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Figure 1: These five images were frames extracted from a video recorded during a rheological experiment. Based on the
experiment, a computer simulation was conducted. Such images were then compared with visualization results, using image
comparison metrics to provide a quantitative indicator that may be used to steer the computer simulation.

ABSTRACT

Comparative evaluation of visualization and experiment results is
a critical step in computational steering. In this paper, we present
a study of image comparison metrics for quantifying the magni-
tude of difference between a visualization of a computer simulation
and a photographic image captured from an experiment. We ex-
amined eleven metrics, including three spatial domain, four spatial-
frequency domain and four HVS (human-vision system) metrics.
Among these metrics, a spatial-frequency domain metric called
2nd-order Fourier comparison was proposed specifically for this
work. Our study consisted of two stages: base cases and field
trials. The former is a general study on a controlled comparison
space using purposely selected data, and the latter involves imagery
results from computational fluid dynamics and a rheological exper-
iment. This study has introduced a methodological framework for
analyzing image-level methods used in comparative visualization.
For the eleven metrics considered, it has offered a set of informa-
tive indicators as to the strengths and weaknesses of each metric. In
particular, we have identified three image comparison metrics that
are effective in separating “similar” and “different” image groups.
Our 2nd-order Fourier comparison metric has compared favorably
with others in two of the three tests, and has shown its potential to
be used for steering computer simulation quantitatively.
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1 INTRODUCTION

In science and engineering, computer simulation and laboratory ex-
perimentation often work in parallel as shown in Figure 2. Most
of such processes nowadays generate visual results in the forms of
synthetic images obtained by means of scientific visualization and
photographic images captured during experiments. These visual re-
sults, and their comparative evaluation, provide a critical feedback
to both computer modeling and experiment design, aiding scientific
understanding and design optimization. However, in many appli-
cations, comparison of visual results is largely conducted through
human observations, which usually lack in objectiveness and con-
sistency. Relying on human observations also places an obstacle on
automated computational steering using visual results.
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Figure 2: A typical process of scientific studies featuring compara-
tive evaluation of visualization and experimental results.

There is a wealth of literature on image comparison metrics in
the fields of image processing and computer vision [24, 8, 18].
Some of these metrics have been deployed in computer graphics
for measuring the quality of synthetic images against real scenes,
mostly in the context of global illumination [2, 13]. It is thus highly
desirable to utilize and adapt image comparison metrics for scien-
tific visualization, which exhibits a setting similar to the study of
global illumination but often has different application requirements.

In many applications of scientific studies, for instance in rheol-



ogy (Figure 1), there will normally be departure between computa-
tional and experimental results. Such departure can be caused by
errors of all kinds, e.g., design, timing, rendering, and digitization.
The measurement of variance is hence critical in determining the
correctness, or in most cases quantifying the accuracy, of a sim-
ulation or an experiment. Our work focuses on image-level com-
parison, aiming at serving a class of scientific studies that has the
following characteristics. (i) Data captured from experiments are
in the form of 2D images from a certain view point. The imagery
data may contain background noise and digitization errors. There
may not be sufficient captured information, or adequate system re-
sources, to reconstruct a 3D model from experimental data. (ii)
It may not be feasible to eliminate departure between computation
and experimentation. The departure may result in visual variance in
many forms such as geometry, topology, luminance, color, opacity,
surface details, timing and motion. (iii) Computation and experi-
mentation may both generate time-varying results, though temporal
synchronization is not necessarily guaranteed.

These assumptions suggest that we must broaden the search
space considered by existing work on image-level comparison in
computer graphics and visualization, as the majority considered
only images featuring the same geometry and focused on issues
such as luminance, color and rendering resolution. It is apparent
that we face a hugely complex space, from which we need to iden-
tify comparison metrics that can effectively distinguish, quantita-
tively, the results showing similar geometry from those showing
substantial difference. We also wish to identify the most suitable
preprocessing methods that provide the best support to compari-
son metrics. These therefore became the motivation of this work.
We have examined eleven metrics including spatial domain metrics,
spatial-frequency domain metrics and perceptually-based metrics.
Ten of them were implemented based on previous work. The 2nd-
order Fourier comparison metric was designed during this study.

It is also desirable for our conclusions not to depend on circum-
stantial conditions which may happen to be present in the particular
testing datasets, but may not generally exist in other applications.
We have thus conducted our work in two stages, namely base cases
as a general study on the comparison space using relatively artificial
data, and field trials where the comparison space is analyzed with
actual rheological data. We have also introduced a methodological
framework, supported by several statistical indicators, in order to
assess different metrics objectively.

In Section 2, we will give a brief review of the development of
image comparison metrics and their use in computer graphics. We
will also briefly examine previous work on comparative visualiza-
tion. In Section 3, we will outline a methodological framework
for this study. This will be followed by a description of each of the
eleven comparison metrics in Section 4. In Sections 5 and 6, we
will present and discuss the results obtained in our base cases and
field trials stages, respectively. Finally, we will give our concluding
remarks and discuss future directions in Section 7. The imagery
data used in this study, and most of the testing results can be found
at http://www.swan.ac.uk/compsci/research/graphics/vg/compvis/.

2 RELATED WORK

There are many image comparison metrics for measuring the dif-
ference between a pair of images. Ahumada [8], Watson [24] and
Peli [18] reviewed a substantial collection of metrics commonly
used in image processing and computer vision. These include met-
rics for (i) half-toning optimization, (ii) measurement of compres-
sion artifacts, (iii) measurement of image quality and fidelity in the
context of digitization, transmission and display, and (iv) object de-
tection and image retrieval.

Recently, Chalmers et al. [2] and McNamara et al. [13] surveyed
applications of some of these metrics in computer graphics, espe-

cially for determining the visual quality of global illumination so-
lutions. The work by Meyer et al. [14] represents the early deploy-
ment of image comparison metrics in computer graphics. Lischin-
ski et al. [11] utilized energy-based metrics to determine the qual-
ity of synthesized images. Rushmeier et al. [19] explored sev-
eral perceptually-based metrics for comparing real and synthetic
images. Ferwerda et al. [4] presented a comprehensive study on
visual masking for computer graphics, and developed a computa-
tional model for predicting how the masking effects are altered by
the changes in surface details and tessellation. Gibson and Hub-
bold [7] presented a perceptually-driven radiosity algorithm with an
a-priori estimate of perceived color differences. Myszkowski [15]
employed Daly’s VDP [3] to monitor the perceived quality of the
progressive radiosity and Monte Carlo solutions.

In scientific visualization, a number of researchers studied meth-
ods for comparative visualization in recent years. Shen and
Pang [21] introduced three category levels, namely image, data
and feature levels, for classifying methods in comparative visual-
ization. Pagendarm et al. [17, 16], Trapp and Pagendarm [23], and
Shen and Pang [21] presented methods for data-level comparison
of experimental and computational flow dynamics data. Gerstner et
al. [6] also conducted a data level comparison for analyzing mul-
tilevel grid structures, and Kim and Pang [10] conducted a data
level comparison for analyzing volume rendering algorithms. For
image-level comparison, Williams and Uselton [26] considered a
collection of comparison metrics in the context of volume visual-
ization. Gaddipatti et al. [5] employed a wavelet-based metric to
guide volume rendering. Sahasrabudhe et al. [20] proposed a spa-
tial domain metric, composed of four partial metrics, for comparing
images and datasets. One example of feature-level comparison is
the work by Silver and Zabusky [22], who utilized visionmetrics to
compare features extracted from datasets.

3 CONCEPTS

In this section, we outline a methodological framework for this
study in the form of a comparison space. In particular, the rules
governing the validity of image comparison metrics are specified.
The definition of magnitude of difference (MOD) is introduced and
its normalization is discussed.

3.1 Comparison Space

Let M = fM1;M2;M3; : : :g be a collection of comparison met-
rics, each defined by an image comparison pipeline and a specific
set of parameters. Given two images a and b, each Mi(a; b) returns
a value suggesting the magnitude of difference between the two im-
ages. Without loss of generality, we assume all images concerned
are of the same resolution and depth, and the values returned by all
metrics fall into the non-negative real domain R0+ .

Consider a reference object o, which exists only as a concep-
tual entity. o may not always appear in exactly the same geo-
metrical forms in different experiments because of the difficulties
in maintaining consistent physical and temporal conditions. Let
E = fe1; e2; e3; : : :g be the imagery results from a set of exper-
iments that are intended to exhibit o; G = fg1; g2; g3; : : :g be a
set of geometrical models that are obtained using different simula-
tion methods and intended to represent o; R = fr1; r2; r3; : : :g
be a set of rendering conditions, under which G may be visu-
alized; and V = fv1; v2; v3; : : :g be a set of visualization re-
sults, obtained from a rendering function, 	, which is a mapping:
	 : G �R 7! V. The entire comparison space is thus defined as
M�G�R�E, orM�V�E.



3.2 Rules for Comparison Metrics
The judgment by human observers, as to the difference between
two images, is a highly complex, and usually subjective, process. It
is often conducted in a certain context, focusing on one or several
image properties, such as, the geometry of objects featured, color
and surface details. A comparison metric M is a simulation of such
a process, mostly in a highly simplified and abstract manner. In the
context of our application, we shall consider mainly the geometry
difference of the featured objects.

The measurement of difference is conceptually similar to that of
distance. Hence a comparison metric M must satisfy the following
rules, for any arbitrary images a, b and c:

1. Dichotomy rule: M(a; b) > 0 or M(a; b) = 0.

2. Identity rule: M(a; b) = 0, if and only if a = b.

3. Commutative rule: M(a; b) = M(b; a).

4. Proximity rule: If M(a; b) < M(a; c), b is said to be closer
to a than c under metric M .

3.3 Magnitude of Difference
Given two images a and b, the value returned by a metric M(a; b) is
called the magnitude of difference (MOD) under M . However, the
MODs returned by different metrics are not directly comparable.
Individual metrics may measure different properties of the images
concerned and operate in different sub-domains of R0+ . In order to
provide an objective evaluation of different metrics, normalization
of MODs is thus necessary.

Consider a comparison space M �V � E. For each subspace
fMig�fvjg�E (Mi 2M; vj 2 V), we usually choose a specific
e and use Mi(vj ; e) as the normalization factor for this specific
subspace, that is,

M 0

i(vj ; ek) =
Mi(vj ; ek)

Mi(vj ; e)
; k = 1; 2; : : :

The value returned by M 0

i is called normalized magnitude of dif-
ference (NMOD). Image e is called a normalizer, the selection of
which is inclined to maximize the normalization factor. Normal-
ization can also be conducted within a smaller or larger subspace,
for instance fMig �V�E, and can involve a normalizer in each
dimension of the subspace.

4 IMAGE COMPARISON METRICS

In this section, we describe briefly the eleven image comparison
metrics considered in this work. We classify them into three cat-
egories: spatial domain, spatial-frequency and perceptually-based
approaches. In the following discussions, we consider only grey-
scale images, and most metrics can be extended to color images.

4.1 Spatial Domain Metrics
This group of metrics operate in the spatial domain of images and
derive an evaluation by examining some statistical properties of im-
ages. We considered three metrics, namely Mean Squared Error,
Normalized Mean Squared Error, and Template Matching.

4.1.1 M1: Mean Squared Error (MSE)

This is one of the simplest comparison metrics. It examines the
MOD between two images pixel by pixel in the form of the squared

error of a pair of pixel intensities, and derives its measurement as:

M1(a; b) =
NxX
x=1

NyX
y=1

(ax;y � bx;y)
2;

where a and b are two images of resolution Nx�Ny; and ax;y and
bx;y are the intensities at pixel (x; y) in a and b respectively.

4.1.2 M2: Normalized MSE (NMSE)

The MSE metric is sensitive to the global-shift of image intensities.
To reduce this problem, images a and b are normalized prior to the
error calculation. Let �a be the mean intensity of image a. The
mean of the image is first normalized to 0 by scaling the intensity
of each pixel of a as a0x;y = ax;y=�a � 1. Let sa0 be the standard
deviation of the new image a0. The intensity of each pixel of a0 is
further scaled as a00x;y = a0x;y=sa0 . The resultant image a00 is thus
of a standard deviation 1. the MSE metric is then applied to a00 and
b00, after image b is normalized in the same manner.

4.1.3 M3: Template Matching (TM)

Template matching is a commonly used technique in pattern recog-
nition [1]. It examines the cross-correlation (or autocorrelation)
sequences in order to determine if a testing image contains a tem-
plate image. Consider two images without any object shift. The
conventional cross-correlation function of two images a and b is:

1(a; b) =

NxX
x=1

NyX
y=1

ax;ybx;y:

However 1 is sensitive to the change of luminance of a and b. A
more sophisticated function is:

2(a; b) =

P
x;y(ax;y � �a)(bx;y � �b)qP

x;y(ax;y � �a)2
P

x;y(bx;y � �b)2
;

where �a and �b are the mean intensities of a and b, respectively.
Our metric M3 is defined as:

M3(a; b) = 2(a; a)� 2(a; b) = 1� 2(a; b):

4.2 Spatial-Frequency Domain Metrics
The Fourier transform is a powerful tool in image analysis, and it
allows us to quantify various frequency features in an “imagery sig-
nal”. Many traditional image comparison metrics operate entirely
in the spatial-frequency domain. A general pipeline is commonly
adopted, where images to be compared are first normalized (as in
NMSE), and transformed to the Fourier domain using a FFT. A
contrast sensitive function (CSF), �, which models the sensitivity
to spatial frequencies, is then applied to the resultant magnitudes.
The MOD between the two resultant images is then measured using
MSE. In this section, we first examine three different CSF filters in
the literature. We then describe a different approach that make use
of a 2nd-order Fourier transform to measure the MOD.

4.2.1 M4: Mannos-Sakrison’s Filter (FFT-M)

Let f be an image matrix obtained after normalization and FFT,
(u; v) be a direction in the Fourier domain (in c/deg), and r =p
u2 + v2. Mannos and Sakrison [12] proposed to filter each fu;v

using a contrast sensitive function �M , i.e.,

gu;v = fu;v�M(r)

�M(r) = 2:6(0:0192 + 0:144r)e�(0:144r)1:1



4.2.2 M5: Daly’s Filter (FFT-D)

The visible differences predictor (VDP) proposed by Daly [3] is
one of the most well-established algorithms for evaluating image
fidelity. Rushmeier et al. [19] adapted the CSF of the VDP in a
spatial-frequency domain pipeline for evaluating rendering quality
against a captured image. The CSF is applied to fu;v in a way
similar to Mannos-Sakrison’s filter, and it has the following form:

�D(r) =

�
0:008

r3
+ 1

�
�0:2

1:42re(�0:3r)
p

1+0:06e0:3r

4.2.3 M6: Ahumada’s Filter (FFT-A)

Ahumada [9] proposed a CSF that is a balanced difference of two
Gaussians as:

�A(r) = ace
(r=fc)

2 � ase
(r=fs)

2

where fc and fs are the center and surround lowpass cut-off spatial-
frequency, respectively. ac and as are the center and surround am-
plitudes. In our tests, we set ac = 1, as = 0:685, fc = 97:3227
and fs = 12:1653. Like the Mannos-Sakrison’s filter and Daly’s
filter, it is sensitive to the middle range of spatial-frequencies.

4.2.4 M7: 2nd-Order Fourier Comparison (FFT-2)

Given two images a and b, we create two new images, b0 and c. b0 is
obtained by translating b horizontally for a predefined offset �, such
that a and b0 do not overlap with each other. c is composed of a and
b0, representing a juxtaposition of both. Let fa, fb, fb0 and fc be the
discrete Fourier transforms of a, b, b0 and c, respectively. Suppose
�(u; v) represents a difference function between a and b in the
Fourier domain, i.e., �(u; v) = fb(u; v)� fa(u; v). According to
the shift theorem and addition theorem [1], we have:

fc(u; v) = fa(u; v) + fb0(u; v) = fa(u; v) + e�j2��ufb(u; v)

= (1 + e�j2��u)fa(u; v) + e�j2��u�(u; v):

Let � = e�j2��u. We define a transfer function gc=a as:

gc=a(u; v) =
fc(u; v)

fa(u; v)
= (1 + �) +

��(u; v)

fa(u; v)
;

which is equal to (1 + �) when a = b.
We measure the significance of ��(u; v)=fa(u; v), in terms its

capacity to distort (1 + �), by computing the Fourier transform of
gc=a(u; v) and measuring the maximal amplitude, !<a;b>, within a
window of the 2nd-order Fourier domain. The window corresponds
mainly to (1+ �), and its location is set according to �. As !<a;b>
values do not satisfies several rules in 3.2, e.g., !<a;b> 6= !<b;a>
and !<a;a> 6= 0, the metric is actually calculated as:

M7(a; b) = !<a;a> � 0:5(!<a;b> + !<b;a>):

4.3 Perceptually-based Metrics
Our human vision system (HVS) is capable of performing invariant
object recognition. Although such a process is yet to be under-
stood fully, a collection of image comparison metrics, commonly
called perceptually-based or HVS metrics, have been developed to
simulate some features of the HVS. Many HVS metrics [24, 3]
adopted a pipeline which in principle can be viewed as an extension
of the general pipeline described in 4.2. However they typically fol-
low a more sophisticated vision model, and usually account for the
threshold sensitivity, contrast sensitivity, color spatial acuity, spa-
tial frequency sensitivity, and masking properties of HVS [3, 24].

In several HVS metrics, the final calculation of MOD using MSE
takes place in the spatial domain, after an inverse FFT is applied to
the magnitudes in the Fourier domain.

To consider the difference between calculating MODs in spatial-
frequency domain and that in spatial domain, we constructed three
simple HVS metrics, M8, M9 and M10 , with the CSFs by Mannos
and Sakrison, Daly, and Ahumada, respectively. Their implemen-
tation is very similar to that of M4, M5 and M6 except for the use
of inverse FFT.

To consider the effectiveness of a complex HVS-based approach,
we also constructed Daly’s visual differences predictor [3].

4.3.1 M11: Visual Differences Predictor (VDP)

Daly’s VDP is a HVS-based image quality metric, which takes two
images as input and produces a probability map for difference de-
tection as output. It consists of three main functional components,
namely amplitude non-linearity, contrast sensitivity function and
detection mechanisms.

Amplitude non-linearity simulates the adaptation of HVS to local
luminance. It applies a non-linear response function to each pixel
in the input images, assuming that the adaptation results from an
observer fixating a small image area.

A contrast sensitivity function simulates the variations in visual
sensitivity of HVS, and models the variations as a function of spa-
tial frequency. The process is similar to that described in 4.2, ap-
plying a FFT, followed by Daly’s CSF, to each image.

Detection mechanisms simulate the spatial-frequency selectivity
of HVS by decomposing each image into 31 independent streams.
Multiple detection mechanisms are then applied to the correspond-
ing streams of the two images. These mechanisms include com-
putation of contrasts, application of a masking function to increase
the threshold of detectability, and use of a psychometric function to
predict the probability of detecting a difference at every location in
each stream. Finally, the detection probabilities for all streams are
combined into a single image that describes the overall probability
for every location. The final measurement of the MOD is the sum
of the probability values over all locations.

5 BASE CASES

In the base cases stage, we aim to construct a relatively artificial
comparison space as a window to the complex real-world. By spec-
ifying both the reference object and pseudo-experimental results in
a controlled manner, we are able to observe individual aspects of
different comparison metrics. A number of tests have been con-
ducted, one of which is reported in this section.

5.1 Comparison Space
A sphere is chosen as the reference object o, for which a mesh
of 576 triangles is employed to define a corresponding geometri-
cal model g (Figure 3). In this stage, we consider here only one
model in G, and assume that the computational process for gen-
erating such a model is correct. The model g is visualized with a
set of 20 different rendering conditions covering attributes such as
illumination and shading methods. The set V is thus defined by
these rendering results. The set E is constituted by eight carefully
selected images representing some pseudo-experimental results. It
is further divided into two subsets, Esim and Edif .
Esim consists of 4 photographic images, each of a different

spherical object (Figure 3: e1, e2, e3, e4). In comparison with o, the
objects in these images are of an almost identical shape, but differ-
ent surface textures. Edif consists of images of four non-spherical
objects which are chosen to reflect different image attributes, such



as image source and object geometry (Figure 3: e5, e6, e7, e8). For
example, the cube, as a rendered object, gives an emphasis to its
difference in geometry and similarity in rendering, the portrait con-
tains some complex texture and background information, the teapot
offers a round but irregular shape, and the noise image represents
the “maximum” magnitude of difference in this comparison space
from a conventional human perception.

g: sphere model e1: cue ball e2: golf ball

e3: basket ball e4: tennis ball e5: rendered cube

e6: photo: portrait e7: photo: teapot e8: Guassion noise

Figure 3: A visualization of the sphere model, and the set E.

It is desirable for a metric to have the following attributes: (a) It
is capable of separating Esim and Edif , preferably under a variety
of rendering conditions. (b) It is capable of differentiating between
images in E by offering a reasonably good standard deviation. It is
expected that the standard deviation for Esim is relatively smaller
than that for Edif . (c) It is capable of ranking images in E in an
order of closeness that would be consistent with human assessment.

Here, we concentrate on the first two attributes. We will discuss
the third attribute in Section 6, in conjunction with our field trials.

5.2 Effectiveness of Comparison Metrics
In the context of the above comparison space, we consider the ef-
fectiveness of each comparison metric in its ability to measure ge-
ometry difference. We assume that image e8 is the worst match for
our reference object (i.e., a sphere), and as such it is selected as the
normalizer. As we do not assume any metric or rendering condition
to be a worst case scenario, normalizers are not specified in M or
V. Table 1 lists the sample mean, �i, and standard deviation, si,
for each subspace fMig�V�E. In addition, we compute the sim-
ilar statistical indicators �i;sim and si;sim forEsim , and �i;dif and
si;dif for Edif . In particular, we calculate the difference between
the mean values for Esim and Edif , i.e., Æi = �i;dif � �i;sim ,
which gives us with the most useful indicator in this test.

Table 1 provides a summary of these indicators for each sub-
space fMig � V � E, and the columns s and Æ are plotted in a
histogram in Figure 4. From Figure 4, it is not difficult to observe
that M3 template matching, M7 2nd-order Fourier comparison and

M11 visual differences predictor are shown to be more capable of
separating Esim from Edif . These three metrics also offer slightly
better standard deviations than the rest. Hence, they are the clear
winners in this test. In addition, we can also observe that three dif-
ferent CSF filters, namely �M , �D and �A, have not shown sig-
nificant difference in their performance when they are associated
with a spatial-frequency pipeline, or a simple HVS-based pipeline.

V�E V�Esim V�EdifMetrics Mi � s �sim ssim �dif sdif
Æ

M1: MSE 0.66 0.21 0.55 0.17 0.77 0.19 0.22
M2: NMSE 0.66 0.25 0.46 0.11 0.85 0.26 0.39
M3: TM 0.49 0.34 0.23 0.12 0.75 0.28 0.52
M4: FFT-M 0.46 0.23 0.30 0.13 0.62 0.16 0.32
M5: FFT-D 0.51 0.26 0.35 0.13 0.68 0.25 0.33
M6: FFT-A 0.58 0.26 0.41 0.16 0.76 0.23 0.35
M7: FFT-2 0.50 0.34 0.20 0.09 0.80 0.18 0.60
M8: HVS-M 0.64 0.25 0.45 0.12 0.84 0.17 0.39
M9: HVS-D 0.78 0.28 0.57 0.16 0.99 0.18 0.43
M10: HVS-A 0.80 0.28 0.58 0.16 1.01 0.19 0.43
M11: VDP 0.77 0.51 0.50 0.37 1.04 0.48 0.54

Table 1: A summary of the testing results for assessing the effec-
tiveness of different comparison metrics.

Figure 4: The s and Æ columns of Table 1 are plotted in a histogram,
where the Æ values are shown in pink and the s values in blue.

6 FIELD TRIALS

In the field trial stage, we focus on the effectiveness of different
metrics in handling real-world data. In particular, we study the ca-
pabilities of these metrics in measuring MODs resulting from ba-
sic geometrical transformations. In our field trials, altering some
simulation parameters would lead to scaling changes, whilst tem-
poral mismatching between simulation and experimentation would
result in rotational variations. We also considered several ways for
preprocessing experimental or visualization results in order to min-
imize the difference present in the background of images. We lay
emphasis on general and fast methods that are suitable for auto-
mated computation steering in many circumstances.

In the following discussions, we first define the comparison
space of our field trials, in conjunction with the discussion of dif-
ferent approaches to the preprocessing of image background. We
present two tests in our field trials, one for measuring scaling dif-
ferences of the geometrical models, and the other for rotational dif-
ferences of the experimental images.



6.1 Comparison Space
Our field trials involve an industrial fluid mixing process, studied by
a group of computational and experimental rheologists [25]. In the
experiment, a translucent fluid was mixed in a cylindrical glass con-
tainer, driven by a stirring rod. Experiments were recorded using a
camcorder. The five frames in Figure 1, namely e1; e2; e3; e4; e5,
were extracted from a video sequence, showing the rod at the 0Æ,
45Æ, 90Æ, 135Æ and 180Æ positions, respectively.

The mixing process was also simulated using a finite element
method. As the fluid studied is a viseoplastic fluid of a highly elas-
tic nature, we used surface rendering to visualize the simulation
results. Figure 5 shows three different geometrical models, simu-
lating the fluid dynamics at one of the instances when the rod is at
the 180Æ position. The models were obtained in an early modeling
stage, conveying the variation of some simulation parameters. They
were rendered using flat shading with the same illumination setting.
We denote this rendering condition as r.

g1 large g2 medium g3 small

Figure 5: Three geometrical models used in field trials.

As exhibited in Figure 1, images captured during an experiment
often contain some background information, which is not consid-
ered in the computer simulation and thus will not be present in the
resultant visualization. It is difficult for any image comparison met-
ric not to take into account the background mismatching between
visualization and experimental results. Hence, it is desirable to re-
move or reduce such inconsistency.

Given a template image t of our experiment environment without
the experiment fluid, we can reduce the inconsistency by removing
the background information in each image ek 2 E, replacing it
with the same background color as in the visualization, typically
either black or white, as shown in Figure 6(a) and (b). This can be
achieved by comparing t and ek, and thresholding very similar pix-
els out as background information. This approach may introduce
errors, usually as a result of minor movement of the camera or ex-
perimental device, and changes of the recording conditions during
the experiment. The similarity in color between part of the back-
ground and the object concerned may also lead to errors.

Alternatively, we can integrate the background template t into
the visualization generated for each gj 2 G. As shown in Fig-
ure 6(c), this can be achieved by simply placing each rendered ob-
ject over the background template.

The introduction of preprocessing leads to the expansion of our
comparison space. We replace the rendering condition set frg with
frw; rb; rtg, where rw for rendering with a white background, rb
with a black background, and rt with the integrated background
template. We also add two sets of preprocessed experiment images
into E. They are fe1w; e2w ; e3w; e4w; e5wg for extracted objects
with white background, and fe1b; e2b; e3b; e4b; e5bg for those with
black background. We thus define the comparison space for our
field trials as:

M�G �R�E = fM1; : : : ;M11g � fg1; g2; g3g�
frw; rb; rtg � fe1; : : : ; e5; e1w; : : : ; e5w; e1b; : : : ; e5bg

In the two tests to be discussed below, we will consider a subspace
ofM�G�R�E for each test.

(a) (b) (c)

Figure 6: Three preprocessing methods: (a) extracting the object
from the experimental results and placing it over a black back-
ground; (b) extracting the object and placing it over a white back-
ground; (c) placing the visualization over an imagery template.

6.2 Measuring Scaling Differences
The objective of this test is to evaluate the effectiveness of each
comparison metric for measuring scaling differences. We focus on
the disparity between the experiment image e5 and the three ge-
ometrical models in terms of their sizes. We thereby choose the
following comparison subspace for this purpose:

M�G�R�Ea = fM1; : : : ;M11g�
fg1; g2; g3g � frw; rb; rtg � fe5; e5w ; e5bg

There is little need to evaluate image pairs that have mis-
matching background introduced by preprocessing, such as
rendering condition rw and experiment image e5b. We
therefore further down-size frw; rb; rtg � fe5; e5w; e5bg to
f(rw; e5); (rb; e5); (rt; e5); (rw; e5w); (rb; e5b)g. As an example,
Table 2 shows the testing results for subspaceM�G�f(rw; e5)g.

Metrics Mi g1 g2 g3 
M1: MSE 0.826 0.822 0.821 0.85
M2: NMSE 1.047 0.995 0.938 0.68
M3: TM 1.097 0.991 0.879 0.69
M4: FFT-M 0.470 0.515 0.553 -0.74
M5: FFT-D 0.509 0.567 0.609 -0.76
M6: FFT-S 0.632 0.698 0.713 -0.90
M7: FFF-2 0.804 0.693 0.759 0.93
M8: HVS-M 0.986 0.950 0.931 0.82
M9: HVS-D 1.279 1.218 1.148 0.67
M10: HVS-S 1.196 1.175 1.146 0.65
M11: VDP 1.260 1.335 1.674 -0.41
Human 0.909 0.199 0.394

Table 2: Part of the testing results for measuring scaling differences,
with the values returned by Mi((gj ; rw); e5).

For this test, we also conducted a small survey involving twelve
researchers, who were asked to rank the closeness of e5 (the right-
most frame in Figure 1) against g1, g2 and g3 (Figure 5). The mean
results of the survey, after appropriate normalization, are also in-
cluded in Table 2.

This survey allows us to examine the correlation between human
evaluation and the value returned by each image comparison metric.
We use the following statistical function to calculate this indicator.

 =
n
Pn

1 xihi �
�Pn

1 xi
� �Pn

1 hi
�

r�
n
Pn

1 x
2
i �

�Pn
1 xi

�2��
n
Pn

1 h
2
i �

�Pn
1 hi

�2�

This function is commonly used to measure the relationship be-
tween two data sequences, and it returns values ranging between



�1 and 1. The greater the  is, the better correlation the two data
sequences have. In our case, we consider the first three values in
each row (Mi), against those in the last row (Human). The  values
obtained are given in the final column of Table 2.

From Table 2, we can observe that only M7 has offered a close
correlation and identified the best match correctly. Many metrics,
such as M1 and M8 have considered g3 as the best match. This did
not surprise us as five out of twelve subjects in our human survey
made the same observation. However, some metrics have failed to
identify the worst match, which is unacceptable in this case.

In general, however, the performance of each metric is not con-
sistent in the comparison subspace concerned, and it seems to be
affected by the choice of background colors. Table 3 provides all
 values obtained for each of the five comparison subspaces cor-
responding to (rw; e5), (rw; e5w), (rb; e5), (rb; e5b), and (rt; e5),
respectively. The sample mean, � , and standard deviation, s , for
each row are also calculated. If we rank Mi in a descending order
of � , M1, M8 and M10 will be the top three performers in terms
of good correlations. If we rank Mi in an ascending order of s ,
M4, M5 and M11 will be the top three performers in terms of con-
sistency. However, this test generally did not produce a meaningful
indicator, as the standard deviation is far too high for each metric.

Metrics Mi (a) (b) (c) (d) (e) � s
M1: MSE 0.85 0.92 -0.83 0.86 0.65 0.49 0.75
M2: NMSE 0.68 0.90 -0.82 0.24 0.61 0.32 0.68
M3: TM 0.69 0.90 -0.82 0.22 0.62 0.32 0.68
M4: FFT-M -0.74 -0.44 0.49 0.27 -0.08 -0.10 0.50
M5: FFT-D -0.77 -0.48 0.51 0.06 -0.34 -0.20 0.50
M6: FFT-S -0.90 -0.50 0.38 0.77 1.00 0.15 0.82
M7: FFT-2 0.93 1.00 -0.31 0.10 -0.59 0.23 0.72
M8: HVS-M 0.82 0.92 -0.79 0.32 0.70 0.40 0.70
M9: HVS:D 0.67 0.91 -0.82 0.28 0.64 0.34 0.69
M10: HVS-S 0.64 0.86 -0.70 0.42 0.78 0.40 0.64
M11: VDP -0.41 0.96 -0.42 -0.10 0.02 0.01 0.56

Table 3: The  values for each of the five comparison subspaces
corresponding to (a): (rw; e5), (b): (rw; e5w), (c): (rb; e5), (d):
(rb; e5b), and (e): (rt; e5), respectively. The sample mean, � , and
standard deviation, s , for each row are also shown.

6.3 Measuring Rotational Differences
One of the major issues in computer simulation is temporal syn-
chronization. Our second test in the field trial stage is designed to
examine the effectiveness of each comparison metric for measur-
ing rotational differences resulting from temporally mismatching
between simulation and experimentation. We focus on the vari-
ance between the geometry model g2 and the experiment images
e1; : : : ; e5 with the following comparison subspace:

M�Ga �R�E = fM1; : : : ;M11g � fg2g�
frw; rb; rtg � fe1; : : : ; e5; e1w; : : : ; e5w; e1b; : : : ; e5bg

whereR �E can be also down-sized.
For this subspace, we consider an ideal metric 0:5(1 + cos(�))

where � is the rotational angle associated to an experimental image.
This would give e5 the best match and e1 the worst. Table 4 shows
the testing results for subspaceM� g2 � rt � fe1; : : : ; e5g.

From Table 4, one can observe that four spatial-frequency meth-
ods have all performed reasonably well. Though they all seem to
consider the frame of 135Æ is slightly closer than that of 180Æ,
which is not an unreasonable conjecture.

The overall performance of each metric in this test is summarized
in Table 5 which shows all  values obtained for each of the five

Metrics Mi 0Æ 45Æ 90Æ 135Æ 180Æ 
M1: MSE 0.507 0.499 0.475 0.493 0.532 -0.29
M2: NMSE 0.735 0.719 0.672 0.684 0.740 0.19
M3: TM 0.540 0.517 0.451 0.468 0.547 0.18
M4: FFT-M 0.437 0.426 0.394 0.383 0.388 0.94
M5: FFT-D 0.547 0.534 0.474 0.449 0.467 0.93
M6: FFT-A 0.572 0.557 0.536 0.527 0.528 0.95
M7: FFT-2 0.365 0.351 0.357 0.320 0.323 0.90
M8: HVS-M 0.673 0.657 0.634 0.647 0.680 0.00
M9: HVS-D 0.884 0.865 0.815 0.833 0.897 0.07
M10: HVS-A 0.827 0.801 0.796 0.804 0.830 -0.10
M11: VDP 0.868 0.844 0.751 0.828 0.966 -0.32
Ideal Metric 1.000 0.854 0.50 0.146 0.000

Table 4: Part of the testing results for measuring rotational dif-
ferences. The middle five columns show the values returned by
Mi((g2; rt); ek), and the last column shows the correlation be-
tween the five values of each row and these of the ideal metric.

comparison subspaces, together with the corresponding � and s
values. We rank Mi in a manner similar to the previous test, i.e.,
in a descending order of � , and an ascending order of s . We
have found that M7 is clearly the leader by a long way in terms of
both good correlation and consistency. Due to the relatively strong
contrast in background luminance, it was the comparison between
(g2; rb) and fe1; : : : ; e5g that let most metrics down.

Metrics Mi (a) (b) (c) (d) (e) � s
M1: MSE -0.42 0.96 -0.42 0.97 -0.29 0.16 0.74
M2: NMSE 0.95 0.99 -0.79 0.96 0.19 0.46 0.77
M3: TM 0.95 0.99 -0.79 0.97 0.18 0.46 0.78
M4: FFT-M 0.33 0.67 -0.91 0.77 0.94 0.36 0.75
M5: FFT-D 0.40 0.69 -0.91 0.81 0.93 0.38 0.75
M6: FFT-A 0.26 0.69 -0.92 0.78 0.95 0.35 0.75
M7: FFT-2 0.59 0.81 0.79 0.74 0.90 0.77 0.12
M8: HVS-M 0.93 0.93 -0.88 0.92 0.00 0.38 0.81
M9: HVS-D 0.94 0.99 -0.82 0.96 0.07 0.43 0.80
M10: HVS-A 0.45 0.90 -0.91 0.90 -0.10 0.25 0.77
M11: VDP 0.88 0.99 -0.69 0.98 -0.32 0.36 0.81

Table 5: The  values for each of the five comparison subspaces
corresponding to (a): (rw; E), (b): (rw; Ew), (c): (rb; E), (d):
(rb; Eb), and (e): (rt; E), respectively, where E = fe1; : : : ; e5g,
Ew = fe1w ; : : : ; e5wg, Eb = fe1b; : : : ; e5bg. The sample mean
� and standard deviation s for each row are also shown.

7 CONCLUSIONS

In this paper, we presented a carefully-managed study on the appli-
cation of image comparison metrics to the comparative evaluation
of visualization and experimental results. This study has achieved
the followings. (a) We have introduced a methodological frame-
work for studying image-level methods for comparative visualiza-
tion, enabling an objective and scientific assessment of various fac-
tors that influence the effectiveness, accuracy and consistency of
comparative visualization. This framework can provide a degree
of rigor in other similar studies. (b) We have implemented and as-
sessed a total of eleven image comparison metrics. In particular, we
have proposed the 2nd-order Fourier comparison metric, which has
been compared favorably against other metrics considered. (c) Our
base cases study has identified three metrics, template matching
(M3), 2nd-order Fourier comparison (M7) and visual differences
predictor (M11), to be most effective in separating similar and dif-
ferent image groups. (d) Our field trials study has involved an in-



dustrial mixing process, and has shown that the 2nd-order Fourier
comparison metric (M7) is the most effective and consistent in mea-
suring rotational differences. However, our test has failed to iden-
tify any metric that is suitable for measuring scaling differences.

The strength of the 2nd-order Fourier comparison metric (M7) is
that its quantitative measurement remains to be reasonably reliable
even when the images concerned exhibit varying degrees of geo-
metrical closeness. This criterion is particularly important to com-
putational steering using visual results, as an optimization process
is likely to start with poorly-matched imagery results and progress
towards better approximation. The template matching (M3) and the
visual differences predictor (M11) have demonstrated their effec-
tiveness in distinguishing fairly different image groups, but failed
to produce a sensible ordering of closeness in our field trials. For
the others (M1, M2, M4, M5, M6, M8, M9 and M10), we have ob-
served that none of the MSE pipeline, the general spatial-frequency
pipeline, and the simple HVS-based pipeline has offered an ade-
quate solution to our problem, nor the three CSFs have shown sig-
nificant difference in their effects. We have also found that all met-
rics are affected by the selection of image background.

We recognize that our this study does not offer a conclusive judg-
ment about image comparison metrics. Our future work will be to
conduct a larger-scale study involving more input data, to improve
the design of comparison metrics and methods for preprocessing,
and to carry out experimental development for integrating image-
level comparative visualization into an optimization process.
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