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Abstract

Synthesis of realistic images which predict the appearance of the real world has many appli-
cations including architecture and interior design, illumination engineering, environmental as-
sessment, special effects and film production, along with many others. Due to costly global
illumination computation, which is required for the prediction of appearance, physically-based
rendering still remains the domain of research laboratories, and is rarely used in industrial prac-
tice. In this overview special attention is paid to the solutions which use perception-guided algo-
rithms to improve their performance. This makes it possible to focus the computation on readily
visible scene details, and to stop it when further improvement of the image quality cannot be
perceived by the human observer. Also, by better use of perception-motivated physically-based
partial solutions, meaningful images can be presented to the user at the early stages of computa-
tion. Since many algorithms make simplifying assumptions about the underlying physical model
in order to achieve gains in rendering performance, a validation procedure for testing lighting
simulation accuracy and image quality is proposed. To check the requirement of appearance
predictability imposed on the developed algorithms, the rendered images are compared against
the corresponding real-world views.
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1 Perception-Driven Global Illumination and Rendering Com-
putation

One of the basic goals of realistic rendering is to create images which are perceptually indis-
tinguishable from real scenes. Since the fidelity and quality of the resulting images are judged
by the human observer, the perceivable differences between the appearance of a virtual world
(reconstructed on a computer) and its real world counterpart should be minimized. Thus, per-
ception issues are clearly involved in realistic rendering, and should be considered at various
stages of computation such as global illumination computation, rendering, and image display.

The most common approach is to consider the visual characteristics of the human observer
at the stage of image display. Such considerations are mostly driven by the need to overcome
numerous physical limitations of the display device. Let us recall that as a result of view-
independent global illumination computation, a distribution of the radiometric (photometric)
values over the scene surfaces is obtained. Then, for given viewing parameters, those values
are projected on the image plane, and are presented on the display device in the form of a 2D
array of discrete values for every pixel. Usually, current display technologies cannot directly
reproduce these values due to their limited absolute and dynamic luminance ranges, and color
gamut. However, the visual system of humans has limited capabilities in detecting differences
in absolute luminance levels, and concentrates more on spatial aspects when comparing two
images [79]. Thus, it might be possible to obtain the perceptual match between a real scene
and a displayed image even though the display device is not able to reproduce the actual lumi-
nance values. To achieve this goal, Tumblin and Rushmeier [71] introduced the Tone Mapping
Operator (TMO) that maps the simulated luminance values to the corresponding display lumi-
nance values taking into account the limitations of the display device, such that the impression
of brightness is similar for the scene and display observer. The perception of brightness varies
with the state of adaptation, and therefore the adaptation states of the scene and display observer
are determined. The development of efficient TMOs that better utilize the low contrast display
devices to reproduce the appearance of high contrast scenes without loss of shading and texture
details, is an active research topic in computer graphics. A good survey of recent results can
be found in [70]. The problem of color reproduction on the limited gamut of a display device
has attracted much less attention in the computer graphics literature. However, this problem is
well addressed in the more specialized literature of imaging and color science. An example of
an advanced color reproduction model, which predicts a wide range of visual phenomena, is the
Hunt model [26] developed in the Kodak Research Laboratories. A comprehensive survey of
the color appearance models can be found in [15].

In this chapter we focus on embedding the characteristics of the Human Visual System
(HVS) directly into global illumination and rendering algorithms to improve their efficiency.
This research direction has recently gained much attention within the computer graphics com-
munity [3,21,22,50,61]. Since global illumination solutions are costly in terms of computation,
significant efficiency improvements can be made by focusing computation on those scene fea-
tures which can be readily perceived by the human observer under given viewing conditions.
This means that those features that are below perceptual visibility thresholds, can be simply
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omitted from the computation without causing any perceivable difference in the final image
appearance.
Current global illumination algorithms usually rely on energy-based metrics of solution errors,
which do not necessarily correspond to the visible improvements of the image quality [34]. Ide-
ally, one may advocate the development of perceptually-based error metrics which can control
the accuracy of every light interaction between surfaces. This can be done by predicting the vi-
sual impact those errors may have on the perceived fidelity of the rendered images. In practice,
there is a trade-off between the robustness of such low-level error metrics and their computa-
tional costs. In Section 1.1 we give some examples of such low-level metrics applied in the
context of hierarchical radiosity and adaptive meshing computations.

Another approach is to develop a perceptual metric which operates directly on the rendered
images. If the goal of rendering is just a still frame, then the image-based error metric is ad-
equate. In the case of (view-independent) solutions for interactive viewing, the application
of the metric becomes more complex because a number of “representative” views should be
chosen. In practice, instead of measuring the image quality in absolute terms, it is much eas-
ier to derive a relative metric which predicts the perceived differences between a pair of im-
ages [62]. (It is well-known that the common mean-squared error metric usually fails in such a
task [8, 18, 62, 68].) A single numeric value might be adequate for some applications; however,
for more specific guiding of computation, a local metric operating at the pixel level is required.
In Section 1.2 we give a brief overview of the application of such local metrics to guide the
global illumination and rendering solutions. Such metrics usually involve advanced HVS mod-
els, which may incur non-negligible computation costs. An important issue becomes whether
the savings in computation that are obtained through the usage of such metrics can compensate
these costs.

A representative example of such an advanced image fidelity metric is the Visible Differ-
ences Predictor (VDP) developed by Daly [8]. In Section 1.3 we overview briefly the VDP,
which we use extensively in this work. The VDP metric, when applied in global illumination
computation, provides a summary of the algorithm performance as a whole rather than giving
a detailed insight into the workings of its particular elements. However, a priori knowledge of
the current stage of computation can be used to obtain more specific measures for such tasks as
adaptive meshing performance, accuracy of shadow reconstruction, convergence of the solution
for indirect lighting, and so on. Since the VDP is a general purpose image fidelity metric, we
validate its performance in these tasks. In Section 1.3.1 we report the results of comparisons of
the VDP predictions when the model incorporates a variety of contrast definitions, spatial and
orientation channel decomposition methods, and Contrast Sensitivity Functions (CSFs) derived
from different psychophysical experiments. The goal of these experiments was to test the VDP
integrity and sensitivity to differing models of visual mechanisms, which were derived by differ-
ent authors and for different tasks than those which have been originally used by Daly. Also, we
conducted psychophysical experiments with human subjects to validate the VDP performance
in typical global illumination tasks (Section 1.3.2). An additional goal of these experiments was
to test our implementation of the complex VDP model.

When our rigorous validation procedure of the VDP performance was successfully com-
pleted, we could then apply the metric to our actual global illumination applications. We used
the VDP to monitor the progression of computation as a function of time for hierarchical ra-
diosity and Monte Carlo solutions (Section 1.4.1). Based on the results obtained, we propose
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a novel global illumination algorithm which is a hybrid of stochastic (density estimation) and
deterministic (adaptive mesh refinement) techniques used in an optimized sequence to reduce
the differences between the intermediate and final images as perceived by the human observer
in the course of lighting computation (Section 1.4.2). The VDP responses are used to support
selection of the best component algorithms from a pool of global illumination solutions, and
to enhance the selected algorithms for even better progressive refinement of the image quality.
The VDP is used to determine the optimal sequential order of component-algorithm execution,
and to choose the points at which switchover between algorithms should take place. Also, we
used the VDP to decide upon stopping conditions for global illumination simulation, when fur-
ther continuation of computation does not contribute to perceivable changes in the quality of the
resulting images (Section 1.4.3).

1.1 Low-Level Perception-Based Error Metrics

One of the research directions towards perception-driven improvement of global illumination
computation performance relies on direct embedding of some simple error metrics to find the
adequate level of light interactions between surfaces. Gibson and Hubbold [19] proposed a
perception-driven hierarchical algorithm in which a TMO and the perceptually uniform color
space CIE

�����������
are used to decide when to stop the hierarchy refinement. Links between

patches are not further refined once the difference between successive levels of elements be-
comes unlikely to be detected perceptually. Gibson and Hubbold applied a similar error metric
to measure the perceptual impact of the energy transfer between two interacting patches, and to
decide upon the number of shadow rays that should be used in a visibility test for these patches.
A similar strategy was assumed by Martin et al. [43], whose oracle of patch refinement operates
directly in the image space and tries to improve the radiosity-based image quality for a given
view. More detailed analysis of these and other similar techniques can be found in [60].

Perceptually-informed error metrics were also successfully introduced to control adaptive
mesh subdivision [19, 24, 57] and mesh simplification [78] in order to minimize the number
of mesh elements used to reconstruct the lighting function without introducing visible shading
artifacts. The quality of lighting reconstruction is judged by the human observer, so it is not a
surprise that purely energy-based criteria used in the discontinuity meshing [12,36] and adaptive
mesh subdivision [5,35,74] methods are far from optimal. These methods drive meshing refine-
ment based on the measures of lighting differences between sample points, which are expressed
as radiometric or photometric quantities. However, the same absolute values of such differences
might have a different impact on the final image appearance, depending on the scene illumi-
nation and observation conditions (which determine the eye sensitivity). To make things even
more complicated, a TMO must also be taken into account because it determines the mapping of
simulated radiometric or photometric values into the corresponding values of the display device.

Myszkowski et al. [57] noticed that mesh refinement can be driven by some metrics which
measure quantitatively visual sensation such as brightness instead of commonly used radiomet-
ric or photometric quantities. Myszkowski et al. transformed the stimulus luminance values to
predicted perceived brightness using Stevens’ power law [71] and a decision on the edge splitting
was made based on the local differences in brightness. The threshold differences of brightness,
which triggered such subdivision, corresponded to the Just Noticeable Difference (JND) values
that were selected experimentally and had different values depending on the local illumination
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level. For darker regions of the displayed image the eye is more sensitive and smaller values of
the thresholds are chosen. Conversely, for bright regions that are close to the image saturation
the threshold values are significantly larger. For the optimal threshold selection the global illu-
mination should be known. However, in the radiosity technique [53] only direct illumination is
known at the stage of mesh refinement, which might result in an overly conservative threshold
selection. In such conditions, some lighting discontinuities predicted as perceivable could be
washed out in the regions of significant indirect lighting. Obviously, this could lead to excessive
mesh refinement, which is a drawback of the technique presented in [57].
Gibson and Hubbold [19] showed that the meshing performance can be improved even if some
crude approximation of global illumination such as the ambient correction term [6] is used. Also,
Gibson and Hubbold improved the method from [57] further by introducing color considerations
into their mesh subdivision criteria.
Further improvement of meshing performance was reported in [75] by using a lighting simu-
lation algorithm (discussed in more detail in Section 1.4.2) which provides local estimates of
global illumination quickly. These estimates are available at the mesh refinement stage, which
makes a more reliable evaluation of the contrast at lighting discontinuities possible. Thus, the
prediction of discontinuity perceivability also becomes more robust and excessive mesh subdivi-
sion can be avoided. In the example given in [75], the uniform mesh built of 30,200 triangles was
subdivided into 121,000, 97,000, and 86,000 elements using techniques proposed in [57], [19],
and [75] respectively, without any noticeable difference in the resulting image quality.
Perception-based criteria have also been used to remove superfluous mesh elements in the
discontinuity meshing approach [24]. Also, a similar perception-driven mesh simplification
was performed as a post-process to a density estimation solution applying a dense, uniform
mesh [78].

All techniques discussed so far used perceptual error metrics on the atomic level (e.g., every
light interaction between patches, every mesh element subdivision), causing a significant over-
head on procedures that are repeated thousands of times in the course of the radiosity solution.
This imposes severe limitations on the complexity of human spatial vision models, which in
practice are restricted to models of brightness and contrast perception. Recently, more complete
(and costly) vision models have been used in rendering to develop higher level perceptual error
metrics which operate on the complete images. In the following section we briefly overview
applications of such metrics to global illumination and rendering solutions.

1.2 Advanced Perception-Based Error Metrics

Embedding advanced HVS models into global illumination and rendering algorithms is very
attractive scenario, which enables computation to be perception-driven specifically for a given
scene. Bolin and Meyer [3] have developed an efficient approximation of the Sarnoff Visual
Discrimination Model (VDM) [38], which made it possible to use this model to guide the place-
ment of samples in a rendered image. Because samples were only taken in areas where there
were visible artifacts, some savings in rendering time compared to the traditional uniform or
adaptive sampling were reported. Myszkowski [50] has shown some applications of the VDP to
drive adaptive mesh subdivision taking into account visual masking of the mesh-reconstructed
lighting function by textures. Ramasubramanian et al. [61] have developed their own image
quality metric, which they applied to predict the sensitivity of the human observer to noise in
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the indirect lighting component. This made a more efficient distribution of indirect lighting sam-
ples possible by reducing their number for pixels with higher spatial masking (in areas of images
with high frequency texture patterns, geometric details, and direct lighting variations). All com-
putations were performed within the framework of the costly path tracing algorithm [28] and a
significant speedup of computation was reported compared to the sample distribution based on
purely stochastic error measures.

A practical problem arises due to the fact that the computational costs incurred by the
HVS models introduce an overhead to the actual lighting computation, which may become
more significant the more rapid the lighting computation becomes. The potential gains of such
perception-driven computation can be easily canceled out by this overhead, depending on many
factors such as scene complexity, performance of a given lighting simulation algorithm for a
given type of scene, image resolution, and so on. The HVS models can be simplified to reduce
the overhead, e.g., Ramasubramanian et al. [61] ignore spatial orientation channels in their vi-
sual masking model, but then underestimation of visible image artifacts becomes more likely.
To prevent such problems and to compensate for ignored perceptual mechanisms, more conser-
vative (sensitive) settings of the HVS models should be applied, which may also reduce gains in
the lighting computation driven by such models.

It seems that keeping the HVS models at some high level of sophistication and embedding
them into rendering algorithms, which are supposed to provide a meaningful response rapidly,
e.g., in tens of seconds or single minutes, may be a difficult task. For example, full processing
of the difference map between a pair of images at a resolution of ������������� pixels using the
VDP model [8] takes about 20 seconds on a R10000, 195 MHz processor and such processing
should be repeated a number of times to get reasonable monitoring of progress in image quality.
In this work we explore two different approaches, in which the advanced HVS models are used
off-line or on-line. In the former case, the VDP is used only at the design stage of the global
illumination algorithms and the tuning of their parameters. Thus, the resulting algorithms can
spend 100% of their computation time in lighting simulation, and the costs of HVS processing
(which is performed off-line) are of secondary importance (Section 1.4.2). In the latter case, the
VDP processing is performed along with the time-consuming global illumination computation
to decide upon its stopping condition. However, in this application the VDP computation is
performed exclusively at later stages of computation, and involves only a small fraction of the
overall computation costs (Section 1.4.3).

In the following section we briefly describe the VDP as a representative example of an
advanced image fidelity metric that is strongly backed by findings in physiology and psy-
chophysics.

1.3 Visible Differences Predictor

Although substantial progress in the study of physiology and psychophysics has been made in
recent years, the HVS as a whole and the higher order cognitive mechanisms in particular, are
not yet fully understood. Only the early stages of the visual pathway beginning with the retina
and ending with the visual cortex are considered as mostly explored [11]. It is believed that the
internal representation of an image by cells in the visual cortex is based on spatial frequency and
orientation channels [40, 82, 88]. The channel model explains well such visual characteristics
as:
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� the overall behavioral Contrast Sensitivity Function (CSF) - visual system sensitivity is a
function of the spatial frequency and orientation content of the stimulus pattern;

� spatial masking - detectability of a particular pattern is reduced by the presence of a second
pattern of similar frequency content;

� sub-threshold summation - adding two patterns of sub-threshold contrast together can
improve detectability within a common channel;

� contrast adaptation - sensitivity to selected spatial frequencies is temporarily lost after
observing high contrast patterns of the same frequencies; and,

� the spatial frequency after-effects - as result of the eye’s adaptation to a certain grating
pattern, other nearby spatial frequencies appear to be shifted.

Because of these favorable characteristics, the channel model provides the core of the most
recent HVS models that attempt to describe spatial vision. Our application of the HVS model
is concerned with how to predict whether a visible difference will be observed between two
images. Therefore, we were most interested in the HVS models developed for similar tasks
[7,8,16,18,37,44,66,68,86,92], which arise from studying lossy image compression, evaluating
dithering algorithms, designing CRT and flat-panel displays, and generating computer graphics.
Let us now describe briefly the Visible Differences Predictor (VDP) developed by Daly [8] as
a representative example, which was selected by us for our experiments on global illumination
algorithms.

The VDP is considered one of the leading computational models for predicting the differ-
ences between images that can be perceived by the human observer [32]. The VDP receives
as input a pair of images, and as output it generates a map of probability values, which char-
acterize perceivability of the differences. The input target and mask images undergo identical
initial processing (Figure 1.1). At first, the original pixel intensities are converted to physical
luminance values in the display device. If the exact range of luminance values is not known for a
given CRT display it is usually assumed that the maximum luminance value is about 100 �

�������
.

Weber’s law-like behavior is applied to derive brightness sensation for every pixel based on the
corresponding luminance values. The non-linear response of retinal neurons and their adapta-
tion characteristics are taken into account. For the sake of simplicity it is assumed that the HVS
adapts separately to each pixel. Then the resulting image is converted into the frequency do-
main and processing of the CSF is performed. The resulting data is decomposed into the spatial
frequency and orientation channels using the Cortex transform, which is a pyramid-style, invert-
ible, and computationally efficient image representation. In Figure 1.2a we show organization
of the filter bank in the Cortex transform, which models the combined radial frequency and ori-
entational selectivity of cortical neurons. After decomposing the input image into six frequency
bands, each of these bands (except the lowest-frequency baseband) undergoes identical orienta-
tional selectivity processing. The resulting decomposition of the image frequency plane into 31
radial frequency and orientation channels is shown in Figure 1.2b. Then the individual channels
are transformed back to the spatial domain, in which visual masking is processed.

As the result of CSF computation the contrast values in all channels are normalized by
the corresponding values of detection thresholds. Due to visual masking characteristics of the
HVS those threshold values can be further elevated with increases in the contrast of image
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Figure 1.1: Block diagram of the Visible Differences Predictor (multiple arrows indicate parallel
processing of the spatial frequency and orientation channels).

(mask) pattern. For every channel and for every pixel, the elevation of the detection threshold
is calculated based on the mask contrast for that channel and that pixel. It is usually assumed
that the threshold elevation is computed for the mask image. Also, more conservative approach
can be chosen in which mutual masking is considered by taking the minimal threshold elevation
value for the corresponding channels and pixels of the two input images. The resulting threshold
elevation maps are then used to normalize the contrast differences between target and mask
images. The normalized differences are input to the psychometric function which estimates the
probability of detecting the differences for a given channel. This estimated probability value is
summed across all channels for every pixel. Finally, the probability values are used to visualize
visible differences between the target and mask images. It is assumed that the difference can
be perceived for a given pixel when the probability value is greater than 0.75, which is the
standard threshold value for discrimination tasks [88]. When a single numeric value is needed
to characterize the differences between images, the percentage of pixels with probability greater
than this threshold value is reported. The former measure is suitable to estimate the differences
locally, while the latter measure provides global information on the differences for the whole
image.

The main advantage of the VDP is a prediction of local differences between images (on the
pixel level). The Daly model also takes into account the visual characteristics that we think are
extremely important in our application: a Weber’s law-like amplitude compression, advanced
CSF model, and visual masking function.

The original Daly model also has some disadvantages, for example, it does not process chro-
matic channels in input images. However, in global illumination applications many important
effects such as the solution convergence or the quality of shadow reconstruction can be relatively
well captured by the achromatic mechanism, which is far more sensitive than its chromatic coun-
terparts.

The VDP seems to be one of the best existing choices for our applications involving pre-
diction of image quality for various settings of global illumination solutions. This claim is
supported by our extensive VDP integrity checking, and validation in psychophysical experi-
ments that we briefly summarize in the following two sections. More extensive documentation
of these tests is provided on the VDP project Web pages [1].
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Figure 1.2: Cortex transform: a) organization of the filter bank and b) decomposition of the
image frequency plane into the radial and orientation selectivity channels. The filled regions
show an example of the spatial frequencies allocated to a single channel. At the left side of b)
the spatial frequency scale in cycles per pixel is shown, which makes possible estimation of the
bandpass frequencies of every radial channel. Also, the orientation of the band center in degrees
is shown for every orientation channel.
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1.3.1 VDP Integrity

The VDP model predicts many characteristics of human perception. However, the computa-
tional models of these characteristics were often derived from the results of various unrelated
experiments, which were conducted using completely different tasks. As pointed out by Taylor
et al. [66] this is a potential threat for the VDP integrity. The approach promoted in [66,89] was
to execute psychophysical experiments that directly determined the model parameters. How-
ever, such experiments usually cover significantly less visual mechanisms, for example, the
model proposed by Taylor et al. does not support visual masking. In this respect, the strategy
taken by Daly results in a more complete model, although, perhaps at the expense of its integrity.

We decided to examine the integrity of Daly’s model to understand how critical are its ma-
jor components in maintaining a reasonable output. We replaced some model components by
functionally similar components, which we obtained from well-established research results pub-
lished in the literature. We investigated how the VDP responses will be affected by such replace-
ments.

We experimented with three types of CSF used in the following HVS models: [8], [16, 44],
and [18]. The response of the VDP was very similar in the former two cases, while for the
latter one discrepancies were more significant. A possible reason for such discrepancies is that
the CSF used in [18] does not take into account luminance adaptation for our test, which could
differ from the conditions under which the CSF was originally measured.

Also, we experimented with different spatial and orientation channel decomposition meth-
ods. We compared the Cortex transform [8] with 6 spatial and 6 orientation channels (a typical
output of every channel for our standard test image is shown on the VDP project Web pages [1])
and the band-pass (Laplacian) pyramid proposed by Burt [4] with 6 spatial frequency channels,
and extended to include 4 orientation channels. While the quantitative results are different, the
distribution of probabilities of detection differences between images corresponds quite well.
The quantitative differences can be reduced by an appropriate scaling of the VDP responses.

Daly’s original VDP model used an average image mean to compute the global contrast for
every channel of the Cortex transform. We experimented with the local contrast using a lowpass
filter on the input image to provide an estimate of luminance adaptation for every pixel. This
made the VDP more sensitive to differences in dark image regions, and we found that in many
cases the VDP responses better matched our subjective impressions.

In experiments we performed, we found that the VDP prediction was quite robust across the
tasks we examined and variations in the configuration of VDP modules. While the quantitative
results we obtained were different in many cases (i.e., the probability values for perceiving a
difference which are reported for every pixel), the distribution of predicted perceivable differ-
ences over the image surface usually matched quite well. A comparison of the VDP output for
all experiments discussed in this section is provided on the VDP project Web pages [1].

In [50] we report representative results of more specialized VDP experiments, which were
focused on prediction of the perceived shadow quality as a function of the visual masking by a
texture, the CRT device observation distance, and the global illumination solution convergence.
In all cases tested we obtained predictions that matched well our subjective judgments. On the
VDP project Web pages [1] we provide input images along with the VDP predictions for the full
set of experiments we performed. We disseminate this material on the Internet so that it can be
used for testing other metrics of differences between images.
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Figure 1.3: The standardized mean ratings (squares) at each of 10 cumulative computation times
are shown along with corresponding VDP predictions (filled circles).

1.3.2 Psychophysical Validation of the VDP

Since the VDP is a general purpose predictor of the differences between images, it can be used
to evaluate sets of images from a wide range of applications. In our experiments we chose to
test its performance in global illumination tasks, which correspond to our intended use of the
VDP. In this work we discuss one selected experiment in which we compared VDP responses
with those obtained from human subjects for a series of image pairs resulting from successive
refinement in a progressive hierarchical radiosity solution. We chose this experiment because it
validates the VDP role in the development of our novel global illumination algorithm described
in Section 1.4.2. The description of our other psychophysical experiments with subjects con-
cerning visual masking of shadows by textures, and image fidelity following JPEG compression
can be found in [42]. As postulated in [22] the experiments were performed in cooperation with
an experimental psychologist.

In the experiment reported here, subjective judgments from 11 human observers were col-
lected for pairs of images presented on a high-quality CRT display under controlled viewing
conditions. The experimental subjects were requested to rank on a scale from 1 to 9 the per-
ceived global difference between each of a pair of images. In every pair, the final image for
the fully converged radiosity solution was presented side-by-side with an image generated at an
intermediate stage of radiosity computation. In total ten intermediate images taken at different
stages of computation were considered, and presented to subjects in a random order. We used
the HTML forms to present stimuli, and the subjects could freely scroll the display and adjust
their ranking (we include examples of our HTML forms on the VDP project Web pages [1]).
The prediction of differences for the same pairs of images was computed using the VDP, and
compared against the subjects’ judgments. Figure 1.3 summarizes the results obtained. A good
agreement was observed between VDP results and subjective ratings. This means that as the
progressive radiosity solution converged, close agreement between the VDP predictions and the
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subjective judgments was maintained.
The results of our psychophysical experiment suggest that the VDP can be used to estimate

what might be termed “perceptual” convergence in image quality rather than “physical” con-
vergence. Such an image quality measure can be used to compare the performance of various
rendering techniques as a function of the computation time, and to decide when the computation
can be finished because further improvement of the image quality cannot be perceived by the
human observer [50].

Encouraged by the positive results of VDP validation in psychophysical experiments and
integrity tests, we used the VDP in actual applications where the main goal was to improve the
performance of global illumination computation. In the following section we discuss a number
of examples of such applications.

1.4 VDP Applications in Global Illumination Computation

A common measure of the physical convergence of a global illumination solution is the Root
Mean Square (RMS) error computed for differences between pixel values of the intermediate
and final images. The RMS error is not suitable to monitor the progress of computation because
it poorly predicts the differences as perceived by the human observer [8, 18, 62, 68]. In Sec-
tion 1.3.2 a new metric of the perceptual convergence in image quality was discussed, and we
used this metric to compare the performance of selected global illumination techniques (Sec-
tion 1.4.1). As the result of such a comparison, a hybrid global illumination solution has been
proposed in which the technique that performs best in terms of the perceptual convergence is
selected at every stage of computation [75]. We discuss this hybrid technique in Section 1.4.2.

As can be seen in Figure 1.3 the ranking for the final stages of the radiosity solution (70–200
minutes) was considerably more difficult because the corresponding images were very similar.
This suggests a novel application of the VDP (and other similar metrics) to decide upon the
computation stopping conditions, when further computation will not result in noticeable changes
in the image quality as perceived by the human observer. We discuss this topic more in detail in
Section 1.4.3.

1.4.1 Evaluating Progression of Global Illumination Computation

In many practical applications it is important to obtain the intermediate images which correspond
well to the final image at possibly early stages of solution. A practical problem arises how
to measure the solution progression, which could lead to the selection of an optimal global
illumination technique for a given task. Clearly, since the human observer ultimately judges
the image quality, basic characteristics of the HVS must be involved in such a measure of the
solution progression. We used the VDP to provide the quantitative measures of the perceptual
convergence by predicting the perceivable differences between the intermediate and final images
[50].

We investigated the perceptual convergence of the following view-independent algorithms:

� Deterministic Direct Lighting (DDL) computation with perceptually-based adaptive mesh
subdivision [57]. We provide more details on the DDL algorithm in [53, 54].



Perception-Driven Global Illumination and Rendering Computation 14

� Shooting iteration Hierarchical (link-less and cluster-based) Radiosity (SHR)
[53, 54] for indirect lighting computation. By default, a pre-calculated fixed mesh is used
to store the resulting lighting.

� Density Estimation Photon Tracing (DEPT) from light sources with photons bucketed into
a non-adaptive mesh [75]. By Direct DEPT (DDEPT) we denote buckets with photons
coming directly from light sources, and by Indirect DEPT (IDEPT) we denote a different
set of buckets with photons coming via at least one reflection. We provide more details
on the DEPT algorithm in [75].

The DDL and SHR techniques are deterministic, while the DEPT algorithm is stochastic.
Obviously direct (DDL and DDEPT) and indirect (SHR and IDEPT) lighting computation tech-
niques are complementary, but in practice the following combinations of these basic algorithms
are used: DDL+SHR, DDL+IDEPT, and DDEPT+IDEPT (DEPT for short).

We measured the performance of these basic techniques in terms of perceived differences
between the intermediate and final images using the VDP responses. As we discussed in Sec-
tion 1.3, the VDP response provides the probability of difference detection between a pair of
images, which is estimated for every pixel. We measured the difference between images as the
percentage of pixels for which the probability of difference detection is over 0.75, which is the
standard threshold value for discrimination tasks [88]. In all tests performed, we used images of
resolution 512 � 512. The diagonal of the images displayed on our CRT device was 0.2 meters,
and we assumed that images were observed from the distance of 0.5 meters.

We assumed that the final images used for the VDP computation are based on the DDL+SHR
and DDL+IDEPT global illumination solutions, which converge within some negligible error
tolerance. The final images obtained using these methods are usually only slightly different.
Minor discrepancies can be explained by various approximations assumed by each of these
completely different algorithms, e.g., different handling of the visibility problem, the lighting
function discretization during computation used by the SHR technique. To eliminate the influ-
ence of these differences on the VDP response, for a given method we considered the final image
generated using this particular method. The only exception is the DDEPT+IDEPT method, for
which we use the final image generated using the DDL+IDEPT technique because it provides
more accurate direct lighting reconstruction for a given mesh/bucket density.

In this work we report results obtained for a scene, which we will refer to as the POINT

(in [75] we consider three different scenes of various complexity of geometry and lighting).
Both direct and indirect lighting play a significant role in the illumination of the POINT scene.
The scene is built of about 5,000 polygons, and the original scene geometry was tessellated into
30,200 mesh elements using the DDL technique.

The graphs in Figure 1.5 show that the perceptual convergence of the indirect lighting solu-
tion for the SHR technique is slower than the IDEPT approach (direct lighting is computed using
the same DDL method). In our experience, the difference in performance between the IDEPT
over SHR methods is far more significant for complex scenes. The SHR technique shows better
performance for simple scenes only. Based on these results, we use the DDL+SHR technique
for scenes built of fewer than 500 polygons. For scenes of more practical complexity, we con-
sider the DDL, DDEPT and IDEPT techniques to optimize the progressive refinement of image
quality.
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a) b) c)

Figure 1.4: Test scene POINT: a) full global illumination solution, b) indirect lighting only, c)
direct lighting only.
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Figure 1.5: Plots of the VDP results (predicted global differences between the intermediate and
final images) measuring the performance of the DEPT, DDL+IDEPT, and DDL+SHR algorithms
for the POINT scene.
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The graphs in Figure 1.5 show that at the initial stages of computation the DEPT technique
provides the best performance, and rapidly gives meaningful feedback to the user. At later
stages, the DDL+IDEPT hybrid shows faster perceptual convergence to the final image. In
both cases, we used the same fixed mesh to bucket photons. Due to the basic mesh-element
granularity, many subtle details of direct lighting distribution could not be captured well using
the DDEPT technique. For example, small and/or narrow lighting patterns may be completely
washed out. Also, when shadows are somehow reconstructed, they can be distorted and shifted
with respect to their original appearance, and their boundaries can be excessively smooth. The
problem of excessive discretization error, which is inherent in our DDEPT method, is reduced
by the adaptive mesh subdivision used by the DDL technique.

The graphs in Figure 1.5 show that the algorithms examined have different performance at
different stages of computation. This makes possible the development of a hybrid (composite)
algorithm which uses the best candidate algorithm at a given stage of computation. This idea is
further investigated in the following section.

1.4.2 Optimizing Progression of Global Illumination Computation

Based on the results of experiments measuring the perceptual convergence which were presented
in the previous section for the POINT scene, and similar results obtained for different scenes we
investigated (e.g., refer to [75]), a new hybrid technique that uses DDEPT, IDEPT and DDL can
be proposed:

1. First, stochastic computations of direct and indirect lighting should be performed.

2. Second, the stochastically computed direct component should be gradually replaced by
its deterministically computed counterpart to reconstruct the fine details of the lighting
function.

3. Finally, stochastic indirect computation should be continued until some stopping criterion
is reached, e.g., a criterion that is energy-based in terms of the solution variance (some
engineering applications may require precise illumination values), or perception-based in
terms of perceivable differences between the intermediate and final images [50].

All algorithms discussed use mesh vertices to store the results of direct and indirect lighting
computations separately, so switching between them can easily be performed. The mesh is
adaptively refined to fit the lighting distribution better in the case of the DDL technique only
(refer to [53, 54]), but then indirect lighting computed using the IDEPT can be interpolated at
the new vertices.

While the obtained ordering of the basic algorithms was the same across all tested scenes
(refer also to [75]), the optimal selection of switchover points between the sequentially executed
algorithms depended on the given scene characteristics. Ideally, the switchover points should
be selected automatically based on the performance of component algorithms for a given scene,
which could be measured by the on-line VDP computation. However, performing the VDP
computation at the runtime of the composite algorithm computation is not acceptable because
of the high costs of the VDP processing (Section 1.2). To overcome this problem we decided to
elaborate a robust heuristic of the switchover points selection which provides good progression
of the image quality for a wide range of indoor scenes. For this purpose, we designed another
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Figure 1.6: Experimental setting for evaluation of the image quality progression and selection
of the switchover points between global illumination algorithms (the human-assisted selection
is based on minimizing the perceptual distance between the intermediate and final images).

experiment involving the VDP off-line, and our experimental setting is shown in Figure 1.6.1

Within this framework we applied the VDP to get quantitative measures of the image quality
progression as a function of time points

��
at which switching between our basic algorithms

DEPT (DDEPT+IDEPT), DDL, and IDEPT was performed.
The results of our experiments for the POINT test scene are summarized in Figure 1.7a.

The thick line between two switchover points
���

and
� � depicts possible performance gains if

DEPT is replaced by DDL at
���

, and then DDL is replaced by IDEPT at
� � . Also, we tried a

different switching strategy, in which after switching from DEPT to DDL at
� �

, we performed
switching back and forth between the DDL and IDEPT algorithms. We refer to this strategy
as
� ����������� ���

, where � stands for the number of switchover points. We investigated various
choices of

� ������! #"
, which controlled switching between the DDL and IDEPT algorithms.

For example, we performed the switching after completion of every single iteration of the DDL
computation, or every two such iterations and so on. Also, we changed

�$�
, which effectively

controls the initial DEPT computation time. The thin line in Figure 1.7a shows an envelope of all
graphs depicting our composite algorithm performance for all combinations of switchover points
investigated by us. This envelope approximates the best expected performance of our composite
technique assuming an “optimal” switching strategy between the DDL and IDEPT algorithms
with multiple switchover points

��� �������%� � �
. As can be seen, gains in performance achieved

using the
��� ��������� � �

strategy were negligible compared to the strategy based on well-chosen
switchover points

���
and

� � . This observation was confirmed for other tests we performed [75].
1This setting is of general use and can be easily applied to any set of global illumination algorithms to select the best

basic algorithm for a given task and computation stage.
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Figure 1.7: Plots of the VDP results (magnified from Figure 1.5) measuring the performance of
DEPT and DDL+DEPT algorithms for the POINT test. a) The thick line between two switchover
points

���
and

� � depicts possible performance gains if the DEPT is replaced by the DDL at
� �

,
and then the IDEPT is activated at

� � . The thin line depicts an “optimal” switching strategy
between the DDL and IDEPT algorithms with multiple switchover points

��� ��������� � �
. b) Per-

formance gains for various choices of switching time
���

.
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For the sake of simplicity of our composite algorithm, we decided to use just two switchover
points

� �
and

� � . We investigated various choices of
� �

, which measures the duration of the ini-
tial DEPT computation. We assumed that

� � is decided automatically when the DDL computa-
tion is completed. The composite algorithm performance for various

� �
is shown in Figure 1.7b.

As can be seen our composite algorithm performs much better than the standalone DDL+IDEPT
or DEPT methods for all choices of

� �
which are considered in Figure 1.7b. In [75] we show

that the choice of
���

is not extremely critical in terms of the image quality progressive refine-
ment. However, a too short

���
may result in a poor quality of indirect lighting, which cannot

be improved during the DDL computation. On the other hand, a too long
� �

may result in an
undesirable delay in reconstruction of shadows and other shading details. Because of this, the
upper bound for

���
should be comparable to the computation time of the first iteration

�� � in
the DDL processing, after which the first rendering of a complete direct lighting distribution
becomes possible. We can estimate

�  � well by measuring the timings of pilot photons tracing
and by knowing the number of initial mesh vertices, the number of light sources, and estimating
the average number of shadow feelers (i.e., rays traced to obtain visibility information) for area
and linear light sources.

Our heuristic for the
� �

selection proceeds as follows. At first, we run the DEPT computa-
tion for time

���������  � (where
����� �  

, and
���
	�� � � seconds, since in our implementation

we assumed that 0.5 seconds is the minimal interval for sampling DEPT solution errors). We
then estimate the ���� error �� of the indirect lighting simulation (we provide a derivation of
the ���� error measure for the DEPT algorithm in [76]). Based on the results of DEPT com-
putation for multiple scenes, we assume that a reasonable approximation of indirect lighting can
usually be obtained for the ���� error threshold value

���������  ��� . Taking into account the
basic properties of stochastic solution convergence [65], we estimate the required computation
time

�������
to reach the accuracy level

�������
as

� ����� � ��� �� �� ������ �

and finally, we set
� �

as ��� �"!�#%$ � ������� � �� � " �
For simplicity, our heuristic relies on the energy-based criterion of indirect lighting accuracy.
Obviously, in the perceptual sense this criterion does not guarantee the optimal

�$�
switchover

point selection. However, we found that this heuristic provided stable progressive refinement of
rendered image quality for all tests performed with multiple scenes. The robust behavior of our
heuristic can be explained by the relative insensivity of our composite algorithm to the selection
of
���

[75], and the strong lowpass filtering properties of our lighting reconstruction method at
the initial stages of computation.

Figure 1.8 shows an example of fast perceptual convergence of the intermediate solutions
in terms of the perceived quality of the corresponding images. The THEATER scene is built of
17,300 polygons (tessellated into 22,300 mesh elements) and is illuminated by 581 light sources.
Figures 1.8 depict nonfiltered (a) and filtered (b) illumination maps, obtained after 30 seconds of
the DEPT computation. Figure 1.8b closely resembles the corresponding image in Figure 1.8c,
which took 20 and 68 minutes of the DEPT and DDL computations, respectively. The final
antialiased image (Figure 1.8d) was rendered using ray tracing, which took 234 minutes (the
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image resolution was 960 � 740 pixels). In the ray tracing computation, direct lighting was
recomputed for every image sample. This solution is typical for multipass approaches, e.g., [27].
The indirect lighting was interpolated based on the results of the IDEPT computation, which are
stored at mesh vertices. Since all surfaces of the scene in Figure 1.8 exhibit the Lambertian
properties of light reflection, the illumination maps (Figures 1.8b and c) are of similar quality
to that obtained using the ray tracing computation (Figure 1.8d). Obviously, once calculated,
illumination maps make possible walkthroughs of adequate image quality almost immediately,
while the ray tracing approach requires many hours of computation if the viewing parameters
are changed. This example shows the advantages of high quality view-independent solutions for
rendering environments with prevailing Lambertian properties.

a) b)

c) d)

Figure 1.8: Comparison of various renderings for the THEATER scene: a) photon tracing without
illumination map filtering (30 seconds), and b) photon tracing with filtering (30 seconds), c)
enhanced accuracy of direct illumination (88 minutes), d) ray traced image (234 minutes).

It was impractical to use the VDP on-line (because of its computational costs) in algorithms
that produce some intermediate results (images) rapidly, which was the case of our composite
global illumination solution. However, for applications which require substantial computation
time, embedding advanced HVS models might be profitable. In the following section we dis-
cuss an example of using the VDP on-line to decide upon the stopping conditions for global
illumination computation which often requires many hours to be completed.
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1.4.3 Stopping Conditions for Global Illumination Computation

Global illumination computation may be performed just to generate realistic images, or for some
more demanding engineering applications. In both cases, quite different criteria to stop compu-
tation proved to be useful [50]. In the former case, computation should be stopped immediately
when the image quality becomes indistinguishable from that of the fully converged solution for
the human observer. A practical problem here is that the final solution is not known, because it
is actually the goal of the computation. In the latter case, stopping conditions usually involve
estimates of the simulation error in terms of energy, which is provided by the lighting simulation
algorithm, and compared against a threshold value imposed by the user. For some algorithms
such as radiosity it might be difficult to obtain a reliable estimate of simulation accuracy, while
it is a relatively easy task for Monte Carlo techniques [73, 76, 77].

A common practice is to use energy-based error metrics to stop computation in realistic
rendering applications. In our observation, such error metrics are usually too conservative, and
lead to excessive computation times. For example, significant differences of radiance between
the intermediate and final stages of solution which may appear in some scene regions, can lead to
negligible differences in the resulting images due to the compressive power of the TMO used to
convert radiance to displayable RGB. Occasionally, energy-based metrics prove to be unreliable
and visible image artifacts may appear even though the error threshold value is set very low.
Since the error is measured globally, it may achieve a low value for the whole scene but locally
it can be still very high.

Clearly, some perception-informed metrics, which capture well local errors are needed to
stop global illumination computation without affecting the final image quality. We decided to
use the VDP for this purpose, encouraged by positive results of psychophysical experiments in
similar tasks that we reported in Section 1.3.2. We assume that computation can be stopped
if the VDP does not report significant differences between intermediate images. A practical
problem is to select an appropriate intermediate image which should be compared against the
current image to get robust stopping conditions.

We attempt to find a heuristic solution for this problem through experiments with the DDL+IDEPT
technique which we described in Section 1.4.1. In this work we discuss the results obtained for
the POINT test scene shown in Figure 1.4. However, we achieved similar results for other scenes
we tested.

Let us assume that the current image ��� is obtained after the computation time
�

, and
let us denote by ����� � ��� � � � � " the VDP response for a pair of images ��� and � � � where�
	 ��	  

. We should find an
�

to get a reasonable match between ����� � ��� � � � � " and
���� � ��� � ��� " , where ��� is an image for the fully converged solution. Figure 1.9 shows the
numerical values of ���� � ��� � ��� " and ���� � ��� � � � � " for

� ���  � � ��� � � �� � � ��� seconds
and various

�
, for scene shown in Figure 1.4. While the numerical values of ���� � � � � � ��� � � "

provide the upper bound for ���� � � � � � � " over all investigated
�

, it is even more important
that the image regions with the perceivable differences are similar in both cases (refer to the
VDP project Web pages [1] for color images with ����� � � � � � � " and ���� � � � � � ��� � � " ). This
means that for certain regions of � ��� � � and � � the variance of the luminance estimate is very
small (below the perceived level), and it is likely that it will be so for � � . For other regions
such variance is high, and it is likely that luminance estimates for � ��� � � and � � which fluctuate
around the converged values for � � will be different, and can be captured by the VDP. Thus, the
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Figure 1.9: The VDP predicted differences between � � and � � , and � � and � � � images.

choice of
�

is a trade-off. The
�

should be small enough to capture such perceivable fluctuations.
However, it should not be too small because � � � may exhibit high variance in the regions
in which the solution for ��� converged to that of ��� , with luminance differences below the
noticeable level. In our experiments with stopping conditions for the DEPT technique for various
scenes we found that

� � � � � (50% of photons are the same for � � and � ��� � � ) is such a
reasonable trade-off.
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2 Perception-Driven Rendering of High-Quality Walkthrough
Animations

Rendering of animated sequences proves to be a very computation intensive task. In profes-
sional production this involves specialized rendering farms designed specifically for this pur-
pose. Data revealed by major animation companies show that rendering times for the final
antialiased frames are still counted in tens of minutes or hours [2], so shortening this time be-
comes very important. A serious drawback of traditional approaches to animation rendering is
that error metrics controlling the quality of frames (which are computed separately one by one)
are too conservative, and do not take advantage of various limitations of the HVS.

It is well-known in the video community that the human eye is less sensitive to higher spatial
frequencies than to lower frequencies, and this knowledge was used in designing video equip-
ment [72]. It is also conventional wisdom that the requirements imposed on the quality of still
images must be higher than for images used in an animated sequence. Another intuitive point is
that the quality of rendering can usually be relaxed as the velocity of the moving object (visual
pattern) increases. These observations are confirmed by systematic psychophysical experiments
investigating the sensitivity of the human eye for various spatiotemporal patterns [29, 81]. For
example, the perceived sharpness of moving low resolution (or blurred) patterns increases with
velocity, which is attributed to the higher level processing in the HVS [87]. This means that all
techniques attempting to speed up the rendering of every single frame separately cannot account
for the eye sensitivity variations resulting from temporal considerations. Effectively, computa-
tional efforts can be easily wasted on processing image details which cannot be perceived in
the animated sequence. In this context, a global approach involving both spatial and temporal
dimensions appears promising and is a relatively unexplored research direction.

In this work we present a framework for the perceptually-based accelerated rendering of
animated sequences [55]. In our approach, computation is focused on those selected frames
(keyframes) and frame fragments (inbetween frames), which strongly affect the appearance of
the entire animation by depicting image details readily perceivable by the human observer. All
pixels related to these frames and frame fragments are computed using a costly rendering method
(we use ray tracing as the final pass of our SHR global illumination solution), which provides
images of high quality. The remaining pixels are derived using inexpensive Image-Based Ren-
dering (IBR) techniques [41,45,63]. Ideally, the differences between pixels computed using the
slower and faster methods should not be perceived in animated sequences, even though such
differences can be readily seen when the corresponding frames are observed as still images. A
spatiotemporal perception-based quality metric for animated sequences is used to guide frame
computation in a fully automatic and recursive manner.

In the following section we briefly introduce the basics of IBR techniques, and we show
their non-standard applications in the context of animation walkthroughs. Then we propose our
animation quality metric, and show its application to improve efficiency of rendering animation
walkthrough sequences.
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2.1 Image-Based Rendering Techniques

In recent years, Image-Based Rendering (IBR) techniques became an active research direction.
The main idea behind the IBR is to derive new views of an object based on a limited number of
reference views. The IBR solutions are especially appealing in the context of photographs of the
real-world, because a high level of realism of the derived frames can be obtained while tedious
geometric modeling required by the traditional (geometry-based) rendering can be avoided. A
practical problem with the IBR techniques is that depth (range) data registered with every image
are required to properly solve occlusions which arise when the camera translational motion is
involved. For the real-world scenes this problem can be addressed using costly range scanning
devices, or using computer vision methods [30], e.g., the stereo-pair method, which are usually
far less accurate and robust.

The IBR approach is also used for generated images, in which case the geometrical model is
available, so depth data of high accuracy can be easily obtained. The main motivation of using
IBR techniques for synthetic scenes is rendering efficiency (it is relatively easy to achieve the
rendering speed of 10 or even more frames per second on an ordinary PC without any graphics
accelerator [63]). Figure 2.1 depicts the process of acquiring an image for the desired view
based on two reference images (keyframes), and corresponding depth maps (the distance to the
object is encoded in grey scale). At first, 3D warping [45] and reprojection of every pixel in
the reference image to its new location in the desired image (inbetween frame) is performed.
Usually a single reference image does not depict all scene regions that are visible from the de-
sired view, which results in holes in the warped reference images. Such holes can be removed
by combining information from multiple reference images during the compositing step (in the
example shown in Figure 2.1 just two images are composited), which complements the desired
image rendering. This requires a careful selection of the reference images to cover all scene
regions which might be visible from desired views. For a walkthrough animation along a prede-
fined path a proper selection of keyframes is usually easier because of the constraints imposed
on the camera locations for desired views. We exploit this observation to improve the efficiency
of high-quality rendering of walkthrough animations, which we discuss in Section 2.3.

The 3D warping technique [45] has one more application in the context of walkthrough ani-
mation sequences. As a result of the 3D warping of a selected frame to the previous (following)
frame in the sequence, the displacement vector between positions of the corresponding pixels
which represent the same scene detail is derived (refer to Figure 2.2). Because the time span
between the subsequent animation frames is known (e.g., in the PAL composite video standard
25 frames per second are displayed), it is easy to compute the velocity vector based on the cor-
responding displacement vector. A vector field of pixel velocities defined for every image in the
animation sequence is called the Pixel Flow (PF) which is the well-known notion in the digital
video and computer vision communities [67]. In this work we focus on walkthrough anima-
tion sequences that deal exclusively with changes of camera parameters,2 in which case a PF
of good accuracy can be derived using the computationally efficient 3D warping technique. In
Section 2.2.1 we show an application of the PF to estimate the human eye sensitivity to spatial
patterns moving across the image plane.

2In the more general case of scene animation the PF can be computed based on the scripts describing motion of
characters, changes of their shape and so on [64]. For the natural image sequences sufficient spatial image gradients
must exist to detect pixel displacements, in which case so called optical flow can be computed [67]. The optical flow
computation is usually far less accurate and more costly than the PF computation for synthetic sequences.
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Figure 2.1: IBR: derivation of an image for the desired view based on two reference images.

2.2 Animation Quality Metric

Assessment of video quality in terms of artifacts visible to the human observer is becoming
very important in various applications dealing with digital video encoding, transmission, and
compression techniques. Subjective video quality measurement usually is costly and time-
consuming, and requires many human viewers to obtain statistically meaningful results [69].
In recent years, a number of automatic video quality metrics, based on the computational mod-
els of human vision, has been proposed. Some of these metrics were designed for video [72,90],
and are often specifically tuned (refer to [91]) for the assessment of perceivability of typical
distortions arising in lossy video compression such as blocking artifacts, blurring, color shifts,
and fragmentation. Also, some well-established still image quality metrics were extended into
the time domain [39, 69, 83].

A lack of comparative studies makes it difficult to evaluate the actual performance of the dis-
cussed metrics. It seems that the Sarnoff model [39] is the most developed.3 Also, Watson [83]
proposed a metric based on the Discrete Cosine Transform which is computationally efficient
and retains many basic characteristics of the Sarnoff model [84]. In this work we decided to use
our own metric of animated sequence quality, which is specifically tuned for synthetic animation
sequences.

3The product of Tektronix, Inc. called PQA-200 Picture Quality Analyzer test instrument includes the so called
JNDmetrix which is based on this technology.



Perception-Driven Rendering of High-Quality Walkthrough Animations 26

frame frame+1frame-1

Figure 2.2: Displacement vectors for a pixel of the current frame in respect to the previous
(frame-1) and following (frame+1) frames in an animation sequence. All marked pixels depict
the same scene detail.

Before we move on to the description of our metric, we recall basic facts on the spatiotem-
poral Contrast Sensitivity Function (CSF) which is an important component of virtually all ad-
vanced video quality metrics. We show that in our application it is far more convenient to use the
spatiovelocity CSF, which is a dual representation of the commonly used spatiotemporal CSF.

2.2.1 Spatiovelocity CSF Model

Spatiotemporal sensitivity to contrast, which varies with the spatial and temporal frequencies
is an important characteristic of the HVS. The sensitivity is characterized by the so called spa-
tiotemporal CSF, which defines the detection threshold for a stimulus as a function of its spatial
and temporal frequencies. One of the most commonly used analytical approximations of the
spatiotemporal CSF are the formulas derived experimentally by Kelly [29]. Instead of exper-
imenting with flickering spatial patterns, Kelly measured contrast sensitivity at several fixed
velocities for traveling waves of various spatial frequencies. Kelly used the well-known rela-
tionship of equivalence between the visual patterns flickering with temporal frequency � , and
the corresponding steady patterns moving along the image plane with velocity

�� such that [81]:

� � �������	� ��
���
�� ��� �� (2.1)

where
���

and
��


denote the horizontal and vertical components of the velocity vector
�� , which

is defined in the image plane ��� , and
���

and
��


are the corresponding components of the spatial
frequency

��
. Kelly found that the constant velocity CSF curves have a very regular shape at any

velocity greater than about 0.1 degree/second. This made it easy to fit an analytical approxi-
mation to the contrast sensitivity data derived by Kelly in the psychophysical experiment. As a
result, Kelly obtained the spatiovelocity CSF, which he was able to convert into the spatiotem-
poral CSF using equation (2.1).

We use the spatiovelocity CSF model provided by Daly [9], who extended Kelly’s model to
accommodate for the requirements of current CRT display devices (characterized by the maxi-
mum luminance levels of about 100 �

� � � �
), and obtained the following formula:

� ��� � � � � " � � � � � �  ��� � ��������� � � � �� " � !�"
� �
� � ��" � ��� " �$#&%(' ��)

� " � � � � � � �*�
� "� � � +
"

(2.2)

where
���-, ��(,

is the spatial frequency in cycles per degree,
� �., �� ,

is the retinal velocity in
degrees per second, and � � �  �  ��

, �
� � � � � � , � �

�  � �
are coefficients introduced by Daly.
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In [9, 55] a more extended discussion on estimates of the retinal velocity is available, which
takes into account the eye natural drift, smooth pursuit, and saccadic movements. Figure 2.3
depicts the spatiovelocity CSF model specified in equation (2.2).
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Figure 2.3: Spatiovelocity Contrast Sensitivity Function.

Although the spatiotemporal CSF is used by widely known video quality metrics, we chose
to include the spatiovelocity CSF into our animation quality metric. Our design decision was
encouraged by the observation that it is not clear whether the vision channels are better described
as spatiotemporal (e.g., Hess and Snowden [25], and many other results in psychophysics) or
spatiovelocity (e.g., Movshon et al. [49], and many other results especially in physiology). Also,
accounting for the eye movements is more straightforward for a spatiovelocity CSF than for a
spatiotemporal CSF [9]. Finally, the widely used spatiotemporal CSF was in fact derived from
Kelly’s spatiovelocity CSF, which was measured for moving stimuli (traveling waves). However,
the main reason behind our choice of the spatiovelocity CSF is that in our application we deal
with synthetic animation sequences for which it is relatively easy to derive the PF (as it was
shown in Section 2.1). Based on the PF and using the spaciovelocity CSF, the eye sensitivity
can be efficiently estimated for a given image pattern in the context of its motion across the
image space. The spaciovelocity CSF is an important component of the Animation Quality
Metric (AQM) developed by the author, which we describe in the following section.

2.2.2 Animation Quality Metric Algorithm

As the framework of our AQM we decided to expand the perception-based visible differences
predictor for static images proposed by Eriksson et al. [14]. The architecture of this predictor
was validated by Eriksson et al. through psychophysical experiments, and its integrity was
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shown for various contrast and visual masking models [14]. Furthermore, we found that the
responses of this predictor are very robust, and its architecture was suitable for an incorporation
of the spatiovelocity CSF.

Figure 2.4 illustrates the processing flow of the AQM. Two comparison animation sequences
are provided as input. For every pair of input frames the probability map ������� of perceiving
the differences between these frames is generated as output. ������� provides for all pixels the
probability values, which are calibrated in such a way that 1 Just Noticeable Differences (JND)
unit [8, 39] corresponds to a 75% probability that an observer can perceive the difference be-
tween the corresponding image regions. While � ����� provides local information on the differ-
ences, for some applications it is more convenient to use just a single value which measures
the differences globally. We assumed that the percentage of pixels in � ����� with the predicted
differences over the 1 JND unit is a good measure of such global differences.

In the AQM computation each input frame undergoes the identical initial processing. At
first, the original pixel intensities are compressed by the amplitude non-linearity and normalized
to the luminance levels of the CRT display. Then the resulting images are converted into the
frequency domain, and decomposition into spatial and orientation channels is performed using
the Cortex transform which was developed by Daly [8] for the VDP. Then, the individual chan-
nels are transformed back to the spatial domain, and contrast in every channel is computed (the
global contrast definition [14] with respect to the mean luminance value of the whole image was
assumed).

In the next stage, the spatiovelocity CSF is computed according to the model of Kelly. The
contrast sensitivity values are calculated using equation (2.2) for the center frequency

�
of each

frequency band of the Cortex transform. The visual pattern velocity is estimated based on the
average PF magnitude between the currently considered frame, and the previous and following
frames (refer to Figure 2.2). As we discussed in Section 2.1, the PF can be estimated rapidly
using the 3D warping technique, which requires access to the range data of the current frame and
the camera parameters for all three involved frames. This means that the access to well localized
data in the animation sequence is required. Since the visual pattern is maximally blurred in the
direction of retinal motion, and spatial acuity is retained in the direction orthogonal to the retinal
motion direction [13], we project the retinal velocity vector onto the direction of the filter band
orientation. The contrast sensitivity values function are used to normalize the contrasts in every
spatial frequency-orientation channel into the JND units. Next the visual masking is modeled
using the threshold elevation approach [14]. The final stage is error pooling across all channels.

The AQM is well suited to computer graphics applications, and can be used to determine
when a lower image quality will be not perceived for a given frame, and its local regions. As
pointed out in [10] our AQM has a strong potential in efficient guiding of the video compression
to determine the level of perceived details locally per frame. In this work we apply the AQM to
guide inbetween frame computation, which we discuss in the following section.

2.3 Rendering of the Animation

For animation techniques relying on keyframing the rendering costs depend heavily upon the
efficiency of inbetween frame computation because the inbetween frames usually significantly
outnumber the keyframes. We use IBR techniques [41, 45] described in Section 2.1 to derive
the inbetween frames. Our goal is to maximize the number of pixels computed using the IBR
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approach without deteriorating the animation quality as perceived by the human observer.
The quality of pixels derived using IBR techniques is usually lower than ray-traced pixels,

e.g., in the regions of derived frames which are expanded in respect to the reference frames.
The HVS sensitivity is especially high for such quality degradations when the PF values are
low. We replace IBR-derived pixels in such regions with ray-traced pixels. The replacement
is performed when the PF velocity is below a specified threshold value, which we estimated in
subjective and objective (using the AQM) experiments [56]. In typical animations, usually only
a few percent of the pixels are replaced, unless the camera motion is very slow. Those pixels are
usually grouped around a so called focus of expansion [67] which represents the position in the
image corresponding to the point towards which the camera is moving.

Since specular effects are usually of high contrast and they attract the viewers attention
when looking at a video sequence [58], special care is taken to process them properly. Existing
IBR methods require costly preprocessing to obtain specular effects of good quality [20, 31,
33, 48]. For example, a huge number of pre-calculated images is needed to obtain crisp mirror
reflections. Because of these problems we decided to use ray tracing for pixels depicting objects
with strong specular properties. We use our AQM to decide for which objects with glossy
reflectance or transparent properties such computations are required.

Pixels representing objects in the inbetween frames which are not visible in the keyframes
cannot be properly derived using the IBR techniques, and we apply ray tracing to fill the resulting
holes in frames (refer to Section 2.1). An appropriate selection of keyframes is an important
factor in reducing the number of pixels which must be ray traced. This issue is discussed in
more details in [56]. In particular, it is shown that the accumulated PF along the animation path
can be used to improve the performance of IBR computation. It turns out, that by reducing
the variance of the accumulated PF between the animation segments, the number of pixels in
inbetween frames which depict objects invisible in the keyframes can usually be reduced.

In this work for the sake of simplicity we assume that initially the keyframes are placed
sparsely and uniformly along the animation path which is known in advance. Then adaptive
keyframe selection is performed, which is guided by the AQM predictions. We provide a de-
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tailed description of this solution in the following section. Then, we discuss the performance of
our approach for a case study walkthrough animation.

2.3.1 Adaptive Refinement of Keyframe Placement

At first the initial keyframe placement is decided by choosing the constant length of � �  
frames

for all animation segments � . Then every � is processed separately applying the following
recursive procedure:

1. Generate the first frame
� � and the last frame

� �
in � using ray tracing. The keyframes

that are shared by two neighboring segments are computed only once.

2. Apply 3D warping to keyframes
� � and

� �
to derive two instances

� � � ��� ��� and
� � �� ��� ��� of

an inbetween frame � � � �	� .
3. Use the AQM to compute the probability map � ����� with perceivable differences between� � � ��� ��� and

� � �� ��� �
� .
4. Mask out from � ����� all pixels that must be ray traced because of the IBR deficiencies

(discussed in Sections 2.1 and 2.3). The following order for masking out pixels is taken:

(a) Mask out from � ����� pixels with low PF values (in [56] we discuss experimental
derivation of the PF threshold value used for such masking).

(b) Mask out from � ����� pixels depicting objects with strong specular properties (i.e.,
mirrors, transparent and glossy objects). The item buffer [85] of frame

� � ��� �
� is
used to identify pixels representing objects with such properties. Only those spec-
ular objects are masked out for which the differences between

� �� ��� �
� and
� � �� ��� ��� as

reported in � ����� can be readily perceived by the human observer. In Section 2.3.2
we provide details on setting the thresholds of the AQM response, which are used
by us to discriminate between the perceivable and imperceivable differences.

(c) Mask out from � ����� holes composed of pixels that could not be derived from
keyframes

� � and
� �

using 3D warping.

5. If masked-out � ����� shows the differences between
� �� ��� �
� and

� � �� ��� ��� for a bigger per-
centage of pixels than the assumed threshold value:

(a) Split � at frame
� � ��� �
� into two subsegments � � (

� � ��������� � � ��� �
� ) and
� � (

� � ��� ��� ��������� � � ).

(b) Process recursively � � and � � , starting this procedure from the beginning for each
of them.

Else

(a) Composite
� �� ��� �
� and

� � �� ��� ��� with correct processing of object occlusions [41,63] to
derive

� � ��� �
� .
(b) Ray trace all pixels which were masked out in the step 4 of this procedure, and

composite these pixels with
� � ��� �
� .
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(c) Repeat the two latter steps for all remaining inbetween frames,
i.e.,

� �#��������� � � ��� ����� � and
� � ��� �
� � � ��������� � � �

�
in � .

To avoid image quality degradation resulting from multiple resamplings, the fully ray-traced
reference frames

� � and
� �

are always warped in step 5c to derive all inbetween frames in � .
Pixels to be ray traced, i.e., pixels with low PF values, pixels depicting specular objects with
visible differences (such objects are selected once for the whole � in step 4b), and pixels with
holes resulting from the IBR processing must be identified for every inbetween frame separately.
We evaluate the AQM response only for frame

� � ��� ��� . We assume that derivation of
� � ��� ��� ap-

plying the IBR techniques is the most error-prone in the whole segment � because its arclength
distance along the animation path to either the

� � or
� �

frames is the longest one. This as-
sumption is a trade off between the time spent for rendering and for the control of its quality
(we discuss the AQM costs in Section 2.3.2), but in practice, it holds well for typical animation
paths.

Figure 2.5 summarizes the computation and compositing of an inbetween frame. We used
a dotted line to mark those processing stages that are performed only once for segment � . All
other processing stages are repeated for all inbetween frames.

As a final step, we apply a spatiotemporal antialiasing technique, which utilizes the PF to
perform motion-compensated filtering (refer to [55] for more details).

2.3.2 A Case Study Walkthrough Animation

In this work we choose as a case study a walkthrough animation for the ATRIUM scene shown
in Figure 3.1b (more details on this scene are provided in Chapter 3). The main motivation for
this choice were the interesting occlusion relationships between objects which are challenging
for IBR. Also, a vast majority of the surfaces exhibit some view-dependent reflection properties,
including the mirror-like and transparent surfaces, which made the computation of inbetween
frames more difficult. Under such conditions, the AQM guided selection of keyframes and
glossy objects within inbetween frames to be recomputed was more critical, and wrong decisions
concerning these issues could be easy to perceive. In [56] we discuss another case study in
which a walkthrough within the POINT scene (shown in Figures 1.4 and 2.5) is analyzed with an
emphasis on strong variations of the PF along the animation path.

For our experiments we selected a walkthrough sequence of 200 frames. At the initial
keyframe selection step, we assumed the length � �  � � � frames for each animation segment
� . Figure 2.6a illustrates adaptive refinement of the initial keyframe placement guided by the
AQM predictions. We use the global measure (refer to Section 2.2.2) of the differences between
frames, i.e., the percentage of pixels in � ����� for which the differences are over 1 JND. Note that
only pixels to be derived using the IBR approach are considered, while pixels to be ray traced
are masked out (refer to Section 2.3.1). The filled squares in Figure 2.6a show the global AQM
predictions of the differences between the subsequent keyframe pairs:

� � warped to
� � � ��� ��� , and� �

warped to
� � �� ��� ��� for every initial segment � . Segments with global predictions over 10%

are split, and the filled diamonds show the corresponding reduction of the predicted perceivable
differences between the newly inserted frames. The 10% threshold was chosen experimentally,
and can be justified by the fact that for an animated sequence the observer can only fixate at
one location per frame. For such a location and its surround of approximately 1 visual degree
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the eye sensitivity is high due to the foveal vision [79], while it decreases significantly for the
remaining image regions which are perceived by means of the peripheral vision (eccentricity
effect). The AQM sensitivity is tuned for the foveal vision because at the stage of animation
rendering it is not known where the observer will be looking. This means that the AQM predic-
tions might be too conservative for many image regions, and the degradation of quality usually
cannot be perceived unless the observer attention is specifically attracted to these regions. To
improve the rendering performance, we chose a trade-off solution in which visible differences
between warped keyframes are allowed for a small number of pixels (up to 10%). Although
some perceivable quality problems may arise for these pixels, it is most likely that the observer
will not notice them at all.

The overall costs of the computation of inbetween frames are strongly affected by the num-
ber pixels of that must be ray traced. As we discussed in Section 2.3, we replace IBR-derived
pixels by ray traced pixels for image patterns moving with low velocity. The graph in Fig-
ure 2.6b shows the percentage of such pixels for which the PF values are below the experimen-
tally derived threshold velocity 0.5 degree/second (for details concerning the derivation of this
threshold value refer to [56]). Also, we use ray tracing to derive pixels depicting specular objects
for which the IBR technique leads to the AQM predicted degradation of the animation quality.
As described in Section 2.3.1, for every segment � we run the AQM once to decide upon the
specular objects which require recomputation. If a group of connected pixels representing an
object (or a part of an object) exhibits differences greater than 2 JND units (a 93.75% probabil-
ity of the difference discrimination), we select such an object for recalculation. If differences
below 2 JND units are reported for an object by the AQM then we estimate the ratio of pixels
exhibiting such differences to all pixels depicting this object. If the ratio is bigger than 25%,
we select such an object for recomputation - 25% is an experimentally selected trade-off value,
which makes a reduction in the number of specular objects requiring recomputation possible, at
the expense of some potentially perceivable image artifacts. The graph in Figure 2.6b shows the
percentage of specular pixels selected for recomputation. Finally, the percentage of pixels that
are ray traced due to IBR occlusion problems is included in this graph. Table 2.1 summarizes
the results depicted in Figure 2.6b by providing the average percentage of pixels per frame to
be ray traced. Note that the keyframe pixels, which are always ray traced, are included in the
average.

Although the AQM processing costs are relatively high (it takes 243 seconds4 to process a
pair of frames), the overall computation cost per frame was reduced from 40 minutes to 20.5
minutes without noticeable differences in the animation quality.5 Even better performance can
be expected for environments in which specular objects are depicted by a smaller percentage of
pixels, and camera motion is faster.

4We had to consider images of resolution ���������
	���� for the Fast Fourier Transform processing of our frames of
resolution ����������� .

5All timings reported in this section were measured on a MIPS 195 MHz processor.
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Table 2.1: Statistics of the ray traced pixels in the ATRIUM walkthrough.

Slow motion Specular objects IBR occlusions Keyframes Total
[%] [%] [%] [%] [%]
2.4 40.8 0.3 6.0 49.5

3 Validation of Global Illumination and Rendering Solutions

It is relatively easy to use commodity rendering techniques to create great looking images;
however, it is much more difficult to create images that match the appearance of a real envi-
ronment [46, 54]. The basic precondition to achieving this goal is physically-based lighting
simulation, which is a computationally demanding problem. To make computation tractable in
practical applications, many simplifying assumptions are usually introduced to underlying phys-
ical models. Because analytic evaluation of such simplifications and interactions between them
is generally impractical, the correctness of a given technique must be checked experimentally
by a comparison of simulation results to some reference data [52]. For example, the distribu-
tion of illumination at some predefined points derived analytically or measured experimentally
can be used to validate the lighting simulation part of a rendering algorithm. An effective way
to test complete rendering algorithms, including Tone Mapping Operators (TMO) used for dis-
playing images on the CRT device [71], is a direct comparison of the appearance of virtual and
real-world images as seen by the human observer [46, 47]. Unfortunately, such experimental
validation was almost never performed for existing global illumination solutions, which makes
it difficult to compare their efficiency, or even test their implementation correctness.

One of the reasons such validation experiments are rarely performed in practice is lack of
standardized, robust, non-trivial, and easily accessible test data. Ideally, a standard set of di-
versified tests should be available, such that the performance of global illumination solutions
could be measured in terms of the achieved lighting simulation accuracy, image fidelity, and
computation time. The existence of such tests would make possible the comparison of particu-
lar elements of rendering algorithms as well. Other areas of research such as computer vision,
and augmented reality could also benefit from such test scenes in their studies.

There have been some isolated attempts to develop such standard tests. A well-known exam-
ple is the Cornell box, which was used to validate radiosity solutions [47]. Rushmeier et al. [62]
developed a model of a conference room with four different lighting systems and correspond-
ing photographs of its real world counterpart. Recently, McNamara et al. [46] built a low scale
environment, and requested the human observers to compare its appearance against images gen-
erated by the Radiance rendering system [80]. These scenes are of relatively low complexity in
terms of geometry and lighting, and only the Lambertian and specular reflectance data are posted
on the corresponding Web pages. Myszkowski and his students developed more complete data
of a complex environment (an atrium at the University of Aizu), which are disseminated through
the Internet for public use [51].

In the following section we provide more details on the atrium test scene. Also, we present
the obtained validation results for the SHR and hybrid algorithms (refer to [53, 54]) using the



Validation of Global Illumination and Rendering Solutions 36

atrium data. Finally, we describe a multi-stage validation procedure designed specifically for
global illumination and rendering solutions developed by Myszkowski and Kunii [54].

3.1 Experiments with the Atrium Scene

The main goal of our experiments with the atrium test scene was to predict the appearance of
a full-scale, real world architectural environment of significant complexity given all required
input data such as geometry, description of light sources, surface reflectance characteristics, and
textures. The atrium at the University of Aizu was chosen for its challenging lighting model, the
richness and diversity of the materials employed in the construction, and the geometrical purity
of its architectural structure. Two versions of the atrium data have been developed by the author
and his students within the last six years.
In the earlier version of the atrium data, the geometrical model was significantly simplified (it
was built of about 28,000 polygons) partially to account for the performance of graphics work-
stations available in the mid-nineties. Since the reflectance and color characteristics of con-
struction materials used in the atrium were not available at that time as well, their manual tuning
was performed to reduce the differences between the synthesized image and the corresponding
photograph. In Section 3.1.1 we describe the overall procedure which we took to obtain a good
match between these images.
In the current version of the atrium data, special care was taken to reconstruct a vast majority of
the atrium details. The model is built of almost 700,000 polygons. The reflectance characteris-
tics of the most important construction materials were experimentally measured, and BRDFs of
high sampling density were obtained. Also, the lighting distribution on the floor was measured
at selected sample points. The goal of the experiments with these data was twofold:

� Estimation of the lighting simulation accuracy through comparison with measurement
data;

� Evaluation of computer images fidelity in respect to the real world environment.

In Section 3.1.2 we summarize the obtained results.

3.1.1 Simplified Model

The goal of the experiment performed with the earlier version of data was to match the syn-
thesized image to the photograph. The atrium geometry, although simplified, was properly
reconstructed for all major surfaces taking part in lighting interactions. Furthermore, the spatial
candle-power characteristics (so called goniometric diagrams) of two types of light sources in-
stalled in the atrium were obtained from their manufacturer (Matsushita Electric, Inc.). In total
108 light sources were modeled. However, the reflectance characteristics of the materials used
in the atrium were not available. As the first approximation, the reflectance coefficients were as-
signed based on the data which are available in literature (e.g., [59]) for similar materials. Only
specular and diffuse reflectance coefficients were used, and their values were manually adjusted
to reduce the visible differences between the image and the photograph.

The question of media used for judging such differences immediately arises. If the media are
the same, and viewed under similar conditions (e.g., photographs compared side-by-side), then
the observer’s state of adaptation is also very similar, and his judgment becomes quite reliable.
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Obviously, the fidelity problem of image reproduction on a given medium must be properly
addressed, which in practice proves to be a very difficult problem [15]. In our experiments, we
used the CRT display device to compare images, because this method offers more flexibility in
contrast and brightness manipulations than the hard-copy photographs.

We took the following procedure for the display of synthetic and photographic images. First,
we confirmed that we were able to present the photographic image under display conditions that
gave the best match between this image and the real-world environment. For this purpose, we
adjusted contrast, gamma correction and brightness of the photographic image. Next, we pro-
ceeded with displaying the synthetic image using the TMO which was originally developed by
Tumblin and Rushmeier [71], but was adapted to our needs. The synthetic image was gener-
ated using the ray tracing technique based on the view-independent illumination maps, which
were produced using the SHR approach. Luminance values were computed for every pixel of
the image, and transformed to perceived brightness values which were predicted using Stevens’
power law [71] for given observation conditions. Assuming that the lighting simulation results
are correct, these brightness values should correspond to those of the real-world scene. The
brightness transformation was also performed for the range of luminances produced by the dis-
play device. Then the image brightness values were mapped to those of the display device while
preserving the contrast relation in respect to the maximum brightness value in the image and the
maximum brightness value which can be reproduced by the CRT display device. The goal of
this mapping was to overcome limitations of the CRT device in the dynamic luminance range
reproduction, while obtaining a believable appearance of the displayed image in respect to the
real-world scene appearance. Then, we adjusted the parameters of the brightness transformation
until the appearance of the synthetic image (Figure 3.1b) best matched that of the photographic
image (Figure 3.1a). Since we were unable to determine directly a given viewer’s light adap-
tation level, this method allowed the brightness function to be chosen that worked best for that
viewer under those viewing conditions. Note that the chroma was maintained separately to avoid
color shifts, which could arise from applying the non-linear brightness transformation to every
RGB channel.

While our atrium rendering was far from being perfect, first impressions when observing the
rendered image and comparing its appearance with the photographic image were quite favorable.
In fact, many viewers who were quite familiar with the real atrium thought that they were view-
ing the actual photographic images, when they first viewed the synthetic images. This means
that, in terms of the absolute evaluation, the quality of our images was acceptable. However,
when the same viewers compared the synthetic images to the photographic images, they were
able to find many differences and therefore were able to provide us very useful feedback. Apart
from clearly visible geometry simplifications in the model, the viewers detected our unrealistic
reflections on the side atrium wall, which were originally built of glossy metallic panels. It be-
came clear that simple Lambertian and specular reflectance functions cannot properly reproduce
the appearance of such surfaces, and an exact BRDF must be considered instead. Also, some
viewers noticed that while the image and photographs have similar appearance, they poorly
reconstruct the real-world atrium appearance.
The atrium is illuminated by mixed fluorescent and incandescent lighting, and the standard pho-
tographic techniques failed to produce satisfactory results. The daylight as well as tungsten films
resulted in unnaturally yellowish and bluish images (the question arises whether the commonly
used term “photorealistic rendering” is adequate, or rather just “realistic rendering” should be
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used instead). We chose the daylight film, which subjectively produced more believable results.
Since we adjusted manually surface reflectance coefficients and color to reduce the differences
between the resulting rendered image and the photograph, the image became yellowish as well.
In other words, a good match to the photograph was obtained, which in this case was not equiv-
alent to a good reproduction of the real-world atrium appearance.

In the following section we describe the next generation of the atrium model in which a vast
majority of the drawbacks discussed were removed.

3.1.2 Complete Model

The main motivation of further work on the atrium model was to overcome its most annoying
drawbacks that were pointed out by the viewers judging the atrium rendering quality. The fol-
lowing measures were taken to improve the fidelity of rendered atrium images in respect to the
real-world scene:

� Geometry. The geometrical model was very carefully prepared based on the blueprints
and direct measurements within the atrium. Every detail of the model was described with
a very high accuracy.

� Surface reflectance characteristics. The BRDF measurement for six major construction
materials was performed in cooperation with the Integra, Inc. company. The materials
selected for measurement represent more than 80% of the total surface area in the atrium.
The reflectance attributes for the remaining surfaces were estimated based on available
literature, e.g., [59]. To derive the color of painted surfaces, which were not selected
for the BRDF measurement, the Standard Paint Color charts edited by the Japan Paint
Manufacturers Association were used, and the corresponding RGB values were derived
from a Toyo 88 RGB color finder.

� Textures. Texture acquisition was performed using a digital camera. Standalone samples
of the major construction materials, allowed for much better control of the illumination of
the sample than would have been possible directly in the atrium environment.

� Light sources. The same goniometrical diagrams as in the earlier version of the atrium
model were used. While these diagrams are highly accurate, a practical problem arises
with estimation of the maintenance factor for every light source to account for its uti-
lization level, accumulated dirt and so on. Some atrium light sources are used on a daily
basis, while others are usually switched off to cut down electricity costs. To overcome this
problem, the illumination due to every light source was measured trying to minimize the
influence of indirect lighting. A luxmeter probe was placed in a deep box in such a way
that the probe was directly illuminated, while indirect lighting influence was suppressed
by the box. To reduce interreflections within the box all its sides were covered with a black
fabric. Measurements to determine a reference were taken from newly installed bulbs in
a dirt free fixture. The maintenance factor for this reference light source was assumed to
be 100%. The maintenance factors of the other light sources were scaled in respect to the
reference, based on measurements of illumination at similarly selected sample points. The
lowest maintenance factor was 62%, which clearly shows that the catalogue data should
be properly interpreted to account for characteristics of the real world environment.
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Figure 3.1: An atrium of the Research Quadrangle at the University of Aizu: a) photograph, b)
rendering based on the simplified atrium model.
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More details on the atrium modeling issues are available on the atrium project Web pages
[51].

We used the atrium data to validate the lighting simulation accuracy of our hybrid algorithm
described in Section 1.4.2. Also, we investigated to what extent the image appearance is influ-
enced by the replacement of the measured BRDF by a less rigorous approach to light scattering,
in which simple approximations of the surface reflectance by Lambertian and mirror reflection
models is considered. To estimate these coefficients hemispherical integration of the measured
BRDF for various incident angles was performed, and the obtained values were averaged. This
corresponds to the situation when the approximated reflectance can be somehow acquired, e.g.,
by using a simple measurement device, or by taking standard values from textbooks for the most
common materials. This scenario is also useful when the global illumination and rendering soft-
ware does not support complex reflectance functions described using BRDFs.

We measured the lighting distribution at the atrium floor for 84 sample points. Although all
measurement points were directly illuminated, indirect lighting was also significant accounting
for about 30–55% of the total illumination. The graphs in Figure 3.2 show the distribution of
measured and simulated illumination at selected sample points, which are located at the atrium
floor along three different lines (refer to the atrium project Web pages [51] for a complete doc-
umentation of experiments performed with tabulated illumination and error values). The best
results were obtained from the measured BRDF, in which case the average simulation error in
respect to the measured illumination was 10.5%. For the approach based on the averaged diffuse
and specular reflectance, the error increased to 18.2%. Errors below 5%, 10%, and 20% were
obtained for about 40%, 75%, and 93% of the sample points, respectively, when the measured
BRDFs were used. When the averaged reflectance coefficients were used errors below 5%, 10%,
and 20% were obtained for 8%, 31%, and 68% of the sample points, respectively.

The obtained results may appear pessimistic in terms of the simulation accuracy achieved.
However, the following tolerances for lighting design applications are proposed in the guide-
lines issued by Commission Internationale de l’Éclairage [17]: 10% for average illuminance
calculations and 20% for measured point values. Such a high tolerance is a result of the realistic
evaluation of the accuracy of input data for lighting simulation such as the BRDF of materi-
als, description of light sources, and simplifications of geometrical models. Taking into account
some possible inaccuracies in our atrium model, it can be stated that our hybrid technique mostly
meets the requirements imposed on the simulation accuracy in lighting engineering applications.
However, this is the case only when the measured BRDFs were used, while for the averaged dif-
fuse and specular reflections the errors are too big. On the other hand, such inaccuracies usually
do not affect significantly the image quality. To our experience it is important to model properly
the mirror-like reflections for glossy surfaces. For the BRDF approach this is an easy task, but
for the averaged diffuse and specular reflections some tricks are required, e.g., activating the
distributed ray tracing [23] with many reflected rays spread within a solid angle centered around
the mirror reflection direction.

A robust prediction of real-world scene appearance based on valid input data opens many
important applications for realistic rendering. We performed psychophysical experiments in-
volving 25 subjects (12 of them got basic training in realistic image synthesis and could be
considered as experts) to check how different are rendered images in respect to their real-world
counterpart. The settings used in our experiments are shown in Figure 3.3. We did not use pho-
tographs as reference images in this comparison because of the fidelity problems discussed in
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Figure 3.2: Illumination values [lx] distribution on the atrium floor along a) the left-hand side
corridor (near the wall), b) the left-hand side corridor (near columns), and c) the central part of
the atrium. Measured illumination is compared against the results of simulation in which the
BRDF, and averaged diffuse and specular reflectance coefficients (in the graph we mark this
approach by “KDKS”) are considered.
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Section 3.1.1. Instead, we chose the cross-media comparison [15] in which images displayed on
the CRT screen were compared directly against the real-world atrium. For the rendered images
we used two methods of acquiring surface reflectance characteristics: (1) through the BRDF
measurement, and (2) through the manual adjustment driven by the image appearance (as dis-
cussed in Section 3.1.1). The first method we dub the predictive rendering, and the second one
the artistic rendering, since the latter approach is commonly used in the film and entertainment
industry [2]. Figures 3.4a and b show example images obtained using the predictive and artistic
approaches (refer to the atrium project Web pages [51] for all images used in our experiments).
We conducted two sets of experiments the goal of which was to study the differences that can
be perceived during a very limited and an unlimited observation time.

In the first group of experiments, the subjects were allowed to watch the atrium scene for
10 seconds, and then they were exposed randomly for the same period of time to the predic-
tive image, the artistic image, or just the digital photograph. The subjects were asked how well
the real-world atrium is reproduced by every presented image. Also, more specific questions
concerning lighting reconstruction and tone reproduction on the CRT device were posed. In
all cases the photographs got the highest scores with the mean ranking falling into the range
7.36–8.48 (for the scale spanning the range 0–10). The artistic and predictive approaches got
lower scores falling into the ranges 6.88–7.24 and 6.56–6.96, respectively. What is remarkable
is that the differences in the mean ranking of photographs and computer images were rather
small, below the value of standard deviation error. The artistic approach which is much easier
and cheaper (no expensive BRDF measurement is required) was slightly higher ranked than the
predictive rendering, which to certain extent explains why pragmatic industry always chooses
tweaking rendering parameters instead of performing full-fledged physically-based computa-
tions. The artist can compensate for simplifications in the real-world modeling as well as for
the errors accumulated during input data acquisition (e.g., the measurement of BRDFs and go-
niometrical diagrams). However, such an artistic approach is likely to fail because of the lack
of reference views for the tasks involving rendering of scenes whose appearance is unknown
but must be properly predicted. This is a common problem in engineering applications such as
urban planning, architecture and interior design, and product appearance design.

In the second group of experiments the observation time was not limited, and the pho-
tographs were not considered anymore. Detailed questions were posed to the subjects con-
cerning the quality of lighting and shadow reconstruction, texture and light source rendering,
appearance of highlights and reflections, and contrast reproduction. In the majority of cases the
artistic approach obtained slightly higher mean ranking scores, while the fidelity of the appear-
ance of highlights and reflections were ranked higher for the predictive approach. This suggests
that by measuring the BRDF better image fidelity can be expected, especially for materials with
complex reflectance characteristics. The detailed comments provided by the subjects revealed
that lack of contrast in highlight and shadow areas is particularly annoying. This could be im-
proved by more careful selection of the TMO. The architectural perfection of the model does
not account for variations in construction and disparities of materials. This becomes highly vis-
ible near highlights and reflection regions, which are distorted because of inaccuracies in the
positioning of tiles. Also, in the real-world scene subjectively stronger specularity can be ob-
served for pink tiled columns and brown painted panels in the central part of the atrium. This
disagreement in appearance can be explained by inaccuracies in the capturing of rapidly chang-
ing specular reflectance during the BRDF measurement. Also, the limited dynamic range of the
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Figure 3.3: Settings used for experimental comparison of the atrium images displayed at the
CRT device against the real-world view. The subject observed the atrium through an aperture
which limited the field of view to the one similar to the displayed images.

CRT device may contribute to this disagreement. A more detailed report on the psychophysical
experiments is presented on the atrium project Web pages [51].

The atrium test is a good tool to evaluate the overall rendering performance and quality.
However, it is too complex to validate isolated components of the global illumination algorithms.
This requires some step-by-step validation procedure. In the following section we present an
attempt to establish such a procedure.

3.2 Multi-Stage Validation Procedure

Myszkowski and Kunii [54] proposed a systematic approach toward validation of global illumi-
nation and rendering solutions. As the result, a multi-stage validation procedure was designed,
which an attempt of testing lighting simulation and image display solutions proposed in the re-
alistic image synthesis literature. The SHR approach (refer to [53, 54]) was chosen as a case
study. The following validation stages were considered:

1. Comparison with analytically derived data. The advantages of such an approach are
easy access to the reference data and very good accuracy of such data. For example, this
makes it possible to check whether the simulation results converge to the correct solution,
or some bias is introduced by an examined algorithm. However, the analytical solutions
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Figure 3.4: Rendered images using the more complete atrium model a) the predictive rendering
and b) the artistic rendering.
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of the rendering equation exist only for extremely simple scenes.

In [54] two simple scenes were considered: an empty cube and an empty sphere tessellated
by planar mirrors. For the cube test the Lambertian surface reflectance characteristics
were assumed. This test was used to investigate the influence of the discretization error
caused by meshing solutions of various complexity which are used in radiosity computa-
tion. In particular, it turned out that a lighting storage scheme based on a non-adaptive
mesh can lead to significant discretization errors, even if the lighting simulation is of a
good accuracy.

The test with an empty sphere tessellated by one or two mirror planes was designed specif-
ically to check the modeling accuracy of specular light reflection. Since modeling of such
reflections for indirect lighting is costly within the radiosity algorithm framework, the goal
of this test was to investigate how clustering of secondary emitters trades the simulation
accuracy for the computation efficiency. The results presented in [54] showed that clus-
tering dramatically reduces the computation costs while it affects the solution accuracy
only slightly.

2. Comparison with experimentally measured data. More advanced tests involving visi-
bility computations must be performed for the completeness of the validation procedure.
The only way to obtain reliable lighting distribution data for complex environments is a
direct measurement of illumination for real-world scenes.

In [54] two sets of measurement data were compared against simulation results. The data
were obtained in the specifically designed measurement room owned by Toshiba Light-
ing Corporation. Real-world light sources (not idealized point light sources used in the
analytical tests, which distribute energy uniformly in all directions) were used to illumi-
nate the room, and their spatial energy distribution was specified by their goniometrical
diagrams. This made it possible to test whether such diagrams are handled properly by
the SHR software. While originally not considered in [54], the most recent version of
the atrium test (refer to Section 3.1.2) with measured distribution of illumination on the
floor, could also be used. However, this atrium test is especially suitable for validation of
algorithms supporting complex BRDFs, which is not the case for the SHR technique.

3. Comparison of rendered images and photographs. The validation procedure discussed
so far was used to test all major components of the SHR algorithm in terms of the accuracy
of lighting simulation. However, in many applications what really matters is the quality
of rendered images as perceived by the human observer.

In [54] the atrium scene discussed in Section 3.1.1 was chosen to compare simultaneously
viewed synthetic images and photographic images representing the same scene. Obvi-
ously, the latter version of the atrium test (refer to Section 3.1.2) could be considered,
but at the time of preparing [54] it was not available. As discussed in Section 3.1.1, the
comparison against the photographic image might involve the problem of fidelity to real-
world. However, such a comparison proved to be useful in evaluating some of aspects of
rendering such as the fidelity of geometry and light distribution modeling. Also, it is much
easier to use photographs, especially by the third party users, who were not involved in
the development of test data, and who could not see the real-world scene used for the test.
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As concluded in [54] the SHR algorithm positively passed all stages of validation, and can
be considered as an efficient and reliable tool for lighting simulation and predictive rendering of
high quality images. The hybrid algorithm (refer to in Section 1.4.2) which was developed more
recently [75] underwent a similar validation procedure. The obtained lighting simulation accu-
racy and quality of images (refer to Section 3.1.2) were also very good. The hybrid algorithm
is our default choice for rendering of complex scenes, which feature surfaces with the complex
BRDFs. We prefer to use the SHR algorithm for simpler scenes with mostly Lambertian surface
reflectance characteristics.
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