 1.8 1.0 1.5 0.6 2.1 1.7 2.9 2.1 2.9 1.7

Table 2
Speed-ups yielded by the proposed technique vs. FS on the dataset corrupted by
different levels of blur (B1, . . . , B5).

S1 S2

r 2 4 8 2 4 8

l r l r l r l r l r l r

B1 7.0 2.6 4.3 1.3 2.7 0.7 24.9 5.9 14.7 2.9 8.9 1.5
B2 4.1 2.0 3.8 1.1 2.6 0.5 12.0 8.0 12.0 4.4 8.2 2.0
B3 3.1 1.7 3.1 1.3 2.3 0.7 8.6 6.6 10.0 5.0 7.4 2.5
B4 2.6 1.6 2.7 1.2 2.1 0.7 7.0 5.8 8.8 5.0 6.7 2.8
B5 2.2 1.4 2.4 1.2 1.9 0.7 6.0 5.1 7.9 4.9 6.3 2.9

Table 3
Speed-ups yielded by the proposed technique vs. FS on the dataset corrupted by
different levels of JPEG compression (J1, . . . , J5).

S1 S2

r 2 4 8 2 4 8

l r l r l r l r l r l r

J1 6.2 2.5 4.3 1.4 2.7 0.7 20.4 7.3 14.5 3.1 8.9 1.6
J2 5.3 2.4 4.2 1.4 2.7 0.7 16.1 8.0 13.9 3.4 8.8 1.5
J3 4.8 2.4 4.1 1.4 2.6 0.7 13.8 7.9 13.1 3.7 8.6 1.7
J4 4.3 2.3 3.9 1.4 2.6 0.7 12.1 7.7 12.4 4.0 8.4 1.8
J5 3.5 2.0 3.5 1.3 2.4 0.7 8.5 6.5 10.2 4.6 7.5 2.3
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prominent. Finally, overall the best value of parameter r seems to be
r = 4 for images corrupted by Gaussian noise, and r = 2 for images
corrupted by blur and JPEG compression.

6. Conclusions

We have presented an approach that performs fast exhaustive
template matching with multi-channel images based on the ZNCC
function. The proposed method generalizes the ZEBC technique
(Mattoccia et al., 2008b) to the case of images with a generic num-
ber of channels. Moreover, though not shown here for the sake of
brevity, the proposed method can be easily adapted to work with
the NCC function. Experimental results have demonstrated the
effectiveness of the proposed bounding functions to rapidly detect
mismatching candidates, yielding notable speed-ups with respect
to the FS algorithm.
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