IEEE TRANSACTIONS ON IMAGE PROCESSING

1

Correlation Coefficient Based Fast Template
Matching Through Partial Elimination
Arif Mahmood, Sohaib Khan

Abstract—Partial computation elimination techniques are often
used for fast template matching. At a particular search location,
computations are prematurely terminated as soon as it is found
that this location cannot compete already known best-match
location. Due to non-monotonic growth pattern of the correlationbased similarity measures, partial computation elimination techniques have been traditionally considered inapplicable to speedup
these measures. In this work we show that partial elimination
techniques may be applied to correlation coefficient by using a
monotonic formulation and we propose a basic mode and an
extended mode partial correlation elimination algorithm for fast
template matching. The basic mode algorithm is more efficient
on small template sizes while the extended mode is faster on
medium and larger templates. We also propose a strategy to
decide which algorithm to use for a given dataset. To achieve a
high speed up, elimination algorithms require an initial guess
of the peak correlation value. We propose two initialization
schemes including coarse-to-fine scheme for larger templates and
a two-stage technique for small and medium sized templates.
Our proposed algorithms are exact, having exhaustive equivalent
accuracy, and are compared with the existing fast techniques
using real image datasets on a wide variety of template sizes.
While the actual speedups are data dependent, in most of the
cases our proposed algorithms have been found to be significantly
faster than the other algorithms.

I. I NTRODUCTION
Template matching problem appears in a number of applications in the fields of signal processing, image processing,
and computer vision. Typically, a small template image is
compared against multiple windows in a larger reference image to evaluate a similarity metric. The window which yields
the best similarity score is selected as the match location.
A typical application in image processing may be finding a
particular target in a larger image. However, template matching
has also been frequently used in many other scenarios, for
example, finding point correspondences between multiple images, needed to estimate the fundamental matrix in the stereo
problem, or to compute the geometric transformations between
two images. In video coding, block motion estimation is also
a form of template matching. Typically, the size of templates
in the point correspondence and block matching applications
is fairly small, whereas in target recognition, larger template
sizes may also be used.
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Template matching applications often use simple similarity
measures such as Sum of Absolute Difference (SAD) or
Sum of Squared Differences (SSD). However, these measures
are not invariant to brightness and contrast variations which
occur in many practical problems. A more robust similarity
measure is correlation coefficient, which is invariant to linear intensity distortions and preferred if such distortions are
present [1], [2], [3], [4], [5], [6]. Often correlation coefficient
implementations are based on Fast Fourier Transform (FFT)
and significant efforts have been made to reduce the time
complexity of FFT [7], [8], [9]. However, as the template size
reduces the computational advantage of frequency domain over
spatial domain decreases and for small template sizes, spatial
domain implementations become faster. Another scenario in
which FFT based implementation may not be efficient, is finding point correspondences between two images. Each feature
from one image has to be correlated at only a few locations
in the second image, often selected by a corner detection
algorithm. This may be easily computed in the spatial domain
while in the frequency domain, complete computations at all
search locations have to be performed. Since in most template
matching applications, only the final best match location is of
interest, the computations done at all other search locations
are redundant. While this redundancy can be exploited in the
spatial domain, no computation elimination scheme may be
devised to reduce this redundancy in the frequency domain.
Correlation coefficient has often been criticized for high
computational complexity [1], [2], [5], [10], [11], which is
partially a result of the absence of efficient computation elimination techniques for this measure. A variety of elimination
algorithms have been developed for SAD or SSD [10],
[12], [13], [14], [15], [16], [17]. These elimination algorithms
can be grouped into two categories: complete elimination
algorithms, for example [12], which discard an entire search
location based upon a bound computation, and partial elimination algorithms, for example [10], which discard a portion
of computation at a search location if it is established that
this location cannot be the best match. This paper proposes
a partial elimination algorithm for correlation coefficient in
the same spirit as partial distortion elimination algorithms for
SAD and SSD.
Partial Distortion Elimination (PDE) algorithms for SAD
and SSD [10], [13], exploit the fact that these measures
increase monotonically as pixels are processed within a block
at a particular search location. The final value of distortion is
always equal to or larger than the intermediate values. Since
the best match location is defined as the minimum over the
entire search space, the remaining computations are eliminated
as soon as the current value of distortion exceeds the previous
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known minimum.
Partial elimination techniques as applied to SAD or SSD
cannot be extended in a straight forward manner to correlation
coefficient because of its two unfavorable properties. Firstly
the growth of correlation coefficient is non-monotonic as
consecutive pixels are processed within a block. Therefore
any intermediate value may not be guaranteed to be larger
than the final value. Secondly, the best match location over
the entire search space is often defined as the location exhibiting maximum value of correlation coefficient. Therefore
a previous known maximum may not be exploited to discard
the remaining computations of a block at an intermediate
stage. Hence, partial elimination algorithms have been considered inapplicable to the correlation coefficient based template
matching [1], [2], [5], [10], [11], until two recently proposed
techniques in [18] and [19]. The former, Zero-mean Enhanced
Bounded Correlation (ZEBC) [18] computes a bound on correlation coefficient based on Cauchy Schwartz inequality [20].
ZEBC is efficient for larger sized templates, however due
to high cost of bound computation overhead it is inefficient
for medium and small sizes. The performance of the latter
technique, Transitive Elimination Algorithm (TEA), depends
upon the magnitude of the auto-correlation if present in a
desired form. While high auto-correlation may be found in
many template matching problems, the technique may not
be applicable in all scenarios. For example, in the point
correspondence problem, the feature locations are quite sparse,
rendering this auto-correlation based method inapplicable.
The main contribution of this work is the Partial Correlation
Elimination (PCE) algorithms for correlation coefficient based
fast template matching. The PCE algorithms are based on a
monotonic formulation of the correlation coefficient [21]. To
the best of our knowledge, this form has not been proposed
before us to speed up the template matching applications. If
correlation coefficient is computed using this formulation, the
similarity starts from +1 at the first pixel of a block and
monotonically decreases to the final value till the end of the
computations (Figure 1). Any intermediate value of similarity
is always larger than (or equal to) the final value. The speed
up occurs because at any point during the computation, if
similarity happens to be less than a previous known maximum
(or an initial threshold), the remaining computations become
redundant and may be skipped without any loss of accuracy.
As the total amount of skipped computations increases, the
template matching process accelerates accordingly.
Since elimination depends on the comparison of partial
correlation with the current known maximum, a high maximum found at the start of the search process may significantly increase computation elimination and hence reduce the
execution time. For this purpose, we propose an intelligent
re-arrangement of PCE computations, equivalent to the twostage template matching proposed in [22]. In the first stage,
only a small portion of the template is matched at all search
locations. Based on the partial result, complete correlation
coefficient is computed at the best match location, which is
used as the initial threshold in the second stage. By using
this strategy, we may quickly find a high threshold at no
additional computational cost. This initialization scheme is
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Fig. 1. Growth of the partial value of correlation coefficient as consecutive pixels are processed. Traditional formulation (blue) and the monotonic
formulation (red) approach the same final value of ρ =-0.065.

effective for small and medium sized templates, while for
larger template sizes initialization of PCE with coarse-tofine scheme is more efficient. PCE with two-stage initialization scheme is exact, having exhaustive equivalent accuracy.
In contrast, the existing two-stage algorithm for normalized
cross-correlation (NCC) [23] is approximate, with non-zero
probability of missing the NCC maximum.
The proposed algorithms are compared with the current
known fast exhaustive equivalent accuracy algorithms, including a frequency domain sequential implementation of
FFT [24], an optimized, adaptive and parallel implementation FFTW3 [9], a very fast spatial domain implementation
ZEBC [18], and with a spatial domain efficient exhaustive
implementation [5]. The speed up comparisons is performed
over a wide variety of datasets with template sizes varying
from 4 × 4 to 128 × 128 pixels. While the actual speedups are
data dependent, in most of the cases our proposed algorithms
have been found to be significantly faster than the other
algorithms.
II. M ONOTONIC F ORMULATION OF THE C ORRELATION
C OEFFICIENT
Consider a reference image r of size p×q pixels and a smaller
template image t of size m × n pixels. Correlation coefficient
between t and an m × n pixels reference image block, ri, j ,
where (i, j) is the first pixel position of this block, is [25]
m

ρt,i, j = s

m

n

∑ ∑ (t(x, y) − µt ) ri, j (x, y) − µi, j
x=1 y=1
s
n

2

∑ ∑ (t(x, y) − µt )
x=1 y=1

m

n



∑ ∑ ri, j (x, y) − µi, j

,

(1)

2

x=1 y=1

where ri, j (x, y) = r(i + x, j + y) and µt and µi, j are the means of
t and ri, j . Equation (1) may also be written as the dot product
of two zero mean and unit magnitude normalized vectors,
m

ρt,i, j =

n

δt (x, y) δi, j (x, y)
,
σt
σi, j
x=1 y=1

∑∑

(2)
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where δt (x, y) = t(x, y) − µt , δi, j (x, y) = ri, j (x, y) − µi, j , σt and
σi, j are proportional to the standard deviations of t and r.
Partial elimination algorithms require a monotonic behavior
of the partial similarity value, which is the summation in (2).
We observe that in the currently used formulations of the
correlation coefficient, no monotonic behavior exists. This is
because δt (x, y) evaluates to a positive number if t(x, y) > µt ,
a negative number if t(x, y) < µt , and zero if t(x, y) = µt .
Similarly, δi, j (x, y) may also evaluate to be positive, negative
or zero, depending on the value of µi, j . After processing
each location (x, y), the summation in (2) may increase if
both differences, δt (x, y) and δi, j (x, y), have same sign, may
decrease if the differences have opposite signs, or may remain
same if any one of these differences becomes zero. Therefore,
the partial similarity value will vary non-monotonically and
no direct relationship may be established between any intermediate value and the final value of summation in (2).
To derive a form of correlation coefficient which exhibits
monotonic growth, we observe that the norm of each of the
vectors in Equation (2) is unity. This implies that
m n δ2 (x, y)
δt2 (x, y)
i, j
+
∑ ∑ σ2 = 2.
∑ ∑ σ2
t
i, j
x=1 y=1
x=1 y=1
m

n

(3)

From (2) and (3):
!
δt (x, y)δi, j (x, y) δt2 (x, y) δ2i, j (x, y)
ρt,i, j = 2 + ∑ ∑
.
−
−
σt σi, j
σt2
σ2i, j
x=1 y=1
(4)
Rearranging and simplifying:

m n 
δt (x, y) δi, j (x, y) 2
ρt,i, j = 1 − 1/2 ∑ ∑
−
.
(5)
σt
σi, j
x=1 y=1
m

n

The summation in (5) may be viewed as the square of the
normalized Euclidean distance and each term in this summation is the square of the distance or dissimilarity presented by
the corresponding pixel. Therefore, as consecutive pixels are
processed, only positive values (or zeros) are subtracted from
the previous value of partial similarity.
We find that the formulation of correlation coefficient as
given by Equation (5), has already been reported in the
statistics literature, for example see [26]. However, its implications for the template matching problem and its use for the
computational speed up has not been identified before us [21].
III. PARTIAL C ORRELATION E LIMINATION (PCE)
A LGORITHM
In this section we present two types of PCE algorithms,
Basic Mode PCE and Extended Mode PCE. The computational
overheads associated with each type are also discussed. Due to
different types of overheads, Basic Mode PCE has been found
to be more efficient on small templates and Extended Mode
PCE on medium and large templates.
A. Basic Mode PCE (BMP) Algorithm
The best match of the template image t over all search
locations in r, may be defined as the location maximizing

ρt,i, j
imax , jmax = arg max ρt,i, j , 1 ≤ i ≤ p − m, 1 ≤ j ≤ q − n. (6)
i, j

Let λt,i, j (u, v) be the value of partial similarity between t and
ri, j , computed over u rows and v columns, such that 0 ≤ u ≤ m
and 0 ≤ v ≤ n. From (5), it follows that

u v 
δt (x, y) δi, j (x, y) 2
−
.
(7)
λt,i, j (u, v) = 1 − 1/2 ∑ ∑
σt
σi, j
x=1 y=1
λt,i, j (u, v) will monotonically decrease from +1 to ρt,i, j as
(u, v) increases from (0, 0) to (m, n). Due to monotonic decreasing pattern of λt,i, j (u, v), it is an upper-bound on ρt,i, j
λt,i, j (u, v) ≥ ρt,i, j for 0 ≤ u ≤ m, 0 ≤ v ≤ n.

(8)

In the BMP algorithm, after processing some initial number
of pixels, (u, v) = (u0 , v0 ), if λt,i, j (u0 , v0 ) is found to be less
than the currently known maximum, ρth , then final value of
ρt,i, j is also guaranteed to be less than ρth . Therefore further
computations between t and ri, j become redundant and may
be skipped without impacting the search for the best match
location. The comparison of λt,i, j (u, v) with ρth is the execution of elimination test. If λt,i, j (u, v) < ρth evaluates true, the
remaining computations are skipped, otherwise computations
are continued. After processing more pixels, the elimination
test may be re-evaluated. Thus, at each search location, the
elimination test may be evaluated multiple times, until the test
is true, or total computations are performed.
B. Overhead of Basic Mode PCE Algorithm
It is useful to compare the BMP algorithm with the traditional way of speeding up correlation coefficient in spatial
domain [25], based on the following rearrangement of (1):
ρt,i, j =

ψt,i, j − mnµt µi, j
σt σi, j

(9)

where ψt,i, j is the cross-correlation term:
m

ψt,i, j =

n

∑ ∑ t(x, y)ri, j (x, y).

(10)

x=1 y=1

Rather than elimination, speed up in this case comes from the
efficient computation of the first and second order statistics,
µt , µi, j , σt , and σi, j , via the running sum approach [19].
If entire computations are done without any elimination,
correlation coefficient computation via (9) may become
more efficient than by (5). Exact overhead of (5) may be
estimated by comparing the number of operations required in
each formulation. Images r and t are stored in 2-D memory
arrays however the memory allocation is linear, often in
row-major order [27]. Array names, for example r and t,
contain the base memory address of the array. In a 2D
array of m × n elements, to read or write at a particular
location (x, y), an offset x × n + y must be added to the
base address: t + x × n + y, then an address de-reference
operator ∗, is used to read contents: ∗(t + x × n + y).
Computation of cross-correlation will require the statement
ψ = ψ + ∗(t + x × n + y) × ∗(r + (i + x) × q + ( j + y)) to
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be executed mn number of times at each search location.
Each execution of this statement requires 13 operations.
Complete evaluation of (9) requires 15 more operations: ρ =
(ψ − m × n × µt × ∗(µr + i × q + j))/(σt × ∗(σr + i × q + j)),
where µr and σr are names of 2D mean and variance arrays
for reference image. We have ignored computational cost of
σr and µr , because that cost is same in (9) and (5). Thus, the
cost of computing ρt,i, j via (9) is (13mn + 15)pq operations.
A similar analysis reveals that the monotonic formulation
(5), requires (17mn + 13)pq operations. Computations start by
computing normalized version of template, tˆ(x, y) = (t(x, y) −
µt )/σt . Since tˆ is computed only once for pq search locations,
therefore its cost may be ignored. At each search location,
reference mean and variance are copied from 2D arrays to
variables: µi, j = ∗(µr + i × q + j), and σi, j = ∗(σr + i × q + j),
requiring 10pq operations. The summation in (5) requires the
statement Di f f = ∗(tˆ + x × n + y) − (∗(r + (i + x) × q + j + y) −
µi, j )/σi, j and ∆ = ∆ + Di f f × Di f f to be executed mn number
of times at each search location, therefore requiring 17mnpq
operations. For evaluation of ρt,i, j , 3pq more operations are
required ρt,i, j = 1 − ∆/2. The overhead of (5) over (9) is
(17mn + 13)/(13mn + 15), ignoring constant terms overhead
reduces to 17/13 = 1.308 times.
In the BMP algorithm, execution of elimination test requires
computation of λ = 1−∆/2 followed by a comparison: λ < ρth .
Therefore, the cost of the elimination test is 4 operations. To
estimate average speed up of the BMP algorithm over (9),
assume uv be the average number of processed pixels and τa
be the average number of elimination tests, executed at each
search locations, then
13mn + 15
.
(11)
Speedup =
17uv + 10 + 4τa
If 85% computations are eliminated then uv = 0.15mn, assuming τa = 2, mn = 20 × 20 pixels, average speed up of the BMP
algorithm over traditional fast approach will be 5 times.
C. Extended Mode PCE (EMP) Algorithm
In order to reduce the overhead of monotonic formulation (7), we separate the runtime computable terms and
the efficiently pre-computable terms, while maintaining the
monotonic growth property. As a result, we get following new
monotonic formulation of correlation coefficient, on which
Extended Mode PCE (EMP) algorithm is based:
λt,i, j (u, v) = 1 −

σt (u, v) + σu,v (i, j) ψt,i, j (u, v) − µt,i, j (u, v)
+
, (12)
2
σt σi, j

where σt (u, v) and σu,v (i, j) are the partial standard deviations, µt,i, j (u, v) is partial mean term and ψt,i, j (u, v) is crosscorrelation.
Template partial standard deviation σt (u, v) is given by:
σt (u, v) =

qt (u, v) − 2µt st (u, v) + uvµt2
σt2

(13)

where
st (u, v) = ∑ux=1 ∑vy=1 t(x, y)
and
qt (u, v) =
u
v
2
∑x=1 ∑y=1 t (x, y). Similarly σu,v (i, j) is given by:
σu,v (i, j) =

qu,v (i, j) − 2µi, j su,v (i, j) + uvµ2i, j
σ2i, j

(14)

j+v
su,v (i, j) = ∑i+u
x=i ∑y= j ri, j (x, y)
i+u j+v 2
∑x=i ∑y= j ri, j (x, y). The partial mean

and qu,v (i, j) =
term µt,i, j (u, v) is
a hybrid statistic to be computed from both the reference and
the template images:

where

µt,i, j (u, v) = µi, j st (u, v) − uvµi, j µt + µt su,v (i, j).

(15)

If we put uv = mn in (13), (14) and (15), then both σt (m, n) and
σi, j (m, n) evaluate to 1.00 and µt,i, j (m, n) simplify to mnµt µi, j .
As a result, (12) reduces to (9). Thus, if no elimination test
has to be executed, the cost of (12) is exactly same as that of
(9), which is (13mn + 15)pq operations.
In EMP algorithm, at a particular search location, as consecutive pixels are processed, only ψt,i, j is computed. Complete
evaluation of λt,i, j is only required when elimination test has
to be executed. Thus in EMP algorithm, the cost of processed
pixels is reduced to the minimum possible computations while
the cost of elimination test is increased.
D. Overhead of Extended Mode PCE Algorithm
Overhead of EMP algorithm is the cost of complete evaluation of (12), which requires computation of the partial template
variance (13), the partial reference variance (14), and the
partial mean term (15). The computational cost of the template
partial variance (13) is only one time cost therefore may be
ignored.
As in the case of BMP algorithm, we assume that mean and
variance terms µt , µi, j , σt , and σi, j are pre-computed available.
The reference image terms are stored in 2D memory arrays.
In order to read mean and variance from any (i, j) memory
location to variables, 6 operations are required: µi j = ∗(µr + d)
and σi j = ∗(σr + d), where d is the offset computed in
3 operations: d = i × p + j. We also pre-compute integral
images [28] of the reference image, one for r and one for r2 .
j
Integral image I is given by: I(i, j) = ∑ix=1 ∑y=1 r(x, y). The
sum of any rectangular patch of r, with (i, j) as its top left
corner and (i + u, j + v) as its bottom right corner is given by:
I(i + u, j + v) − I(i + u, j − 1) − I(i − 1, j + u) + I(i − 1, j − 1).
Computation of the reference partial variance σu,v (i, j)
requires su,v (i, j) and qu,v (i, j) to be known. Each of these
terms may be computed from integral images, in 16 operations:
su,v (i, j) = ∗(I +x2 +y2 )−∗(I +x2 +y1 )−∗(I +x1 +y2 )+∗(I +
x1 + y1 ), whereas the computations: x2 = (i + u) × p, y2 = j +
v, x1 = (i−1)× p, y1 = j −1, need 10 operations. Then 10 more
operations are required to compute σu,v (i, j) = (qu,v (i, j) − 2 ×
µi, j × su,v (i, j) + u × v × µi, j × µi, j )/(σi, j × σi, j ).
Computation of partial mean term, (15), requires 12 operations: µt,i, j (u, v) = µi j × ∗(st + iuv ) − u × v × µi j × µt + µt ×
∗(su,v + d). Finally, the computation of (12) requires 12
more operations: λt,i, j (u, v) = 1 − (∗(σt (u, v) + iuv ) + ∗(σu,v +
d))/2 + (ψt,i, j (u, v) − µt,i, j (u, v))/(σt × σi j ). All of these computations sum up to 85 operations. If there are more than
one elimination tests, then 76 operations will be required for
each new test. Therefore, if τa are the average number of
elimination tests to be executed at each search location, then
(9 + 76τa )pq is the total cost of the elimination tests. If uv are
the average number of processed pixels at each search location,
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IV. PCE M ODE S ELECTION AND F INDING E FFICIENT
T ESTING S CHEME
For a specific dataset, the selection of BMP or EMP
algorithm may be done by comparison of the overheads
associated with each algorithm. For BMP algorithm, the cost
of processed pixels is larger while for EMP algorithm, the
cost of elimination tests is more. Therefore, mode selection
requires estimation of the amount of processed pixels and the
number of elimination test executions before the growth curve
intersects the threshold. These computations are dependent on
two important factors: the slope of the monotonic decreasing
curve and the magnitude of the current known maximum used
as the threshold (Figure 1). If the slope of the growth curve is
steep and the threshold is high, the growth curve will intersect
it after processing only few pixels.
At a particular search location, average slope of the monotonic growth curve depends on the final value of correlation
coefficient, ρt,i, j . If the final value of correlation coefficient
is significantly small, the slope of the growth curve will be
large and the number of processed pixels will be small. If
most of the search locations produce very small correlation,
the amount of the total performed computations will reduce
and eliminated computations will increase. Therefore, the
amount of computations strongly depends on the probability
distribution function of ρt,i, j . A distribution function skewed
towards negative side will reduce the amount of computations.
The amount of total computations also depends on the
number of elimination tests and the locations at which these
tests are executed. If only one elimination test has to be
executed, the location of this test may be determined by the
intersection of the average growth curve and the threshold. If
more than one elimination tests are to be performed, then the
correlation range may be divided into multiple intervals such
that each interval contain equal number of search locations
using the correlation histogram. An average growth curve may
be computed for each interval. The test locations will be found
by finding the intersection of each average growth curve with
correlation threshold (Fig. 2).
We observe that each average curve in Figure 2 is close to a
straight line, therefore the average distribution of dissimilarity
may be assumed to be uniform over all pixels. For a specific
2 ], may
search location, the average dissimilarity per pixel, E[∆t,i

1
Bin 12
0.837
Bin 11
0.67
Bin 10
0.503
Partial Correlation Value

then (13uv + 9 + 76τa )pq is the overall computational cost of
the EMP algorithm.
Other than the computational cost analysis, space complexity analysis of EMP algorithm is also performed. We observe
that only two arrays of size p × q to contain integral images
of r and r2 are required in addition to the memory space
required by the BMP algorithm or by efficient spatial domain
implementation based on (9).
Due to increased cost of the elimination tests in the EMP
algorithm, it is important to design an effective testing scheme
such that the number of elimination tests is minimized without
significant reduction in computation elimination. In the following section, an algorithm for efficient elimination scheme and
a criterion for PCE mode selection is presented.
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Fig. 2. Average growth curves of monotonic correlation coefficient plotted for
48 × 48 pixels 106 randomly selected templates from VG dataset. Correlation
coefficient range is divided into 12 bins. For a threshold of 0.837, 9 elimination
tests are found to be executed after processing 4, 5, 6, 7, 9, 12, 16, 26, and
48 rows respectively.

be defined by using (5) as
2
E[∆t,i,
j] =

1 m n δt (x, y) δi, j (x, y) 2
∑ ∑ ( σt − σi, j )
mn x=1
y=1

(16)

or in simplified form
2
E[∆t,i,
j ] = 2(1 − ρt,i, j )/(mn)

(17)

If the threshold ρth is larger than ρt,i, j , then r rows and
c columns may be processed such that the partial value of
similarity becomes equal to ρth :
2
rc = 2(1 − ρth )/E[∆t,i,
j ].

(18)

From (17) and (18)
rc = mn(1 − ρth )/(1 − ρt,i, j ).

(19)

In general, if the number of tests to be performed is ν, in order
to find location for each of the test, the range of correlation
coefficient is divided into ν intervals. Any search location
within the kth interval, 1 ≤ k < ν, will yield ρt,i, j , such that
−1 + 2(k − 1)/ν < ρt,i, j ≤ −1 + 2k/ν. Let rk be the number
of rows and ck be the number of columns to be processed
to eliminate all search locations within the kth interval, we
have to select ρt,i, j in (19) equal to the upper boundary of the
interval, −1 + 2k/ν, to get the kth test location
rk ck = mnν(1 − ρth )/(2(ν − k)).

(20)

If the number of elimination tests is known, (20) may be used
to find the index location at which each elimination test must
be executed. The number of elimination tests may be found
by comparing the overheads of BMP and EMP algorithms and
selecting the most efficient combination. As we will explain in
the following paragraphs, deciding the number of elimination
tests and selection of a particular PCE mode are interconnected
problems.
The overhead of the BMP algorithm may be estimated by
first estimating the total amount of the processed pixels, which
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requires correlation coefficient histogram to be known. Let
nk be the count of search locations in kth bin, and Pr {k} =
nk /(pq) be the probability that a search location will map to
the kth bin. Since the number of processed pixels are ck rk ,
computations done in the kth bin are pqck rk Pr {k}, and total
computations to be performed, wt , are given by the summation
over all bins. Substituting value of ck rk from (20)
1
pqν(1 − ρth )
∑ (ν − k) Pr{k},
2
k=1

(21)

The overhead of the EMP algorithm may be estimated by
computing total number of elimination test executions. Each
elimination test is performed on different number of search
locations. For example, first elimination test is performed on
all search locations, 2nd test is performed on all less the
locations in 1st bin, and so on. Let lk be the number of search
locations on which kth elimination test is executed
k−1

lk = pq(1 − ∑ Pr{i}).

(22)

i=1

Total number of elimination test executions, lt , is given by the
summation over all tests
k−1

ν

lt =

ν

∑ pq(1 − ∑ Pr{i}) = pq ∑ k Pr{k}
i=1

k=1

(23)

k=1

After estimating the total computations and the total number
of elimination test executions, we may compare the costs of
the BMP and the EMP algorithms. The EMP algorithm will
be selected if its cost is less than the BMP algorithm, or
13wt + 76lt < 17wt + 4lt , or if 4wt − 72lt > 0, otherwise BMP
algorithm will be used. From (21) and (23):
ν
1
Pr{k} − 36 ∑ k Pr{k} > 0
k=1
k=1 ν − k
ν

mnν(1 − ρth ) ∑

(24)

For a given dataset, correlation coefficient histogram may be
estimated empirically using a representative sample. However,
assuming a uniform correlation distribution, Pr{k} = 1/ν
and using the fact that ∑νk=1 1/(ν − k) = ∑νk=1 1/k ≈ ln(ν) +
0.5772, and ∑νk=1 k = ν(ν + 1)/2, (24) simplifies to:
mn(1 − ρth )(ln(ν) + 0.5772) − 18(ν + 1) > 0

(25)

As an example, let ρth = 0.90, then the EMP algorithm will be
selected if mn(ln(ν) + 0.5772) − 180(ν + 1) > 0. We observe,
for ν > 1, this inequality will never be satisfied for template
sizes < 21 × 21, therefore for these sizes the BMP algorithm
will be more efficient. For mn = 26 × 26, (25) remains positive
for maximum value of ν = 9. For all template sizes ≥ 21 × 21,
(24) will yield an upper bound on the number of elimination
tests that may be used with the EMP algorithm.
Another constraint that must also be satisfied by the number
of tests in the EMP algorithm is, the testing cost should be
less than the elimination benefit: et ≥ 76lt , where et is the total
eliminated computations. From (21), et = pqmn − wt , or
et = mnpq(1 −

1
ν(1 − ρth ) ν
∑ (ν − k) Pr{k})
2
k=1

ν
ν
ν
Pr{k}
mn(1 − (1 − ρth ) ∑
) − 76 ∑ k Pr{k} > 0
2
k=1 (ν − k)
k=1

(27)

As in the previous case, if we assume uniform correlation
coefficient distribution, Pr{k} = 1/v, then (27) simplifies
(1 − ρth )
(ln(v) + .5772)) − 38(ν + 1) > 0
(28)
2
As an example, let ρth = 0.90, we get: mn(1 −
(ln(v) + .5772)/20) − 64.6(ν + 1) > 0. For mn = 26 × 26 we
get ν = 14.
Two different upper bounds on the total number of elimination tests are obtained by (24) and (27). For example, for
mn = 26 × 26, (24) yield ν = 9, while (27) yield ν = 14.
Out of these two values, the minimum value will be used
as the upper bound on the number of elimination tests to be
used by the EMP algorithm. At a particular search location,
efficient test indices may be computed by using (20). For
mn = 26 × 26, ρth = 0.90, the test locations we get from (20)
are: {38, 43, 51, 61, 76, 101, 152, 304}. For the ease of implementation, the test locations should be aligned with the next
row boundary by using Ceil((rk ck )/n). Each elimination test
will be performed at the end of unique rows: {2, 3, 4, 6, 12}.
After using ceil function we have also selected unique rows,
therefore actual number of elimination tests may turn out to
be smaller than the upper bound given by ν.
mn(1 −

ν

wt = mn

From (26) and (23)

(26)

V. I NITIALIZATION S CHEMES FOR PCE A LGORITHM
The amount of eliminated computations strongly depends
on the position of the maximum in the search process. A
maximum found at the start of the search process may enhance
the elimination performance significantly as compared to a
maximum found near end of the search process. For larger
templates, we use coarse-to-fine initialization scheme [20] to
find a high correlation maximum. However, for small and
medium sized templates, we find that the coarse-to-fine scheme
often fail to find an effective initial threshold. This is because
of the fact that due to low-pass filtering and sub-sampling, the
coarse representation of small or medium sized templates may
lose uniqueness and match at arbitrary locations [29].
For small and medium sizes, we rearrange computations in
the PCE algorithm similar to the two-stage template matching [22] by dividing the template into two portions, a smaller
portion to be matched in the first stage and a larger portion to
be matched in the second stage. The portion of the template
to be matched in the first stage depends on the minimum
number of pixels to estimate the slope of the growth curve.
At the end of the first stage, we choose a search location with
maximum value of the partial correlation, λt,i (u, v). At this
location, complete correlation coefficient is computed which
is used as threshold in the second stage. At the start of the
second stage, at each valid search location, elimination test is
executed by using the threshold found in the first stage. At
each of the non-skipped location, computations are continued
until it gets eliminated or the computations are completed.
The computational overhead of Two-stage PCE algorithm is
traversing the search space twice.
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TABLE I
DATASET DESCRIPTION FOR THE BLOCK MOTION ESTIMATION
EXPERIMENTS

MovieName
FastFurios
BatmnBegns
KingKong
UnderWorld
SpiderMan
PinkFloyd
Metallica
Blade-2
ReturnKing
MissionImp
PiratCaribb

Dataset
FF4
BB8
KK8
UW12
SM12
PF12
MT16
BL16
RK16
MI16
PC8

FrameSize
256×608
288×704
240× 640
272 ×640
224 × 512
287×346
240×352
336 × 608
259 × 640
218×516
368×720

BlockSize
4×4
8×8
8×4
12×12
12×8
12×4
16×16
16×12
16×8
16×4
8×12

#Blocks
18151
10432
16610
4498
4515
7804
1320
4117
4948
6621
9761
Fig. 3.
Selected frames from Under World, Blade 2, Metallica, and Pink
Floyd video data sets showing abrupt intensity variations.

The two-stage initialization scheme is applicable for small
to medium sized templates, therefore it may be used with both,
the BMP and the EMP algorithms while the coarse-to-fine
scheme being effective for larger template sizes, may only be
used with the EMP algorithm.
VI. E XPERIMENTS AND R ESULTS
We have performed 53 experiments, in which 77800 templates of sizes varying from 4 × 4 to 128 × 128 pixels are
matched with 318 different reference images of sizes varying
from 240×320 to 736×1129 pixels. In our datasets, each of
the template is an independently captured image, containing
natural, and in some cases, synthetically generated distortions.
The BMP and the EMP algorithms are implemented in
C++ and compared with the currently known fast exhaustive
template matching techniques including a sequential implementation of FFT [24], a highly optimized implementation of
FFT known as FFTW3 [9], Zero-mean Enhanced Bounded
Correlation (ZNccEbc) [18] and an exhaustive spatial domain
implementation (Spat) [25] based on (9). The implementation
of ZEBC algorithm was provided by the original authors [18].
Besides correlation coefficient, we have also implemented
Sum of Absolute Differences (SAD) with Partial Distortion
Elimination (PDE) [13] and Successive Elimination Algorithm
(SEA) [30]. SAD being a simple match measure is not robust
to intensity and contrast variations. Therefore in many applications, such as feature tracking or video geo-registration, the
use of SAD as an image match measure is limited. However
SAD has often been used for block motion estimation in video
encoders. Therefore, we have compared SAD with Basic Mode
PCE, in block motion estimation experiment.
The execution times are measured on Dell Inspiron 6400,
with Intel Core 2 CPU 2.13 GHz processor and 2GB physical
memory. The datasets, executable scripts and detailed results
are available on our web site: http://cvlab.lums.edu.pk/pce.
A. Experiments with Basic Mode PCE (BMP) Algorithm
These experiments are performed in the perspective of
block matching for motion estimation. Similar to the typical
template matching problems, each block is matched with full
reference frame without skipping any search location. The
use of correlation coefficient for block motion estimation has
been motivated in [31]. The block matching experiments are

performed on 11 different datasets [21] taken from different
commercial movies (Table I and Fig. 3). Current frame is
divided into non-overlapping blocks and each block is matched
with full previous frame.
Since the template sizes vary from 4 × 4 to 16 × 16 pixels,
all < 21×21, therefore according to the mode selection results
derived in Section IV, BMP algorithm is used. The number
of elimination tests is kept same as the number of rows in a
template and each test is performed at the row-end. For the
BMP and the ZEBC algorithms, an initial correlation threshold
of 0.90 has been used. In ZEBC algorithm, the number of
partitions has been selected as recommended by [18]. The
number of rows should be fully divisible by the number of
partitions and the number of partitions should be close to 8.
Therefore, we have selected the number of partitions to be {4,
8, 8, 6, 6, 6, 8, 8, 8, 8, 8} respectively.
Total execution time for the block matching experiment,
over five frames in each dataset, is shown in Table II which
includes all computational overheads including the file I/O. In
these experiments, average speed up of the BMP algorithm
over FFTW3 is found to be 10.53 times, over ZEBC is 9.98
times and over SPAT is 7.11 times. Average computation
elimination is 91.20% for ZEBC and 86.30% for the BMP
algorithm. The ZEBC algorithm has higher elimination than
the BMP algorithm, however due to small template sizes
the EBC bound computation cost has increased than the
computation elimination benefit, therefore ZEBC has remained
significantly slower than the PCE algorithm. The FFTW3
based technique has also remained slower because for small
template sizes, the overhead of domain transformations has
exceeded the correlation cost in the spatial domain.
In these experiments, on the average, SAD with PDE and
SEA optimizations has remained 1.9 times faster than the BMP
algorithm. Due to low computational cost, SAD has often been
used in block motion estimation, however in videos with significant frame to frame intensity and contrast variations, block
motion computed by maximization of correlation coefficient
may result in increased compression [31].
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TABLE II
T OTAL EXECUTION TIME ( SEC ) FOR THE BLOCK MOTION ESTIMATION

TABLE III
DATASET DESCRIPTION FOR THE TWO - STAGE BASIC AND EXTENDED

EXPERIMENTS

MODE EXPERIMENTS ON FEATURE TRACKING ACROSS VIDEO FRAMES .
F EATURE SIZE VARIES FROM 4 × 4 TO 33×33 PIXELS WITHOUT SKIPPING

DataSet
FF4
BB8
KK8
UW12
SM12
PF12
MT16
BL16
RK16
MI16
PC8

FFTW3
1141.1
1141.2
1102.4
364.5
201.5
363.7
54.4
551.0
445.4
329.5
1116.9

ZEBC
1218.2
1081.7
1084.9
300.0
193.097
277.8
49.2
404.16
311.9
288.6
1450.1

SPAT
593.2
1608.0
355.1
270.3
152.6
167.48
58.7
397.4
280.4
189.3
630.6

PCE
40.7
80.7
78.83
64.3
30.9
37.3
11.6
66.394
57.3
41.1
125.6

SAD
127.2
21.4
22.0
18.3
6.2
6.9
5.8
15.8
14.9
5.3
40.6

Fig. 4. Selected frames from Night time Highway (NH) video, Un-manned
Aerial vehicle (UA), CLoud Tracking (CT), IR Pedestrian (IP), and the IR
Traffic (IT) video datasets.

B. Experiments with Two-stage BMP (T-BMP) and Two-stage
EMP (T-EMP) Algorithms
These experiments are performed in the typical template
matching scenario. A small feature template from the current
frame is matched with the full target frame, without skipping
any search location. These experiments are performed on five
different datasets, including the night time highway video,
UAV video, time lapsed still camera cloud images, and two
infra-red camera video datasets. In each of these datasets,
manually extracted feature templates from a single frame are
tracked in the remaining frames.
The UAV dataset is obtained by a digital video camera
attached with a UAV. Due to un-stability of the UAV, the
viewing geometry continuously changes resulting in projective
distortions. In the Night time Highway (NH) video dataset,
the only illumination source is the headlights of the vehicles,
which result in uneven scene illumination. The CLoud tracking
(CL) dataset consists of cloud images acquired by a still
camera. The cloud structure is non-rigid and illumination
conditions also vary over time. The Infra-Red (IR) video
datasets are acquired in two different scenarios, the pedestrian
video and the traffic video. Due to very low incident energy,
both IR videos suffer from significant background noise (see
Table III and Fig. 4 for dataset details).
Keeping in view the mode selection analysis done in Section
IV, for template sizes ≤ 21 × 21 pixels, T-BMP is used and
for the larger template sizes, T-EMP is used.

ANY INTERMEDIATE SIZE

Dataset
NH04 to 09
UA10 to 15
CL16 to 21
IP22 to 27
IT28 to 33

No.Feat
60
73
58
63
39

Feat Size Range
04×04 to 09×09
10×10 to 15×15
16×16 to 21×21
22×22 to 27×27
28×28 to 33×33

No.Frames
82
35
15
56
74

FrameSize
288×360
240×320
360×648
240×360
240×360

TABLE IV
T OTAL EXECUTION TIME ( SEC ) COMPARISON IN T WO - STAGE BASIC M ODE
PCE (T-BMP) EXPERIMENTS FOR TEMPLATE SIZES ≤ 21 × 21 PIXELS
DataSet
NH04
NH05
NH06
NH07
NH08
NH09
UA10
UA11
UA12
UA13
UA14
UA15
CL16
CL17
CL18
CL19
CL20
CL21

FFT
943.07
1015.32
998.74
1057.75
982.42
1030.78
4870.46
4851.96
4911.31
4986.54
5237.24
5221.95
727.75
723.05
737.98
739.53
721.40
727.02

FFTW3
281.81
288.33
417.40
279.49
497.47
350.89
352.71
819.82
894.62
565.11
892.43
1007.37
106.47
176.21
132.43
113.02
169.88
148.37

ZEBC
175.07
266.91
237.24
236.46
386.53
327.01
383.74
529.14
346.98
575.46
369.44
349.35
112.44
200.74
118.04
211.56
140.55
105.74

Spat
82.16
136.37
144.16
205.98
185.16
258.14
524.30
529.38
822.15
1071.88
956.55
1179.15
213.15
269.55
250.05
307.95
255.15
351.30

T-BMP
33.49
38.60
45.72
55.38
54.31
75.27
108.87
110.99
115.13
120.09
122.41
130.42
35.23
41.21
42.64
52.09
60.45
63.80

1) Comparison of T-BMP With Other Algorithms: In the
implementation of T-BMP, first stage consists of only 1 row
for templates of size 4×4 to 18×18, and 2 rows for 19×19 to
21×21 (computed by (20)). In the second stage, elimination
test is evaluated at the end of each row. An initial threshold of
0.90 has been used for both PCE and the ZEBC algorithms.
If a maximum higher than 0.90 is found in the first stage, that
maximum is used as threshold in the second stage otherwise
threshold remains 0.90. In ZEBC, the partition parameter has
been selected according to the recommendations given by [18]:
{4, 5, 6, 7, 8, 9, 5, 11, 6, 13, 7, 5, 8, 17, 9, 19, 10, 7}
respectively. The total execution time for FFT, FFTW3, ZEBC,
and T-BMP is given in Table IV. In these experiments, the TBMP algorithm has remained faster than the other algorithms
over all template sizes. Maximum speed up of T-BMP over
FFT is 44.74, over FFTW3 is 9.16, over SPAT is 7.12, and
over ZEBC is 9.04 times.
2) Comparison of T-EMP with Other Algorithms: The TEMP implementation details for ρth = 0.90 and mn = 22 × 22
to mn = 33×33 are given in Table V. First 2 rows are included
in stage-one and remaining template portion is included in
stage-two. In T-EMP, if a maximum higher than 0.90 is found
in the first stage, that maximum is used as threshold in the
second stage otherwise threshold remains 0.90.
The average computation elimination for the ZEBC and TEMP are 99.57% and 90.56% respectively. ZEBC has achieved
maximum computation elimination over all template sizes,
however the cost of elimination tests in ZEBC is larger than the
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TABLE V
PARTITION PARAMETER p FOR ZEBC ALGORITHM [18], UPPER BOUND
ON TOTAL NUMBER OF TESTS ν, ACTUAL NUMBER OF TESTS AND TEST
INDICES USED IN T-EMP ALGORITHM
DataSet
IP22
IP23
IP24
IP25
IP26
IP27
IT28
IT29
IT30
IT31
IT32
IT33

rows
22
23
24
25
26
27
28
29
30
31
32
33

p
11
23
12
5
13
9
14
29
10
31
8
11

ν
4
5
6
7
8
8
9
10
10
11
12
13

Actual Tests
3
3
4
4
5
5
6
6
6
7
7
8

Test Indices
2, 3, 6
2, 3, 7
2, 3, 4, 8
2, 3, 5, 10
2, 3, 4, 6, 12
2, 3, 4, 6, 12
2, 3, 4, 5, 7, 14
2, 3, 4, 5, 8, 16
2, 3, 4, 6, 8, 17
2, 3, 4, 5, 6, 9, 19
2, 3, 4, 5, 7, 10, 21
2, 3, 4, 5, 6, 8, 12, 23

TABLE VI
T OTAL EXECUTION TIME ( SEC ) COMPARISON FOR T WO - STAGE E XTENDED
M ODE PCE (T-EMP) EXPERIMENTS , FOR TEMPLATE SIZES ≥ 22 × 22
DataSet
IP22
IP23
IP24
IP25
IP26
IP27
IT28
IT29
IT30
IT31
IT32
IT33

FFTW3
221.03
247.24
296.13
105.67
208.77
247.24
213.56
215.86
281.64
99.23
236.65
136.23

ZEBC
211.22
365.91
279.19
134.24
197.33
189.76
195.38
308.35
168.53
278.20
138.86
160.07

SPAT
400.68
529.76
540.40
565.04
610.40
552.72
520.96
614.20
568.32
495.06
700.04
666.00

T-EMP
69.34
70.10
65.35
66.25
66.61
63.55
55.23
47.97
50.36
49.86
48.87
51.49

SAD
49.42
59.02
64.42
75.79
80.03
94.96
15.05
17.27
17.58
19.99
20.26
23.19

benefit obtained by elimination, therefore ZEBC has remained
slower than T-EMP. The total execution times for FFTW3,
ZEBC, and T-EMP are given in Table VI. T-EMP has remained
faster than the other algorithms over all template sizes. The
maximum speed up of T-EMP over FFTW3 is 5.59, over SPAT
is 14.32, and over ZEBC is 6.43 times.
3) Comparison of T-BMP with T-EMP: We have compared
T-BMP with T-EMP on CL16, CL17, CL18, CL19, CL20,
CL21, IP22, IP23, IP24, IP25, IP26 and IP27 datasets. Execution time in seconds for T-BMP is given by {35.23, 41.42,
42.64, 52.09, 60.45, 63.83, 66.97, 74.72, 90.97, 94.49, 104.65,
117.31} respectively. Execution time for T-EMP is given by
{47.44, 48.67, 50.42, 54.63, 54.91, 54.18, 69.34, 70.10, 65.35,
66.25, 66.61, 63.55} respectively. In these experiments, TBMP is faster for datasets CL16, CL17, CL18, CL19, and
IP21 while T-EMP is faster for CL20, IP22, IP23, IP24, IP25,
IP26 and IP27 datasets. These experiments show that T-BMP
is faster on sizes ≤ 19 × 19, while T-EMP is faster for sizes
≥ 22 × 22 pixels.
C. Experiments with Coarse-to-fine Extended Mode PCE (CEMP) Algorithm
These experiments are performed on Video Georegistration (VG) dataset taken from [19]. It consists of
11 different template sizes and 300 templates in each size:
{472 , 482 , 632 , 642 , 792 , 802 , 952 , 962 , 1112 , 1122 , 1272 , 1282 }.
The reference image is 736 × 1129 pixels. Further dataset
details may be found in [19].

For ρth = 0.90 and ν = {10, 12, 14, 16, 19, 22}, each correspond to two consecutive template sizes. The corresponding
unique row index computed by (20) are {( 3, 4, 5, 6, 9, 13,
26), (3, 4, 5, 6, 7, 8, 10, 14, 21, 42), ( 4, 5, 6, 7, 8, 9, 10, 12,
15, 20, 30, 60), (4, 5, 6, 7, 8, 9, 10, 11, 14, 17, 23, 34, 68),
(5, 6, 7, 8, 9, 10, 12, 14, 16, 20, 27, 41, 82), (6, 7, 8, 9, 10,
11, 12, 14, 16, 19, 22, 28, 37, 56), ( 7, 8, 9, 10, 11, 12, 13,
15, 16, 18, 21, 25, 29, 37, 49, 74 )}.
The partition parameter in ZEBC has been selected according the recommendation given in [18]: {47, 8, 9, 8, 79, 8, 5, 8,
37, 8, 127, 8} respectively. Transitive Elimination Algorithm
(TEA) [19] for correlated templates has also been run upon
VG dataset. The GOP parameter was initialized to 7, while
the actual GOP length was computed at run time.
Both ZEBC and C-EMP algorithms are initialized with
coarse-to-fine scheme. Gaussian level 2 pyramids are used
to find an approximate matching location. The best match
location is found at level 2 and projected to the actual size.
Around the approximate best match location, 5×5 correlations
are done for fine search. The maximum found by this scheme
is used as ρth if larger than 0.90, otherwise ρth = 0.90 is used.
The execution time of different algorithms is shown in Table
VII. In these experiments, C-EMP has remained faster than
ZEBC over 8 datasets with a maximum speed up of 6.15
times, while on the 4 remaining datasets the performance of
C-EMP is close to ZEBC. It is because ZEBC performs well
on sizes divisible by 8 and performs poor if rows are prime
number. In comparison with FFTW3, the C-EMP has remained
faster over 6 datasets with maximum speed up of 1.60, while
FFTW3 has remained faster than C-EMP on the 6 remaining
datasets. Often the performance of FFT also deteriorates on
prime sized datasets however the performance of FFTW3 is
same on prime and non-prime sizes. FFTW3 adapts to the
hardware to maximize performance and also utilizes the SIMD
instructions which perform same operation on all elements
in a data array, in parallel. The C-EMP algorithm has been
sequentially implemented without any low-level optimization.
Despite significant optimizations of FFTW3 algorithm, in
our experiments, the PCE algorithms have remained faster than
FFTW3, for all template sizes from 4 × 4 to 48 × 48, and then
for 64 × 64, 79 × 79, 80 × 80, and 95 × 95, while no other
spatial domain algorithm has remained faster than FFTW3 for
so many sizes.
VII. C ONCLUSION
In this work we have demonstrated the concept of Partial
Correlation Elimination (PCE) algorithms for correlation coefficient (ρ) based fast template matching. In this regard, two
different types of algorithms are proposed: Basic Mode PCE
(BMP), more efficient on small templates, and Extended Mode
PCE (EMP), more efficient on medium and large templates.
For a given dataset, a mode selection scheme has also been
formulated. Effective initialization strategies have also been
proposed: coarse-to-fine scheme for large template sizes and
a novel two-stage PCE algorithm for small and medium sized
templates. BMP and EMP algorithms are exact, having exhaustive equivalent accuracy, and are compared with existing
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TABLE VII
V IDEO GEO - REGISTRATION WITH COARSE TO FINE INITIALIZATION
SCHEME

DataSet
VG047
VG048
VG063
VG064
VG079
VG080
VG095
VG096
VG111
VG112
VG127
VG128

FFT
1254.38
1289.64
1256.11
1230.05
1242.3
1249.8
1234.6
1265.9
1296.3
1292.3
1247.7
1267.8

FFTW3
193.13
169.10
184.39
221.21
172.92
217.86
246.41
180.65
239.32
169.74
227.43
250.86

ZEBC
609.44
180.86
222.92
194.29
941.29
189.24
258.6
212.69
489.1
267.76
1645.1
280.68

Spat
1175.50
1194.20
2256.00
2185.20
3488.7
3195.1
4518.1
4531.4
6205.6
6049.6
7154.4
7052.4

C-EMP
120.36
113.88
224.97
211.43
162.4
164.81
221.22
222.12
260.42
267.98
267.36
266.58

TEA
247.96
247.92
250.86
251.00
261.42
261.75
265.47
265.64
267.56
267.3
267.99
268.29

fast exhaustive techniques including ZEBC and FFTW3. On
small and medium sized templates, PCE algorithms have
outperformed other algorithms by a significant margin, while
on the larger sized templates PCE algorithms have shown
competitive performance.
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