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Abstract. Several methods aimed at effectively speeding up the block
matching and template matching tasks have been recently proposed. A
class of these methods, referred to as exhaustive due to the fact that
they optimally solve the minimization problem of the matching cost,
often deploys a succession of bounding functions based on a partitioning
of the template and subwindow to perform rapid and reliable detection
of non-optimal candidates. In this paper we propose a study aimed at
improving the efficiency of one of these methods, that is, a state-of-
the-art template matching technique known as Incremental Dissimilarity
Approximations (IDA). In particular, we outline a methodology to order
the succession of bounding functions deployed by this technique based
on the analysis of the template only. Experimental results prove that the
proposed approach is able to achieve improved efficiency.

1 Introduction and previous work

Template matching and block matching are two classical image analysis prob-
lems that occur in countless vision applications. Template matching is widely
deployed for tasks such as quality control, defect detection, robot navigation,
face and object recognition, edge detection. On the other hand, block matching
is a common approach adopted, e.g., for the purpose of motion estimation in
video compression, so as to reduce temporal redundancy in video sequences.

Template matching and block matching inherently rely on a matching cost
that, once minimized (or maximized, in case a similarity measure is deployed)
allows locating the position of the template in the search space. Commonly used
matching costs are those derived from the Lp norm:

δp(x, y) = ||Is(x, y) − T ||pp =
M∑

i=1

N∑

j=1

∣∣I(x + i, y + j) − T (i, j)
∣∣p (1)

where T is the template to be found and I(x, y) is the image subwindow at
location (x, y), both of size M × N , while || · ||p denotes the Lp norm. If p = 1
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then δp(x, y) is the Sum of Absolute Differences (SAD), while by taking p = 2
it becomes the Sum of Squared Differences (SSD).

Since this task is usually computationally expensive, several methods have
been recently proposed with the aim of rendering this minimization procedure
more efficient. Within them, a class of methods is referred to as exhaustive
since they optimally solve the problem by guaranteeing that the minimum they
find is always the global one [2], [4], [5], [3], [7], [6], [8], [9]. One of the first
exhaustive methods ever proposed is Partial Distortion Elimination (PDE) [9],
which simply terminates the computation of the SAD function once the error
becomes higher than the current minimum. Then, Li and Salari [1] proposed
a method that deploys the triangular inequality to rapidly detect non-optimal
candidates based on the SAD measure. Successive proposals tried to improve Li
and Salari’s performance by using partitioning schemes and relying on several
more sophisticated bounding functions computed on corresponding parts of the
template and subwindow.

Some of these techniques apply an iterative refinement of the bounding func-
tion based either on multilevel schemes [4], [7] or on the concept of partial cost
[2], [9]. It is interesting to note that very few investigations have been performed
so far on which parts of the template and subwindow should be analyzed first
during this iterative process. As a matter of facts, the majority of these methods
simply analyses the partitions in a sequential manner. In [10] an improvement of
the PDE method is proposed that relies on the analysis of the image subwindow
I(x, y) in order to detect the regions of the subwindow where the matching cost
should be computed first.

In this paper, we propose an analysis aimed at improving the performance
of a state-of-the-art template matching technique known as Incremental Dis-
similarity Approximations (IDA) [2]. In particular, the investigation aims at
outlining a strategy to select on which parts of the template and subwindow the
matching cost should be computed first. A relevant aspect is that the analysis is
carried out on the template only, so that it can be regarded as an offline stage of
the algorithm and therefore does not yield any computational overhead at run-
time. The paper is structured as follows. Section 2 reviews the IDA technique,
while Section 3 describes the proposed approach. Then, 4 presents experimental
results aimed at assessing the improvements yielded by the proposed method.

2 The IDA algorithm

The IDA technique is an exhaustive technique that aims at speeding up template
matching based on matching costs derived from the Lp norm and relies on the
triangular inequality:

||Is(x, y) − T ||pp ≥ ∣∣||Is(x, y)||p − ||T ||p
∣∣p (2)

Hence, the right-hand term, hereinafter recalled as βp(x, y), is a lower-bound of
δp(x, y). Let’s now consider a partitioning of the template and the image sub-
window into r disjoint regions. In order to increase the computational efficiency,
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IDA deploys regions made out of successive rows and characterized by equal
number of rows, n (under the assumption that N is a multiple of r). Given the
definition of partial bound term computed between rows (ρ, θ):

βp(x, y)|θρ =
∣∣||Is(x, y)||p

∣∣θ
ρ
− ||T ||p

∣∣θ
ρ

∣∣p =

∣∣[
M∑

i=1

θ∑

j=ρ

∣∣I(x + i, y + j)
∣∣p] 1

p − [ M∑

i=1

θ∑

j=ρ

∣∣T (i, j)
∣∣p] 1

p
∣∣p (3)

and partial dissimilarity term between rows (ρ, θ):

δp(x, y)|θρ = ||Is(x, y) − T ||pp
∣∣θ
ρ

=
M∑

i=1

θ∑

j=ρ

∣∣I(x + i, y + j) − T (i, j)
∣∣p (4)

it is possible to compute (3) on each of the r regions defined on the template
and image subwindow and to sum up these terms:

βp,r(x, y)|N1 =
r∑

t=1

βp(x, y)|t·n(t−1)·n+1 (5)

so as to get a lower bound of the δp(x, y) function which is tighter than (2), i.e.:

δp(x, y) ≥ βp,r(x, y)|N1 ≥ βp(x, y) (6)

The bounding property of function βp,r(x, y, n)|N1 can be deployed in order to
select rapidly non-optimal candidates thanks to the following sufficient condition:

βp,r(x, y)|N1 > δm (7)

where δm is the minimum of the distance function found so far. If inequality
(7) holds, then the current candidate can not be the one yielding the global
minimum due to the left inequality in (6); thus, the algorithm can proceed with
the next candidate saving the computations needed for δp(x, y).

In case (7) is not verified, IDA determines a more efficient sufficient condition
characterized by a bounding function closer to the actual value of the δp(x, y)
function. This is done by computing the partial dissimilarity term associated
with the first region and then using it to replace the corresponding partial bound
term in βp,r(x, y)|N1 :

γp,(r−1)(x, y) = δp(x, y)|n1 + βp,(r−1)(x, y)|Nn+1 (8)

yielding an associated sufficient condition analogous to (7). Should this new
condition be not verified either, the algorithm would continue checking other
sufficient conditions characterized by increasing efficiency by substituting, at
generic step i, the i − th partial bound term with its corresponding partial
dissimilarity term. Overall, the algorithm can test up to r increasingly tighter
sufficient conditions, associated with bounding functions

βp,r|N1 , γp,(r−1), γp,(r−2), · · · , γp,1 (9)
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Should no one of these conditions be verified, the algorithm would complete the
computation of the dissimilarity function by calculating the partial dissimilarity
term associated with the last region and then compare δp(x, y) to δm. Thanks
to this scheme, the IDA algorithm has proved to achieve notable speed-ups
compared to state-of-the-art techniques [2].

3 The proposed ordering approach

As pointed out in the previous Section, the IDA algorithm exploits a succession
of increasingly tighter bounding function based on the substitution of the partial
bound term with the partial dissimilarity term on the current region. This is done
by following a naive top-down scheme that starts computing the first partial
dissimilarity on the first region and sequentially follows down to the last region
(forward substitution). The rationale beyond this work is to propose a more clever
approach to order the computation of the partial dissimilarity terms on the r
regions upon some criteria based on the characteristics of the data. In particular,
since we don’t want to increase the computational burden of the algorithm, the
proposed approach should rely on the analysis of the template only, so that the
computation of the best ordering of the partition could be seen as a negligible
offline stage of the process, that has to be computed once for each template used
in the search.

The intuitive assumption, supported by experimental analysis, is that on
those areas of the template where the signal is stronger, the partial bound term
tends to be less tight to the corresponding partial dissimilarity term. Hence, as
a general rule the partial dissimilarity term should be computed first on those
regions denoted by the highest presence of signal (i.e. non-uniform regions). In
our approach, to measure the amount of signal present on the t-th region, we
use a very basic indicator such as the intensity variance:

σt(x, y) =
1

M · n ·
M∑

i=1

t·n∑

j=(t−1)·n+1

(T (i, j)− μt(x, y))2 (10)

μt being the mean intensity value computed on the region:

μt(x, y) =
1

M · n ·
M∑

i=1

t·n∑

j=(t−1)·n+1

T (i, j) (11)

The computation of (10) on all the r regions of the template allows to de-
rive the following order rule: the first region on which the partial dissimilarity
term is computed in case the first sufficient condition (7) does not hold is the
one referring to the template region with the highest variance. Then, successive
partial dissimilarity terms are computed following a decreasing variance order of
the corresponding template region. The last partial dissimilarity term, that com-
pletes the computation of the dissimilarity term, is computed on the template
region yielding the lowest variance. Fig. 1 shows an example that highlight the
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Fig. 1. Example showing the proposed ordering scheme compared to the original IDA
ordering scheme on a template partitioned into 4 regions (i.e. r = 4.)

different region ordering between the original IDA algorithm and the proposed
approach.

Overall, since the variance of the template regions can be computed offline,
the only computational overhead introduced at runtime by the proposed scheme
compared to the original IDA approach is given by the access to the index vec-
tor that stores the partition ordering for the template being used. This small
overhead has been experimentally demonstrated to be negligible, as it will also
evident from the results presented in the next Section. Furthermore, it is worth
pointing out that the proposed scheme could be extended to all template match-
ing and block matching methods that include a successive refinement of the
bounding term, e.g. as it is the case of [4], [7], [9].

4 Experimental results

This section presents experimental results aimed at assessing the capabilities
of the proposed ordering scheme to speed up the IDA technique. As shown in
Fig. 2, the dataset for testing is composed by three images, where templates are
extracted from (upper row in the Figure), and three reference images where the
extracted templates have to be located (lower row in the Figure). All reference
images are sized 640 × 480 while all extracted templates are 64 × 64. As it can
be seen from the Figure, distortions between the templates and the image come
from different sources such as artificial noise (Pcb), different view point and
image defocus (Ringo), different view point and occlusions (Wafer). A total of
30 templates are randomly extracted from each image, using a fixed threshold on
the variance of the intensities to reject uniform templates: hence, overall a total
of 90 template matching instances are tested for each comparison. All execution
times were measured on a PC with a 2.0 GHz P4 CPU. All template matching
algorithms are based on the SSD measure.

Figure 3 shows the ratio between the speedups with respect to the Full Search
algorithm yielded by IDA with the proposed partition ordering and those yielded



6 Authors Suppressed Due to Excessive Length

Fig. 2. The dataset used for experimental results. Upper row: images where the tem-
plates are extracted from. Lower row: reference images where the templates have to be
located.

by IDA with the conventional forward substitution (i.e. partial distances are
computed starting from the first partition to the last one) for the typical values
of the partition parameter r (i.e. 4, 8, 16) suggested in [2]. Analogously, Figure 4
shows the ratio between the speedups yielded by the proposed ordering strategy
and those yielded by IDA deploying a backward substitution (from the last part
to the first one) for the same values of the partition parameter r as in Fig. 3.

As it can be seen from the two Figures, the proposed ordering scheme is
effective in improving the efficiency of the IDA algorithm with respect to a naive
approach (i.e. forward or backward substitution). In particular, it is important to
note that on the considered dataset the reported speed-ups are never significantly
lower than 1 (the minimum speed-up being 0.96), while they range up to 3.4.
In addition, Table 1 reports the mean speed-ups yielded by IDA deploying the
proposed ordering scheme compared to the Full Search algorithm, using the
same values of parameter r as in the Figures 3, 4, that demonstrates the notable
efficiency of the overall technique.

Table 1. Speed-ups yielded by IDA deploying the proposed scheme vs. Full-Search

Dataset r=4 r=8 r=16

Pcb 18.3 27.4 31.6

Ringo 69.0 84.8 76.9

Wafer 30.0 49.0 48.2
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Fig. 3. Comparison between the speed-ups yielded by the proposed ordering strat-
egy and those yielded by the conventional IDA approach (forward substitution) with
different values of r.

To complete our experimental analysis, we also show, in Fig. 5, the 10 tem-
plates yielding the highest speedups in the results reported in Figures 3 and
4 (i.e., 5 for the forward substitution case and 5 for the backward substitu-
tion case). It is interesting to note that, in the first case, these templates show
low-textured areas in the upper areas, with most of the signal concentrated in
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Fig. 4. Comparison between the speed-ups yielded by the proposed ordering strategy
and those yielded by the conventional IDA approach (backward substitution) with
different values of r.

the middle-low part. This confirms the intuition that starting to compute the
partial dissimilarity terms with the forward substitution method yields less ef-
fective sufficient conditions compared to the proposed ordering approach, thus
the majority of non-optimal candidates requires the computation of more partial
dissimilarity terms, that render the whole technique slower. An analogous situa-
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Fig. 5. Templates yielding the highest speedups between IDA with the proposed order-
ing scheme and the standard IDA algorithm in the forward and backward substitution
cases.

tion occurs in the backward substitution case, where this time the low-textured
regions are those in the lower part of the templates.

5 Conclusions

This paper presented an ordering method for the partitioning scheme deployed
by an exhaustive template matching technique known as IDA. The experimental
results presented in this paper allow us to conclude that the proposed scheme is
an effective way to improve the capabilities of the IDA algorithm, since it is able
to achieve notable speed-ups compared to the naive scheme embedded in the
original IDA algorithm, and in the worst case it performs as well as the original
IDA algorithm. We look forward to applying the proposed approach to other
methods such as PDE or [7].
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