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Abstract

images. More importantly, observers are sensitive to these
artifacts.
What needs to be emphasized here is that, although it is
reasonable to assume that the dynamic range problem can
be solved by improving the dynamic range of the projector
or using multiple projectors, such as [15], it may result in
higher financial cost or make the radiometric system overly
complex. We want our radiometric compensation system to
remain low-cost and simple. We therefore develop a radiometric compensation projection system that can minimize
perceptible artifacts caused by the limited dynamic range
of the projector while preserving the photometric quality
(brightness and contrast) of input images. Our basic principle is to properly compress the contrast of the input image
based on the properties of the human vision system.
Relevant to our radiometric compensation problem, several methods have been developed to acquire brightness uniformity in a multi-projector display system. In [1, 3] the
brightness uniformity across and within multiple projectors
is achieved by matching the brightness of each pixel into a
spatially-uniform dynamic range which is the most limited
one of all the projectors, which causes significant loss of
photometric quality of the input image because of the severe compression of contrast.
On the other hand, a method named PRISM [2] is designed to achieve brightness uniformity while preserving
enough brightness and contrast by mapping input images
into a properly smoothed spatially-varying dynamic range
of the projector. PRISM exploits the property of the human vision system that human eyes are not so sensitive to
smooth brightness variation. It should be noted that, although PRISM is a method that incorporates properties of
the human vision system, it relies only on the spatiallyvarying dynamic ranges of multiple projectors and has no
regard for the contents of input images.
In contrast to PRISM, we want to develop a method that
incorporates more details about the human vision system.
When an input image is being projected, we simulate the
perception of a human observer based on the properties of

We introduce a novel technique for performing radiometric
compensation for a projector-camera system that projects
images onto a textured planar surface, which is designed to
minimize perceptual artifacts visible to observers according
to a model of the human vision system. A projector-camera
system has previously been proposed for projecting images
onto an arbitrary surface using radiometric compensation,
however the dynamic range of a projector is physically limited there are some textures that cannot be compensated
correctly. Also, human eyes are sensitive to artifacts introduced in this way. Our technique is designed to provide
compensated images with perceptually less noticeable artifacts while preserving enough brightness and contrast in
the output. We develop an optimization framework based on
a perceptually-based physical error metric to minimize perceptible artifacts in the final compensated images by compressing the contrast of the input images.

1. Introduction
Recently, a variety of novel projected display systems have
been developed, such as immersive display systems [20],
large seamless display systems [21, 22, 1, 2, 3, 4], and
shadow elimination for multi-projector displays [23].
Besides these efforts, several radiometric compensation
methods have been proposed to allow projection of images
onto arbitrary surfaces, such as surfaces with their own textures [25, 13, 15]. These methods are designed to relax
the severe requirement of conventional projection display
systems which require high quality screens for projection.
These efforts make the projection system significantly more
convenient and useful.
Unfortunately, because the dynamic range of the projector is physically limited, the radiometric compensation system will encounter difficulties when the output of the projector saturates. The saturation of output will cause cut-off
and result in perceptible artifacts in the final compensated
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the human vision system. Note that this simulation depends
not only on the dynamic range of projector but also on the
contents of input images, and it requires better understanding of the human vision system.
The properties of the human vision system have been
taken into account in some other research areas. For instance, in order to display high-dynamic-range (HDR) images [17] on a conventional display device such as a monitor, a projector, or a printer etc., a great number of methods
[7, 11, 6, 16, 10, 26] have been proposed and these efforts
are generally described as tone mapping or tone reproduction methods. Some of these methods, such as [7, 10, 26],
are based on visibility matching or some computational
model of the human vision system. For instance, in [26]
tone mapping is based on a multi-scale model of adaption
and spatial vision.
Besides these tone mapping methods, some computational models of the human vision system have been developed such as [24, 12]. These models are usually used to
evaluate the perceptual differences between images or used
as image quality metrics.
Recently, a perceptually-based physical error metric for
accelerating realistic image synthesis has been proposed
[14]. Given an input image, a corresponding image called
the threshold map is computed based on a computational
model of the human vision system. This threshold map can
correctly predict the perceptual threshold for detecting artifacts of scene features. After the computation of this threshold map, images can be compared directly in the physical
luminance domain, while still accounting for the properties
of the human vision system.
In this paper, we develop a radiometric compensation
system that can project images onto a textured planar surface. In previously proposed radiometric compensation systems there are some artifacts in the final compensated images caused by the physically limited dynamic range of the
projector. This will result in a severe problem because humans are sensitive to these artifacts. Our system is designed
to cope with this problem.

artifacts where human eyes are sensitive will result in significant errors. We develop an optimization framework by
incorporating a perceptually-based physical error metric to
take account of the properties of the human vision system.
In this section we first state some assumptions. We then
introduce two calibration procedures: a simplified radiometric model based on the model developed in [25] to illustrate the idea of radiometric compensation, and a calibration procedure between the physical luminance domain and
the pixel value domain which is necessary for computing
the perceptually-based physical error metric. After that, we
describe the perceptually-based physical error metric, and
propose our optimization framework.

2.1. Assumptions
We assume:
1. 8-bit gray-scale images
2. Planar Lambertian projection surfaces
3. No ambient illumination
4. A single global scalar value
of the input image

to compress the contrast

5. Linear response properties of the camera
In this paper, we only consider the achromatic artifacts
in the compensated images, because the human vision system is more sensitive to luminance variation than to chrominance variation [18, 19, 5]. We will cope with chrominance
artifacts in the future. We assume that we have a planar surface for projection because geometric calibration is not the
focus of this paper, and we also ignore specular reflectance
and ambient illumination. We use a spatially-uniform scalar
to compress the contrast of the input image in our optimization framework. Spatially-varying scalars will be considered in the future when accounting for errors caused by local discontinuities. We assume that the camera will be calibrated independently. We have found that the response of
our camera is approximately linear so we do not consider
any nonlinearity in this paper.

2. Our Proposed Method

2.2. System Calibration

Our system is designed to provide compensated images
with less noticeable artifacts while preserving the photometric quality of the input image. To provide compensated
images with less noticeable artifacts, we compress the contrast of the input image to avoid the cut-off caused by the
physically limited dynamic range of the projector. To preserve the photometric quality of the input image we need
to keep the contrast compression scalar close to 1. We regard this as an optimization problem and our basic idea is to
properly compress the contrast of the input image based on
the properties of the human vision system. Note that, those

Our radiometric compensation system, which is similar to
the system used in [25] is shown in Figure 1. We use
a Sanyo PLC-XP45 projector with a native resolution of
  pixels. The camera is a Sony DXC-9000 with
a resolution of   pixels. The images through the
camera are captured by a Matrox Meteor II frame-grabber.
Because we concentrate on the radiometric compensation part, our geometric calibration part is very simple based
on the assumption that we project images onto a planar surface. We project several straight lines and find some point
2

pensation image instead of    . That is, to acquire the
correct input image    , we compute a compensation
image by:

  



   

(2)

where     is the compensation image. If we project this
compensation image    , then ideally the final compensated image captured by the camera will be:

  

   

(3)

We use a similar calibration procedure as described in
[25] to determine this response function  . We use a similar calibration procedure as described in [25] to determine
this response function  . We project a set of 256 uniform
gray patterns with their gray levels ranging from 0 to 255,
and record the corresponding images captured by the camera. This procedure results in a per-pixel radiometric correspondence between     and    .
We then introduce the calibration procedure between
the physical luminance domain and the pixel value domain
which is necessary for computing the perceptually-based
physical error metric. Because the perceptually-based physical error metric (which will be described in Section 2.3)
which incorporates the properties of the human vision system has to be computed in the physical luminance domain,
given an input image, we have to transform its pixel values
to physical luminance values. We determine this correspondence by a simple calibration procedure.
Similar to the radiometric calibration we project several
flat patterns then capture them by the camera and simultaneously we use a spectroradiometer to record the physical
luminance. Note that, because we focus on the correspondence between the pixel values on the camera plane and
their corresponding physical luminance, for simplicity we
assume the response of the camera is spatially uniform. We
use a high quality screen for projection and this whole calibration procedure is implemented in a dark room.
This calibration procedure finally gives us the correspondence between pixel values on the camera plane and physical luminance values. Then we can compute the threshold map using the threshold model which will be described
in Section 2.3. The details about the computation of the
threshold map are described in [14] and are beyond the
scope of this paper.

Figure 1: Our projector-camera system.
Screen
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Figure 2: The simplified dataflow pipeline of a projectorcamera system

correspondences to compute the homography between the
image plane of the projector and that of the camera.
In this radiometric compensation system, we desire the
compensated result image to be exactly the same as the input image. Our compensation algorithm is based on the radiometric model developed in [25]. A simplified dataflow
pipeline for a projector-camera system is shown in Figure 2.
Because we only consider the special case of projecting
gray-scale images, the radiometric model of the whole system can be simplified and represented by using a per pixel
non-linear monotonic response function. For a given pixel,
we have:
(1)

2.3. A Perceptually-Based Physical Error Metric

where     is the input gray-scale image to be projected,
and     is the image captured by the camera,  stands
for the radiometric correspondence between     and
  . If the response function  can be determined, we
can achieve any desired image     by projecting a com-

We incorporate a perceptually-based physical error metric
proposed in [14] to account for the properties of the human
vision system.
Given an input image, a corresponding image called the
threshold map (we denote it    , and describe it in the
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next section) is computed based on a threshold model which
incorporates the three main properties of the human vision
system that human eyes are not very sensitive to those scene
features with high background illumination levels, high spatial frequencies, and high contrast levels. These three properties are called threshold sensitivity, contrast sensitivity
and visual masking.
Threshold sensitivity is generally specified using a
threshold-vs-intensity, or TVI function [10] which describes the threshold sensitivity of the human vision system
depending on the background luminance. The TVI threshold for a given uniform background of luminance  is the
minimum luminance increment  such that a test spot in
the center of luminance   can be detected by an observer.
The contrast sensitivity function, or CSF [26], represents
the sensitivity of the human vision system to the range of
spatial frequencies found in complex images. The human
vision system is most sensitive to scene features with spatial frequencies in the range of 2 to 4 cycles per-degree (cpd)
of visual angle and drops off significantly at higher and
lower frequencies. This property is generally modelled as
the result of spatial processing of the frequency patterns by
multiple bandpass mechanisms. Each mechanism processes
only a small band of spatial frequencies from the range over
which the visual system is sensitive.
Visual masking [9] is the property of the human visual system by which image features with high contrast
will dominate over lower-contrast features with similar spatial frequencies and orientations. This compressive nonlinearity results in further elevation of threshold with increases in the contrast of the pattern.
These three main properties of the human vision system
have been incorporated in the perceptually-based physical
error metric we use. Given an input image, a luminancedependent threshold is computed from the TVI function.
Contrast sensitivity and visual masking are used as elevation factors to the luminance-dependent threshold. Implementation details are described in [14].

5.

6.

Let us assume that we have an ideal projection surface
with no texture (pure white.) In this case, we can assume
that for all  and  we have     . Then we
compute    as:
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(6)
where  is the error caused by artifacts because of the limited dynamic range of the projector. Note that, because the
threshold map must be computed in the luminance domain,
  to
to compute     we first transform    
the luminance domain, compute the threshold map using the
threshold model, then transform it back to pixel values. We
use the correspondence between pixel values on the camera plane and physical luminance values described in Section 2.2 to implement this transformation. Another thing we
have to point out is that, based on the Weber’s law, when the

  : input image which is to be projected
  : image captured by the camera when the projector is projecting a uniform white pattern at full
power (level 255.)

: the global maximum of





 
(5)
where is a global scalar. Note that, because the dynamic
range of projector is physically limited some regions in the
output image    with pixel values greater than   
will be cut off. If we use the global scalar to compress the
contrast of input image     we need to find a good value
of that minimizes cut-off errors while remaining close to
1 (no contrast compression) as possible.
We assume that when       changes by less
than the threshold value, that is, the change is in the range
       , observers cannot distinguish the difference. When we use a global scalar to compress the contrast of input image    , the errors caused by the limited
dynamic range of projector will be:

1.   : coordinates on the camera plane

4.

  

When the projection surface has some texture, we have:

Based on the radiometric model and the perceptually-based
physical error metric, we present our optimization framework. First, we describe our definitions of variables as follows.

3.

  : the threshold map computed by the threshold
model described in Section 2.3.

2.4. Optimization Framework

2.

  : final compensated image measured by the
camera.    ranges from 0 to    based on
the assumption that the ambient light can be ignored.

  .
4

input image is compressed by a global scalar , the corresponding threshold     will change to     .
We also have to preserve enough contrast in the input
image. The photometric quality degradation caused by the
contrast compression can be described as:









high spatial frequencies, and high contrast have relatively
high threshold values. For instance, the region of the trees
has low luminance but the threshold value is elevated because of its high spatial frequencies.
Figure 8 shows the compensated image which has its
contrast compressed by our method. The global scalar is
 . We can see that the perceptible artifacts are reduced
significantly while the photometric quality is preserved.

(7)

where  evaluates the photometric quality degradation of
the input image caused by contrast compression.
Then our final error metric becomes:





   

 

4. Conclusions and Future Work
We have focused on a severe limitation of radiometric compensation systems, namely that artifacts are produced in the
final compensated images by the limited dynamic range of
the projector.
We have developed an optimization framework to solve
this problem based on a threshold model of the human vision system. Our technique has shown that if input images
can be compressed properly based on the properties of the
human vision system we can achieve compensated images
with perceptually less noticeable artifacts while preserving
reasonable brightness and contrast in the input images.
In future work we will implement radiometric compensation of color images and develop an optimization framework that accounts for the chromatic sensitivity of the human vision system. Our method may also be extended to a
framework which includes localized scalars and more factors such as offset to account for ambient light, error caused
by local discontinuities, spatiotemporal sensitivity and visual attention [8] to generate better compensated images.
We also need to accelerate the computation of the threshold
map to make our framework easy to deploy.

(8)

where  is the final error metric, and the integration domain
is the whole input image.  is a constant parameter that can
make
     . With  chosen in
this way we have found that the global scalar turns out to
be stable, and subjective evaluations from several observers
have indicated that this method compensates effectively for
non-uniform surface texture.
We can then calculate the optimal global scalar by
minimizing  . We use this optimal scalar to compress
the contrast of the input image, then compensate this compressed image using our radiometric compensation method.
The resulting compensation image is:





  





  



 

(9)

Because our method permits artifacts in the final compensated images where humans are not very sensitive
we can produce compensated images with relatively high
brightness and contrast.

3. Results
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Figure 3: The desired input image

Figure 6: Compensated image without contrast compression. We can see that there are some artifacts that cannot be
compensated correctly because the limited dynamic range
of the projector.

Figure 4: The textured screen

Figure 7: The threshold map

Figure 5: The uncompensated image.

Figure 8: Compensated image with contrast compression.
The value of the contrast compression scalar is  , as
determined by our framework. We can see that the perceptible artifacts in the final compensated image are significantly
7 reduced, while preserving the photometric quality of the input image.

