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a b s t r a c t

The recently introduced TSSIM clutter metric is currently the best predictor of human visual search per-
formance for natural images (Chang and Zhang [1]). The TSSIM quantifies the similarity of a target to its
background in terms luminance, contrast and structure. It correlates stronger with experimental mean
search times and detection probabilities than other clutter metrics (Chang and Zhang [1,2]). Here we
show that it is predominantly the structural similarity component of the TSSIM which determines human
visual search performance, whereas the luminance and contrast components of the TSSIM show no rela-
tion with human performance. This result agrees with previous reports that human observers mainly rely
on structural features to recognize image content. Since the structural similarity component of the TSSIM
is equivalent to a matched filter, it appears that matched filtering predicts human visual performance
when searching for a known target.

� 2010 Elsevier B.V. All rights reserved.

1. Introduction

It is well known that visual targets that are similar to their local
background or to details in other parts of the scene are harder to
find than targets which are highly distinct. This obscuring effect,
which is generally known as clutter, determines human visual
search and detection performance in electro-optical image to a
large extent. Many attempts have been made to quantify the ef-
fects of clutter by means of digital clutter metrics. However, since
the concept is inherently elusive, attempts to model clutter have
only been partly successful [3–6,6–17].

Visual search experiments have shown that detection perfor-
mance depends mainly on the energy contrast between a target
and its local background, whereas recognition depends mainly on
the structural dissimilarity between a target and its surround
[18,19]. For complex scenes, the spatial relationships (shape and
relative location) of features in an image can have a greater effect
on detection than the relative luminance of the features [3]. Higher
overall contrast may even reduce the amount of perceived clutter
because confusing objects are more readily recognized for what
they are – nontarget scene elements. An effective clutter metric
should account for this type of cognitive screening.

Wang and Bovik introduced the structural image similarity in-
dex (SSIM) which measures the similarity between images in
terms of luminance, contrast and structure [20–24]. The SSIM has
successfully been deployed to model human visual perception of

image distortions and modifications in a wide range of different
imaging applications (for an overview see [22]). Chang and Zhang
[1,2] recently introduced the TSSIM clutter metric, which deploys
the SSIM to quantify the similarity of a target to its background
in terms luminance, contrast en structure. They showed that the
TSSIM correlates significantly with mean search time and detection
probability [1,2]. However, it is not immediately obvious to what
extent each of the three TSSIM components contributes to this
correlation.

Here we analyze the predictive performance of each of the three
TSSIM components, and we show that it is predominantly the struc-
tural similarity component which determines human visual search
performance, whereas the luminance and contrast components of
the TSSIM show no relation with human performance. The rest of
this paper is organized as follows. In Section 2 we show how rewrit-
ing the TSSIM in its full form allows the assessment of the contribu-
tion of the luminance, contrast and structural similarity
components to the overall clutter metric. In Section 3 we describe
how the performance of the TSSIM was evaluated by deployment
to a set of natural images for which human observer data are avail-
able. The results of this experiment are presented in Section 4.
Finally, the conclusions of this study are presented in Section 5.

2. Clutter metrics

2.1. The structural similarity (SSIM) index

Let x = {xi|i = 1, 2, . . . , N} and y = {yi|i = 1, 2, . . . , N} represent two
discretely sampled grayscale image patches that need to be
compared. Let lx, ly, rx, ry, rxy respectively be the mean of x, the
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mean of y, the standard deviation of x, the standard deviation of y,
and the covariance of x and y, defined as:
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The mean signal intensity and its standard deviation (the square
root of variance) can be regarded as rough estimates of respectively
local image luminance and contrast. The covariance of x and y (nor-
malized by their respective variances) reflects the tendency of the
two signals to vary together, and can therefore be adopted as a mea-
sure of the structural similarity between the two signals.

The similarity of the local patch luminances is then defined as

lðx; yÞ ¼
2lxly þ C1

l2
x þ l2

y þ C1
ð4Þ

where C1 is a small constant given by C1 = (K1L)2, which is intro-
duced to stabilize the computation of (4) when the denominator be-
comes small, L is the dynamic range of the pixel values (L = 255 for
8 bits/pixel grayscale images), and K1 � 1 is a scalar constant (typ-
ically 0.01). The dynamic range of l is h0, 1i. The maximum value 1 is
approached when both image patches have the same luminance:
lx = ly.

The similarity of the local patch contrasts is defined as

cðx; yÞ ¼ 2rxry þ C2

r2
x þ r2

y þ C2
ð5Þ

where C2 is a small constant given by C2 ¼ ðK2LÞ2;K2 � 1 (typically
0.03). The dynamic range of r is h0, 1i. The maximum value 1 is ap-
proached when both image patches have the same contrast: rx = ry.

The structural similarity between the image patches is defined
as

sðx; yÞ ¼ rxy þ C3

rxry þ C3
ð6Þ

with C3 = C2/2. The dynamic range of s is h�1, 1i. The maximum
value 1 is approached when yi = axi + b for all i = 1, 2, . . . , N, where
a and b are constants and a > 0.

The overall structural similarity index SSIM between signals x
and y is defined as:

SSIMðx; yÞ ¼ jlðx; yÞja � jcðx; yÞjb � jsðx; yÞjc ð7Þ

where a, b and c are parameters that define the relative importance
of the three components.

Setting a = b = c = 1 and substitution of Eqs. (4)–(6) in Eq. (7) re-
sults in

SSIMðx; yÞ ¼
ð2lxly þ C1Þð2rxy þ C2Þ

ðl2
x þ l2

y þ C1Þðr2
x þ r2

y þ C2Þ
ð8Þ

which is the form in which the SSIM is typically used in the litera-
ture [21–25].

When comparing two images, the SSIM index is computed
locally within a sliding window that moves pixel-by-pixel across
the image, resulting in a SSIM map. The SSIM score of the entire
image is then computed by pooling the SSIM map, e.g., by simply
averaging the SSIM values across the image. SSIM has successfully

been applied in a large number of different applications (for an
overview see [22]).

2.2. The target structural similarity (TSSIM) clutter metric

Chang and Zhang [1,2] adapted the SSIM for use as a clutter
metric, and introduced the target structure similarity metric
(TSSIM). Their approach is as follows:

The image for which the clutter metric has to be calculated is
divided into N blocks. The blocks are twice the apparent size of
the typical search target in each dimension.

Let T = {Ti|i = 1, 2, . . . , N} and Bj = {Bji|i = 1, 2, . . . , N} represent
respectively the discretely sampled grayscale target block (i.e.
the part of the images which contains the target support area
and a local background area around the target) and the jth back-
ground image block.

Substitution of T and B for x and y in Eqs. (4)–(6) and neglecting
the stabilizing constants yields

lðT;BjÞ ¼
2lTlBj

l2
T þ l2

Bj

ð9Þ
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Substituting Eqs. (9)–(11) in (7), with a = b = c = 1, and adopting a
single constant C to avoid instabilities, yields the TSSIM metric
[1,2]:

TSSIMðT;BjÞ ¼
4lTlBj

rTBj
þ C

ðl2
T þ l2

Bj
Þðr2

T þ r2
Bj
Þ þ C

ð12Þ

Chang and Zhang used both C = 0.2 [2] or C = 0 [1]. Here we also
adopt C = 0 since we observed no instabilities for the image set used
in our experiments.

The overall image TSSIM is then calculated in two ways: both as
the root mean square of TSSIMj (TSSIMrms) and the arithmetic mean
of TSSIMj (TSSIMam).

TSSIMrms ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
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XN
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j
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1
N

XN

j¼1

TSSIMj ð14Þ

where TSSIMj is the structure similarity measure in the jth image
block, and N is the total number of image blocks. The rationale of
this metric is the fact that observers will need more time to inspect
the image when it contains more details similar to the target. De-
tails similar to the search target can also distract and confuse the
observer, and may result in false alarms, thus degrading the detec-
tion probability. Thus, a higher TSSIM value corresponds to more
clutter in the image, leading to longer search (inspection) times
and lower detection probability.

2.3. The TSSIM in its full form

Using Eqs. (9)–(11), and setting all stabilization constants to
zero, we rewrite Eq. (12) in its original full form (Eq. (7)), which al-
lows the assessment of the individual contributions of luminance,
contrast and structural similarity to the overall TSSIM clutter
metric:
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