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ABSTRACT

Digital three-dimensional models created by computer vision and graphics techniques
are becoming widely used for a variety of purposes. Specifically, modeling cultural
heritage objects has attracted considerable attention, since such objects are worth pre-
serving, and the data can be utilized for restoration when an object faces the crisis of
collapse. Automation for creating 3D models has therefore attracted much interest,
since most models are currently created by manual operation, adding significantly to
the cost.

Creating an accurate model of an object requires knowledge of the object’s shape
and surface reflectance. Acquiring shape information is facilitated by the develop-
ment of sensors and the progress of data processing algorithms, but acquiring surface
reflectance properties remains a challenge, specifically with outdoor objects.

This paper targets large-scale objects such as architectural structures in an outdoor
environment. The size of target objects may be as much as 100 m x 100 m x 50 m.
Measuring the surface properties of such huge objects is a challenge. The appearance
of an object can be modeled by mapping image textures to the known shape of the object.
However, to achieve consistent colors among image textures, the effect of illumination
has to be removed before mapping these textures by using surface color estimation and
surface reflectance estimation techniques.

Two methods that calculate a surface color by a pixel-based operation are presented.
Most previous methods assume uniform illumination in a scene, but this is not always
true in images with shadows or with curved objects. The proposed methods enable
pixel-based operation by utilizing illumination change. Two models of illumination
colors that we introduce enable a surface color to be uniquely determined from two
pixel values. First, the paper proposes a method that uses blackbody radiation and
analyzes the stability and practicality of the method. Then, a more practical method
is proposed that can perform robust estimation using a statistical model derived from
outdoor illumination data. Robust estimation is achieved by introducing the plausible
range of outdoor illumination colors.

In practical situation, surface reflectance would be required for relighting purposes.
A method is presented to estimate surface reflectance from spherical images with
known shape information. Sphericalimages have nearly a 360-degree field of view; they
capture target objects and surrounding illumination at one shot. Therefore they do not
require specific apparatus or calibration of exposure times, apertures, and camera gain

factors. Furthermore, geometric calibration between an image and shape information



becomes robust owing to the characteristic of a spherical camera. Measurement and
data-processing cost will be decreased by the method compared to previous methods
that need elaborate procedures. This is critical specifically for large-scale objects.

The main contribution of this thesis is that the author has proposed three methods
that estimate surface properties of an object. It can be summarized by the three fol-
lowing points: First, the research provides insights into the stability and practicality of
pixel-based surface color estimation. Second, a pixel-based method for surface color
estimation has been developed that is robust and accurate even for real outdoor objects.
None of the conventional methods can perform a pixel-based operation with higher
accuracy than the proposed method. Third, an efficient method has been developed
that estimates surface reflectance of large-scale objects under outdoor environment.
The proposed techniques form the foundation for developing a system that models the

appearance of a large-scale object in an outdoor environment.
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Chapter 1

Introduction

1.1 Background

Digital three-dimensional models created by computer vision and graphics techniques
are widely used in a variety of workplaces, such as mechanical and architectural in-
dustries, and for a variety of purposes, such as visualization in the fields of research,
education, and entertainment. Specifically, modeling cultural heritage objects has at-
tracted considerable attention [IOT*07], since such objects are worth preserving and the
data can be utilized for restoration when an object faces the crisis of collapse. The data
can be linked to geometrical information [Gooa] via communication network and can
be broadcasted to people to view and enjoy remotely. The data could also be utilized
for virtual space [Sec] and a virtual museum, and for driving simulators, movies, and
games. Thus, digital three-dimensional models offer substantial commercial possibili-
ties.

Automation for creating 3D models has also attracted much interest as the need for
such models has increased. Currently, most models are created by manual operation
[Aut, Goob], causing a significant increase in cost, and therefore more sophisticated
techniques for modeling a real world object are demanded for supplying 3D data at
lower cost. Such techniques could also be used for automation in industries and for
robotic vision.

To simulate the accurate appearance of an object, we have to know the object’s shape
and surface reflectance properties. Acquiring shape information has been facilitated by
the development of sensors and the progress of data processing algorithms [IOT*07].
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Meanwhile, a number of methods that reconstruct 3D shapes from images with mul-
tiple views have been intensively studied, such as stereo techniques [DM76, DA89],
visual hull [Lau94, MBR*00], voxel coloring, and space carving [SD97, KS00], and these
methods have achieved highly convincing results. However, to re-render the object’s
color under novel lighting conditions, the object’s surface reflectance properties are
required. The recovered colors from the methods cited above only represent a specific
appearance under one lighting condition.

Acquiring surface reflectance properties remains a challenge, specifically with out-
door objects. In the late 1990s, several modeling methods with range sensors were
proposed [PCD*97, NK99, LHS00, WKSS01, BMRO1]; however, those methods cre-
ated surface textures by simply blending images taken from multiple views. Mean-
while, physics-based reflectance estimation methods [TW89a, KSK90, NIK91, ON51,
DvGNK97,SWI97, LL99,NZI01, MYTO03, YXAO07], photometric stereo techniques [Tke81,
Hor86, BJ01, ZBK02, HS505, GCHS05, CGS06], and image-based rendering techniques
[LH96, GGSC96, KBKO01, RH02, SOSI03, WMTGO05] have been proposed to create more
physically correct object appearances than those created in the early 1990s. Physics-
based reflectance estimation is based on physical reflection models [CT81, ON51] and
estimates the parameters of the models by fitting the data to them. The methods have
achieved highly accurate re-renderings, yet they need accurately calibrated illuminants
and cameras. Some of those methods [DvGNK97, SWI197, NZI01, MYTO03, YXAQ7] re-
quire around 100 images for an accurate estimation. Photometric stereo is a method
that captures images under three different lighting conditions and estimates the surface
reflectance and the surface normal of the shape. Generally, it assumes a known distant
point light source, and therefore it is unsuitable for outdoor conditions. Image-based
rendering is a technique that samples appearances under a number of different lighting
conditions, and re-renders the appearance by interpolating the images. For instance,
diffuse objects would require about 30 images, and more than 100 images are needed
for specular objects [SOSIO3]. Creating such a number of different illumination con-
ditions is impractical for an outdoor environment, and so it is difficult to be applied
to outdoor objects. In other words, an appearance of a small object, without complex
reflection (transparent, layered, or metallic), can be accurately modeled by calibrating

illumination and sampling a number of images.

This paper attempts to handle a large-scale object such as an architectural structure

in an outdoor environment. Figure 1.1 shows an example, a 3D model of Bayon Temple,
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Figure 1.1: An example of a large-scale 3D model. A 3D model of the Bayon Temple, a

stone heritage object in Angkor, Cambodia.

a stone heritage object in Angkor, Cambodia. The size of Bayon Temple is around 100
m X 100 m x 50 m. For such a huge object, measuring the surface reflectance properties
becomes a challenge. Figure 1.2 shows the result of directly mapping the acquired
images by texture mapping [Hec86, DW80] to the model of Bayon Temple. As Figure
1.2 shows, the color of the object varies from left to right, due to the difference of time
at which the images are taken. The aforementioned methods cannot be applied to this
object because of the difficulty in controlling the lighting condition, and therefore an
alternative is required to remove the color difference due to the illumination change.
This paper models the appearance of an object by mapping the image textures to the
known shape of the object. To avoid the discontinuity in textures (Figure 1.2) and arrive
at consistent colors, we analyze the images and remove the effect of illumination before
mapping them by using the surface chromaticity estimation and surface reflectance
estimation techniques. Chromaticity is a concept that represents color information; it

is a color value normalized by its intensity value. Surface chromaticity estimation,
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Figure 1.2: Textured 3D model of the south side of the Bayon Temple in Cambodia.
The color of the textures is different depending on illumination at the time they were
taken. The objective of this research is to remove the effect of illumination color from

those textures.
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so-called color constancy, has been intensively studied in the computer vision research
field. Surface reflectance estimation has been studied in terms of albedo estimation.
The paper will show that the color appearance of an object can be modeled by using
those techniques. The following section surveys methods that have been proposed

related to those research topics.

1.1.1 Color Constancy

The simplest way to remove the effect of illumination and to acquire the object’s surface
color is white balance, a method widely used by professional photographers. White
balance is a method that balances RGB values by attaching color filters in front of the
lens, so that a reference white board looks white in the image. In the case of large-scale
objects, a white board may not be able to capture the identical illumination over the
target object. Hence, a method to achieve an automatic white balance would be of great
benefit.

Human perception has this kind of ability, automatic white balance, which is specif-
ically called color constancy. Color constancy has been studied in the field of computer
vision, where it is regarded as the same as surface chromaticity estimation. Color is
converted by scaling original RGB values. At this point, the ratio of the scaling factors
between RGB channels is important, since there is a scale ambiguity in the absolute
illumination/surface reflectance relation. Therefore, not the absolute surface color but
the surface chromaticity (color normalized by its intensity) is estimated. This color
conversion is physically correct for diffuse planar objects, except for approximating
the spectral conversion by the RGB conversion. Figure 1.3 shows an example of the
results of color constancy. We can see that this technique is fundamental for acquiring
an object’s surface property.

Many color-constancy methods have been proposed, while none of them can per-
form perfect color constancy. Methods that use the presence of highlighting [DL86,
Lee86, TW89Db, Lee90, FS01, TNIO04], are accurate though less applicable for large out-
door objects such as the Bayon Temple. Methods that can handle diffuse objects are
categorized into two groups [Hor06]: algorithms that use information from a learning
phase [For90, NS92, Fin96, BF97, RHTO01, FHHO01, TEW01, TW02, FHMO05, FHT06] and
those based on low-level image features [Buc80, Lan77, FT04, vdWGG07, GG07]. Both
methods have difficulties when the scene includes few surface colors, and usually as-

sume a scene lit by a uniformly colored illumination, which is not the case for curved
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(b) Result of color constancy.

Figure 1.3: Color constancy. The top image is taken at dusk, and the bottom image is
the result of color constancy.
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objects or objects with shadows, under outdoor environment.

1.1.2 Albedo Estimation

With respect to diffuse objects of arbitrary shape, we need to estimate not only the
surface chromaticity but also the absolute surface reflectance, so-called surface albedo, for
recovering the appearance of the object under a novel illumination condition. Albedo
is the ratio of reflected light to the incident electromagnetic radiation, i.e., how much
light a material will reflect regarding the incident light. This paper defines the albedo
on each RGB channel; the maximum albedo (no absorption) is (1.0, 1.0, 1.0) for (R, G,
B). Albedo estimation calculates the absolute scale on each sensor channel, while color
constancy allows the scale ambiguity. Figure 1.4 shows an example of surface albedo.
We can clearly see that the surface albedo is the most essential component in terms
of the object’s surface property. However, we have to take the shape information into
account.

Albedo has been an important concept in climatology and astronomy for environ-
mental monitoring and predicting the properties of far objects that cannot be resolved
by telescopes. In terms of climatology, the earth’s surface albedo has been regularly
estimated via remote sensors such as NASA’s ASTER, MISR, and MODIS devices on the
Terra and Aqua satellites. The collected data indicate materials that constitute the sur-
face of the earth. In those cases, a mathematical model of the BRDF is used to translate a
sample set of satellite reflectance measurements into estimates of the set of reflectance.
Different models from those in computer vision and graphics research fields have been
used because of the difference in resolution and the effect of atmospheric absorption.

In computer vision and graphics research fields, several methods that handle out-
door images have been proposed. A few are using images of monitoring cameras
placed outdoors. Weiss [Wei01] derived intrinsic images, which are images represent-
ing surface albedo, by assuming that the sudden change caused by reflectance remains
constant in the image sequence, while that caused by illumination varies depending on
the time. Therefore, by taking the median of derivative filter outputs of input images,
the reflectance image can be estimated. Matsushita etal. extended the idea so that it can
handle non-Lambertian surfaces, and proposed an illumination normalization scheme
utilizing the illumination eigen space and a shadow interpolation method based on
shadow hulls [MNIS04].

For directly calculating surface reflectance properties, one would need three com-
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(a) Appearance.

§

(c) Surface albedo.

Figure 1.4: The object’s appearance is determined by its shape, surrounding illumina-
tion, and surface reflectance (albedo.)
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ponents: the shape of a target object, the actual appearance of the object, and the
illumination environment. Shape information and actual appearance can be obtained
by range and image sensors, respectively.

Two methods, as far as we know, that recovered outdoor objects” surface reflectance,
measured the listed three components. Yu et al., the first who handled outdoor objects,
according to the author’ s knowledge, took photographs of the sun and sky to measure
their radiance distribution [YM98]. As they used a normal camera, they included
landmarks in each photograph so that they could use them to recover the camera pose
later. Debevec et al., the second and the latest to tackle the outdoor problem, used a
specific apparatus to measure the outside illumination [DTG*04]. They used a mirrored
sphere to image the sky and clouds, a shiny black sphere to indicate the position of the
sun, and a diffuse grey sphere to indirectly measure the intensity of the sun. Those
methods need elaborate procedures and therefore the size of the objects they handled

was rather small compared with our target objects.

1.2 Research Objective

This dissertation describes two research objectives: one is to estimate surface chro-
maticity from images and the other is to estimate surface albedo from an image with
known shape information. Estimating surface chromaticity is important for modeling
the appearance of an object. In general color constancy methods we have to assume a
uniform illumination in the scene. However, this is not always the case; suppose that
shadows are presented in an image. Shadowed regions outdoors are usually illumi-
nated by sky light, while non-shadowed regions are illuminated by the combination
of sky light and sunlight. Thus, this paper proposes methods that can calculate the
surface color by a pixel-based operation.

Our methods enable a pixel-based operation by utilizing the change of the illumi-
nation. The change of the illumination can be a key for estimating surface colors from
image values. Outdoor illumination is well known to be modeled by blackbody radia-
tion, which is the spectra that are emitted from a black body (graphite, etc.) when it is
heated. By introducing this model for illumination colors, a surface color is uniquely
determined from two image values taken under different illumination. First we pro-
pose a method that utilizes the blackbody radiation formula, and analyze the stability
and practicality of this problem from the physical perspective. Then, we propose a

more practical method that can perform robust estimation by using another model
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for illumination colors derived from statistical outdoor illumination data. The robust

estimation is realized by introducing the plausible range of outdoor illumination colors.

In a practical situation, estimating surface albedo would be the principal goal for
acquiring the surface properties of diffuse objects, since surface chromaticity represents
the surface property up to a scale, while surface albedo is the absolute value. The meth-
ods of surface color estimation are adequate for planar objects; however, objects with an
arbitrary shape will cause an undesirable effect, due to the variation in surface normals.
This will need further processing of images, which should involve the estimation of
surface normals and illumination distributions.

In our approach, we assume that the shape information is already acquired, and
attempt to estimate surface albedos from spherical images. With respect to surface
albedo estimation, there are a few methods that handle outdoor scenes, and previ-
ously proposed methods need elaborate procedures such as photometrical calibration
of measuring devices and geometrical calibration between the acquired illumination
distribution and the shape information. We propose a novel method that utilizes spher-
ical images with shape information. Spherical images have a nearly 360-degree field
of view. Thus, geometric calibration between the image and shape information be-
comes robust. Furthermore, we do not need to know the camera gain factor, exposure
time, and aperture, since all those factors are shared in both illumination and surface
radiance distributions. Spherical images capture both illumination distribution and
surface radiance distribution at one shot, which is a great advantage for estimating
surface albedos. Measurement and data-processing cost will be greatly decreased by
this method.

1.3 Thesis overview

Chapter 2 describes a method that estimates surface colors by assuming that the black-
body radiation approximates the outdoor illumination colors. The chapter provides
a theoretical analysis that a surface color can be uniquely determined from two im-
age values taken under two sets of illumination. After briefly reviewing the previous
works and the blackbody radiation model, the chapter explains a formulation of es-
timating surface colors and of blackbody illumination colors in a chromaticity space.
Chromaticity is a color ratio between RGB values, and is an important concept in most

color constancy methods. Then, a novel approach to calculate surface colors is pre-
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sented, and experimental results on both synthetic and real data are provided. Having
discussed the robustness of the proposed method, the chapter summarizes the method.

Chapter 3 proposes a method that stabilizes illumination-color estimation by using
the statistical model of illumination colors and the idea of a finite illumination color
space. We first describe the objective and novelty of the method, and then explain the
assumptions and definitions that are used in the method. The solution for estimating
surface color is presented, and the effect of input errors on this solution is investigated
thoroughly. A method for robust estimation is presented and experimental evaluation
is provided. Subsequently, an extension of the method to a single image using the
shadowed and non-shadowed regions is described. We explain an algorithm to extract
two representative colors from those regions and provide experimental results on both
toy objects and large-scale objects in an outdoor environment. Finally, we summarize
the method.

Chapter 4 proposes a new, efficient method to estimate surface reflectance (albedo)
of diffuse outdoor objects from only one measurement with a spherical camera. After
reviewing the previous works, we explain the mathematical formulation of the scene’ s
radiance acquisition. Both illumination radiance and surface radiance can be captured
by the spherical camera that we used. Then, a method for estimating surface reflectance
is described. Surface irradiance can be calculated from captured illumination irradi-
ance, and the surface reflectance is calculated by dividing the surface radiance by its
irradiance. After explaining techniques for practically applying the method to outdoor
scenes, we evaluate the method with experiments. Finally, we provide discussions and
a summary.

Chapter 5 concludes this dissertation by summarizing this research and contribu-

tions, and discussing possible future research directions.
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Chapter 2

Estimating Surface Chromaticity from
Blackbody Illumination

From two colors of a surface taken under two illuminations, the surface chromaticity
is determined uniquely, if the illumination colors are both equal to ideal blackbody
radiation. This chapter provides a theoretical analysis of this fact, and proposes a
surface-chromaticity estimation method based on it. The novelty of the method is that
it uses the direct mathematical model of blackbody radiation, Planck’s formula, as the
illumination color model. Aside from Planck’s formula, we have also assumed that the
bandwidth of camera-sensor sensitivity is sufficiently narrow.

Differing from what we expected, the experimental results showed that although
this method is a perfect vehicle for simulation data, it produces significant errors
with real data. From a thorough investigation of the cause of errors, we can learn
how important the assumptions on both blackbody radiation and narrow-band camera
sensitivities are to the method. Finally, we discuss the robustness of our method, and

the limitation of estimating surface color using the illumination color constraint.

2.1 Introduction

Acquiring an object’s inherent color is important when modeling a real-world object.
Since color appearance is significantly influenced by the illumination color, a method to
remove it and to estimate the actual color of the object’s surface, its “color constancy '”

in computer vision, is required. It is the goal of this work to estimate surface color, the
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object’s color under white illumination, from the object’s colors under arbitrary colored
illumination. In general, surface color estimation is achieved by capturing the object’s
color under a known illuminant, and dividing it by the illumination color. We cannot,
however, apply this method when the target objects are huge and are located outdoors,
because the illumination condition is not either controllable or known. It would be of
great benefit to achieve color constancy only from colors received by sensors.

In this chapter, we propose a new method for surface color (chromaticity) esti-
mation that inputs two colors taken under different illumination and estimates each
illumination color numerically by regarding the blackbody radiation as the illumina-
tion spectra (Fig.2.1). Blackbody radiation accurately models the light from heated
metals. Moreover, several researchers reported that it can predict the general shape of
daylight illuminations [FS01, JMW64].

In addition to the blackbody illumination assumption, our method assumes that the
bandwidth of camera-sensor sensitivity is sufficiently narrow [FFB95, BFF97, MOO00].
The method uses three sensor values at each wavelength, since it is designed to use
image values. However, any wavelength can be chosen for the algorithm, which means
that the algorithm can be applied to a spectral separation method without any loss of
generality.

2.1.1 Related Work

A number of methods to estimate surface/illumination colors have been proposed by
researchers. We can categorize them into two groups: dichromatic-based methods
and diffuse-based methods. Dichromatic-based methods [DL86, Lee86, TW89b, Lee90,
FS01, TNI04], though they are accurate, require the presence of highlighting, and are
therefore less applicable for large outdoor objects such as the Bayon Temple 2, or the
Kamakura Buddha °.

Most diffuse-based methods use a single input image of objects lit by a uniformly
colored illumination. According to the recent survey by Hordley [Hor06], diffuse-
based methods can be divided into two groups: algorithms that use information from

a learning phase and those based on low-level image features. The former methods

! “Color constancy” often implies recovering an object’s actual surface color in the field of
computer vision. Note that, to be precise, it is a psychological term meaning the ability to
perceive a color as constant under varying illumination.

2A stone heritage object in Angkor, Cambodia.

3A large statue of Buddha in Kamakura, Japan.
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Figure 2.1: The goal of this work; to estimate surface color, the object’s color under white
illumination, from the object’s colors under arbitrary colored illumination. Blackbody

radiation is regarded as the illumination spectra.

[For90, NS92, Fin96, BF97, LMHK99, RHT01, FHH01, TEW01, TW02, FHMO05, FHT06]
use color-distribution bias in an image; by comparing the bias to the previously acquired
color distribution, they estimate the illumination color. Therefore, they usually require
strong constraints in surface color domain, and cannot accurately handle images with
few surface colors [TW02].

The latter is represented by the Gray-World [Buc80] and the White-Patch [Lan77]
algorithms. The Gray-World algorithm assumes that the average reflectance color is
gray. The White-Patch algorithm assumes that the brightest patch in the image is
white. A method that uses Minkowski-norm to generalize low-level feature methods is
proposed by Finlayson et al., which is referred to as the general Gray-World algorithm
[FTO4]. Van de Weijer et al. extended the idea regarding that the average of the
reflectance differences in a scene is gray (the Gray-Edge algorithm) [vdWGGO07]. They
tested those algorithms on animage data set [CF03]; the experimental results are shown
in Figure 2.2. The general Gray-World algorithm perform the best in the image of the
top row, while the Gray-Edge does in the middle, and so does the 2nd-Order Gray-
Edge in the bottom row. Gisenij et al. [GGO07] adaptively used those algorithms with

respect to the natural image statistics. The Weibull distribution is used to parameterize
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input image Gray-World general Gray-World Gray-Edge 2nd Order Gray-Edge

Figure 2.2: The comparison between the state-of-the-art color constancy algorithms
[vdAWGGO7]: the Gray-World, the general Gray-World, and the Gray-Edge algorithms.
The gray spheres exhibit the ground truths of the illumination color. The angular error
between the estimated and the ground truth is indicated by the number in the right
bottom corner. They still have difficulties when the scene includes few surface colors,

or the scene is dominated by a single color.

the image and decide which algorithm to use. Those methods [Buc80, Lan77, FT04,
vdWGG07, GGO7] are simple and easy to implement, though they still have difficulties
when the scene includes few surface colors, or the scene is dominated by a single color.

Several methods are proposed that calculate illumination invariant values. Illumi-
nation invariant is the key idea for color constancy itself, so that the methods can be
applied to object recognition under varying illumination conditions. Land etal. [LM71]
tirstintroduced an idea to use reflectance edges for invariant features. Researchers such
as Nayar et al. [NB93] and Geusebroek et al. [GBSG02, GBSGO03] utilized the idea for
object recognition and color constancy. Independently, but at the same time, Finlayson
et al. [FHO1] and Marchant et al. [MO00, MO01, MOQ2] introduced an idea to calculate
the invariant values by assuming that blackbody radiation approximates the illumina-
tion color. Blackbody radiation is the energy emitted from a heated blackbody. Those
methods can calculate the invariant features of objects, though they cannot estimate
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surface/illumination colors.

Surface/illumination color separation is also studied in the spectral imaging re-
search area. Maloney and Wandell [MW92] proposed to use a small number of
basis functions to approximate the spectral function. They revealed that with two-
dimensional surface reflectance, we can calculate all the unknown parameters that
characterize the spectral functions by sampling at different spatial locations with three-
dimensional sensors. Normal RGB image sensors are supposed to be used in the work;
however, they would produce large errors with real images since the two-dimensional
reflectance model is too strict. However, the idea can be extended for spectral imaging
that has numerous sensors; the dimension of reflectance and illumination can be in-
creased. Thus, this elegant idea has been extended to many spectral imaging methods
up to this time [D’Z92, OH94, CH04, DF07, CHO7].

Methods based on a varying illumination color were introduced by a few re-
searchers [D’292, OH94, FFB95, BFF97]. They considered that the change of illumi-
nation color could be a key to solving the color constancy problem. D’Zmura [D’Z92]
proposed a method using approximated linear basis functions to form a closed-form
equation. One drawback of the method is that it fails to provide robust estimations for
real images, since many objects’ reflectance cannot be expressed by the linear combina-
tion of a small number of basis functions. Ohta et al. [OH94] stabilized the estimation
based on D’Zmura’s assumption and CIE Daylight constraint.

Finlayson et al. [FFB95] used a single surface color illuminated by two different
illumination colors and performed the estimation by assuming that the illumination
colors form a line in an inverse-chromaticity space. Barnard et al. [BFF97] utilized
the Retinex algorithm [LM71] to automatically obtain a surface color with different
illumination colors, and then applied the aforementioned method of Finlayson et al.
[FFB95] to estimate varying illumination colors in a scene.

To summarize those works, surface color estimation of diffuse objects still has room
for improvement in terms of accuracy and robustness, especially for a single-colored
object. To handle single-colored objects, it is straightforward to take multiple illumi-
nation colors into account for solving the problem. Assuming a specific illumination

color model would make the problem easier and could make the estimation robust.
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2.1.2 Blackbody Illumination

Several researchers reported that blackbody radiation can predict the general shape
of daylight illumination [FS01, JMW64]. The author has reviewed studies of daylight
spectra measured in several countries: America, England, Canada, South Africa, Aus-
tralia, India and Spain. This paper concludes that blackbody radiation could be a good
model representing daylight illumination colors around the world.

In the middle 1960s, Judd et al. [JMW64] collected 249 daylight spectral samples
from Rochester, New York, 274 from Enfield, England, and 99 from Ottawa, Canada,
to calculate the characteristics of daylight spectra. The collected data were plotted
in the 1931 CIE chromaticity diagram, a color space that created by the International
Commission on Illumination (CIE) in 1931. Judd et al.’s data are shown in Fig. 2.3 (a);
Rochester, Enfield, and Ottawa are indicated by open circles, by crosses, and by solid
circles. The horizontal and vertical axes correspond to X/(X+Y +Z) and Y/(X+ Y + Z),
where X, Y, Z are tri-stimulus values which are roughly red, green and blue, based on
human visual perception. The red dotted line is added by the author to emphasize
the locus of chromaticities implied by Planck’s blackbody radiation law. As Fig.2.3 (a)
shows, daylight spectra clustered very closely around the locus.

Slightly before Judd et al., Nayatani and Wyszecki [NW63] measured the colors of
daylight from a near-north sky at Ottawa, Canada. The measured colors plotted in
the chromaticity diagram are shown in Fig. 2.3 (b). As in (a), daylight illumination
colors make a cluster around the Planckian locus. Figs. 2.3 (c) and (d) present the
data in South Africa and Australia obtained by Winch et al. [WBKT66] and Dixon
[Dix78], respectively. In the Southern Hemisphere, daylight colors are even closer to
the Planckian locus compared to that of the Northern Hemisphere.

Sasturi et al. [SD68] measured daylight spectra in Pretoria, India; their data are
shown in Fig 2.4 (a). In this work, they measured the lights from the north sky that
were reflected by an aluminized mirror. Usually, a magnesium oxide or barium sulfate
surface is used instead of measuring a reflection of a mirror, since the light from a
mirror covers very narrow field-of-view of the sky. This would be the reason why
their data are so widely distributed. Hernandez-Andres et al. [HARNO1] purposely
measured narrow-field-of-view light in Granada, Spain, which is shown in Fig 2.4 (b).
The colors are widely distributed, particularly in the bluer region. However, the colors
are dominantly spread very close to the Planckian locus.

As can be observed, the Planckian locus could approximate daylight well in most

places of the world, though there are slight variances. The variances may come from
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Figure 2.3: Daylight spectra plotted in the 1931 CIE chromaticity diagram, obtained
in the following: (a) America, England and Canada [[MWé4], (b) Canada [NW63], (c)
South Africa [IWBKT66] and (d) Australia [Dix78]. The red dotted curves indicate the
locus of chromaticities implied by Planck’s blackbody radiation law. The Planckian

locus could approximate daylight colors well in most places of the world.

the different atmospheric condition, but also the region of the sky measured. An
integrating sphere was used for Figs. 2.3 (c) and (d), a white plate was used for (a)
and (b), while an aluminized mirror was used in Fig. 2.4 (a). Direct measurement

within 3-degree fields of view was conducted in Fig. 2.4 (b). These findings mean that
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Figure 2.4: Daylight spectra obtained with a narrow field-of-view apparatus, plotted
in the 1931 CIE chromaticity diagram: (a) India [SD68], (b) Spain [HARNO1]. The red
dotted curves indicate the Planckian locus.

lights from a specific part of the sky were measured in Figs. 2.4 (a), (b), 2.3 (a) and (b),
while the lights that integrated in a sphere (lights that come from all directions) were
measured in 2.3 (c) and (d). In terms of diffuse objects, the lights that come from all
directions matter. Thus, Figs. 2.3 (c) and (d) are the data that attract our interest. In
Figs. 2.3 (c) and (d), the Planckian locus describes the daylight colors very well. The
apparatus difference also relates to the wide range of temperatures in Figs. 2.4 (a), (b),
2.3 (a) and (b), but not in 2.3 (c) and (d).

2.2 General Problem Formulation

Colors perceived by humans or camera sensors are light intensities that are emitted
from a light source, reflected by an object surface, and filtered by color sensors. Surface
color estimation is an inverse process of these, i.e., we estimate surface and illumination
properties from a filtered color. This paper defines the problem as the separation of an
image’s chromaticity i. into surface and illumination chromaticities s. and e., using the
following equation;

i. = s.e, c={rgl (2.1)
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Chromaticity is defined as a ratio of R and G values to B value;

j=k I
r—IB ’ g—IB-

Eq. (2.1) holds by using this definition. We use the notation r, ¢ for chromaticities and

(2.2)

R, G, B for intensities to distinguish them simply.

Eq. (2.1) is derived by assuming a narrow-band camera model and converting
intensities into chromaticities defined by Eq. (2.2). Details are as follows. Image
intensities of diffuse objects taken by a digital color camera can be described as Eq.
(2.3);

L=t f S(ME()g(M)dA ¢ =1{R,G,B} (2.3)
Q
~ 1S, E, (S. = S(A,), E. = E(A,)) (2.4)

where S(A) is a surface spectral reflectance and E(A) is an illumination spectral power
distribution. q.(A) is a camera-sensor sensitivity, where index c stands for the type of
sensors (R, G, and B). The integration is done over the visible spectrum (€2). 7 is a gain
determined by the aperture, the integration time, and the electronic amplification.

Then, we introduce a narrow-band camera model, which assumes that each color
sensor has all its sensitivity concentrated on a single wavelength A.. That is, each
sensitivity is approximated by a Dirac’s delta function 6(.) whose center wavelength is
Ac. Therefore, q.(A) =~ 6(A — A.) and we can subsequently obtain Eq. (2.4). Ag, Ac, Ap are
the wavelengths on which the sensitivities are concentrated.

Surface color estimation focuses on recovering chromaticities instead of intensities.
This is because there is a scale ambiguity between surface spectral reflectance and
illumination spectral power distribution. We cannot distinguish a dark surface with
bright illumination from a bright surface with dark illumination. Thus, we convert the
intensity space to the chromaticity space by substituting Eq. (2.4) into Eq. (2.2), and
obtain Eq. (2.1). The surface chromaticity [Sg/Sg, Sc/Ss]’ is rewritten as [s,, sg]t, and

the same is true for the illumination chromaticity.

2.3 Illumination Chromaticity Formulation

This paper assumes that most illumination spectra can be approximated by blackbody
radiation. The assumption is useful since an illumination chromaticity, that is a two-
dimensional vector, becomes a function of a single scalar, temperature T. The scalar T

is often called color temperature for representing the color.
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In a mathmatical form, an illumination chromaticity can be expressed as:

M(Ag, T) M(Ag, T)

o) = M0 1) Mhs, T)

o(T) = (2.5)

where e = [e,(T), e,(T)]" is an illumination chromaticity, M(A., T) is the spectral power
of the blackbody radiation, T is temperature in kelvin, and Ag, Ag, Ap are the center
wavelengths of a camera sensitivity. The narrow-band assumption and the chromaticity
definition of Eq. (2.2) are used to derive the last equation.

From Planck ’ s formula, M(A, T) is:

M(A, T) = c1 A" [exp(ca/AT) = 1] (2.6)

where ¢; is 3.7418 X 1071¢ (Wm?), ¢, is 1.4388 x 1072 (mK), and A is the wavelength (m).
Substituting Eq. (3.28) into Eq. (2.5), we obtain:

@y(T") A
AT) =k, k, = — 2.7
) =k ) ( 7 27
o Ds(T) A
e (T') = kg oo(T) (kg = 7 (2.8)
where T" = ¢, /T, and ®.(T") are defined as follows for simplicity.
Dr(T") = exp(T'/Ag) -1
(I)G(T,) = exp(T’/AG) -1
Dp(T") = exp(T'/Ap) -1 (2.9)

2.4 Our Problem Formulation

The difference between our approach and conventional approaches is using the exact
blackbody radiation for the model of illumination colors. Consequently, the surface-
color estimation problem becomes equivalent to estimating a color temperature T. Eq.
(2.1) shows the interdependency between surface and illumination chromaticities. Also,
an illumination chromaticity can be parameterized by the color temperature T as Egs.
(2.7) and (2.8) show. Thus, when the color temperature T is known, the illumination
chromaticity and then the surface chromaticity can be calculated explicitly.

The equations to solve can be established as follows. When we observe a surface
chromaticity s under two blackbody illuminations e(T7) and e(T,), we can estimate each
color temperature T; and T, from obtained colors i; and i, (Fig. 2.5). Let the two image
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&(T,) Iy

Figure 2.5: Illustration of notations. Color temperatures T; and T, are estimated from
image chromaticities #; and i, taken under two blackbody illumination. Consequently,

surface chromaticity s can be calculated.

chromaticities be i; = [i), igl]f and i, = [, igz]t. We can derive the following equations,

since the surface chromaticity is identical:
O.T|,Ty) = in®p(T)Ps(T}) — inn@r(THPs(T}) =0 (2.10)
OUT), T)) = ig®o(T})s(T}) - ip@c(THDp(T]) =0 (2.11)

Surface-color estimation will be solved if T} and T, are specified from those equations.
Detailed derivations of Egs. (2.10) and (2.11) are as follows. Since the surface

chromaticity is identical, the following equations can be derived from Eq. (2.1):

irl/erl - irZ/erz =0 (212)
igl/egl - igz/egz =0 (213)

while Egs. (2.7) and (2.8) can be converted as follows:

1/e, = Or(T")/k,Dp(T") (2.14)
1/, = D(T')/k Pp(T) (2.15)

By substituting Eqgs. (2.14) and (2.15) into Egs. (2.12) and (2.13), Egs. (2.10) and (2.11)

are obtained.

2.5 Solutions

We propose a stable method using bracketing [PFTV88], since Egs. (2.10) and (2.11) are
difficult to solve by minimizing the square sum of Eqgs. (2.10) and (2.11). This is due
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to the exponential character of the functions in those equations. The overview of the

algorithm is as follows.
1. First, we select the initial values of T} and T’,. We denote them as t| and .

2. Assuming that #] is correct, we solve Egs. (2.10) and (2.11) independently using

bracketing. Let the solutions be ), and £, .
3. If t;, and t;, are sufficiently similar to each other, we output £} and (£, + £, )/2.

4. Otherwise, we modify #] so that the difference between t, and t, decreases.

Again, t] can be found using bracketing.
5. Go back to 2.
In order to realize the above algorithm, we must clarify the two following points:
e How to solve Egs. (2.10) and (2.11),
e How to determine #] that decreases the difference between t), and ¢, o

using bracketing technique.

Bracketing for Step2

The following shows how to solve Eq. (2.10). The same argument can be applied to Eq.
(2.11). Given an arbitrary T}, Eq. (2.10) has a unique solution of 17, on T?, > 0 (under
the condition described below.) The solutions can be calculated by bracketing. The
initial brackets are automatically determined. They are derived from the shape of the
evaluation function ©,, which is illustrated in Figure 2.6. As the figure shows, ©, is
convex downward and has only one local minimum. It starts from zero and gradually
approaches infinity. Therefore, a solution of T} always exists and can be calculated by
bracketing. We can randomly select one side of the initial brackets, and find the other
side by going up or down the slope until the sign of ®, changes.

The shape of ©. and the conditions for which those equations have solutions, are
derived from the following propositions.

1. If T} is positive, the function ©. is convex downward.

2. ©.(T7,0) is zero for any T7.
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Figure 2.6: The shape of the evaluation function ©,, given an arbitrary T;. T/ that gives
O, = 0 always exists and can be calculated by bracketing. We let the initial value of ¢,
be one side of the brackets, and find the other side by going up or down the slope until
the sign of ©, changes.

3. If T} is positive, limT£_>oo O.(T;, T;) = +oo.
4. If T} is positive, ©, = 0 has solutions on T, > 0, if and only if
i ®Pp(T7)/ AR — inPr(T7)/Ap > 0. (2.16)
Similarly, ®, = 0 has solutions on T, > 0, if and only if

igZCI)B(Ti)//\G - iglq’G(Ti)//\B > 0.

Brief proofs of those propositions are as follows.
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Proof of Proposition 1.

We show that the second derivative of ©, is positive at the extremum?D We used O,
for the proof, but the same argument can be done by using ©,. We differentiate O,
by T.

a®7‘ iT / / ir2 ’ ’
5, = 7y ORI exp(T3/An) = 7 exp(T3/AR)@s(T))
From the last equation, T’ which gives the extremum can be calculated.
, _ ARAp Iy , in ,
T; = m(log(A—R%(Tl)) - log(A—BcDRm))) (2.17)

According to the last equation, ®, has a unique extremum. From the continuity
of ®, as well as d0,/dT), ©, is convex upward or convex downward. We further
differentiate ©, by T.

in 98,
g IT)

8267‘ 1 1 irl / /
an = (/\—B — /\—R) /\—Bq)R(Tl)eXp(TZ//\B) +

Since d©,/dT} is zero at the extremum,

PO, (1 1\in
= (= = — ) 2 Dx(T}) exp(T;
T2 (/\B /\R)/\B r(Ty) exp(T2/As)

The last equation is positive because A < Ag. Thus, ©, is convex downward. Q.E.D.

Proposition 2.
Trivial. Q.E.D.

Proposition 3.
Trivial. Q.E.D.

Proof of Proposition 4.

We prove only the former part, but the latter can be proved similarly. From Prop.1,
O, is convex downward. That is, the equation possibly has two solutions at most.
One of those solutions is zero because of Prop.2. Consequently, a solution on T} > 0
exists if the local minimum of ©, exists on T, > 0. Such a condition can be written as
Eq. (2.16) from Eq. (2.17). A solution on T7, > 0 certainly exists from Prop.3. Q.E.D.
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Bracketing for Step 4

Let us show how to determine #] that decreases the difference between t; and t, . If t]
increases/decreases, t, —t, " increases/decreases around the true solution as illustrated
in Figure 2.7. Therefore, again we can calculate the solutions by bracketing. The facts

are derived from the following proposition:

5. Letthe true solutionsbe Ti and T; forEgs. (2.10) and (2.11). If T| increases/decreases
around them, T - T, increases/decreases as long as T} > T}.

In order to automatically determine the initial brackets, we need to clarify the shape
of the function where it crosses the zero point. The Taylor expansion of Egs. (2.10) and

(2.11) are used for this purpose. Detailed derivation of Proposition 5 is as follows.

A
(. pl]
T2r TZ g

o
Ty

T

Figure 2.7: The shape of T, - T . around the true solution. If T] increases/decreases,

T, — T}, increases/decreases. Therefore, the solution can be calculated by bracketing.
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’

Derivation of Proposition 5. We derive the Taylor series of ©, about a point (#,, £} ),

irlq)B(t; ) ti iqu)R(t,z ) ti
=0, t/, ¢ r Sy = "rer’ —) | A
@ @ ( 1 27‘) + ( /\R exp(/\R) /\B exp(/\B) 1
in®p(t) —f i ®p(t) B\
+ ( exp(/\B) - /\R exp(/\R AtZr

Ap

where At] = T]—t], At, =T, —t, . We can simplify the last equation using Eq. (2.10),
©, = inPr(t})Ps(ty ) (H, (£)AL, — Hi(t5,)A,) (2.18)

where

exp(t/AR) _ exp(t/Ag)
ARDr(t) Ap®p(t)

In a similar way, we derive the Taylor series of @, about another point (£}, £, ).

H,(t) =

Oy = in D (F) Py (1) (Hy ()AL, — Hy(ty )AL, (2.19)

From the last two equations, T, — T, against Afj can be expressed as:

’ r
TZr - T2g -

H) H@)). .,
(Hr(tér) - Hg(tég)]Atl + (tZr - tZg)

Around the true solutions Ti, Té, the last equation becomes

HA(T})  Hy(T}) ) AL (2.20)

T -Tg = (o A
"% \VH(T) H(Ty
The following function

I(T}, Ty) = H(T})H,(T}) — Hy(T))H,(T3) (2.21)

is obviously I(T}, T)) = —I(T}, T). We confirmed that I(T}, T}) is positive if T} is larger
than T, by calculating every case from 2000K to 10000K with a 1K interval. Thus,

T,, — T, is positive/negative if At is positive/negative as long as T/ > T5.
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2.6 Experiments

Experiments with simulation and real data have been conducted to evaluate the ef-
fectiveness of the method. Differing from what we expected, the results showed that
although this method is a perfect vehicle for simulation data, it produces significant
errors with real data. Thorough investigation of the cause of errors indicates how
important the assumptions on both blackbody illuminations and narrow-band camera

sensitivities are to the method.

2.6.1 Simulation Data

The effectiveness of the proposed method is evaluated with simulation data. In particu-
lar, we checked the two following points: (1) Average estimation error using simulation
data. (2) Dependency on initial values.

The error was defined as the difference between estimated and true reciprocal
color temperatures. Reciprocal color temperatures were proposed by Judd[Jud33], in
which differences correspond more closely to equal perceptual color differences than
normal color temperatures. The unit is called “mired” (= 10°K™"), and is defined as
Trec = 10%/T. Empirically, the Just Noticeably Different (JND) chromaticity difference
is 5.5 mired [TW02, Jud33]. The range from 2500 K to 8500 K in color temperatures

corresponds to from 400 to 118 mired in reciprocal color temperatures.

(1) Estimation error with simulation data Methods We calculated the average esti-
mation error using seven kinds of blackbody illuminants and six reflectance patches.

Seven color temperatures were 2500, 3500, 4500, 5500, 6500, 7500, and 10000 in
Kelvin, which are shown in Figure 2.8 (a). Six reflectance patches were, as shown
in Figure 2.8 (b), “Blue,” “Green,” “Red,” “Yellow,” “Magenta,” and “Cyan” in the
GretagMacbeth ColorChecker, hereafter referred to as “Macbeth.” All the reflectance
data were obtained by measuring the spectrum of a color patch with a spectrometer
(Photo Research PR-650) under a known illuminant.

The total combination was ;C, X 6 = 126. A camera sensitivity which is 1 at a
particular wavelength (red: 624 nm, green: 548 nm, blue: 480 nm), and is 0 at others
was used (shown in Figure 2.8 (c).)

Results  The average estimation error was 1.64 X 10~° mired for Ty, and 1.74 x 10~
mired for T, as shown in Table 2.1. The estimation by the previous method [FFB95] is
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also shown for reference. The error converges to zero in all cases by using the proposed
method.

Table 2.1: The average estimation error in 126 experiments using simulation data. The

estimation error by the previous method [FFB95] is also shown for reference.

T, Error T5 Error
Method (mired) (CIELAB) (mired) (CIE LAB)
Proposed method 1.64x107° 0 1.74x107° 0
Previous method [FFB95] 5.11x10 8.5 5.52x10 9.2

(2) Dependency on initial values Methods We did our estimation 500 times with
different initial values but the same reflectance and illuminants and calculated the
average and the standard deviation of estimation error.

The color temperatures of illuminants were 3500 and 7500 in Kelvin. We used
“Red” reflectance of the Macbeth ColorChecker.

A camera sensitivity that is 1 at the wavelength (red: 624 nm, green: 548 nm, blue:
480 nm), and is 0 at others was used. Initial values were randomly and uniformly

distributed over the range of the true temperature 1000 K.

Results  The averages and the standard deviations of estimation error were 3.53 X
107° mired and 2.18 X 107 mired for T;, and 3.78 X 10~ mired and 2.35 x 107® mired for
T,, as shown in Table 2.2.

The standard deviation is nearly the estimation accuracy, which is about 107 due
to the machine accuracy. Therefore, we conclude that initial values do not affect the
estimation. However, the result temperatures can be an impractical number such as
2 trillion Kelvin if the relation (for instance T; > T) is reversed in the initial values
(Ty < Ty). In other words, initial values can be any numbers if the relation between T

and T, is retained.

2.6.2 Real Data

We conducted four sets of experiments to see if the method could work on real data.
In the first set of experiments, we tested our algorithm with various kinds of natural

illuminants and reflectances, and erroneous results were obtained.
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Figure 2.8: Ideal data used in the experiments; (a) seven kinds of blackbody illuminants;
correspoinding colore temperatures are 2500, 3500, 4500, 5500, 6500, 7500, and 10000
in Kelvin. (b) Six reflectance patches of GretagMacbeth ColorChecker used in the

experiments. (c) Ideal camera sensitivity.
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Table 2.2: The average and the standard deviation of estimation errors in 500 experi-

ments with different initial values.

Ty Error T, Error
Parameter (mired) (mired)
Average 3.53%107° 3.78x107°
Std. dev 2.18%x107°° 2.35x107°

We presumed there are two causes of the error. One cause might have been the
failure of the blackbody radiation to accurately portray the actual illuminants. To
understand this problem, we conducted the second set of experiments and observed
how the violation of the blackbody assumption affects the estimation. We also tested
how different real spectra appear to blackbody radiations in the thrid set of experiments.
The other cause of error must have been the violation of the narrow-band sensitivity
assumption. We tested how it affects the estimation in the fourth set of experiments.

The following explains experiments that were conducted, and each focuses on: (1)
Estimation error on experiments with real data. (2) Error caused by the assumption of
blackbody illumination. (3) Difference between spectra of the blackbody radiation and
real spectra. (4) Error caused by the assumption of narrow-band sensitivity.

(1) Estimation error with real data Methods We calculated the average estimation
error using eight kinds of natural illuminants and six kinds of reflectance.

Eight illuminants were A, B, C of CIE standard illuminants and Judd daylight
phases D48, D55, D65, D75 and D100 [[MW64]; they are shown in Figure 2.9 (a). Six
reflectance were “Blue,” “Green,” “Red,” “Yellow,” “Magenta,” and “Cyan” of the
Macbeth ColorChecker, which are shown in Figure 2.9 (b).

The total combination was gC; X 6 = 168. Band-pass filters, MellesGriot 03FIV119,
03FIV111,03FIV004, were used for camera sensitivity. Their full-width at half-maximum
was 10 nm, and their center wavelength were 620 nm, 532 nm, and 450 nm, for red,

green and blue channels. They are shown in Figure 2.9 (c).

Results  The average estimation error was 3.67 X 103 mired for Ty, and 1.17 x 10*
mired for T, as shown in Table 2.3. The erroneous results force us to think what the
substantial causes of those errors are. As stated in the beginning of this subsection,

there are two possible causes: the violations of the blackbody assumption and the
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narrow-band sensitivity assumption. The following experiments investigate how the

violations affect the estimation. We discuss the robustness of the method in Section 2.7.

Table 2.3: The average estimation error in 168 experiments using real data. The esti-
mation error by the previous method [FFB95] is also shown for reference. 18 results of
the previous method were excluded from the average CIE LAB error calculation, since

those estimates include negative values.

T, Error T, Error
Method (mired) (CIELAB) (mired) (CIE LAB)
Proposed method 3.67x10° 44.2 1.17x10* 42.0
Previous method [FFB95] 7.97x10 17.0 8.43x10 18.0

(2) Error caused by the blackbody assumption Methods We plotted the change of
estimation error against the error on illumination chromaticity. Let Ae, and Ae, be the
error on illumination chromaticity. One illumination chromaticity was chosen, and Ae,
and Ae, were added to it. Ae, and Ae, were changed from 0 to 1 % by 0.1 %.

The illuminants’ color temperatures were 3000 and 9000 in Kelvin. The reflectance
used was “Dark skin,” the top left brown reflectance of the Macbeth ColorChecker.
Camera sensitivity is 1 at these wavelengths: red: 624 nm, green: 548 nm, blue: 480

nm, and is 0 at others.

Results  AT1and AT2 in Figure 2.10 show the estimation error AT; and AT, against
the percentage of the modeling error Ae, and Ae, of illumination colors. The unit of the
horizontal axis is %, and that of the vertical axis is mired. Figure 2.10 also shows the
line of Just Noticeably Different chromaticity difference (5.5 mired). The figure shows
that the modeling error should be under about 0.1% if we want the estimation error to

be lower than 5.5 mired.

(3) Difference between blackbody and real spectrum Methods We calculated the
difference between blackbody illuminants and spectra of the CIE standard illuminants
(A,B,C) and Judd’s daylight phases (D48, D55, D65, D75, D100). First, we searched the
blackbody color temperature whose color is the nearest to the real illuminant. Then we
calculated the color difference between the two. The value that represents the difference
is defined as (chromaticity of the real illuminant — chromaticity of the searched color
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Figure 2.9: Real data used in the experiments; (a) eight illuminants’ spectra: A, B, C
of CIE standard illuminants and Judd daylight phases D48, D55, D65, D75 and D100.
Note the difference between the data shown in Figure 2.8 (a). (b) Six reflectance patches.
(c) Camera sensitivities. They are the sensitivities of band-pass filters: MellesGriot
03FIV119, 03FIV111, 03FIV004.
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Figure 2.10: The plots of estimation error against the violation of the blackbody assump-

tion; “AT1” and “AT2” express the estimation error. The JND chromaticity difference

(5.5 mired) is also shown. In order to limit the estimation error to be lower than 5.5

mried, the violation should be under about 0.1 %.
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temperature)/(chromaticity of the searched color temperature). The sensitivity which
is 1 at 620 nm (red), 532 nm (green), 450 nm (blue) and 0 at others was used.

Results  Table 2.4 shows the difference between the color of blackbody and real
spectra. Except for CIE standard illumination A, all illumination has more than 0.1%
difference. Therefore, the proposed method would produce significant errors when

those illuminants are used.

Table 2.4: Difference between blackbody and real spectra. Ae, and Ae, are the error
percentage of the illuminant’s color to the nearest blackbody color. Note that the

difference is defined in the color space of the sensitivity used in this experiment.

Ae, Aeg Nearest T

[Nluminants [%] [%] K]

CIE A 0.0029 -0.0165 2856
CIEB 2.6368 -4.6126 5087
CIEC 5.5397 -6.1154 7451
Judd D48 -1.0788 2.0506 4818
Judd D55 -1.0617 1.6286 5584
Judd D65 -0.9358 1.1519 6698
Judd D75 -0.7690 0.8096 7842
Judd D100 -0.4606 0.3816 10852

(4) Error caused by the narrow-band assumption Methods We made a virtual sen-
sitivity with variable bandwidth by using the Gaussian function as shown in Figure
2.11. The o of the Gaussian function was the parameter to change the bandwidth. The
center wavelengths were red: 620 nm, green: 532 nm, blue: 450 nm.

Color temperatures of illuminants were 4000 and 9000 in Kelvin. For the reflectance,
we used “Dark skin,” “Light skin,” and “Green” of the Macbeth ColorChecker, which
are shown in Figure 2.12 denoted by “Dark skin,” “Light skin,” and “Green.”

Results  Figure 2.13 shows the estimation error against the bandwidth of a camera
sensitivity. The more the bandwidth (the standard deviation ¢ of a Gaussian function)
grows, the larger the estimation error becomes. The speed of the error growth depends

on reflectance. In the case of “Green” or “Light skin” reflectance, the estimation breaks
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Figure 2.11: Virtual camera sensitivities. The standard deviation of Gaussian functions

are changed from 1 nm to 20 nm.
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Figure 2.12: Reflectance data used in the fourth set of experiments; three reflectances
are “Dark skin,” “Light skin,” and “Green” of the Macbeth ColorChecker. “Dark skin”

varies linearly around wavelengths of a camera sensitivity compared to “Light skin”

and “Green.”
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down when the ¢ of Gaussian function is larger than 5 nm, while in the case of “Dark
skin,” the estimation performs well until the ¢ becomes 20 nm.

If a reflectance varies linearly around wavelengths of a camera sensitivity, the inte-
gration in Eq. (2.3) becomes a multiplication by a constant number. Thus, the modeling
error by the narrow-band assumption can be ignored. Otherwise, the modeling error
affects the estimation; as Figure 2.12 shows, the reflectance “Dark skin” varies linearly
around wavelengths of a camera sensitivity compared to “Green” and “Light skin.”
When o is set to 5 nm, half of the test data set provided good results within the error of
5.5 mired.

120 T T T T T
Light skin AT1 —®— Green AT1
& Light skin AT2 —58— Green AT2
04
70 —&— Dark skin AT1 ------- 5.5 .

—2A— Dark skin AT2 —-—-- -5.5

Estimation error [mired]

-130
Sigma of Gaussian [nm]

Figure 2.13: The plot of estimation error against the violation of the narrow-band
sensitivity assumption. The more the bandwidth of a camera sensitivity (the standard
deviation o of a Gaussian function) grows, the larger the estimation error becomes.
Three reflectances “dark skin,” “light skin,” and “green” were tested. The speed of the

error growth depends on reflectance.
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2.7 Discussion

Assuming illumination to be the blackbody radiation made the estimation sensitive
to the modeling error. There are two other ways to express illumination by a one-
dimensional parameter. One is to use Wien’s approximation for blackbody radiation
and the other is to use Finlayson et al.’s straight line approximation. The blackbody
illumination model can be compared to those models. Wien’s approximation to the

Planck formula can be expressed as:
M(A,T) = ;A" exp(ca/AT) . (2.22)
From the last equation, we can derive the following relation [FH01, MOOO]:

e, = me} (2.23)

5A
_ t: . . . o . _ 1 1 1 1 _ Ac
where e = [¢,, ¢,]' is an illumination chromaticity, A = (_AR — _AB) / (_Ac — _AB) and m = e TS

are constant numbers characterizing a camera. If we substitute the equation into
Egs. (2.12) and (2.13), we obtain two redundant equations and cannot determine the
solutions for each color temperature. The Planck formula and Wien’s approximation
are very similar when the color temperature is low. Therefore, estimation of our method
would be unstable if the two color temperatures of input illumination are both low.
Finlayson et al. assumed that natural daylight illumination falls on a line [FFB95]

in an inverse-chromaticity space. Namely, they assumed the following relation:
1/e, =m(1/e,) +c. (2.24)

Note that the last equation does not appear in the reference[FFB95] but it expresses its
idea. The paper[FFB95] assumes that a set of all diagonal matrices mapping chromatic-
ities under arbitrary illumination (e,,e,) to canonical illumination (ecanonical, eg,anonical
appears linear in the 1st-2nd diagonal matirx component space. In other words, it as-
sumes f(x) = m’x +¢’, where x and f(x) correspond to the first and the second diagonal
matrix component esonical /o and ez,anonical /eq, respectively. We can derive Eq. (2.24),
since both ecanonical and ez,anonical could be any constant numbers, they can be replaced by
(1, 1).

If we substitute the last equation into Eqgs. (2.12) and (2.13), we can solve all the
unknown parameters explicitly. (This paper was inspired by this discovery.) The
gradient m and the intercept c in Eq. (2.24) are constant numbers calculated by the

least-square fitting to the data of CIE standards and Judd’s daylight phases. The
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difference between those illumination data points and the straight line is shown in
Table 2.5. Considering the results shown in Table 2.3, the previous method, Finlayson
et al.’s straight line model, is the most successful, and we think that this is the only
model for solving color constancy with illumination constraint. However, as shown in
Tables 2.3 and 2.5, even the straight line model cannot help suffering from the effect of
the modeling error.

Table 2.5: Difference between real illumination colors and colors calculated from the
straight line illumination model. Ae, and Ae, are the error percentage of the illuminant’s
color to the straight line color model. Note that the difference is defined in the color

space of the sensitivity used in Table 2.4.

Ae, Aeg,
[Nluminants [%] [%]
CIE A 6.9829 -7.2289
CIEB -1.9758 4.0070
CIEC -1.1578 2.7347
Judd D48 -0.6929 1.3720
Judd D55 -0.4382 0.9421
Judd D65 -0.0239 0.0553
Judd D75 0.3781 -0.9191
Judd D100 1.0385 -2.6985

Thus, the comparison of one-dimensional models of the illumination shows that
illumination color constraint can work itself as long as there is no modeling error.
However, the modeling error cannot be ignored and must be considered in order
to perform stable and accurate color constancy. We conclude that both illumination
constraint and other rich information such as assumptions on reflectances should be

taken into account for a robust estimation.

2.8 Summary

We proposed a new method to solve color constancy problem by exploiting black-
body radiation. Based on the approach, we examined and obtained the results in the

following four points:
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1. Our method performed considerably well in the experiments with simulation
data.

2. To achieve the accuracy within the error of Just Noticeable Difference, the mod-
eling error between the blackbody radiation and the illuminants should be lower
than 0.1%.

3. Though the method uses initial values, the results do not depend on how to
choose them.

4. Most illuminants have larger than 0.1% difference from the blackbody radiation.

The discussion about the robustness of our method and the possibility of solving
color constancy using a one-dimensional model of the illumination shows that much
information such as assumptions about reflectances should be taken into account with

the constraint on illumination to achieve stable and accurate color constancy.
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Chapter 3

Robust Framework to Estimate Surface
Chromaticity from Illumination
Changes

The appearance of surface colors of an object is both deceptive and inconsistent. Color
sensors do not see the true color of the surface because its appearance is significantly
altered by varying illumination colors. To derive the actual and consistent surface
colors, we have to estimate and then remove the illumination colors. This chapter
proposes a method that stabilizes illumination-color estimation by using the idea of a
finite illumination color space. It is a finite line where every illumination color exists.
By restricting the estimated illumination colors to be on this line, the method succeeds
in making the estimation more robust and accurate. We have shown the difficulty of
estimating illumination colors in the previous chapter. Thus, the method presented
here would be a strong alternative for solving the problem. Experiments show the
effectiveness of our method.

We also show a method to find two differently illuminated regions in a single image.
This would make the proposed method applicable to a single image. The technique
we introduce utilizes shadowed and non-shadowed regions by using physics-based
knowledge of outdoor illuminations. Experimental results with real outdoor images

show the effectiveness of our method.
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3.1 Introduction

Reflected light from an object is the product of surface spectral reflectance and illu-
mination spectral power distribution. Consequently, illumination color significantly
determines the object’s color appearance. When the illumination color changes, the ob-
ject color appearance changes accordingly. This leads to many problems in algorithms
of computer vision. An example is shown in Figure 1.2; it shows that the illumination
change in creating a realistic model causes the color appearance of an object to be in-
consistent. Recovering the surface’s actual color requires a method that discounts the
inconsistencies caused by variations in illumination.

This chapter aims to estimate and to remove the illumination color of outdoor
scenes, and to accurately estimate the surface color of the object. In real outdoor
images, the presence of input errors is inevitable. Such errors include measurement
errors caused by sensor noises and systematic errors caused by variation of the medium
(air), assumption of simple reflection models, interreflection, and imperfect paintings
of the object. Outdoor illumination colors may also include a small error from the
assuming color model. The previous methods [D’Z92, FFB95] would produce large
errors when those errors are included in the input images; details of the related works
for estimating surface colors are summarized in 2.1.1. This paper aims to minimize the
effect of those errors by calculating the most likely values of error-less input. We have
also analyzed those errors and identified the situations in which we could robustly
perform the estimation. Experiments on real images show the effectiveness of the
method.

Another problem to deal with in outdoor images is the presence of shadows. An
image often includes both shadowed and non-shadowed regions. Images with shad-
ows cannot be correctly handled by the previous methods [BF97, FHHO01, TW02] be-
cause those methods require uniformly colored illumination in images. Previously
researchers (for example, [FF94]) have found that shadowed regions are illuminated
by sky light, while non-shadowed regions are illuminated by a combination of sky
light and sunlight. This paper proposes a method that can handle them by utilizing
this difference of illuminations in shadowed and non-shadowed regions. It estimates
illumination colors for both sunlight and sky light and then removes them. Two col-
ors from shadowed and non-shadowed regions are extracted automatically by using
the expectation-maximization (EM) algorithm. Illumination colors are assumed to be

uniform inside each region.



3.2.  Assumptions and Definitions 45

3.2 Assumptions and Definitions

This paper assumes the following: (1) Linearity assumption: The output of camera re-
sponse is linear to the flux of incoming light intensity. (2) Narrowband assumption: The
camera sensitivity function is narrowband and known. (3) Straight-line assumption:
The illumination color can be approximated by a straight line in an inverse-chromaticity
space. (4) Two-region assumption: Target scenes can be segmented into two differently
illuminated regions, and each region is lit by a uniformly colored light. (5) Common-
region assumption: A target object exists in the scene under the two-region assumption,
and the target surface color exists in both regions in the scene. (6) Non-interreflection
assumption: The diffuse interreflection is negligible.

The linearity and narrowband assumptions are common in many color constancy
algorithms. The two-region assumption is valid when the target scene includes a region

lit by strong direct sunlight and a hard-shadowed region.

Image Formation

According to the linearity assumption, the image intensity of diffuse objects taken by a

digital color camera can be described as:

L= [ SWE@RMIA @3.1)
Q

where [, is the sensor response (RGB pixel values), S(A1) is the surface spectral reflectance,
E(A) is the illumination spectral power distribution, g, is the three-element vector
of sensor sensitivity, and index c represents the type of sensors (R, G, and B). The
integration is done over the visible spectrum (Q). In this model we ignore camera noise
and gain. By the narrowband assumption that follows the Dirac delta function, Eq.
(3.1) can be simply rewritten as:

I. = S.E. (3.2)

where S, = S(A.)and E, = E(A.). Camera sensitivity can be obtained using a monochrom-
eter and a spectrometer [VFITB97]. If camera sensitivity cannot be approximated by
the Dirac delta function (narrowband sensor), we could apply camera sharpening al-
gorithms proposed by [FDF94, BCF01].
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Chromaticity

Following [FFB95], this paper defines chromaticity (or specifically image chromaticity)
as:

. IR . I
F== == 3.3
i I, iy I, (3.3)

The reason for using Eq. (3.3) is because the relation of Eq. (3.2) still holds in this color
space:

i. = s.e. c=1{r,gl (3.4)

where s. and e. correspond to the chromaticities of S, and E.. We call s, surface
chromaticity and e, illumination chromaticity. In Eq. (3.3), either the red or green
channel may be alternatively used as the denominator if the intensity of the blue

channel is considerably low.

3.3 Surface Color Estimation

The problem of color constancy can be considered, from Eq. (3.4), as the problem of
estimating the values of e. and s. given the value of i., where the index is ¢ = {r, g}.
However, estimating four unknown values (e, e, s/, 8¢) from two equations is mathe-
matically ill-posed. Therefore, we add constraints to increase the number of equations
and make them solvable. First, we increase the number of image chromaticities: il and
i2 are taken from a single surface chromaticity (s.) but with different illuminations (e!

and €?):

=s,e

~

=s,e

4

1 2
r r

=N

(3.5)
(3.6)

— 1 i
I, = 5¢4€

8§ 7 !

N

1
ZT
1 _
p = 546

2
8 8

1
gl
Second, we model the relation between ¢, and ¢, by utilizing the knowledge of nat-

Four equations with six unknowns (s,, s, €}, e}, €2, ez,) can be obtained.
ural (outdoor) illumination distributions. Regarding Finlayson et al.’s method [FFB95],
which assumes that the correlation can be approximated as a straight line in the inverse-

chromaticity space, we can write the relation of (1/e,,1/e,) as:

1 1
—=m—+c (3.7)
eq e,
We call this line an Illumination line for convenience. Having introduced Eq. (3.7), we

have six equations with six unknowns and thus the set of the six equations becomes
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solvable. Note that the last equation does not appear in the reference [FFB95], but it
can be simply derived from it. The gradient m and the intercept c are constant numbers
calculated by the least-square fitting to the data of CIE (International Commission on
[Mumination) standard illuminants (A, B, C) and Judd et al.’s daylight phases (D48,
D55, D65, D75, D100).

Fig. 3.1 (a) shows that those illuminants roughly form a line in the inverse-
chromaticity space. The sensitivity used to calculate the color space is shown in Fig. 3.1
(b). It is the sensitivity of SONY-DXC9000 which we used for our experiments. We can
predict that daylight illuminants would also form a line in other inverse-chromaticity
spaces as well, such as in inverse 1931 CIE chromaticity diagram [FFB95]. As summa-
rized in 2.1.2, Planckian locus could approximate the distribution of daylight colors.
Since the locus can be approximated by a line in a certain range, we can predict that
daylight colors would be approximated by a line in any inverse-chromaticity spaces.

Solutions of the equations can be derived as follows. By substituting Eq. (3.7) into
Egs. (3.5) and (3.6), the following two linear independent equations can be obtained:

1

S¢ = (m%)sr + i;c (3.8)
2
S¢ = (mz,—i)sr + igc (3.9)

r

Each equation means an expanded Illumination line whose r axis is scaled by the factor
of i, and whose g axis is scaled by the factor of i;. The surface color (s,, ;) becomes the

intersection of two generated lines.

@R

= 3.10
TRl om (3.10)

k) (3.11)
8 izil _ iliz :

s 8

3.4 The Effect of Input Errors

While surface color estimation using the straight-line assumption can theoretically
solve the problem, in practice we observe that it is significantly sensitive to input
errors. Assuming that input chromaticities are affected by errors, two generated lines

in Egs. (3.8) and (3.9) will be incorrect. As a result, the intersection, the surface color
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Figure 3.1: (a) Typical daylight data roughly form a line in an inverse-chromaticity
space. Crosses: Daylight data (CIE standards and Judd et al.’s daylight phases). Line:
Finlayson et al.’s illumination line obtained by the least-square fitting. The Planckian
locus is also shown for comparison. (b) The sensitivity of SONY-DXC9000. Each

chromaticity in (a) was calculated in the color space of it.
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estimated, will deviate significantly from the correct one, especially when the gradients
of two lines are similar.

This section examines possible input errors and their effects on surface color es-
timation. We analytically derive the average amount of input errors and discuss the

condition in which the estimation could endure such input errors.

3.4.1 Input errors
Error model

Sensor output includes noises and systematic errors. Sensor noises include: read,
quantization, dark current, and shot noises. They can be reduced by averaging input
values from increasing the number of pixels used, or by using the High Dynamic Range
imaging technique.

Images of outdoor scenes also include systematic errors for surface color estima-
tion. Those systematic errors come from the discrepancy between the reality and the
assumption: (1) the straight-line assumption for outdoor illumination colors, (2) the
narrowband assumption that is only an approximation for general cameras, (3) the
effect of the participating medium (air), (4) simple reflection models (objects may not
be entirely diffuse), (5) interreflection, and (6) imperfect paintings or dust on surfaces.
These systematic errors cannot be reduced by using such averaging techniques.

Among those errors, we focused on errors caused by straight-line and narrowband
assumptions. This is because those are the most dominant factors among them. Con-
sidering the errors, an actual chromaticity i, deviates from an ideal chromaticity 1., with
an error Ai,.

ii=1.+Ai, c={rgl (3.12)

Note that the effect of the straight-line and narrowband assumptions cannot be sepa-
rately treated. The straight line already includes small error from the ideal illumination
line defined in a narrowband camera’s color space, because the illumination line is com-
puted in a color space of a camera that has rather wide sensitivity.

The ideal chromaticity 7, can be written as
1o = 8.8, (3.13)

where é. is the ideal illumination chromaticity that lies on the illumination line, and 3,
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is an ideal surface chromaticity, a surface color under pure white illumination;
§ = f S(A)ge(A)dA. (3.14)

where the total power of the sensitivity g.(A) is supposed as follows; fw g.(A)dA = 1.0.
An input error can be defined as the difference between the actual i. and the ideal 3.,

image chromaticities.

Error simulation

Using the error models defined, we calculated actual and ideal image chromaticities of
surfaces with various natural illuminations. Examples plotted in inverse-chromaticity
space according to six surface colors are shown in Figures 3.2, 3.3 and 3.4. The crosses
are the set of actual chromaticities i. calculated from a surface color with different
illuminations whereas the lines are the set of ideal chromaticities 7.. The values i. and
i, were calculated using Eq. (3.1) and 4.¢,, respectively.

Data used for surface reflectance, illumination spectra, and camera sensitivity are
listed in Table 3.1. Here, we have conducted simulations of image measurements by
SONY DXC-9000, of which filtering characteristics are shown in Figure 3.1 (b), using 18
different kinds of reflectance patches in the Macbeth color checker, under 12 blackbody
and 7 CIE standard illuminants.

Most actual image chromaticities include small errors from ideal values, as shown
in Figures 3.2, 3.3 and 3.4, because 12 blackbody and 7 CIE standard illuminants in
Table 3.1 do not strictly follow the straight line, and the camera sensitivity shown in
Figure 3.1 (b) is not sufficiently narrow. Furthermore, it is difficult to predict the error

value Ai, from the input value i, as shown in Figures 3.2, 3.3 and 3.4.

Table 3.1: Data used to simulate actual and ideal image chromaticities.

Number of
Data Details samples
Reflectance Reflectance of Color Checker (GretagMacbeth) 18
[Nluminants Blackbody illuminants (3500K-12000K) 12
CIE standard illuminants (B,C,D48-D100) 7

Camera sensitivity SONY DXC-9000 (Shown in Figure 3.1 (b)) 1
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Figure 3.2: Simulated image chromaticities under illumination change: Actual (crosses)

and ideal (lines) chromaticities in inverse-chromaticity space according to (a) Blue,

(b) Green, (c) Red, (d) Yellow, (e) Magenta, and (f) Cyan reflectances with various

illuminations; the details of data used for this simulation are shown in Table 3.1. Most

actual image chromaticities (i,, i) include a small error (Ai,, Aig) from ideal values @, fg)

due to the straight-line and the narrowband assumptions. While it is difficult to predict

an error value from an input value.
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Figure 3.3: Other examples of simulated image chromaticities under illumination

change: Actual (crosses) and ideal (lines) chromaticities according to (a) Dark skin,
(b) Light skin, (c) Blue sky, (d) Foliage, (e) Blue flower and (f) Bluish green.
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Figure 3.4: Other examples of simulated image chromaticities under illumination

change: Actual (crosses) and ideal (lines) chromaticities according to (a) Orange, (b)

Purplish blue, (c) Moderate red, (d) Purple, (e) Yellow green, and (f) Orange yellow.
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Figure 3.5: The distribution of the sum of the input error values, D", The average
value was 0.0496, and the mode was 0.027. We also tested the distributions with Nikon
D1 and SONY ICX204AK, and the averages were 0.0491 and 0.0664, respectively. The
numbers predict that SONY DXC-9000 and Nikon D1 will produce similar algorithm

performance.

Total error approximation

The surface color estimation uses four input values i},ié, i2, and ié that may include

errors. To deal with the four values at once, we approximate that the sum of the four

input error values D"Put affects the estimation error values;

‘ ALl |AdL A2l |A
input — r g r g
D = ( 7 7 ]+n( 5 + 5 (3.15)
r 8 r 8

where 7 is 1.0 when the sign of Ai! is equal to that of Ai? and is —1.0 otherwise. The n
is introduced because either A7} and Ai} or Aiy and A7 cancel the effect of each other
when their signs are equal.

The distribution of D™P"t that are calculated from the data in Figures 3.2, 3.3 and
3.4 is illustrated in Figure 3.5, where the horizontal and vertical axes represent D™Put

and the number of samples, respectively. The average value of D!t was about 0.05.



3.4. The Effect of Input Errors 55

Table 3.2: The values of estimation error rate when the inputs include errors.

Error rate in r channel Error rate in ¢ channel
Input As, /s, Asg/sq
A 1 1 q 12_1'1
i =i+ Al Sl N T
1} Alr &7 /eg [ Alr ey /eg lg 11,
1 Je</e 1 Je</e
r J7r7g r J7rvg
i1 20 1 i1 1 42
il = iAl + Afl _% 1 Z_glr—lr _% 1 Z_rl_g
g§ 8 g il A% el /eé i22_i il A% el /eé i
o Rl o v S o R ol
il ) ep/e iL | e%/e
g 38 g 38

3.4.2 The effect of input errors on surface color estimation

When the input chromaticities include errors, two generated lines, Egs. (3.8) and (3.9),
will be incorrect. As a result, the intersection, the surface color estimated, will deviate
significantly from the correct one, especially when the gradients of two lines are similar.

This can be shown in a mathematical way. The surface chromaticity s, is given as in
Eq. (3.10). For instance, assume that an image chromaticity inlcludes an error Ai} from
an ideal value 7, then the estimated surface chromaticity will deviate from the correct

value s, to s, + As,,.
() + ADR@E - ) ¢

S, + As,, = — . (3.16)
T i@ A m
Then, the error rate As,,/s, can be calculated as follows;
As, _ Ai 1
SS == — (3.17)
Coha-(1+ )
1y er /68

We summarize those error rate in Table 3.2. Each row in Table 3.2 provides the
effect from each channel. Deriving from Table 3.2, the estimation error rate of As,,/s,
becomes;

As Ail 1 Ail
S - = 'Aly erfeg - 'Aly (3.18)
Con(1-3g) f
erfe;

where we assumed 1 + Ail/i! ~ 1.
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W in Eq. (3.18) increases as the color temperature difference between two illu-
mination decreases. The actual numerical values of W are plotted in Figure 3.6. The
horizontal and vertical axes mean the color temperature difference * and the value of W,
respectively. As shown in Figure 3.6, W is always larger than 1.0, and thus, it magnifies
the input error for the estimation. Note that we can approximate 1 + Ai./i; ~ 1. Then,
all the second terms of the equations in Table 3.2 can be approximated as W. Namely,
W equally affects all input errors, Ai..

‘ ! el’s CCT: 3000K —+—
3 § § el’s CCT: 5000K ---x---
25 """""" el’s CCT: 7000K ---%--- -

=
~
3
15)
g 20
o]
b
8
o 15
3]
g
5)
)
i 10
ge]
5
= 5
(@)
O 1 1 1 1 1 1 1 1 1 l 1 1 1 1 1 1 1 1 1 l 1 1 1 1 1 1 1 1 1 l 1 1 1 1 1 1 1 1 1
0 50 100 150 200

Color temperature difference between el and e2 [mired]

Figure 3.6: We simulated the actual value of W, which affects the surface chromaticity
estimation. W is always larger than 1.0, and thus, it magnifies the input error for the
estimation. The sensitivity shown in Figure 3.1 (b) was used to calculate the illumination

chromaticity in this simulation.

3.4.3 Decreasing the effect of input errors

We have conducted experiments of surface color estimation using the straight-line
method [FFB95], and plotted the estimation error against the multiplication of D™Put
* The unit of color temperature difference is 10°/K = mired (microreciprocal degrees). Two-

hundred-mired difference corresponds to the difference between 3300K and 10000K, which
covers the possible range of outdoor illumination colors.
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and W; i. e. , the sum of the input error values and the factor that magnify the input
error. The result is shown in Figure 3.7.

As illustrated in Figure 3.7, the estimation error increases approximately linearly
against D"PUtV;

(Estimation error value) occ DMPUWY (3.19)

In Figure 3.7, the horizontal and vertical axes are D'™P"'W and the color difference

1
true

between the estimated eést and the true e illumination colors in CIE LAB space,
respectively. CIE LAB space is a color space in which the distance corresponds to the
visual importance in human perception, and can be computed via simple formulas from
the CIE 1931 XYZ space [WS00]. We used CIE LAB space to evaluate the estimation
error in the system of human perception. Examples of CIE LAB colors are shown in
Figure 3.8. From the figure, we decided that the error in surface/illumination estimation
should be less than 10.0 in CIE LAB color space.

In order to suppress the estimation error value under 10.0 CIE LAB errors, Figure
3.7 indicates that the value of D™P"'W needs to be less than 0.20. With respect that the
average value of D"Put js about 0.05, as stated in 3.4.1, the preferable color temperature
difference between two illumination colors should be more than 100 mired, W < 4,
according to Figure 3.6.

As we mentioned in Section 3.4.1, it is difficult to predict an input error value
Ai. from an image chromaticity i.. In order to minimize the estimation error under
the presence of input errors, color temperature difference between two illuminations
is preferred to be as large as possible (more than 100 mired). However, the color
temperature difference during a day is not likely to be more than 100 mired. We
have measured daylights in Tokyo on a sunny day, 31st January in 2007. The reddest
was observed at sunset, when the measuring device was facing the sun direction; the
correlated color temperature was 260 mired. The bluest was 150 mired at meridian
passage and at sunset, when the device was against the sun; the maximum difference
was 110 mired. The difference is mostly less than our recommended color difference,

100 mired. Hence, a method to detect and reduce the input errors is necessary.
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] ]
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4

Color difference between el and el ue [CIE LAB]

Sum of the input-chromaticity errors * magnifying value (DmputW)

Figure 3.7: The estimation error values in CIE LAB color space against D'™P"'W. The
estimation error increases approximately linearly as D™P"'W increases. The value of
D"PW needs to be less than 0.2 to suppress the estimation error value under 10 CIE
LAB errors. Consequently, the preferable color temperature difference between two
illumination colors will be more than 100 mired (W < 4 in Figure 3.6), since the average
value of DUt is about 0.05.
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Figure 3.8: CIE LAB color examples. The value of L* is uniform in the figure. From the
tigure, we decided that the error in surface/illumination estimation should be less than
10.0 in CIE LAB color space.
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3.5 Proposed method I: Robust Framework

We propose a method for detecting the estimation error and reducing it by utilizing the
tinite range of the illumination color space. We can define the possible range of color
temperature for outdoor illumination. Then, the plausible solutions of illumination
colors are on the specific line segment along the Illumination line. This line segment
provides a constraint to examine the soundness of the solution.

If the estimated illumination chromaticities are outside of the defined line segment,
the estimated chromaticities contain errors. The estimation error is influenced by input
errors; the method makes an attempt to correct the input error. Specifically, it chooses
one of four input chromaticity values (i, iy), (i7, i5) and adjusts the chromaticity value.

Each procedure of the whole algorithm is as follows:
1. Estimate illumination color from the Illumination line segment.
2. If the estimation includes no error, = terminate the process.
3. Otherwise, = select one of the image chromaticity values and adjust it.
4. Do the illumination estimation once again with the new adjusted chromaticities.

The details of each procedure are explained in the following subsections; Subsections
3.5.1,3.5.2,3.5.3 and 3.5.4 are about the procedures 1, 2, and 3, respectively.

3.5.1 Finite range of outdoor illumination

Since the possible range of outdoor illumination colors is finite (assuming that the
illumiation follows blackbody radiator), the Illumination line is actually a line segment
in the real world. This range of color temperatures varies from approximately 3500 K
(286 mired) to 7500 K (133 mired) according to the data that we measured in Tokyo,
Japan. We determined the gradient and the intercept of the line by using the least
square fitting to the data of CIE A, B, C and Judd’s daylight phases D48, D55, D65, D75
and D100. The range of the line was determined by the range of color temperatures,
3500 to 7500 in Kelvin.

As a consequence of defining the line segment, the two lines generated by Egs.
(3.8) and (3.9) become two line segments. The surface color is the intersection of those
line segments. The important point is that when the intersection divides a line segment in

p: 1 —p, the illumination color e' = {e;, ey} divides the Illumination line segment inp : 1 —p,
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as illustrated in Figure 3.9. Let one line segment generated from i' = {7}, 7;} be Line 1,
and the other line segment generated from i be Line2. When the intersection s = {s,, s,}
internally divides Line 1in p : 1 — p, the illumination color e! would be the point that
divides the [llumination line segmentinp : 1 —p.

Similarly, when the intersection s internally divides Line 2 in g : 1 — ¢, the illumina-
tion color e* would be the point that divides the Illumination line segmenting: 1 —g.
If the intersection does not exist on both lines, we could consider that the estimation
contain errors.

This can be proved as follows. From Egs. (3.5) and (3.6),

—srﬂ_—i} Oﬂl/e}q (3.20)
_sg___Oi;,__l/eé_ ’
—sy-_—if O-—l/ef- (3.21)
_sg___Oig,__l/eé_. ’

Namely, Eq. (3.7) of the Illumination line (Figure 3.9, right) can be converted to Eq.
(3.8) of a line (Figure 3.9, left, Line 1) by a simple scaling as expressed in Eq. (3.20).
Scaling does not change the ratio of internal division. Thus, when the intersection s
internally divides Line 1in p : 1 — p, the illumination color e! would be the point that

divides the Illumination lineinp : 1 —p.

3.5.2 Detecting the Estimation error

The implementation of detecting the estimation error is as follows. Suppose that we
generate a line segment from an image chromaticity, and let the coordinates of its start

and end points be (I} ., gmm) and (lrmax, gmax) Let the other line segment’s start and

rmin’/ gmln) and (l

s¢)- The intersection point exists on both line segments if and only if,

end points be (/2 ). The coordinate of the intersection point is (s,,

rmax ’ gmax

I <s <I . and (3.22)
Z%mm < Sr < Z1%max (323)

The above condition may be rewritten as follows by using the g-coordinate.

Lomin < Sg < lgmay  and (3.24)
Lomin < 55 < Lmax (3.25)

We can determine whether the estimation has an error or not using either the equations
(3.22) and (3.23), or (3.24) and (3.25).
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Figure 3.9: Lines 1 and 2 are generated by i! and i>. When the intersection s divides

Line 1inp : 1 — p, the light color e! divides the [llumination lineinp : 1 —p.
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3.5.3 Correcting the Error of Input Image Chromaticity

‘The following describes a method to reduce the estimation error by correcting the
input error. When the intersection does not exist on both line segments, the estimation
must have failed because of input errors. Therefore, the method selects one of the input
image chromaticities and adjusts it so that the intersection will be on both lines. Since
an input image chromaticity determines the gradient and the intercept of the generated
line, it can change the position of the intersection.

Input image chromaticities consist of the four following values i! zg, 2, and 2 iy, but
we only adjust one of them. If we allow two values to change, one can move the
intersection to an arbitrary position in many ways. How to select one from four values
is explained in the next subsection.

The correction value can be constrained using Eqgs. (3.22) and (3.23), or (3.24) and
(3.25). We can assume that i’ is redder, or has a lower color temperature, than i!
without loss of generality. When the value i;
(3.23) determine the range of possible i; value. By substituting Eq. (3.10) into Egs.

(3.22) and (3.23), the range for the adjusted value ig can be calculated:

is selected, for instance, Egs. (3.22) and

rmax ¢

rmax c

(lrmm c

+11) - (l —+1)
gl(l S

where = ={1,2}

N.

rmin C

The current value iz, will be adjusted to the nearest iz, that satisfies the last equation.

In the case where we select i? for adjustment, the range for 2 can be calculated in a

similar way.

(Z max_ —1 ) = (l mm_ - ll)
g—c <2 g i where *={1,2}
g(lgmaxz g) (lgmmz - lg)
where it assumes [* gmmE - 1 > 0.

3.5.4 Selecting the Input Image Chromaticity to be Corrected

There is an issue of selecting one from four image chromaticity values, i}, i, 2, and i2 iy

to be adjusted. Selecting input i’ or input i* would make no difference in 1lglum1nat10n
color estimation as shown in Figure 3.10. The left of Figure 3.10 is the case of selecting
g, and the right is the case of selectmg i-. Even if we ad]ust i, OF 1 the new intersection
would internally divide each line segment in the same ratio. As mentioned in 3.5.1,
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the ratio determines the illumination colors, and thus the estimated results would be
unchanged in both cases.

On the other hand, a different estimation results depending on which channel to
select, r or g. Therefore, we calculate the effectiveness of each channel for the estimation
and select the one that has greater effectiveness. We define the effectiveness a as

2 1) 2
= (7 -5) i (3.26)

- | iz
(lg lg) r

The above equation assumes that the input i' is going to be adjusted. If « is larger

than 1, a small difference in channel g affects the estimation compared to channel r and
therefore the method selects channel ¢ to be adjusted. Otherwise, channel r will be
selected.

The detailed derivation of the effectiveness « is as follows. As aforementioned in

Table 3.1, when i;, has noise Aié, then the error ratio of estimated surface chromaticity

becomes
o -2 -1 .2 o -2 -1 .2
As,g Aiy 1 (zr - zr)zg Ay (zr - zr)zg
s f Ay dlyik ( 2 _ 1) 2 "l iy /i ( 2 _ 1) 2
! g ]-+Z-T_12/12 Zg Zg lr g 1_12/1'2 8 Zg 17‘
8 ri-g ri-g
2 1\n
Asrr (Zr Zr) 1g

X

(3.27)

This shows that even the error ratio of i! and i;, are the same, the effect on the estimation
(7))
fg=ig)i?

same can be derived by using As,/s,.

error ratio depends on the factor

. We derived the factor using As,/s,, but the

3.5.5 Experiments
Evaluation with Macbeth color checker

Method We conducted experiments to evaluate the proposed method. Images of the
GretagMacbeth ColorChecker were taken under six illuminants using SONY DXC-9000
progressive 3 CCD digital cameras by setting its gamma correction off. Images that
are taken are shown in Figure 3.11. From Figure 3.11 (a) through (f), the color of the
illuminant gradually changes from red to blue. The colors of the illuminants plotted
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Figure 3.10: (a) The case of adjusting ié. (b) The case of adjusting ié. The ratio p does

not change in either case.

in the inverse-chromaticity space are shown in Figure 3.12 (a), L1 through L6, and one
of their measured spectral distributions is shown in Figure 3.12 (b). The details of six
illuminants are shown in Table 3.3. We have cut out each image of eighteen surface
color patches, those surrounded by the red dotted line in Figure 3.11 (a), and prepared
18%6 color patch images. Each was resized to 70x70 pixels.

Having selected a pair of color patch images whose surface color is identical, we
randomly chose one pixel from each image and estimated their illumination chromatic-
ities. This was repeated 50,000 times for a pair. The same was done with the previous
method [FFB95] for comparison. The total combination number of two illuminants and

a surface was ¢C, X 18 = 270.

Results From the results of the 270 experiments, we obtained Figures 3.13, 3.14, 3.15,
3.16, 3.17, 3.18, 3.19, 3.20, and 3.21. Each row of those figures shows a pair of input
images, estimated chromaticities (of two illuminants and a surface) obtained by the
proposed method, the ground truth, and the previous method [FFB95]. Each figure
includes two surfaces that provided similar results to each other. Authors selected the

order of the figures so that the effectiveness of the proposed methods becomes clearer

>Correlted Color Temperature.



66Chapter3 Robust Framework to Estimate Surface Chromaticity from Illumination Changes

(a) Image taken under L1. (b) Image taken under L2.

(c) Image taken under L3. (d) Image taken under L4.

(e) Image taken under L5. (f) Image taken under L6.

Figure 3.11: Images of the Macbeth ColorChecker taken under different outdoor illumi-
nants (L1 to L6). Illuminant’s color gradually changes from (a) to (f). Eighteen surface

colors (colors surrounded by the red dotted line) were used in the experiments.
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Figure 3.12: (a) Six illuminants which are plotted in the inverse-chromaticity space. (b)
The spectral distribution of L6 is shown as an example. The spectrum also shown is
the blackbody radiation curve of 7083 K.
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Table 3.3: Details of six illuminants used in the evaluation experiments.

CCT?

[luminants Details (K)

L1 2003/8/2217:30, Tokyo, Outdoor illumination, Fine day 3539
L2 2007/3/16 16:30, Tokyo, Outdoor illumination, Cloudy day 4083
L3 2003/3/16 15:30, Tokyo, Outdoor illumination, Cloudy day 5130
L4 2003/3/16 13:00, Tokyo, Outdoor illumination, Cloudy day 5632
L5 2003/7/14 14:30, Tokyo, Outdoor illumination, Cloudy day 5991
L6 2003/7/14 18:20, Tokyo, Outdoor illumination, Cloudy day 7083

to the readers.

In Figures 3.13, 3.14, 3.15, 3.16, 3.17, 3.18, and 3.19, it is clear to see that the proposed
method improves the previous methods’ [FFB95] results. The bottom rows in the figures
show the average of the estimated surface colors by each method. We can see that if
we take the average of the estimated surface color, the results can be much improved.
However, some of the previous method’s [FFB95] results can be very unstable, while

they can be stably estimated by the proposed method.

In order to numerically evaluate our method, we took the histograms of the estima-
tion errors of two illuminants and a surface; they are shown in Figure 3.22. Here, the
estimation error is defined as the Euclidean distance between the estimated and true
chromaticities in CIE LAB color space. The average estimation errors of the proposed
method were 8.6 (redder illuminants e'), 8.7 (bluer illuminants e?) and 8.0 (surfaces.)
Those of the previous method [FFB95] were 104.2 (redder illuminants), 98.6 (bluer
illuminants) and 74.2 (surfaces.) The previous method provides larger errors than
10.0 [CIE LAB] (surfaces) in 150 data sets, while the proposed method provides 122.
The previous method provides larger errors than 30.0 [CIE LAB] (surfaces) in 47 data
sets, while the proposed method provides none. The proposed method surpasses the

previous method in terms of both the average and the maximum error values.

As an example, we show the results when selecting L1 and L6 for illuminants and
Blue sky for a surface color (shown in Figure 3.20 (a).) We sampled a pixel randomly
from each color patch image, performed the estimation, and repeated this for 50,000

times. Distributions of the two estimated chromaticities (of L1 and L6) are shown in
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Figure 3.13: The figure shows the results of using (a) Red, and (b) Dark skin, of the
Macbeth chart. Each row shows a pair of input images, estimated chromaticities (of
two illuminants and a surface) obtained by the proposed method, the ground truth,
and the previous method [FFB95]. L1 to L6 are the outdoor illuminants that are used;
there are (C, = 15 rows for each surface color. The bottom row shows the average of
the estimated surface colors by each method.
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Figure 3.14: The figure shows the results of using (a) Orange, and (b) Moderate red, of
the Macbeth chart.
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Figure 3.15: The figure shows the results of using (a) Purple, and (b) Magenta, of the
Macbeth chart.
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Figure 3.16: The figure shows the results of using (a) Purplish blue, and (b) Blue, of the
Macbeth chart.



3.5. Proposed method I: Robust Framework 73

Input Estimated chromaticities Input Estimated chromaticities
image (Proposed) (Truth) (Previous)  image (Proposed) (Truth) (Previous)
el e2 s el e2 s el e2 s el e2 s el e2s el e2 s

-z [l  HEE EEE
-l HEE HIEE EEN
-« HH HHE EEE EEN
-5 [l HEH HHE BEE
- [l HEH HHE BN
rz-13 [l HEH HEE BEN
-« [l HHE EEE EEN
-5 [l HEE HEE EEE
Lo [l HEE HHE BEN
-1 il  HEH HEE BN
15 I HEE HEE EEE
Lo [l HEE HHE BEN
-1 [l HEE EEE BN
-1 [l HEE HEE BEN
Ls-1s [l HEE HHE HEN
Average .

Surface color Surface color

(@) (b)

Figure 3.17: The figure shows the results of using (a) Orange yellow, and (b) Yellow, of
the Macbeth chart.



74Chapter3 Robust Framework to Estimate Surface Chromaticity from Illumination Changes
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Figure 3.18: The figure shows the results of using (a) Foliage, and (b) Bluish green, of
the Macbeth chart.
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Figure 3.19: The figure shows the results of using (a) Green, and (b) Yellow green, of
the Macbeth chart.
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Figure 3.20: The figure shows the results of using (a) Blue sky, and (b) Cyan, of the
Macbeth chart.
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Figure 3.21: The figure shows the results of using (a) Light skin, and (b) Blue flower, of
the Macbeth chart.
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Figure 3.22: Histograms of estimation errors of the illuminant 1; e! (top), illuminant 2;
e’ (middle), and surface; s (bottom). The estimation error is defined as the Euclidean
distance between the estimated and true chromaticities in CIE LAB color space. The
averages of the proposed method were 8.6 (redder illuminants e'), 8.7 (bluer illuminants

e?) and 8.0 (surface s). Those of the previous method [FFB95] were 104.2 (redder
illuminants e'), 98.6 (bluer illuminants e?) and 74.2 (surface s).
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Figures 3.23 (a) and (b). Figures 3.23 (a) and (b) show the distributions of estimated
colors of L1 and L6, respectively. The color temperature difference between L1 and L6

was 142 mired.
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(c) Estimated chromaticities of L3. (d) Estimated chromaticities of 14.

Figure 3.23: The estimated illumination chromaticities” distribution in an inverse-
chromaticity space. Estimated values are restrained on the defined line segment. In (c)
and (d), the estimated values were more widely spread compared to (a) and (b), due to

the less color difference of illuminations.

As Figs. 3.23 (a) and (b) show, estimated chromaticities are restrained on a specific
range. They tend to concentrate on the end-points of the line segment. The reason for
this is that when an intersection by the proposed method is made, one of the estimated
illumination chromaticities would always be one of the end-points of the line segment.

The averages (el,/ é, é) of the distributions of L1 were (0.609,0.845,1.0) from Fig-
ure 3.23 (a), and the ground truths obtained by the standard white reference were
(0.525,0.784,1.0.) Those of L6 from Figure 3.23 (b) were (1.41,1.38,1.0), and the truths
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were (1.63,1.50,1.0.) The color differences between those values were 3.6 for L1, 3.8 for
L6, and 3.1 for the surface, in CIE LAB space.

We showed other results in Figures 3.23 (c) and (d), which were obtained by selecting
L3 and L4 for illuminants and Blue sky for the surface. The color temperature difference
between L3 and L4 was 78 mired, and this is lower than our recommended color
difference, 100 mired. Consequently, the estimated values were more widely spread
compared to Figures 3.23 (a) and (b). The averages of L3 were (1.06,1.15,1.0) and the
ground truths were (1.06,1.17,1.0). Those of L4 were (1.18,1.23,1.0), and the truths
were (1.21,1.30,1.0). The color differences between them were 0.9 (L3), 2.3 (L4), and
1.1 (the surface) in CIE LAB. As Figures 3.23 (c) and (d) shows, one estimation is less
reliable, and therefore it is better to do the estimation repeatedly and calculate the

average as we did in this experiment.

Evaluation with outdoor object

Method We conducted experiments on real images, taken using a SONY DXC-9000,
a progressive 3 CCD digital camera, by setting its gamma correction off. To ensure
that the outputs of the camera were linear to the flux of incident light, we used a
spectrometer: Photo Research PR-650. We used planar and convex objects to avoid
interreflection, and excluded saturated pixels from the computation. For evaluation,
we compared the results with the average values of image chromaticity of a white
reference image (Photo Research Reflectance Standard model SRS-3), captured by the
same camera.

In our implementation, we captured two images of a scene from a fixed object and
camera position but under different illumination. From the same pixel location of the
two images, we convert the sensor response values into image chromaticity values.
Surface and illumination colors are calculated from those inputs, and we eliminated

the illumination color from input images by using the estimated values.

Results Figure 3.24 (a) and 3.24 (b) show input image chromaticities of pixels taken
from an outdoor object illuminated by cloudy sky-light at 15:00 and 18:00. The actual
surface color obtained by using the standard white reference is shown in 3.24 (c). Figure
3.24 (d) shows our surface color estimation, while 3.24 (e) is produced by Finlayson et
al.’s method. We have several conditions of experiment with the same object, and our

estimation produced consistent results, while the results of Finlayson et al.’s method
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were so inconsistent that the result could be green or blue, which is far from the ground
truth.

Figure 3.25 (a) shows a scene of one of our two input images. This image was taken
at 18:05 illuminated by cloudy daylight. Another input (Figure 3.25 (b)) was taken
at 15:05 also illuminated by cloudy daylight on the same day. Figure 3.25 (c) shows
our estimation result of the image. To produce this image, we considered only pixels
whose intensities are not saturated and above camera dark. We computed the average
of the estimated illumination color of image shown in Figure 3.25 (a), and normalized
that image. Note that we excluded the needles of the tower’s clock as well as moving
leaves from the computation by evaluating the image chromaticity difference. Figure
3.25 (d) is the result based on the standard white reference which shows that our result
is quite good.

Results from images that are taken from different view points are shown in Figure
3.27. Figures 3.27 (a) and (b) are the input images, which were taken at 18:00 with
cloudy illumination on different days. Those images were aligned by using a 3D shape
of the object. Other alignment techniques such as homography can be alternatively
used. Figure 3.27 (c) shows our estimation result of the image, and Figure 3.27 (d)
is the result based on the standard white reference. From those results, we found
that the method produces convincing results with images that have small difference in

illumination. Also, we found that the camera view point can be arbitrary.

3.6 Proposed method II: Using Shadows

This section proposes a method to accomplish the illumination color estimation from
a single image. The method uses shadowed and non-shadowed regions in an image.
Previous researchers (for example, [FF94]) have found that shadowed regions are illu-
minated by sky light, while non-shadowed regions are illuminated by the combination
of sky light and sunlight. Based on this difference of illuminations in shadowed and
non-shadowed regions, we estimate illumination colors for both sunlight and sky light
and then remove them. Note that illumination colors are assumed to be uniform inside

each region.

Blackbody Radiation The blackbody assumption assumes that natural (outdoor) il-

lumination can be approximated by blackbody radiation, and modeled by Planck’s
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(a) Input 1. (b) Input 2. (c) Estimated.

(d) Gound truth.  (e) Result from [FFB95].

Figure 3.24: Comparison results between our proposed method and Finlayson et al.’s
method.

formula:
M(A) = c;A7°[exp(ca/AT) = 1] (3.28)

where ¢; = 3.7418 X 1071* Wm?, ¢, = 1.4388 X 107> mK, A is wavelength (m), and T is
temperature in Kelvin. By combining with known sensor sensitivity, we can obtain a

camera response of Planck’s formula:
I = fM(/’\, T)g.(A)dA ¢ ={R,G, B} (3.29)
Q

The colors from Eq. (3.29) with different temperature T form a curved line in chromatic-
ity space that is called the Planckian locus. The temperature is called color temperature
(CT).

3.6.1 Shadowed and Non-shadowed Region

Color temperatures of a shadowed region and a non-shadowed region are generally
different. There are two kinds of illuminants outdoors: direct sunlight and sky light.
Statistically, both spectra can be approximated by blackbody radiation [FF94, ][MW64].

Therefore, if we have shadowed and non-shadowed regions of the same surface in
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(b) Input image taken at 15:05.

Figure 3.25: (a) One of the two input scene, illuminated by cloudy daylight at 18:05.
(b) The other input, illuminated by cloudy daylight at 15:05.
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e A i A

(b) Estimated by using the standard white reference.

Figure 3.26: (a) The estimated scene actual color of the image shown in Fig. 3.25 (a),
computed using our proposed method. (b) The estimated scene actual color using the

standard white reference.
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(a) Input image taken at 18:00.

(b) Input image taken from different view at 18:00 on another day.

Figure 3.27: (a) One of the two input scene, illuminated by cloudy daylight at 18:05.
(b) The other input, illuminated by cloudy daylight at 15:05.
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(b) Estimated by using the standard whtie reference.

Figure 3.28: (a) The estimated scene actual color of the image shown in (a), computed
using our proposed method. (b) The estimated scene actual color using the standard

white reference.
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an image, we can apply the method described in Section 3.5 and estimate the actual

surface color.

3.6.2 Illumination Invariant

In order to extract two colors of the same surface from a single image, we further
add a constraint to the assumption of blackbody illuminants. Previously researchers
[FHO1, FHLD06, MOO00] have found that if we use Wien’s approximation M(A) =

c1A7° exp(—c2/AT), then the Planckian locus can be approximated as:

e, = me? (3.30)

ASA//\SA . .
— i) / (ﬁ — t), m= ﬁ, and both are constant numbers characterizing

where A = (ﬁ T
the camera. A, (where index ¢ = (R, G, B}) is the center wavelength of the camera
sensitivity. (e, ey) is a chromaticity of a blackbody illuminant. If we substitute Eq.

(3.30) into Egs. (3.5) and (3.6), we obtain:

it = (SZ#(@,)A (3.31)
2= (Sj)A @) (3.32)

If two pixels have an identical surface color, they will have the same values; i/ (i;,)A =
i2/ (iﬁ,)A =5,/ (sg)A even though their image chromaticities are different. Therefore, we
use this value as an illumination invariant and determine whether their surface color
is identical. Following Marchant et al. [MOO0], the value s,/(s,)" is referred to as F.

If we take a logarithm of Egs. (3.31) and (3.32), the following relations can be

obtained.

log(ii) = log(F) + A log(i;) (3.33)
log(if) = log(F) + A log(ig) (3.34)

Thus, all the chromaticities make a line in log(r)-log(g) space as their illumination
color changes. Gradients are the same constant number A determined by a camera.
Chromaticities from shadowed and non-shadowed regions of the same surface colors
fall on a line whose intercept is log(F). We classify pixels that have the same surface
colors by the log(F) value, since the space becomes linear.

Note that some surface colors can coincide in F by chance; a reddish surface cannot
be distinguished from a white surface lit by a reddish sunlight. Currently, the method

assumes those are not included in an image.
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3.6.3 Implementation for Extracting Two Colors

We propose the following procedures for estimating illumination chromaticities by

extracting two chromaticities of shadowed and non-shadowed regions.
1. Fit a Gaussian mixture model to the histogram of log(F) values.

2. Select pixels that have the mean value of the Gaussian that has the maximum

weight.

3. Fit a Gaussian mixture model to the histogram of log(r) values of the selected

pixels’ chromaticities.
4. Select pixels that have values close to the mean value of each Gaussian.

5. Estimate illumination chromaticities using a pair of pixels randomly chosen from

each selected set of pixels, repeatedly.
6. Calculate the average of estimated chromaticities.

Procedures 1 and 2 extract dominant surface colors in an image. For simplicity,
the method assumes that an area of dominant surface color in an image has both
shadowed and non-shadowed regions. It also assumes that if F values of two pixels are
the same, their surface colors are identical. The Gaussian Mixture Model that we used
was p(x) = Zf\:’ 1&i G(x, i, Gf), where x is the variable, N is the number of the Gaussians,
& is the weight, and G() is the Gaussian function whose parameters are y and ¢2. In
Procedure 1, the user decides the number of Gaussians N.

Procedures 3 and 4 extract shadowed and non-shadowed pixels that have dominant
surface colors. Therefore, in this case, N is set to 2 in the Gaussian fitting process. We
extracted not only the pixels that have the mean value, but also the pixels close to the
mean value. This is for extracting relatively large number of pixels for denoising. The
threshold is set to the mean value +0/2. All the Gaussian fittings are processed by the
EM algorithm.

3.6.4 Experiments
Evaluation with toy objects

Method We conducted the following experiments to evaluate estimation from a single
image. We placed two illuminants and target objects as Figure 3.29 (a) shows, and
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took images of objects so that those images contained two chromaticities of a surface
with different illuminations. The camera used was SONY DXC-9000 with its gamma
correction off. The details of illuminants are shown in Table 3.4. We selected planar
convex singly-colored objects as target objects. The four images taken are shown in
Figure 3.29 (b)-(e).

We measured illumination colors (ground truths) by taking animage of the standard

white reference every time we replaced objects.

Table 3.4: Details of illuminants used in the evaluation experiments.

CCT*®
[Nluminants Details (Kelvin)
L7 Halogen lamp (JCDBL100V500W, LPL Co., Ltd.) 4096

+ Color filter
(PolyColor B-4, Tokyo Butai Showmei Co., Ltd.)

L8 Tungsten lamp with a color filter 7169/
(Eyelamp PSR500WD, Iwasaki Electric Co., Ltd.) 11763

Results Having conducted experiments using four images shown in Figure 3.29 (a)-
(e), we summarized the estimated results in Table 3.5, which shows both estimated
and true chromaticities. It also shows the color difference between estimated and
true chromaticities in CIE LAB space. The average color difference of the proposed
method was 8.9. We also provided input image, estimated, estimated from the previos
method [FFB95], and true surface chromaticities in Figures 3.30 (a), (b), (c) and (d),
respectively. Figure 3.30 (e) shows the pixels chosen by the proposed method, and
used for illumination color estimation. While there is room for improving the accuracy,
the estimated surface chromaticities are closer to the true chromaticities than to the
input chromaticities, as a result of the proposed method’s color constancy.

Gaussian fitting results are shown in Figure 3.31. The left is the Gaussian fitted
to the histogram of log(F) values, and the right is that of log(r) values that have the
selected F value. The distributions fit the Gaussians well in log(F) and log(r) spaces,
and therefore two colors from shadowed and non-shadowed regions can be extracted

successfully. The image used was Figure 3.30 (c). Two of four experiments failed to

®Correlated color temperature.
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Target object

(. Camera Light (L8)

(a)

(b) Blue object. (c) Yellow object.

(d) Green object. (e) Red object.

Figure 3.29: Experimental setup and obtained input images: (a) We placed the target
object and light sources so that each surface of the object is illuminated by different

illuminants. (b) - (e) Obtained images of blue, yellow, green, and red objects.
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generate the correct histograms of F values, because of assuming narrowband sensitiv-
ity for a camera that has a relatively wide band. In those cases, we corrected the value
of A in Eq. (3.30).

Table 3.5: Estimated and true chromaticities of illumination colors.

Input Proposed True Previous Error Error
(rg)”’ (rg) (r,8) (Proposed) (Previous)
(CIELAB) (CIELAB)
Blue object el (1.20,1.03) (1.45,1.07) (1.13,0.96) 4.84 5.97
e’ (0.43,0.55) (0.65,0.60) (0.41,0.52) 7.70 9.07
Yellow object e! (1.12,0.99) (1.45,1.07) (1.11,0.99) 6.26 6.35
e’ (0.56,0.65) (0.65,0.60) (0.56,0.65) 6.11 6.01
Green object e' (0.95,0.92) (1.37,1.02) (0.24,0.34) 8.54 48.99
e’ (0.39,0.51) (0.46,0.44) (0.10,0.16) 8.56 44.61
Red object el (2.01,1.30) (1.37,1.02) (3.24,1.51) 10.03 21.35
e’ (0.60,0.69) (0.46,0.44) (0.97,0.92) 19.46 30.78

Applying the method to outdoor scenes

We show the results of applying the proposed method to real images of natural outdoor
scenes in Figures 3.32 and 3.34. Figure 3.32 (a) is the input image, (b) shows the input
image chromaticities, (c) is the result of removing illumination colors from (a), and (d)
shows image chromaticities of (c). While (b) has two chromaticities due to the presence
of different illuminations, (d) has unified chromaticities since those illumination colors
are removed.

Figure 3.33 shows details of our method’s processes. Figure 3.33 (a) shows the
pixels used for illumination color estimation. The blue pixels of (a) are chosen from
shadowed region, and red pixels are chosen from non-shadowed region. Figure 3.33
(b) shows the classified pixels that belong to shadowed and non-shadowed regions,
and (c) is the visualized F values of the input image in grayscale.

Another result is shown in Figure 3.34. Fig. 3.34 (a) is the input image, (b) shows
its image chromaticity, (c) shows the result of color constancy, and (d) is the image

"b=1.0.
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(e) Used pixels
for estimation

(d) Ground truth of (b).

(b) Estimted surface (c) Results of the
chromaticity previos method

(a) Input image
chromaticity

Figure 3.30: Experimental Results of four objects. (a) Input image chromaticities. (b)
Estimated surface chromaticity by the proposed method. (c) Results of the previous
method [FFB95]. (d) Ground truths of the top row. (e) Used pixels for our estimation.
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that have the selected F value.

Figure 3.31: Results of fitting the Gaussian mixture model to the input image’s dis-
tributions. The image used was Figure 3.30 (c). The left is the Gaussian fitted to the
histogram of log(F) values of the input image, and the right is that of log(r) values that
have the selected F value. The distributions fit the Gaussians well in log(F) and log(r)
spaces, and therefore two colors from shadowed and non-shadowed regions can be

extracted successfully.

chromaticity of (c). The object’s color becomes uniform in (c). Figure 3.35 (a) shows
the selected pixels from shadowed and non-shadowed regions, (b) shows the classified
pixels that belong to shadowed and non-shadowed regions, and (c) shows F values of
Fig. 3.34 (a). Those results indicate the realizability of illumination color estimation for

real images of natural outdoor scenes.

3.7 Summary

We have proposed a method to estimate surface and illumination chromaticities using
an illumination change. Our main contribution is to develop a method that is robust
and accurate even for outdoor objects, where conditions are less controllable compared
with conditions for indoor objects. We analyzed the effect of input errors on the previ-
ous method, and found the two following facts: (1) Color difference between two input
illuminations magnifies the input errors, and thus the estimation may produce large
errors; (2) The usual daylight-color changes are less than preferable color difference
regarding the usual input chromaticity channel’s error. Based on those facts, we made
the previous method more robust and accurate by considering the possible range of

outdoor illumination colors, that is a specific line segment in a color space. Experi-
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(b) Input image chromaticity.

(c) Estimated surface color of (a). (d) Estimated surface chromaticity of (a).

Figure 3.32: An example of applying the proposed method to an outdoor image.
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(a) Used pixels for illumination (b) Classitied pixels for illumination

color estimation. color removal.

(c) Visualized F values of Fig. 3.32 (a).

Figure 3.33: Details of our method’s processes.
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(b) Input image chromaticity.

(c) Estimated surface color of (a). (d) Estimated surface chromaticity of (a).

Figure 3.34: Another example of applying the method to an outdoor image. Two
chromaticities in (b) are unified in (d).
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(c) Visualized F values of Fig. 3.34 (a).

Figure 3.35: Details of our method’s processes.
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mental evaluation has been done and it showed the effectiveness of our method. For
accomplishing the estimation using a single image, we proposed a method utilizing the
shadowed and non-shadowed region. The experimental results on an outdoor scene
show the effectiveness of our method.

The remaining problem is the improvement of the accuracy of our estimation. We
think that the method could be improved by using multiple surface colors, or using
previously acquired information of a few surface colors. There are several problems
for the estimation from a single image. The first is that the method assumes there are
only two illumination colors included in an image. This is not the case when a curved
surface is placed under two illuminants; the illumination colors would be blended on
the surface. The second is that even if the F values are the same, the surface colors may
not be identical if multiple surface colors are included in an image. We would like to

extend the proposed method so that it can solve those problems.
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Chapter 4

Estimating Surface Reflectance Using
Spherical Images

This chapter proposes a new, efficient method to estimate reflectance parameters of
diffuse outdoor objects from only one measurement with a spherical camera. The
camera we used captures nearly 75 percent of a 360-degree field of view; thus, it
captures the radiance of an object and illumination environment at one shot. By
taking the known object’s shape into account, the illumination effect is calculated
and the surface reflectance is derived. Measurement and data-processing cost will be
greatly decreased by this method compared to previous methods that need elaborate
procedures. Neither specific apparatus nor calibration of the camera gain factor is
needed. The shape of the object and the pose of the spherical camera are assumed to be
known. We also assume that the target object only has diffuse reflection, and outdoor

illumination is at infinity.

41 Introduction

Computer vision and graphics techniques to create a realistic model of a real world ob-
ject have attracted interest from a wide range of research fields and industries in recent
years. To simulate the accurate appearance of an object, we have to know the object’s
(1) shape and (2) surface reflectance properties. Acquiring shape information has been
facilitated by the development of sensors and the progress of data processing algo-

rithms, while acquiring surface reflectance properties remains a challenge, specifically
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with outdoor objects.

This paper proposes a new, efficient method to estimate reflectance parameters
of diffuse outdoor objects from only one measurement with a spherical camera. A
spherical camera has nearly a 360-degree field of view; thus, it captures the radiance
of an object and illumination environment at one shot. This enables us to capture
both the object and illumination with an identical camera sensitivity, exactly at the
same time, and in a geometrically consistent manner. By taking the known shape of
the object into account, the illumination effect is calculated and the surface reflectance
is derived. Measurement and data-processing cost will be greatly decreased by this
method. Neither specific apparatus nor calibration of the camera gain factor is needed.
However, the camera should cover a high dynamic range in order to measure both the
intensity of the sun and the object. The shape of the object and the pose of the spherical
camera are assumed to be known. We also assume that the target object only has diffuse

reflection, and outdoor illumination is at infinity.

4.1.1 Related work

Acquiring surface reflectance properties has attracted a lot of attention in computer
vision and computer graphics research fields. In the late 1990s, several modeling
methods with range sensors were proposed [PCD*97, NK99, LHS00, WKSS01, BMRO01],
however, those methods created surface textures by simply blending images taken from
multiple views.

Meanwhile, physics-based reflectance estimation methods [DvGNK97, SW197, LL99,
MYTO03], image-based rendering techniques [SOSI03, WMTGO05], and techniques to
measure the BRDF (Bidirectional Reflectance Distribution Function) [JC02] have been
studied to create a more physically correct object appearance compared with those cre-
ated in the early 1990s. Those methods have achieved highly accurate re-renderings,
yet they were designed for an indoor environment where one can easily change lighting
conditions [IOT*07].

For calculating surface reflectance properties, one would need (1) the shape of a
target object, (2) the actual appearance of the object, and (3) illumination environment.
Shape information and actual appearance can be obtained by range and image sensors,
respectively.

The illumination environment can be acquired in several ways. Yu et al., the

tirst who handled outdoor objects to authors” knowledge, took photographs of the
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sun and sky to measure their radiance distribution [YM98]. As they used a normal
camera, they included landmarks in each photograph so that they could use them to
recover the camera pose later. The position of the sun was calculated by the time
and date, and the sky radiance was fitted to the CIE (International Commission on
[Nlumination) standard model to extrapolate the missing portion of the sky. The color
could have been calibrated by hand, since CIE standard model does not include spectral
information. They first recovered diffuse reflectance from measured sky irradiance
and from appearance, and then they acquired specular properties by fitting multiple
photographs to the Lafortune model. Debevec et al., the second and the latest to tackle
the outdoor problem, used a specific apparatus to measure the outside illumination
[DTG*04]. They used a mirrored sphere to image the sky and clouds, a shiny black
sphere to indicate the position of the sun, and a diffuse grey sphere to indirectly
measure the intensity of the sun. They decided the reflectance parameters of the
previously obtained BRDF by an iterative calculation using the object’s photographs
from multiple views.

Methods to acquire a near light source environment have also been proposed. Sato
et al. used omnidirectional stereo to recover illumination with geometric information
[SSI99]. Takai et al. took an image of a pair of diffuse spheres, and used the difference
between them to first estimate point light sources and then the remaining lighting
environment [TNMMO04]. The two methods successfully superimposed virtual objects
into room scenes as well as exterior scenes by recovering illumination of the scenes.

To summarize those recent works, surface reflectance estimation needs a lot of
elaborate procedures, such as calibration between absolute intensity and photometric
device, calibration of the coordinates between geometric data, image sensors, and
photometric device. With respect to large-scale objects set in outdoor, more practical

methods are needed.

4.2 Scene Radiance Acquisition with a Spherical Camera

This paper proposes to use a spherical camera for acquiring the radiance distributions
of the object and surrounding illumination. The benefit of it is that it captures the object
and illumination with an identical camera sensitivity, exactly at the same time, and in a
geometrically consistent manner. Using the same camera sensitivity for capturing the
object and illumination, the algorithm becomes simple and no calibration of the camera

gain factor is needed. It is always sure that the image intensity of the object reflects the
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Figure 4.1: A camera Ladybug? [Lad].

instantaneous response to the surrounding illumination that is captured in the same
image. The camera pose calibration is required only once; the object and illumination
are geometrically consistent in the acquired image.

A spherical camera used in this paper is Point Grey Research Ladybug2 [Lad].
Ladybug?2 has 6 lenses, one of them and the others point to vertical and horizontal
directions, as shown in Figure 4.1. We show an image taken by Ladybug?2 in Figure
4.2. The image’s vertical and horizontal axes correspond to the polar and zenith angles.
The camera captures nearly 75 percent of a 360-degree field of view, so it captures the
radiance distributions of the sky and the target object at a time.

The reflectance of the target object’s surface can be estimated by using the image
taken by Ladybug?2. The incoming spectrum which is irradiated from surrounding
illumination to the target object is calculated by integrating the incident radiance dis-
tribution of illumination from all the directions; we can calculate the irradiance of the
target object’s surface. By dividing the surface radiance by its irradiance, the surface
reflectance can be obtained. Mathematical formulations of illumination and surface

radiance are described in the following subsections.

4.2.1 Illumination radiance

As Figure 4.3 shows, the camera records the spherical radiance distribution of illu-
mination at the camera center C. Let us denote the incident radiance distribution of
illumination as L(A, 0, ¢), where A is the wavelength, 0 and ¢ are the polar and zenith
angles.

When recorded by a camera, the light will be multiplied by the camera sensitivity
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Figure 4.2: An image taken by Ladybug?.

function gi(A), then integrated over the visible spectrum €). Thus, image intensity I;

can be expressed as;
10, 6) = 74 f L(A, 6, )q(A)dA, (@)
Q

where k and 7 are the type of sensors and the camera gain determined by the aperture,
the integration time, and the electronic amplification.

Assume that the camera sensitivity can be approximated by a Dirac’s delta function
(narrow-band camera assumption), the wavelength A can be considered as a constant; the

last equation can be rewritten as;

(6, ) = TL(Ax, 6, P) k=1{r,g,b}. (4.2)

4.2.2 Surface radiance

The camera also records the radiance of the object’s surface. Let us consider an in-
finitesimal solid angle dw;. Seen from a point A, dw; is constituted by a size dO; in polar

angle and d¢; in zenith angle as shown in Figure 4.4;
da)i = sin Q,dQ,d(Pl (43)

Then, the light energy that the point A receives from the infinitesimal solid angle dw;
will be [SS199];
Li(A, 61', ¢z) COS 91‘ sin Gldequbl (44)
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[Nlumination environment

L4, 6, ¢)

Target object’s
surface A

Camera center
C

Figure 4.3: Illustration of our notations. The spherical camera at camera center C
acquires radiance distribution of illumination environment L(A, 6, ) as well as the

radiance of the surface A. 0 and ¢ are the polar and zenith angles.

The irradiance E at the point A is the integration of the incoming light energy over

the hemisphere whose north pole is at the surface normal direction (Figre 4.4 (a));

EA(/\) = f f Li(/\, 6,‘, ¢,) COSs 91' sin Gldeldqb, (45)
-t JO

Assume that the surface is a Lambertian surface. Then, the reflected light of the
point A is uniform regardless of the viewing direction. Therefore, the radiance I of
the point A can be simply written as the multiplication of irradiance E and the surface

reflectance S;

IA(/\) = f f SA(/\)LZ(/\, 6,‘, ¢,) COSs 6,‘ sin QldQ,dCPl
-n JO
= SYA)EA(N). (4.6)
When recorded by a camera, the radiance (1) will be filtered by the camera
sensitivity function. By using the narrow-band camera assumption which is introduced

before Eq.4.2, the wavelength A becomes a constant. Hence, the image intensity I of

the point A can be written as;

I} = 5SS, E} k={r, g b (4.7)
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Target surface A

Camera

(a) (b)

Figure 4.4: (a) The direction (0;, ;) of incident light rays to the surface A. (b) The solid
angle at the direction (0;, ¢;).

4.3 Reflectance Estimation from Scene Radiance and Ob-
ject’s Shape
4.3.1 Surface irradiance

Let us consider again the irradiance which the point A in Figure 4.3 receives. Owing
to the assumption that the illumination is at infinity, the r in Figure 4.3, the distance
between the camera and the point A, can be approximated as zero compared to the
distance to the illumination. For this reason, surrounding illumination seen from the

camera and the object surface is nearly equal;
L(A/ 6/ (P) = Li(/\/ Qi/ ¢Z) (48)

Then, the irradiance E at the point A (Eq. 4.5) can be rewritten using Eq. 4.8;

AN) = A0, in 6d0d .
E“*(A) LLL( ) cos P sin ¢ (4.9)

where 1 is the angle between the surface normal and the incoming light direction (0, ).
The new integral ranges © and @ are introduced to reflect the change of the coordinate

system.
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By introducing the narrow-band camera assumption to Eq. 4.9,

TkEf = Ty f f L(Ax, 0, @) cos 1 sin 0d0d¢. (4.10)
»Jo

By substituting Eq. 4.2,

A _ .
TvE} —LLIk(6,¢)Cos¢51n6d9d¢. (4.11)

The camera pose and the object shape are known, hence, we can calculate the value of

Y, 0,®. Thus, we obtain the irradiance ”ckE;{“ from the acquired illumination radiance

Ii(0, 9).

4.3.2 Surface reflectance estimation

Surface reflectance can be obtained by dividing its radiance value by the irradiance
value. We let the rendering software to calculate the irradiance of a surface point (Eq.
4.11). We let it render the object appearance seen from the camera position under the
acquired illumination distribution Ix(0, ), where the surface reflectance S? was set to
1.0 for all sensors k and for all points A. We denote this image intensity as I'*. This
could be considered as substituting 1.0 into 52 in Eq. 4.7. Therefore, the image intensity
I} can be expressed as;

I* = nE}. (4.12)

The rendered image is the image of 7(E;'. By dividing the acquired image intensity

I by the rendered image intensity I/, (Eq. 4.7/Eq. 4.12), the surface reflectance S;' can
be obtained.

St =1/14 (4.13)

4.4 Experiment

4.4.1 Measurement of the scene radiance

We used Point Grey Research Ladybug?2, a spherical digital video camera. We cap-
tured the radiance distributions of the object and surrounding illumination by using
Ladybug?2.

To capture the wide level of intensity, we took images with ND filters and multiple
shutter speeds. We used two ND filters, Fujifilm ND-4.0 and ND-3.0 that reduce
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incoming light to 1/10000 and 1/1000, respectively. Each filter was placed in front of
the lenses, as Figure 4.5 shows. We also tuned the shutter speeds carefully to cover the
entire dynamic range in conjunction with these filters, and took images, as Figure 4.6
shows.

Figure 4.5: Ladybug?2 with an ND filter.

4.4.2 Vignetting rectification

The ND filters attached in front of the lens produce vignette-like effect. Image brightness
gradually reduces from the center towards the periphery of the image, as Figure 4.7
(a) shows. This is due to the reflection at the interface of the ND filter. Light that is
reflected by the filter increases when its incident angle is off the optical axis.

To rectify the reduction of image brightness, we took images of a white board
by Ladybug2 with and without the ND filter. In this experiment, images from each
camera lens were output. Then, we modeled the effect by an empirical mathematical
model, and calculated the parameter by the least square fitting. Figure 4.7 (b) shows
the estimated vignetting effect. By dividing the images taken with ND filters by Figure
4.7 (b), rectified images can be acquired, as shown in Figure 4.7 (c).



1
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Shutter speed : 1/39, with ND-4.0 filter Shutter speed: 1/10000

Shutter speed : 1/19, with ND-4.0 filter Shutter speed: 1/2500

Shutter speed : 1/9, with ND-4.0 filter

Shutter speed : 1/5, with ND-4.0 filter

Shutter speed : 1/39, with ND-3.0 filter Shutter speed: 1/312

Shutter speed : 1/19, with ND-3.0 filter Shutter speed: 1/156

Figure 4.6: A set of images taken on a sunny day. The unit of shutter speeds is micro
second. Normally, about twenty and ten images were taken on sunny and cloudy days,

respectively.
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()

Figure 4.7: (a) an image with vignette-like effect. See the upper right of the image. The
reduction of image is highly visible. (b) the estimated vignette-like effect. (c) an image

rectified. Image brightness is recovered.
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4.4.3 Generating an HDR image

We generated an HDR (High Dynamic Range) image. At this point, we eliminated
pixels which had values of brightness less than 10 or more than 210, because those
pixels could be under camera dark or saturated. We also revised some pixels seemed
to make lens flare in images taken.

Images taken with an ND filter were colorized by the filter. To rectify it, we took two
images by Ladybug?2 with and without the ND filter. By comparing these two images,
we calculated the color scaling factors. Images with an ND filter were corrected with

these parameters.

4.4.4 Measurement of the object’s shape

We measured the shape of a diffuse outdoor object using a Cyrax 2500 [Cyr], a range
sensor. We chose a planar convex object to avoid interreflection. The shape of sur-
rounding environment was included to make the calibration easier. We could also get
more real radiance distributions of surrounding illumination by taking the shape of
surrounding environment into account.

We calibrated the object and the camera coordinates using Tsai’s method [Tsa86].
We found corresponding points between the shape of the object and the images taken,
then we calculated the view point and the projection matrix using those coordinate

pairs.

4.4.5 Estimation of the surface reflectance

We rendered the object’s shape, of which the surface reflectance was set to be 1.0, under
the lighting environment captured by the Ladybug2. The view point was set to the
estimated camera position. We used the rendering system software RADIANCE [Rad].

We generated the surface reflectance image by dividing the original HDR image by
the rendered object image, where its surface reflectance was set to be white; S, = 1.0,
for all k.

4.4.6 Evaluation

We conducted the experiment three times, with different times and days. Figures
49 (a), 49 (b) and 4.9 (c) are the captured radiance images. They were taken at
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() (h) (i)

Figure 4.8: The captured images at (a) 14:35, illuminated by cloudy daylight, (b) 17:52,
illuminated by twilight, (c) 11:50, illuminated by sunny daylight, are shown. The
rendered images of the object’s shape, (d) on cloudy day; (e) at dusk, and (f) on a sunny
day, are shown in the middle row. Images in the bottom row are the estimated surface
reflectance. (g) was derived from the images (a) and (d), (h) was from the images (b)
and (e), and (i) was from (c) and (f).
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Figure 4.9: Zoomed images of estimated surface reflectance, shown in Fig. (g), (h) and

().

14:35, illuminated by cloudy daylight, at 17:52, illuminated by twilight, and at 11:50,
illuminated by sunny daylight, respectively. Figures 4.9 (d), 4.9 (e) and 4.9 (f) are the
rendered images of the object’s shape, of which the surface reflectance was set to be
1.0, under the cloudy light, twilight and daylight, respectively. Figures 4.9 (g), 4.9 (h)
and 4.9 (i) are the estimated images of surface reflectance, derived from (a) and (d), (b)
and (e), and (c) and (f), respectively.

Nevertheless there is much difference between the images (a), (b) and (c), the three
estimated surface images, (g), (h) and (i), look similar to each other. The median RGB
values of the part of the tower were (120, 108, 105) in (g), (120, 107, 98) in (h), and (141,
127,111) in (i). The intensity is slightly different, whereas the chromaticity, (0.360, 0.324,
0.315) in (g), (0.369, 0.329, 0.302) in (h), and (0.372, 0.335, 0.292) in (i) are surprisingly
similar. This indicates that the narrowband assumption is valid with the object used in

the experiment.

4.5 Discussion

The appearance of one side of the clock tower is quite different from that of the other
side in Figure 4.9 (i). One of the reasons for this difference is that we could not generate

an accurate HDR image from images taken on the sunny day. This is partly because the
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sky was so bright, that some portion of the sky could not be captured correctly. Then,
an inaccurate HDR image, as shown in Figure 4.10, was generated. We did not need to
use ND filters on the cloudy day and at dusk.

We see there is much noise in the brighter side of the clock tower in Figure 4.9 (i). The
uneven and rough surface of the object causes this noise. When bright light illuminates
an uneven and rough plane, some surface patches on the plane are illuminated by
direct light and others are not. Therefore, the difference between the appearance of the
bright patches and that of the dark patches becomes remarkable, and they are seen as
noise.

Normally, we have to take interreflection into account. In this paper, we assumed
that all the objects in the surrounding environment were white. Thus, the interreflection
of white surfaces was calculated in the experiments. However, the interreflection
between the ground and the surface of the building, or between the two surfaces of
the building, is slightly different from what we have calculated, since their true colors
are different from white. Estimated surface reflectance parameters may become lower
than correct parameters, since the interreflection between white surfaces is brighter
than that between colored surfaces.

Figure 4.10: An inaccurate HDR image.

In the future, we should acquire more accurate scene radiance by generating more
accurate HDR image. To do so, we can possibly design a new camera which consists
of several fish-eye lenses. Cameras with higher performance such as high-end digital
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cameras have several advantages. Not only do they have higher resolution, they have
a wide range of exposure times and apertures, and the flare, vignetting and distortion
effects are minimized in those lenses.

The more precise shape of the target object could improve the quality of estimated
surface albedos. Those could be achieved by using the principal component analysis
to estimate accurate normals from the surrounding surface patches.

The diffuse interreflection is one of the significant problems in the proposed method.
The problem seems to be ill-posed, but it could be possibly solved by using some
assumptions or constraints, such as a uniform surface reflectance or a partially uniform

surface reflectance.

4.6 Summary

We have proposed a new, efficient method to estimate reflectance parameters of diffuse
outdoor objects from only one measurement with a spherical camera, since the radiance
distributions of the object and surrounding illumination can be captured at one shot.
Surface reflectance can be calculated from the measured surface radiance and calcu-
lated surface irradiance from the measured illumination radiance. The measurement
and data-processing cost are greatly decreased by this method compared to previous
methods that need elaborate procedures.

One of the challenging tasks of the method is how to acquire such a high-dynamic
range, since the measurement must cover the range of both the radiance of the object and
the illumination. Due to the limitation of shutter speeds of the device, neutral density
tilters have to be used. Attaching the filters in front of the lens causes a vignette-like
effect because of the reflection at the interface of the filter. However, by modeling the
effect with an empirical model, the original image intensity can be recovered.

Images taken under three different illumination conditions provided similar estima-
tions of surface reflectance, in terms of both intensity and chromaticity. This encourages
us to believe that the method can be applied to many outdoor objects with diffuse re-
flection. The method tends to provide results with undesirable effect on images taken
on a sunny day. This is due to the limitation of the sensor device, and future work
should be to combine cameras that have higher performance to produce better results.
Development of a method that can handle specular surfaces and can take the diffuse

interreflection into account would be a difficult but challenging work.
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Conclusions

51 Summary

The goal of this paper is to provide basic techniques for estimating surface properties
of a large-scale object such as an architectural structure in an outdoor environment.
Measuring surface reflectance properties of such a huge object becomes a challenge.
Under the assumption that the appearance of an object can be modeled by mapping the
image texture to the known shape of the object, we have proposed methods to arrive
at consistent colors by using color constancy techniques and reflectance estimation
techniques. Two methods were proposed for color constancy: a method that directly
uses the physical model of illumination color, and a method that performs more robust
estimation for a practical use. Both methods use illumination change as a constraint, so
that they can perform a pixel-based operation. For the purpose of estimating surface

reflectance, an efficient method that uses spherical images has been proposed.

5.1.1 Estimating surface chromaticity from Blackbody illumination

We proposed a method to solve color constancy problem by exploiting blackbody ra-
diation. Our method performed considerably well in the experiments with simulation
data, while it produced significant errors with real outdoor illumination data. We
specified that the allowable error in the system should be lower than 0.1%. Most illu-
minants have larger than 0.1% difference from blackbody radiation, and this resulted

in the errors.
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The discussion about the robustness of our method and the possibility of solv-
ing color constancy from an illumination change shows that much information such
as assumptions on reflectances should be taken into account with the constraint on

illumination to achieve stable and accurate color constancy.

5.1.2 Robust framework to estimate surface chromaticity from illu-

mination changes

We have proposed a method to estimate surface and illumination chromaticities using
a single image. Our main contribution is to develop a method that is robust and
accurate even for outdoor objects, where conditions are less controllable compared
with conditions for indoor objects.

We have examined the effect of input errors on the previous method, and found the
two following facts: (1) Color difference between two input illuminations magnifies
the input errors, and thus the estimation may produce large errors; (2) With regards
to the usual color difference between two daylights, it is difficult to perform a robust
estimation, when a normal input chromaticity error exists.Based on those facts, we
made the previous method more robust and accurate by considering the possible range
of outdoor illumination colors, that is, a specific line segment in a color space. Exper-
imental evaluation has been done and it showed the effectiveness of our method. For
accomplishing the estimation using a single image, we proposed a method utilizing the
shadowed and non-shadowed regions. The experimental results on an outdoor scene

show the effectiveness of our method.

5.1.3 Estimating surface reflectance using spherical images

We have proposed a new, efficient method to estimate reflectance parameters of diffuse
outdoor objects from only one measurement with a spherical camera, since it captures
the radiance distributions of both the object and surrounding illumination. Surface
reflectance is derived by dividing the surface radiance by its irradiance calculated from
the measured illumination radiance.

Several practical techniques to acquire such a high-dynamic range that includes
both sunlight and light from dark diffuse surfaces have also been presented. We
have succeeded in deriving similar reflectance images from images taken in different

illumination conditions, and this shows the effectiveness of the method.
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5.2 Contributions

In this thesis, we have proposed three methods that estimates surface properties of
an object. Those are developed to provide fundamental techniques for estimating the
surface properties of a large-scale object such as an architectural structure in an outdoor

environment. The main contributions are summarized as follows:

1. Insights into the stability and practicality of pixel-based color constancy.

We introduced a method that assumes blackbody radiation as illumination colors.
This enabled us to investigate the stability and practicality of the pixel-based color
constancy problem theoretically.

2. Development of a method that performs surface color estimation from two pixel values.

Though numerous methods have previously been proposed, none of them can
perform a pixel-based operation other than the methods [FFB95, FHO1] proposed
by Finlayson et al., and the method [MOO00] proposed by Marchant et al. In fact,
the methods 8 [FH01, MOOO0] are not for color constancy but for calculating the
illumination invariant values. Therefore, our method is one of the two meth-
ods that perform pixel-based surface color estimation presently; the other is the
method proposed by Finlayson et al. [FFB95], to which we have compared our

method and shown that our method is an improvement.

3. Development of an efficient method that estimates surface reflectance of large-scale objects

in an outdoor environment.

The advantage of the method is that neither specific apparatus nor calibration
of exposure times, apertures, and camera gain factors is needed. Furthermore,
geometric calibration between an image and shape information tends to be ro-
bust owing to the characteristic of a spherical camera. Measurement and data-
processing cost will be decreased by the method compared to previous methods
[YMO98, DTG*04]. This is critical specifically for large-scale objects.

5.3 Future Directions

This thesis has shown basic techniques for acquiring the surface properties of a large-

scale object in an outdoor environment. While significant progress has been made,

8They independently proposed methods that do the same processing.
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there remain some important issues to be explored to develop a system that models the

object’s appearance in reality.

5.3.1 Applying surface color estimation for plausible texture genera-
tion

We have shown the problem that happens when images taken at different times are
used directly for textures (Figure 1.2.) The color of the textures mapped on a model
varies according to the illumination at the time the texture is captured. Our surface
color estimation method is proposed with this problem as a starting point, and could
be applied to solve the problem.

5.3.2 Surface color estimation using photo-sharing site

Owing to the development of network infrastructures, we are able to collect many
pictures from photo-sharing sites. Since our method can estimate surface colors more
accurately with a large number of images, a use of a photo-sharing site would be an
interesting future work. At this point, the variation of camera sensitivities would be

one of the challenging tasks to solve.

5.3.3 Shadow extraction

The proposed method succeeds in extracting colors from shadowed and non-shadowed
regions. By utilizing the idea, a shadow extraction from an image could be possible.
At this point, we would have to consider how to distinguish colors that have the same
invariant. A method for extending the current method so that it can handle images

with plenty of colors would be an interesting future work.

5.3.4 Development of high-performance spherical camera

A new spherical camera with higher performance would improve the visual effects of
the current results. Cameras with higher performance such as high-end digital cameras
have higher resolution and a wide range of exposure times and apertures. Furthermore,
the flare, vignetting, and distortion effects are minimized in those lenses. Designing a

new spherical camera would provide improvement of the current system.
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5.3.5 Surface reflectance estimation of specular objects

We could extend the current reflectance estimation method so that it can handle specular
objects. For this purpose, we may have to take images from multiple views. The diffuse
interreflection must be also taken into account. The problem seems to be ill-posed, but
it could possibly be solved by using some assumptions or constraints, such as a uniform

surface reflectance or a partially uniform surface reflectance.

5.3.6 Illumination recovery from partially acquired albedo

It may be a good idea to use the estimated albedo from spherical images to estimate
albedos in different images. This would be a problem of recovering an unknown
illumination with a partially acquired albedo. The technique would be practical and

useful specifically for large-scale objects.
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