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Abstract

An often overlooked problem in matching lies in select-
ing an appropriate step size. The selection of the step size
for real-time applications is critical both from the point
of view of computational efficiency and detection perfor-
mance. Current systems set the step size in an ad hoc man-
ner. This paper describes an algorithm for selecting the step
size based on a theoretical worst case analysis. We have im-
plemented this adaptive step size method in an object detec-
tion algorithm. Experimental evaluation demonstrates the
effectiveness of our proposed algorithm.

1 Introduction

Matching window techniques represent popular methods

in computer vision for matching regions in one image to

another. They constitute a central component of many im-

portant problems in computer vision such as stereo recon-

struction (e.g., [2]), optical flow (e.g., [1, 3]), structure from

motion (e.g., [8]) and object detection (e.g., [9]). Standard

matching window techniques in the literature include: sum

of squared differences (SSD), sum of absolute differences

(SAD) and normalized cross correlation [5].

Several aspects of matching window methods that have

previously been addressed include window size [6] and il-

lumination invariance [4]. In this paper, our focus is on

computational efficiency aspects of window matching ap-

proaches.

A match is determined by selecting the position of “max-

imum similarity” between the target image and a windowed

image region considered at all possible positions of the

search image. Given a target size of m × n in a search im-

age of size M × N , the complexity of an exhaustive search

is O((M − m)(N − n)mn), assuming a similarity metric

that can be computed in linear time. Several approaches

have been proposed to reduce the computational burden,

such as pyramid methods [1, 3, 10] and Fourier methods [5].

Rather than perform these image transformations and incur

the additional costs, many search window implementations

opt for applying the similarity computation on a subset of

all possible positions by using a fixed step size greater than

one. For instance, Viola and Jones [9] use a step size of 1.5.

These choices are usually accompanied by the fuzzy argu-

ment that the distance metric changes gradually over space

thus the risk of missing the target by skipping pixels is low.

In this paper, we propose an adaptive step size algorithm for

image search based on a worst-case analysis of the template

image computed offline.

1.1 Outline of paper

The remainder of this paper is subdivided into four main

sections. Section 2 introduces the formulation of the prob-

lem and provides a theoretical analysis of step size selec-

tion. Section 3 outlines an efficient implementation of our

adaptive step size scheme. Section 4 summarizes the empir-

ical evaluation of an algorithmic instantiation of our analy-

sis. Finally, Section 5 provides a summary.

2 Technical approach

In this paper, we limit our discussion to intensity images

with intensity values in the range [IL, IH ]. A target object

T of size m×n is searched for at all possible positions in a

search image S of size M ×N . In this paper we present an

analysis of the SSD matching metric. SSD (sum of squared

differences) is a widely used similarity metric, due to its

simplicity and efficient computation (linear time complex-

ity in the size of the input images). SSD measures distance

or dissimilarity between two input images; low SSD scores

indicate a high degree of similarity between the two im-

ages. Using row-major indexing (matrix notation), the SSD

between images P and Q is given by,

SSD(P,Q) :=
∑

i

∑

j

(Pi,j − Qi,j)2. (1)

The window scanning technique slides a window over

the search image S, and computes the SSD distance be-

tween the image segment defined by the window and the
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Figure 1. a. The m×n target image translated
by a displacement of (u, v) from position (1, 1)
in the search image to position (u+1, v+1). b.
A subdivision of the original and translated
images into areas, to facilitate analysis. Note
that areas A and D overlap.

target image T at each location. An SSD score below some

set threshold is considered a match. As the window is

moved over the search image, the SSD score changes grad-

ually over the search space. The exact change at each pixel

depends on the search image, but the maximum possible

change as a result of a spatial shift by any given offset can

be computed offline for target image T , independently of

the search image, S, as described below. Given a known

SSD score at point p, this worst-case analysis leads to an

adaptive step size selection at location p, effectively elim-

inating from the search an area around p where the SSD

score is guaranteed to be above the set threshold. Note that

for our purpose, the worst-case analysis is only concerned

with maximum negative changes in SSD.

For ease of exposition and without loss of generality, we

set the coordinate system so that pixel p (where the SSD

score is known) is at (1, 1), as depicted in Figure 1(a), and

derive a lower bound for the SSD score at location (u +
1, v + 1), for 0 ≤ u < m, 0 ≤ v < n. A similar approach

may be used to derive the lower bound for SSD scores at

shifts with v ≤ 0. Using the decomposition depicted in

Figure 1(b), the SSD distances at (1, 1) and (u + 1, v + 1)
can be written as,

d1,1 = A + B + C (2)

du,v = D + E + F (3)

where

A =
m∑

i=u+1

n∑

j=v+1

(Si,j − Ti,j)2 (4)

B =
m∑

i=u+1

v∑

j=1

(Si,j − Ti,j)2 (5)

C =
u∑

i=1

n∑

j=1

(Si,j − Ti,j)2 (6)

D =
m∑

i=u+1

n∑

j=v+1

(Si,j − Ti−u,j−v)2 (7)

E =
m−u∑

i=1

n∑

j=n+1−v

(Si+u,j+v − Ti,j)2 (8)

F =
m∑

i=m+1−u

n∑

j=1

(Si+u,j+v − Ti,j)2 (9)

Let dy,x denote the SSD score at location (y, x). We

define Δu,v as the drop in SSD score resulting from a dis-

placement (u, v), (e.g., from (1, 1) to (u + 1, v + 1)),

Δu,v := d1,1 − du+1,v+1. (10)

We are interested in finding the upper bound of Δu,v , given

target image T over the domain of all values of IL ≤ Si,j ≤
IH . Since components B, C, E and F are independent,

from equations (2), (3) and (10),

sup(Δu,v) = sup(d1,1) − inf(du,v)
= sup(A − D) + sup(B) + sup(C)

− inf(E) − inf(F ) (11)

where sup(X) denotes the supremum (least upper bound)

and inf(X) denotes the infimum (greatest lower bound) [7].

Since IL ≤ Ti,j ≤ IH and IL ≤ Si,j ≤ IH , ∀i, j,

inf(E) = inf(F ) = 0. (12)

Since the derivative of components B and C with respect

to Si,j is linear, their supremum lies at an extremum of Si,j ,

sup(B) =
m∑

i=u+1

v∑

j=1

max{(IH − Ti,j)2, (IL − Ti,j)2} (13)

sup(C) =
u∑

i=1

n∑

j=1

max{(IH − Ti,j)2, (IL − Ti,j)2}. (14)

The supremum for A − D is derived in Eq. (15) and

(16). Given any target image, sup(Δu,v) can be computed

offline, effectively resulting in a two-dimensional map of

the largest negative change in SSD score possible as a re-

sult of a spatial shift. Figure 2 presents several objects and
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A − D =
m∑

i=u+1

n∑

j=v+1

(Si,j − Ti,j)2 − (Si,j − Ti−u,j−v)2

=
m∑

i=u+1

n∑

j=v+1

(Ti,j − Ti−u,j−v)(Ti,j + Ti−u,j−v − 2Si,j) (15)

sup(A − D) =
∑

i=u+1...m
j=v+1...n

Ti,j≥Ti−u,j−v

(Ti,j − Ti−u,j−v)(Ti,j + Ti−u,j−v − 2IL)

+
∑

i=u+1...m
j=v+1...n

Ti,j≤Ti−u,j−v

(Ti,j − Ti−u,j−v)(Ti,j + Ti−u,j−v − 2IH) (16)

their sup(Δu,v) maps depicted as contour maps. As (u, v)
moves away from the zero position, representing larger

shifts, sup(Δu,v) generally grows, indicating larger max-

imum possible drops in SSD score as a result of translation.

3 Efficient storage and search

The offline computation of sup(Δu,v) enables a faster

matching search by eliminating significant areas of search

image S from the search space. If the computation of SSD

at location p yields a score that is higher than the target

threshold by δ, then by superimposing the contour map of

the model around point p, a region bounded by the δ contour

may be eliminated.

A naive implementation may store a boolean mask over

search image S to keep track of which search locations have

been tested or eliminated from the search by previous com-

putations. However, such a brute force algorithm would still

be expensive, as it would require O(m × n) additional op-

erations at each location to compute the region that may be

excluded from the search.

We propose a more efficient approach. Instead of stor-

ing the sup(Δu,v) contour map as a matrix, we store a

list of triplets
〈
u, v, sup(Δu,v)

〉
, sorted offline by values

of sup(Δu,v). Each SSD computation is followed by a

sequential scan of the list until an entry is found where

sup(Δu,v) > δ. At each entry (u, v) where sup(Δu,v) ≤ δ
one pixel is eliminated from the search space. The amor-

tized cost of traversing this list for the entire search is pro-

portional to the size of the search image S, since the opera-

tion required to eliminate one pixel is of constant time (vs.

O(m × n) in the naive computation).

Step Total SSD computations False

size a b c positives

1 36,494 230,919 160,640 no

1.5 16,340 102,758 71,690 possibly

2 9,159 57,974 40,160 possibly

Adaptive 4,443 32,516 14,379 no

Table 1. The number of SSD computations
performed by different algorithms on the ob-
ject detection experiments (columns a, b and
c) depicted in Figure 3, and whether false
positives are introduced as a result of the
step size used.

4 Empirical evaluation

To test the effectiveness of our technique, we conducted

the experiments depicted in Figure 3. The detection of the

model objects on the left was carried out using SSD match-

ing in the search image on the right. We set the detection

threshold empirically to the SSD score at the position of

maximum similarity so that a match is realized at exactly

one pixel.

Table 1 compares the computational cost incurred by our

adaptive step size selection approach against several fixed

step sizes in terms of the number of SSD computations per-

formed. Running times were approximately proportional to

the number of SSD computations performed, indicating that

the time spent scanning the sorted contour maps was negli-

gible. In techniques that use a fixed step size greater than

one, the target was missed since the search was not exhaus-

tive. In contrast, our adaptive approach detected the object

while computing SSD in only 12, 14 and 9% of the search

space, in test cases a, b and c, respectively.
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Figure 2. Target images (left) and their
sup(Δu,v) contour maps computed offline
(right).

5 Summary

In this paper we have demonstrated a principled way for

selecting a step size adaptively for SSD-based matching.

The adaptive step size is based on a worst-case analysis that

guarantees that no missed detections are introduced as a re-

sult of not computing SSD at every pixel. Empirical results

demonstrate the potential effectiveness of this method. In

future work we plan to extend this approach to other dis-

tance metrics (e.g., correlation, SAD) and other image rep-

resentations (e.g., color).
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