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Chapter 1 

Introduction 

1.1 Machine Color Vision 
When asking a passer-by in Amsterdam for directions, the answer is either "I don't 
know" or else you are told the precise route. When asking the same question in 
Jakarta, Indonesia, the people in the street are eager to help and send you off in some 
direction, regardless of whether they actually know your destination. In contrast 
to the exact type of answer given in Amsterdam, directions given in Jakarta come 
with an amount of uncertainty. It is therefore good practice in Jakarta to pose the 
same question several times, thereby obtaining an estimate of the certainty what 
direction to follow. However, rather than asking the question several times, suppose 
it is possible to obtain an expression for the probability that the given direction is 
false, would this help in finding your destination? 

When a machine performing a visual inspection task is asked for the color of a 
red mobile phone, say, the answer also comes with some limited certainty as sensor 
measurements are typically subject to uncertainty. Suppose that it is possible to 
obtain an expression for the probability that the color measured by the camera is 
wrong, would this help establishing the color of the phone? Perhaps, due to the 
orientation of the phone with respect to the camera, one side reflects more light 
than the other side. As a result, at one side a more brightly color red is measured 
than at the other side. Alternatively, perhaps an error occurred during the dying of 
the phones. Should the production of red phones be halted immediately to prevent 
further waste? Suppose that it is possible to decompose the observed color into a 
color component (red) and a component encoding the amount of reflected light, does 
this help answering the question of whether the color of the phone corresponds to the 
target color? 

From the example it can be abstracted that color is important in industrial inspec
tion. Automated visual inspection, further elaborated upon in [9] [8] [38] [53] [12], 
has the potential of providing industry with two advantages. The first advantage 
is a possible increase of the quality of products, the second advantage is a possible 
decrease in the price of the product. Readers and advertisers of magazines and news-
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papers constantly demand more color [50] [49] and the market does not only demand 
more quantity, but also a better quality of color [34]. Color is an especially important 
factor in apparel and food inspection where changes in shade or variations in color 
indicate the quality of the food [11]. An advantage of electronic evaluation of color 
is that humans are not reliable color inspectors, primarily because humans do not 
have a very good memory for color [38]. Therefore, machine color vision appears as 
a legitimate technique for visual inspection applications in, e.g., agricultural, textile, 
and packaging industry. 

In this thesis, digital color images are used for visual inspection tasks. As the 
answer is subject to uncertainty, in the thesis we aim to estimate the quantity of 
uncertainty of the answer (When asking for directions, what is the probability that 
the answer is wrong?) We concentrate on sensor noise and investigate whether such 
estimate improves the performance of the inspection task (When asking for directions, 
does the extra information on the probability that the answer is wrong actually help 
to find the destination?) Further, the answer may also be subject to photometric 
effects of shading, highlights, geometry of the object, viewing direction, and to the 
color and intensity of the illumination (The color of the red phone appears to have 
changed, is it because of errors in the dying process, or is it due to a change in the 
orientation of the phone?) This can be seen as a source of error, an unwanted effect, 
or a wanted effect. At any rate, in addition to estimating sensory uncertainty, in the 
thesis an attempt is made to derive expressions for the invariance with respect to one 
or more of the above mentioned photometric effects. 

In the next section, the use of color in machine vision is discussed. In section 1.3, 
various color models are examined briefly. In section 1.4, the issues just raised are 
described in more detail An overview of the thesis is given in the context of these 
issues in section 1.5. 

1.2 Taxonomy of Machine Color Vision Systems 

In this section, a taxonomy is given of various color imaging systems. Monochrome 
vision using colored illumination, red-green-blue (RGB), and multispectral cameras 
are discussed. 

1.2.1 Machine Color Vision by Monochrome Cameras 

Factors such as light source intensity and angle of illumination are crucial for accurate 
color monitoring [11] [10]. Moreover, an observed color does not only depend on the 
color of the object but also on the the sensitivity of the color filters of the sensor and 
on the color of the light source [63]. An often encountered task in computer vision 
is the separation of a foreground object from the background. Carefully choosing 
colored illumination or a color filter [30] [31] with respect to the objects in the scene 
can simplify the inspection tasks. When the foreground and background have different 
colors, the use of color filters may increase the contrast between the two. Such method 
can be applied for images taken by monochrome as well as red-grcen-blue (RGB) 
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cameras [60]. 
The quality of lighting appears to have received much more attention from in

dustrial developers [57] [59] [32] [42] [1] than from the vision research community. 
For practical applications, it is safe to conclude that it is almost always cheaper to 
improve the lighting than the image processing [4]. The illumination may imply the 
difference between success and failure of the development of an automated visual in
spection system. For example, the use of backlighting may provide a high contrast 
between an object and the background, the use of diffuse front lighting may eliminate 
shadows, and polarized lighting may remove specular reflections [13] [40]. However, 
it may not always be possible to tailor the light by any of these methods, for exam
ple when the scene is outdoors. In these cases, it is advantageous to obtain image 
processing results invariant to photometric effects of the angle of illumination, light 
source intensity, shading, surface geometry, etc. [15] [3]. 

1.2.2 Machine Color Vision by Red-Green-Blue Cameras 

An advantage of using RGB color compared to monochrome images is that RGB 
images convey three times more information than monochrome images [43] [47] [11]. 
More information has the potential to increase the precision of machine vision al
gorithms [37]. RGB images also allow to distinguish objects having equal image 
intensities based on their difference in color. 

Another advantage of color images was recognized in the mid-1980s by the image 
processing community when color variations of surfaces were modeled as a physical 
process. A landmark was reached in the series of articles collected by Wolff, Shafer 
and Healey [62]. The physics-based color image processing was initiated in 1985 by 
Shafer [46] who presented the dichromatic reflection model. Klinker [29] developed a 
color segmentation algorithm based on the reflection model. The approach is useful 
because algorithms can account for the physical model of reflection. Klinker's algo
rithm segments the image into connected regions corresponding to surfaces of a single 
material. It is more sophisticated than other segmentation techniques [44] [41] [7] [36], 
in that it is designed not to break the segmentation results because of highlights or 
because of intensity changes due to geometrical variation in the scene. Using the 
dichromatic reflection model, Tsang and Tsang [56] show that edge detection in the 
hue color space is effective in suppressing specular reflection. Lee [33] uses the re
flection model to detect the color of the illuminant. It is therefore of interest to 
investigate how the dichromatic reflection model can be used to derive (in theory) 
methods for the visual inspection of objects, invariant to factors such as illumination, 
scene geometry, surface reflectance and material properties. 

1.2.3 Machine Color Vision by Mult ispectral Cameras 

An advantage of using multispectral images compared to RGB images is that multi-
spectral images convey more information than RGB images [5] [24]. More information 
has the potential to increase the precision of machine vision algorithms [21]. Multi
spectral images also allow to distinguish objects having equal RGB intensities based 



4 Introduction 

on their spectral differences. For example, the problem of metamerism, where the 
same three dimensional color coordinate corresponds to several different spectra can 
be avoided using multispectral data [19]. For applications where, e.g., inks are mixed 
to obtain a target color, multispectral data may also provide the possibility to trace 
the cause of an occurring color error. 

Multispectral imaging has received a great deal of attention as such in recent years. 
Spectral measurements are used, e.g., in remote sensing [16], computer vision, and 
industrial applications [25]. Spectral images are obtained, for example, by a CCD-
carnera with narrow-band interference filters [27]. Tominaga [54] [55] describes two 
generations of a multichannel vision system based on the use of a CCD-camera and 
six color filters to reconstruct the surface spectral reflectance and illuminant spectral 
power distribution. Baronti et al. [2] used a multispectral imaging system for the 
non-invasive analysis of works of art. Hancishi et al. [18] designed five color filters for 
archiving spectral images of art works. 

Multispectral data complicates image processing compared to RGB images. First, 
it increases the amount of required processing. Moreover, there is the problem of ac
quiring multispectral data. Several approaches exist. A two-dimensional image can be 
obtained at different wavelengths at different times. Alternatively, a one-dimensional 
line image acquires the reflectance at different wavelengths simultaneously. The for
mer approach is implemented by employing, e.g., a rotating filter wheel in front of a 
monochrome camera. This two-dimensional imaging at one wavelength at a time suits 
to laboratory applications with a stationary sample. A drawback of the approach is 
the potential occurrence of chromatic abberation. The latter approach is implemented 
by an imaging spectrograph coupled to a monochrome camera. One dimension of the 
camera (spatial axis) records the line pixels and the other dimension (spectral axis) 
the spectral information for each fine pixel. The approach is appropriate for a moving 
target or a moving sensor. Instruments also exist which are mounted to a monochrome 
CCD-camera and which contain Ar different color filters. The N differently filtered 2-
D images are then projected onto the monochrome CCD-grid. Increasing the spectral 
resolution N thus decreases the spatial resolution. If combined with, e.g., the Kodak 
blue enhanced KAF-1401E chip to overcome the insensitivity of CCD-cameras in the 
400-450 nm wavelength region, these multi-spectral sensors enable spatially resolved 
multi-spectral imaging. A taxonomy of these systems is given in table (1.1). Think
ing beyond the current limitations of the technology, it would be desirable to acquire 
two-dimensional images at a single moment of both high spatial resolution and high 
spectral resolution. Such systems are not available yet. 

Summarizing, color is important for inspection in the agricultural, textile, pack
aging and advertising industry. Therefore, it is of commercial interest to investigate 
the use of machine color vision. Apart from using traditional RGB cameras, color 
can also be exploited for monochrome vision. Using multispectral data is of interest 
because multispectral cameras are relative newcomers in industrial inspection and 
because multispectral data has the potential of high measurement accuracy. The 
dichromatic reflection model (in theory) may allow to derive methods invariant to 
photometric effects. It is therefore of interest to extend the model to data obtained 
by multispectral image sensors. 
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single recording Ar recordings 
1-Dimensional [25] [52] [58] 
2-Dimensional [26] [54] [54] [18] [2] [51] 

Table 1.1: Taxonomy of multispectral imaging systems described in literature. The 
left hand side column denotes the spatial dimensionality of the image, the upper row 
denotes the number of recordings required to obtain a multispectral image. A spectro
graph obtains M spectra in a single recording. The resulting image is one-dimensional. 
By using a moving platform in combination with the spectrograph, van der Heijden et 
al. acquire a two-dimensional spatial image (one axis has a length of N pixels) con
sisting of M spectral samples per pixel. The most frequently encountered multispectral 
imaging system obtains a two-dimensional spatial image at N different wavelengths at 
N different times. The most interesting system would be where in a single recording 
a two-dimensional spatial image could be obtained at M different wavelengths. The 
device described by Optical Insights is a first step in that direction with M = 4. 

1.3 Color Models 

In the previous section, different methods were described to obtain sensor data for 
color vision. For various reasons, the sensor data is often converted into other color 
spaces. Among one of the oldest color spaces is the 1931 XYZ color space [63]. The 
XYZ tristimulus values are obtained using the color-matching functions of the human 
observer. The CIE L*a*b* space is obtained by a non-linear transform of the XYZ 
color space [63]. The CIE L*a*b* color space is very important due to its widespread 
use in industry. The color space is (approximately) perceptually uniform. This means 
that two colors that are just noticeably different for a human observer correspond to a 
single numerical difference in color values, regardless of what two colors are compared. 

Colors differ in saturation, hue and intensity. Many transforms exist, e.g., [35] [28] 
[43] [15] which transform RGB colors into the hue-saturation-intensity representation. 
The differences in the equations are caused by trade-offs between the computational 
simplicity and the perceptual uniform distribution of the colors over the color space 
axes. The advantage of the representation is its perceptual comprehensiveness. 

A two-dimensional color space is obtained by removing the intensity component 
of colors. The two-dimensional color coordinates are obtained by intersecting a three-
dimensional line through the origin and a RGB color value with a surface. The 
shape and orientation of the surface can be arbitrary, the only requirement is that 
a single RGB color value appears as a single intersection with the surface. This 
way, a chromaticity diagram is obtained. Perhaps the most widely used chromaticity 
diagram is the xy color space obtained from the XYZ space. Via a perspective 
transformation of the diagram, the uv diagram is obtained which is approximately 
uniform. Another well-known chromaticity color space is the normalized red-green-
blue color space derived from RGB sensor data. The advantage of the chromaticity 
diagram representation is its insensitiveness to intensity changes. 

Yet another color space often encountered is the opponent color space, originally 
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proposed by Hering [23]. Using the model, it is possible to explain some perceptual 
color phenomena inexplicable by classical trichromatic theory. Television color spaces 
are in fact opponent color spaces, because they define an intensity component and two 
chrominance components. The television color spaces are designed to minimize the 
bandwidth required to broadcast the color signal. Because the human visual system 
is less sensitive to details in chrominance than in luminance, the bandwidth of the 
chrominance signal can be significantly smaller than for the intensity signal. In this 
thesis, color spaces are investigated for photometric invariance and for sensitivity to 
sensor noise. 

1.4 Problem Statement 

The methods described in this thesis are derived from the physics-based dichromatic 
reflection model. This makes it possible to characterize what kinds of images are 
likely to be segmented successfully by our algorithms which are based on the model. 
The model describes the reflection of materials which are optically inhomogeneous. 
In that case, the light interacts with a medium that causes the bigger component 
of surface matter, as well as with particles of a colorant to produce scattering and 
coloration. Many common materials have these characteristics, including most paints, 
varnishes, paper, ceramics, and plastics, etc.. Therefore, we anticipate that images 
of objects of these materials are properly processed by the proposed methods. As a 
consequence, the proposed methods are unsuited for homogeneous materials. 

The dichromatic reflection model assumes that several conditions hold. Firstly, 
that there is no inter-reflection among surfaces. Secondly, that there is a single light 
source, i.e. no diffuse ("ambient") illumination. Thirdly, it is assumed that the objects 
are uniformly colored, i.e. the objects have a uniform distribution of the colorants. 
Furthermore, from the model follows that the color value measured by the camera 
depends only on the intensity and spectral power distribution of the illuminant, the 
color of the object, and the sensitivity of the color filters, the orientation of the 
camera, light source and surface normal, and on whether the object is matte or shiny. 
In this thesis, Ave further assume neutral interface reflection, that is that highlights 
are expected to have the same color of the illuminant. Also, we focus on industrial 
inspection, where the imaging conditions are typically controlled to some extend. The 
image processing methods described in the thesis are therefore tested only on images 
acquired under controlled laboratory conditions. 

A uniformly colored object satisfying the dichromatic reflection model may give 
rise to a broad spectrum of color values due to the dependence of the measured 
color on the geometry of the object and due to specularities. For many industrial 
machine vision tasks, it is required to visually inspect objects independent of these 
photometric effects. To that end, the color data should be transformed into color 
invariant spaces [17]. However, it was shown by Render [28] that, given certain input 
RGB-values, the output values for the standard invariant color models are unstable 
under the presence of sensor noise. For instance, the essential singularity of normalized 
coordinates is at black (R = G = B = 0), whereas for the hue the singularity is at 
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the achromatic axis {R = G = B). As a consequence, both color spaces become 
unstable near the singularity where a small perturbation of RGB value might cause 
a large jump in the transformed values. Traditionally, these effects are either ignored 
or suppressed by an ad hoc thresholding of the transformed values. For example, 
Ohta [39] rejects normalized color values if the sum of RGB is less than 30, and' 
rejects hue values if the saturation times the intensity is less than 9. Healey [22] 
rejects all sensor measurements that fall within the sphere of radius 4a centered at 
the origin in RGB space. 

A more elegant strategy to deal with unstable color values would be to generate 
the reliability of a transformed color together with the output and to incorporate 
the reliability in the image processing method. An early effort in this direction is the 
work of Burns and Berns [6] who analyze the error propagation from a measured color 
to obtain an indication of how the color space transform influences the color values 
under the influence of noise. Shafarenko, Petrou and Kittler [45] use an adaptive filter 
for noise reduction in the CIE L*u*v* space prior to 3-D color histogram construction 
where the filter size depends on the covariance matrix of the noise distribution in the 
transformed color space. However, the authors do not compare the results of their 
adaptive filter with a conventional filter. 

The aim of the thesis is threefold: 

1. To derive an expression of uncertainty associated with the output of an image 
processing method. 

2. To exploit the obtained expression to improve automatic visual inspection meth
ods. 

3. To visually inspect objects using multispectral images made invariant to some 
or more of the photometric effects described above. 

To illustrate this, consider figure (1.4). To visually inspect the objects shown in 
(1.4a), the object contours may be of interest. The uncertainty associated with the 
gradient in normalized color space is shown in (1.4b). The uncertainty is employed 
to distinguish edges caused by sensor noise from real edges. However, edges are also 
detected due to the occurrence of highlights, object geometry and shading. Employing 
the dichromatic reflection model, it can be derived that different color spaces are 
invariant to different photometric effects. The knowledge can be used to classify the 
object contours as shown in (1.4c). The images are taken from chapter 4 of the thesis. 
In the next section, a complete overview of the chapters making up the thesis is given. 

1.5 Overview of the Thesis 

In chapter 2 the obtainable accuracy of color measurement using a spectrograph is 
investigated. It is investigated if the effect of sensor noise on the computed color 
difference between a measured color and the target color can be estimated. The 
advantage for industrial inspection is that the predicted uncertainty is available for 
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(a) Image (b) Uncertainty (c) Classified Edges 

Figure 1.1: (a) depicts a color image, (b) the estimated uncertainty in the gradient 
computed in normalized color space. Bright regions correspond to high uncertainties, 
(c) shows the result of photometric edge classification. Here, black edges are highlight 
edges, blue edges are geometry or shadow edges, red edges are material transitions. 
See also the color plate at page 125. 

the decision of what action needs to be taken if the measured color difference exceeds 
a predefined threshold. 

In chapter 3, it is investigated if the effect of sensor noise on color invariant spaces 
can be estimated. The result aimed for is the transformed color value of a pixel with 
an expression of the reliability of the value. It is then investigated if the information 
can be used to further improve density estimation [14] [61] [48]. 

Color edge information from an image can be used to measure or recognize objects 
in images. False edges are often detected due to sensor noise. These false edges 
are conventionally eliminated by using a threshold which determines the minimum 
acceptable gradient modulus. The problem is how to find such threshold value. In 
chapter 4, it is investigated if the effect of sensor noise on the computation of the 
gradient magnitude can be estimated, and whether this additional knowledge can be 
exploited for parameter-free thresholding of color edges. Apart from the occurrence 
of color edges due to material changes, color edges may also be caused by a variety of 
photometric effects. The problem is how to distinguish between these different color 
edge types. Furhter, it is investigated if detected edges can be classified into shadow, 
geometry, highlight, or material transition edge. 

Chapter 5 contains a study on segmentation based on if-means clustering[20]. 
Image segmentation techniques can be used for, e.g., presence verification or for shape 
or area measurement of objects. The aim is to detect homogeneously colored regions 
invariant to photometric effects in multispectral images. To this end, different polar 
angle representations of a spectrum are examined for the dichromatic reflection model. 
However, such representation may become unstable in the presence of sensor noise, 
a problem shared by other photometric invariant color spaces. Based on the CCD-
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camera sensitivity, a theoretical expression of the certainty associated with the polar 
angular value is obtained. It is investigated whether the additional information can 
be used to obtain robust segmentation results under the influence of noise. 

For an intelligent system performing industrial inspection while sometimes op
erating in daylight and sometimes in artificial light, it is required to separate the 
influence of the changing spectral distribution of the illumination and the object re
flectance properties. Therefore, in chapter 6 we obtain estimates of the chromaticity 
of the light source for conventional red-green-blue images as well as for multispectral 
images. We apply the clustering technique described in the previous chapter to di
vide automatically the multispectral image into a number of regions corresponding 
to uniformly colored objects. Two methods are investigated to obtain the spectral 
distribution of the illuminant. The result has the potential allow object inspection 
invariant to the color of the illumination. 
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Chapter 2 

Color Measurement by 
Imaging Spectrometry * 

Abstract 

Spectral imaging has the potential to make spatially resolved absolute color measure
ment possible for automatic visual inspection in industrial production applications. In 
this chapter, a detailed description and evaluation of the calibration of such an imag
ing spectrograph is given. The reproducibility of the reflectance factors measured by 
the spectrograph is determined empirically and the measurements are compared to 
those of a spectrophotometer. Based on the CCD camera sensitivity, the probability 
that a measured color is within one CIE L*a*b* unit of the actual color is predicted 
theoretically. This result is verified in practice. 

2.1 Introduction 

Automatic visual inspection of colors in an industrial production process can improve 
the overall quality of the product and is therefore of commercial interest. The advan
tage of computerized visual inspection over inspection by humans is that machines 
can evaluate color continuously and objectively. The inspection of spectra may also 
provide the possibility to trace the cause of an occurring color error. It is known that 
the amount of reflected light per wavelength can be measured by spectrophotometers 
with high precision. However, the disadvantage of the use of a spectrophotometer is 
that a color measurement application might require a higher spatial resolution than 
the minimal spatial resolution possible with a spectrophotometer. RGB color cam
eras do not suffer these drawbacks but are limited in the number of reflection factors 
that they can record (only three) from a test sample. Over the past few years, new 
imaging sensors have become available. Optical Insights Ltd. recently introduced the 
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"MultiSpec Imager". The device is placed in front of a monochrome CCD camera and 
contains four different color filters. Four different filtered 2-D images are then pro
jected onto the (monochrome) CCD grid. Further, Spectral Imaging Ltd. introduced 
the Imspector V7 spectrograph, which transforms the monochrome CCD camera into 
a line scanner: One axis displays the spatial information, whereas along the other 
axis the visible wavelength range is displayed. In this chapter we investigate color 
measurement using the Imspector V7 spectrograph. 

To our knowledge, no machine vision system exists today that is able to measure, 
at a large number of wavelengths, the amount of light reflected from a test sample, and 
that is also able to compare this to the light reflected by a calibrated working stan
dard (absolute color measurement). However, with a spectrograph such measurement 
of spectra becomes possible for industrial applications. The Imspector User's Man
ual [8] describes how to assemble and calibrate the spectrograph. The SpecLab User's 
Manual [9] describes the spectral imaging software provided with the spectrograph. 
Both manuals give basic directions for the calibration of the spectrograph. Finally, 
the application note nr. 4 [7] gives a detailed description of calibration for absolute 
color measurement. However, no results are reported on the achievable precision of 
the measurement of spectra, for instance compared to other spectral measurement 
devices. 

The contribution of this chapter is that the obtainable accuracy of color measure
ment by a spectrograph is established. Test samples from the MacBcth ColorChecker 
are used, which is a checkerboard array of 24 colored squares in a wide range of colors. 
The measurement precision is determined empirically according to three criteria: (1) 
The short term reproducibility, (2) the long term reproducibility and (3) absolute 
color measurement. 

For industrial inspection, the CIE L*a*b* color space has been used extensively be
cause it is approximately perceptually uniform. Two colors can be compared and the 
inspected color can be accepted or rejected based on the Euclidean distance between 
the colors in the CIE L*a*b* metric. For industrial applications, the spectra measured 
by spectral imaging would typically be transformed into the CIE L*a*b* color space. 
However, all measurements are subject to uncertainties. Burns and Berns [1] analyze 
the error propagation from a measured color signal to the CIE L*a*b* color space. 
The analysis indicates how the color space transform influences the mean, variance, 
and covariance of the colors under the influence of noise. Shafarenko et al. [5] use 
an adaptive filter for noise reduction in the CIE L*u*v* space prior to 3-D color 
histogram construction. The filter width depends on the covariance matrix of the 
noise distribution in the CIE L*u*v* space. Using the filter, the authors improve the 
segmentation results. Sharma and Trussell [6] describe a figure of merit used for the 
design and evaluation of color scanners and cameras. The advantage of the proposed 
measure is that it is based on error metrics in the CIE L*a*b* color space and also 
accounts for the varying noise performance of different filters. 

For spectral imaging with a scientific grade CCD camera, the measurement un
certainties are caused by photon noise. Therefore, the second contribution of this 
chapter is the proposal of a model predicting the propagation of photon noise to the 
color difference in CIE L*a*b* units between the observed and specified color. Using 
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Figure 2.1: Overall system diagram of the spectrograph and CCD camera configura
tion. Label (1) represents the light source, (2) the CCD camera, (3) the spectrograph, 
(4) the camera zoom lens and (5) the object. 

the photon noise model, it is investigated in theory how the noise affects the CIE 
XYZ values and CIE L*a*b* values. The result we aim for is the CIE L*a*b* value 
of a pixel with an expression of the reliability of the value. The main advantage for 
industrial inspection is that the predicted uncertainty is available for the decision of 
what action needs to be taken if the measured color difference exceeds a predefined 
threshold. 

This chapter is organized as follows: In Section 2.2, a calibration model for the 
spectrograph and monochrome CCD camera configuration is presented. The calibra
tion enables the theoretical propagation of the uncertainties of measured gray values 
to color differences. The error propagation due to measurement uncertainties of a 
spectrum to uncertainty in CIE L*a*b* units is then analyzed in Section 2.3. In Sec
tion 2.4, experimental results are presented, and a summary is given in Section 2.5. 

2.2 Calibration Model for the Spectrograph 

In this section, a calibration model for the spectrograph and monochrome CCD cam
era configuration is presented. The overall system diagram is shown in figure (2.1). 
A more detailed diagram of the spectrograph is given in figure (2.2). 

Spect ra l smooth ing In this chapter, the Jain CV-M300 camera is used with 576 
pixels along the optical axis. We use the Imspector V7 spectrograph with shortest 
observable wavelength of 410-nm and longest wavelength of 705-nm. Setting the 
wavelength interval to 5-nm, the number of spectral samples obtained is 59. The 
pixels at position (x,y) of image h can therefore be averaged in spectral direction by 
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+ + + 

1 2 3 4 5 6 7 8 9 
Figure 2.2: Diagram of camera lens, spectrograph and CCD camera configuration. 
Consider the point light source at (1). The light beam enters the camera lens (2), 
the spectrograph pinhole (3) and the spectrograph collimator lens (4)- The light beam 
is dispersed into a range of wavelengths at the prism (5), grating (6) and prism (7) 
combination and enters the second spectrograph lens (8). The range of wavelengths is 
then projected onto the CCD detector array (9). The extension of the 1-D diagram to a 
2-D diagram transforms the point light source (1) into a line light source. The vertical 
axis of the CCD detector records the spectral information, whereas the horizontal axis 
records the spatial information. 

a uniform filter of odd size K = [576/59J. If the pixel corresponding to wavelength 
A is denoted as y\ then the averaged spectral image h' is 

ti(x,\) = — Yl H'fVi) (2-1) 
i=yx-[K/2\ 

although other methods of smoothing may be more appropriate. We employ the 
uniform filter merely for its simplicity. 

Equal -energy i l luminat ion calibration The observed spectrum of a sample de
pends on the color of the illuminant, commonly modeled as 

c(x, A) = ƒ ƒ(A)E(ar, \)R{x, X)dX (2.2) 

where c(x, A) is the observed sensor value at position x, ƒ (A) is the transmission of a 
filter, E(x, A) is the spectral distribution of the irradiance per wavelength A at position 
x, and R(x, A) is the spectral albedo of the object R at that position. In this chapter, 
the interest is in the spectrum R(\) independent of the color of the illuminant. The 
reflectance of a matte uniform colored white reference sample with response RW(X) is 
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given by 

w(x,\) = [ fn(\)E(x,\)Ru,(\)d\ (2.3) 
J\ 

Correction of a spectral image c(x, A) taken from a test sample by the white reference 
image gives 

c(x,Xn) = fxfn(\)E(x,\)Rc(x,\)d\ = Re(x,\n) 
w(x,Xn)~ jxfn(\)E(x,\)Rw(X)d\ Rw(Xn)

 { } 

assuming that the filter /n(A) is a narrow band filter modeled as a unit impulse shifted 
over n wavelengths. Equation ( 2.4) implies that the observed spectra are independent 
of the actual spectral distribution of the light source and the spatial variance of the 
intensity of the illuminant. As RW(X) is known from a calibrated standard then 

gives the true fraction of reflected light by the sample. 

2.3 Error Propagation 

For industrial inspection, the CIE L*a*b* color space is important because it is ap
proximately perceptually uniform. The inspected color can be accepted or rejected 
based on the Euclidean distance in the CIE L*a*b* metric. A just noticeable color 
difference corresponds to one CIE L*a*b* unit. However, all measurements are sub
ject to some uncertainty. For spectral imaging with a scientific grade camera, the 
uncertainties are caused by photon noise. In this section, a model is developed pre
dicting how photon noise affects the uncertainty in a color difference as measured. 
The result we aim for is the CIE L*a*b* value of a pixel with an expression of the 
reliability of the value. The main advantage for industrial inspection is that the pre
dicted uncertainty is available for the decision of what action needs to be taken if the 
measured color difference exceeds a predefined threshold. 

2.3.1 Equations for Error Propagation 

The result of a measurement of a quantity u is stated as 

ü = uost ± au (2.6) 

where uest is the best estimate for the quantity u (e.g., the average value) and au is the 
uncertainty or error in the measurement of u (e.g., the standard deviation). Suppose 
that u, ••• ,w are measured with corresponding uncertainties au,--- ,aw, and the 
measured values are used to compute the function q(u, ••• ,w). If the uncertainties in 
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x, • • • ,z are independent, random and relatively small, then the predicted uncertainty 
in q [10] is 

(2.7) 

where dq/du and dq/dw are the partial derivatives of q with respect to u and w. In 
any case, the uncertainty in q is never larger than the ordinary sum 

8q 
du ou H 

8q 
dw °q < TT &U + • • • ^— Ow (2-8) 

du dw 

if and only if the uncertainties <ru, • • • , ow are relatively small. These two equations 
will be used in the next section to propagate uncertainties. 

2 . 3 . 2 P r o p a g a t i o n o f U n c e r t a i n t i e s d u e t o P h o t o n N o i s e 

We use the following camera model 

h(x>y) = 7-f(x,y) + d(x,y) (2.9) 

where ƒ is the input signal, 7 denotes the gain, h is the output signal and d is the 
dark current. In the remainder of the chapter, we will ignore the dark current for 
simplicity. Modern CCD cameras are sensitive enough to count individual photons. 
Photon noise arises from the fundamentally stochastic nature of photon production. 
The probability distribution for counting p photons during t seconds is known to be 
Poisson. For a Poisson distribution, the number of photons measured by an image 
sensing element at position (x,y) is given by its average as 

f(x,y) = pt±Vpt (2.10) 

where p is the rate of photons measured per second. When the average number of 
counts is large the Poisson distribution is approximated well by the Gauss distribution 

around mean value p: = ƒ with standard deviation Sf = y ƒ. 

Our aim is to analyze how uncertainty öf(x,y) propagates to the uncertainty 
in a color difference. Consider the camera model described in ( 2.9). The number 
of electrons, or sensitivity 5 , necessary to change between two subsequent levels of 
brightness is given by van Vliet et al. [3] as 

S = l / 7 (2.11) 

Sensitivity can be measured by substitution of (2.10) in (2.9): 

h(x,y) = 7 - (pt±Vp~t) (2.12) 
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Using h = 7 • pt and standard deviation Sh = 7 • y/pt of a region with homogeneous 
pixel values, the sensitivity S for a particular CCD camera is derived as 

From (2.12) and (2.13) it follows that the uncertainty in the number of photons 
measured at an arbitrary pixel g(x, y) is given by 

fo(*,w) = y ^ § ^ (2.14) 

After the smoothing operation of equation (2.1), the uncertainty reduces to the stan
dard deviation of the mean: 

Sg(x,x) =
 sJ^l (2.15) 

and from ( 2.5) it follows that the uncertainty in the reflectance percentage is 

6R(x, A) = «,.(,, A ) M * . W * . A ) 2
 + ^ A £ (2.16) 

y w(x,Xp w(x,X)2 x ' 

The CIE XYZ values are computed from the reflectance percentage R{x, A) as [11] 

X(x) = ^ £ S(X)R(x, A)af(A) (2.17) 

F(x) = ^ 5 ( A ) ^ , % ( A ) (2.18) 

Z{x) = ™ Y, S(X)R(x, X)z(X) (2.19) 

where 5(A) is the CIE standard illuminant and x,y,z the color-matching functions 
of a CIE standard observer. A; is a normalization factor computed from ( 2.18) by 
substitution of the perfect diffuser for R(X). Using the CIE formulae, the uncertainty 
in the XYZ values at position x is 

SX(x) =^-Y, S(\)6R(x, X)x(X) (2.20) 
K A 

6Y(x) = ^ Y , S(X)6R(x, X)y(X) (2.21) 
K A 

6Z(x) = ^ Y 1 S(X)6R(x, A)J(A) (2.22) 
R A 

From the XYZ coordinates, the CIE L*a*b* coordinates are computed as 

1/3 
L*(x) = \ 1 1 6 ( ^ r ) ~ 1 6 if ^f1 > 0.008856 

903 .3 (4^ ) otherwise 
(2.23) 
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a*{x) = 500 
X{x) 

Xn 'f 
Y[x] 

(2.24) 

b*(x) = 200 
Y(x) 

Yn >m (2.25) 

f (s)1/3 if s > 0.00856 
7.787(s) + ^ otherwise (2.2G) 

where XnYnZn is the reference white point. In this chapter, it is assumed that all 
samples have a reflection such that the low lighting conditions (the "otherwise" cases) 
of (2.23) and (2.26) can be ignored. From (2.8) it follows that the uncertainty 6L* at 
position x is 

6L*(x) = 
116 

i | ^ l 2 / 3 K 
SY(x) (2.27) 

However, for the uncertainties 6a* and 6b*, the XYZ values are dependent due to 
overlapping color matching functions x(\),y(\),~z(\). Therefore, (2.8) is used to 
establish that 

6a*(x) < 

6b*(x) < 

500 

m 
200 

2/3 

(^)2/Vn 

6X(x) + 

6Y{x 

The CIE 1976 color difference formula is 

A£*(x) = yJ(AL>{x))2 + (Ao*(i))2 + (Ab*{x))' 

6Y(x) 

6Z(x) 

(2.28) 

(2.29) 

(2.30) 

where AL*(x), Aa*(x), Ab*(x) are the differences between the CIE L*a*b* values at 
position x. If CIE L*a*b* values are compared to target CIE L*a*b* values which 
have no associated uncertainties, then the uncertainty in the color difference AE* 
between the target and measured values follows from (2.8) as 

6E*(x) < 
\AL*(x)\6L*(x) + \Aa*(x)\6a*(x) + \Ab*(x)\6b*{x) 

V(AZ>(*))2 + (Aa*(i))2 + (A6*(x))2 (2.31) 

In industrial inspection, a measured color will be compared to a reference color, 
and these colors should be the same unless an error occurred in the production process. 
The question of interest then is what the probability is that the measured color 
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falls within one CIE L*a*b* unit of this reference color. As the predicted ÖE* is 
approximately known, the probability that the measured color falls within one CIE 
L*a*b* unit of the reference color is 

P(AE* < 1) = erf(l/6E*) (2.32) 

where erf () is the commonly known normal error integral transforming the standard 
deviation into probability assuming a Gaussian distribution of the uncertainties. 

2.4 Experiments 

Unless stated otherwise, all experiments are performed using a Jain CV-M300 
monochrome CCD camera, Matrox Corona Frame-grabber, Navitar 7000 zoom lens, 
and Imspector V7 spectrograph. Further, a Spectalon white reference [2], 500 Watt 
halogen illumination, and the MacBeth Color Checker are used for the experiments. 
CIE L*a*b* values are stated for Standard Uluminant A and the CIE 1931 Standard 
Observer for 5-nm intervals [11]. The missing values at the two ends of the spectrum 
are set equal to the nearest measured reflectance factors. The spatial resolution is 40 
lim per pixel, and the exposure time of the 8-bits camera is 1/25 s. per frame. 

In Section 2.4.1, the calibration of the spectrograph is described. In Section 2.4.2, 
experiments are described that check the validity of the proposed model to predict 
the propagation of photon noise to a measured color difference. Finally, the accuracy 
of color measurement by a spectrograph is established in Section 2.4.3. 

2 . 4 . 1 C a l i b r a t i o n 

The following experiments check or adjust the spectrograph output by comparison 
with calibrated standards in order to determine the true values of the fraction of 
reflected light reflected. 

Photometric scale calibration The camera lens is covered with a dark sheet 
which contains a small hole with radius of approximately 0.5 cm. Two halogen light 
sources are used to illuminate the white reference. Three recordings of the white 
reference are made: One recording when the white reference is illuminated by one 
illuminant, the second recording when the reference is illuminated by the second 
illuminant, and the third recording using both illuminants. Invariably, the three 
recordings show a small, bright circle with varying intensity. The average brightness 
value is computed over the circle for the three images over Ar as 15,000 pixels. The 
values are 104 ± 4, 123 ± 4 for the two singly illuminated circles and 219 ± 6 for the 
doubly illuminated circle, respectively. The dark current is measured as 6 ± 1 in the 
scale of 0 • • • 255. After correction for the dark current, the discrepancy is less than 
one percent and it is concluded that the camera output is linear. 
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Figure 2.3: Multi-spectral image of a white sample using Orion filter sl0-550s. A 
horizontal line is observed in the image. The precise row at the optical axis that 
corresponds to the bandpass wavelength is detected though convolution with a one-
dimensional Gauss filter. 

Wavelength calibration For the experiment, narrow bandpass filters are used 
which transmit at 50-nm intervals in the visible wavelength range. They have a 
transmittance of 10-nrn bandwidth around their bandpass wavelength [4]. The filters 
are placed in front of the camera lens and an image is captured of a white sample. 
The aperture is adjusted for each filter to obtain a maximal signal; see figure (2.3). 
The position at the optical axis of the line corresponds to the transmitted wavelength 
of the filter. A low sensitivity of the CCD camera is seen for lower wavelengths. 
Estimation of the bandpass wavelength is done by convolution with a one-dimensional 
Gauss filter with a = 10 pixels. The results are averaged over the spatial axis and are 
given in Table 2.1. The rows corresponding to 5-nm intervals are obtained by linear 
interpolation from the results. The table shows that the minimal distance between two 
consecutive (50-nm apart) bandpass filters is 89.3 pixels. Our interest is in a spectral 
resolution of 5-nm. The width of the filter of (2.1) is therefore K = 89.3/10 = 9 pixels 
sufficient for our purposes. 

2.4 .2 P r o p a g a t i o n of Uncertaint ies from P h o t o n Noise to Color 
Differences 

In this section, the model of Section 2.3.2 predicting how photon noise affects the 
uncertainty in a measured color difference is verified empirically. 

Establishing sensitivity parameter S For this experiment, the Jain camera with 
zoom lens is used, the Dolan & Jcnner fiber optic diffuse axial illuminator AI-2, Dolan 
&; Jenner light source PL-800, and the Spectralon white reference. The aperture is 
gradually reduced in seven steps, thus reducing the amount of incoming light in the 
CCD camera. The precision of the obtained value of S depends on the ability to 
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A (nm) y 
450 90.59 ±0.05 
500 192.20 ±0.05 
550 281.73 ±0.04 
600 378.20 ± 0.04 
650 470.40 ± 0.04 
700 559.71 ± 0.03 

Table 2.1: Optical axis calibration using narrow bandpass filters which transmit at 
50-nm intervals. Estimation of the bandpass wavelength is done by convolution with 
a one-dimensional Gauss filter. 

h S = h/^~ 
179.8 ±3.4 17.5 
147.0 ± 3.2 16.0 
131.6 ±2 .9 18.3 
114.4 ±2 .7 18.2 
88.1 ± 2.4 20.4 
76.1 ±2 .2 21.7 
50.4 ±1 .9 22.6 

19.2 ±2.4 

Table 2.2: Establishing sensitivity parameter S of the camera by the division of the 
average gray value by the variance for different intensities. 

obtain an image patch with constant gray values. To that end, a diffuse illuminator 
is used, combined with manual selection of a subregion in the image. The observed 
average pixel value and standard deviations of the images are given in Table 2.2. The 
experiment shows that, given the integration time and intensity of the illumination, 
the sensitivity of the camera described in (2.11) approximates 19 ± 2. 

Propagation of uncertainties For the experiment, the spectral image from the 
white patch nr. 19 of the MacBeth ColorChecker is taken. Models were proposed 
in Section 2.3.2 to predict the propagation of uncertainties from photon noise to 
uncertainty in CIE L*a*b* values. The goal of this experiment is to analyze the 
validity of the developed formulae. 

In the previous experiment, the sensitivity parameter S is determined. In the 
current experiment, the uncertainty in R(x,\), XYZ(x), and CIE L*a*b"(x) values 
is predicted using S. The predicted uncertainties are then averaged over the spatial 
range. The actual uncertainty is derived from the standard deviation of R(x,\), 
XYZ(x), and CIE L*a*b*(x) values over the spatial range. 

First, the predicted and actual uncertainties in the reflection percentage are com
pared. These uncertainties per wavelength are shown in figure (2.4). The absolute 
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Figure 2.4: Experiment: Comparison of the predicted (dashed line) versus the actual 
uncertainty (solid line) of the reflection percentages. The absolute difference averaged 
over the wavelength range is 1 ± 2 R%. Except for the short wavelengths, where the 
computation of R(X) is unstable due to the low sensitivity of the CCD camera and low 
transmittance of the illuminant at short wavelengths, the figure shows a reasonable 
correspondence between the predicted and actual uncertainty. 

difference between the actual and the predicted error averaged over the wavelength 
range is 1 ± 2. Except for the short wavelengths, where the computation of R{\) 
is unstable due to the low sensitivity of the CCD camera and low transmittance of 
the illuminant at short wavelengths, the figure shows a reasonable correspondence 
between the predicted and actual uncertainty. Second, the predicted and actual un
certainties in the XYZ values are compared in Table 2.3. The table shows a close 
correspondence between the predicted and actual values. Third, the predicted and 
actual uncertainty in the CIE L*a*b* values are also compared in Table 2.3. The 
predicted and actual uncertainties in the L* value correspond closely. In contrast, the 
predicted uncertainties in the a, b value are overestimations of the actual uncertainties. 
This can be understood from (2.28) and (2.29): The uncertainty in Sa depends on the 
overlapping color matching functions x and y. Therefore uncertainties SX and 6Y are 
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Predicted 
Measured 

SX 
0.8 
0.9 

ÖY 
0.7 
0.9 

6Z 
0.5 
0.4 

8L* 
0.3 
0.4 

6a* 
2.6 
0.3 

6b* 
1.6 
0.5 

££* 
2.2 
0.6 

Table 2.3: Comparison of predicted vs. measured uncertainties in XYZ , CIE L*a*b* 
and AE* values. The XYZ and L* values correspond closely. In contrast, the pre
dicted uncertainties in the a* and b* values are over-estimations of the actual uncer
tainties due to overlapping color-matching functions x, y, ~z. 

interdependent and as a result the uncertainty in a is overestimated. Consequently, 
the uncertainty in AE is overestimated as well. Still, the predicted values correspond 
to the uncertainty model of (2.8): For dependent variables, the actual uncertainty 
should be less than or equal to the predicted uncertainty. 

The experiment shows that the proposed theoretical model for prediction of uncer
tainty due to photon noise to the uncertainty in the reflection percentage, the XYZ 
and CIE L*a*b* values gives reasonable predictions of the actual uncertainties. 

2.4.3 Accuracy of Color Measurement 

The accuracy of color measurement by the spectrograph is empirically established by 
the following experiments: 

Short-term reproducibility For the experiment, 10 spectral images are taken of 
the white patch nr. 19 of the MacBeth ColorChecker. The only difference between the 
images is that they are recorded a few seconds apart. The goal of the experiment is 
to examine the short-term reproducibility. Compared to the first image, the average 
difference in the reflection percentage %R = 0.3±0.3. Assuming a normal distribution 
of the average difference in the reflection percentage, the experiment shows that the 
error in the short-term reproducibility is less than 1% 

Long-term reproducibility For the experiment, the 24 patches of the MacBeth 
ColorChecker are recorded twice. The difference between the two image sets is that 
between the two recordings the camera, spectrograph, and illuminant setup were dis
assembled and restored one week later. The goal of the experiment is to examine the 
long-term reproducibility of the output of the spectrograph. The average reflection 
percentage difference between the two spectral image sets is %R = 1.6 ± 1.5. Dif
ferences are caused by the errors due to the short-term reproducibility and by minor 
differences in the image acquisition setup. Assuming a normal distribution of the 
average difference in the reflection percentage, the experiment shows that the error 
in the long-term reproducibility is less than 5%. 

Comparison of the spectrograph with a spectrophotometer For this exper
iment, the MacBeth ColorChecker, the Jain camera and Imspector V7, and a X-Rite 
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Figure 2.5: Experiment: Comparison of the reflectance percentages measured with 
the spectrograph and measured with a spectrophotometer for the 24 patches of the 
MacBeth Color Checker . Shown are the results for color patches 1 (dark skin), 2 
(light skin) and 3 (blue sky). Error bars denote the standard deviation of the average 
reflectance percentage measured by the Imspector VI spectrograph. Dotted lines denote 
the reflectance percentage measured by X-Rite SP78 spectrophotometer. 

SP78 Sphere Spectrophotometer are used. The spectrophotometer samples the visible 
wavelength at 10-nm intervals. Goal of the experiment is to compare the reflectance 
percentages measured by the spectrograph with that of the spectrophotometer. The 
reflectances that are compared are in the range of 410 • • • 700-nm, the wavelength in
terval is 10-nm. The differences in reflectances are shown in figures (2.5 - 2.11). The 
average difference in the reflection percentage is %R = 2.0 ± 0.7. Assuming a nor
mal distribution of the average difference in the reflection percentage, the experiment 
shows that the difference in reflectance percentage between the spectrograph and a 
spectrophotometer is less than 5%. 
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Figure 2.6: Continued experiment of the comparison of the reflectance percentages 
measured with the spectrograph and measured with a spectrophotometer for the 21 
patches of the MacBeth ColorChecker . Shown are the results for color patches A 
(foliage), 5 (blue flower) and 6 (bluish green). 

2.5 Discussion 

The cost of the spectrograph, CCD camera and frame-grabber, calibration white ref
erence tile, and narrow bandpass filters is comparable to that of a spectrophotometer 
Compared to the spectrophotometer, the spectrograph gives a higher spectral resolu
tion and arbitrary spatial resolution and can measure the spectral distribution of a 
color without making contact with the sample. The required exposure time (1/25 s ) 
is shorter than that of a spectrophotometer. 

This chapter gives a detailed description of the calibration of the Imspector V7 
The error in short-term reproducibility of the reflectance percentage is less than 1% 
The error in long-term reproducibility is less than 5%. Comparison of the spectro
graph with a spectrophotometer gives a difference in the reflectance percentage less 
than 5%. These results could further be improved if, e.g., the temporal variation 
of the illumination could be kept constant, and by, e.g., using more sophisticated 
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Figure 2.7: Continued experiment of the comparison of the reflectance percentages 
measured with the spectrograph and measured with a spectrophotometer for the 24 
patches of the MacBeth ColorChecker . Shown are the results for color patches 7 
(orange), 8 (purplish blue) and 9 (moderate red). 

filtering methods along the spectral direction of the image. 

A model was proposed which predicts the probability that a measured color is 
within one CIE L*a*b* unit of the actual color based on the camera, sensitivity. The 
theoretical result was verified in practice. The result is important for an automated 
color inspection system: The predicted uncertainty is available for the decision of 
what action needs to be taken if a measured color difference exceeds a predefined 
threshold. 
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Figure 2.9: Continued experiment of the comparison of the reflectance percentages 
measured with the spectrograph and measured with a spectrophotometer for the 24 
patches of the MacBeth ColorChecker . Shown are the results for color patches 13 
(blue), 14 (green) and 15 (red). 
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Figure 2.10: Continued experiment of the comparison of the reflectance percentages 
measured with the spectrograph and measured with a spectrophotometer for the 24 
patches of the MacBeth ColorCJiecker . Shown are the results for color patches 16 
(yellow), 17 (magenta) and 18 (cyan). 
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Figure 2.11: Continued experiment of the comparison of the reflectance percentages 
measured with the spectrograph and measured with a spectrophotometer for the 24 
patches of the MacDeth ColorChecker . Shown are the j-esults for color patches 19 
(white) to 24 (black). 



Chapter 3 

Density Est imation for Color 
Images * 

Abstract 

Color histograms computed from the normalized and hue color space are negatively 
affected by sensor noise due to the instability of these color space transforms at 
many RGB values. To suppress the effect of sensor noise, in this paper density 
estimations are computed using variable kernels. To that end, models are proposed 
for the propagation of sensor noise through the normalized and hue colors. As a 
result, not only the hue and normalized color values are known, but also the associated 
uncertainty. This two-fold information is used to derive the parameterization of the 
variable kernel used for the density estimation. It is empirically verified that the 
proposed method compares favorably to the traditional histogram. 

3.1 Introduction 

It is known that the RGB values measured by a color CCD camera depend on com
plex factors such as the illumination, scene geometry, surface reflectance and material 
properties. As a result, a homogeneous colored object may give rise to a broad spec
trum of RGB values. For many industrial machine vision tasks, it is required to 
visually inspect objects independent of the illumination and scene geometry. To that 
end, the RGB data should be transformed into color invariant spaces, e.g. normalized 
or hue color models. For the dichromatic reflection model, Gevers and Smeulders [2] 
proved that normalized color is invariant for the camera viewpoint, object pose and 
orientation, and for the direction and intensity of the incident light. In addition, the 
hue color model is invariant to highlights. These color models are well known and 
are widely used in many image processing tasks. However, the color space transforms 

'To appear in: Journal of Electronic Imaging 
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bring with them various drawbacks since the transformations are singular at some 
points and unstable at many others. For example, normalized colors become unstable 
near the black point while hue is unstable along the achromatic axis. Traditionally, 
the effects are ignored or suppressed by an ad hoc thresholding. In this paper, the 
transformed colors are used for density estimation. To suppress the effect of sensor 
noise, variable kernel density estimators are employed as alternative to histograms. 
The contribution of this paper is to propose a principled way to compute the prop
agation of sensor noise to the hue and normalized colors. As a result, not only the 
hue and normalized color values are known, but also the associated uncertainty. This 
two-fold information is exploited in variable kernel density estimation. 

This paper is organized as follows: In section 3.2, related work is reviewed. In 
section 3.3, the theoretical model predicting the uncertainty in the transformed color 
values is derived. In section 3.4, camera and noise models are described to compute 
the uncertainty in the measured RGB values. In section 3.5, these models are incorpo
rated in variable kernel density estimation. In section 3.6, the computed uncertainty 
in transformed color values is empirically compared to the actual uncertainty. Fur
ther, the variable kernel density estimator is compared to the traditional histogram 
method. Section 3.7 finishes the paper. 

3.2 Related Work 

Render [4] shows that hue and normalized color are singular at some RGB values 
and unstable at many others. For instance, the essential singularity of normalized 
coordinates is at black (R = G = B = 0), whereas for the hue the singularity is 
at the achromatic axis (R = G = B). As a consequence, both color spaces become 
unstable near the singularity where a small perturbation of RGB value might cause 
a large jump in the transformed values. Traditionally, these effects are either ignored 
or suppressed by an ad hoc thresholding of the transformed values. For example, 
Ohta [6] rejects normalized color values if the sum of RGB is less than 30, and rejects 
hue values if the saturation times the intensity is less than 9. Healey [3] rejects all 
sensor measurements that fall within the sphere of radius 4a centered at the origin in 
RGB space. In order to indicate how the color space transform influences the mean, 
variance and covariance of the colors under the influence of noise, Burns and Berns [1] 
analyze the error propagation from a measured color signal to the CIE L*a*b* color 
space. Shafarenko, Petrou and Kittler [7] use an adaptive filter for noise reduction 
in the CIE L*u*v* space prior to 3-D color histogram construction. The filter width 
depends on the covariance matrix of the noise distribution in the CIE L*u*v* space. 
Histograms are often used for image segmentation when the image properties are 
not sufficiently stable to use fixed threshold values. E.g. the illumination can vary 
or the appearance of objects can change over time. If a histogram would show two 
prominent peaks, one for the background color and one for the objects, then the 
threshold value for image segmentation would typically be placed at the minimum 
between the two peaks. Swain and Ballard [9] and Gevers and Smoulders [2] show 
that normalized color histograms of multicolored objects provide a robust, efficient 



3.3. Error Propagation of Measurement Uncertainty 37 

cue for object recognition. However, the instability of the hue and normalized colors 
negatively affects histograms due to sensor noise. Kernel denstity estimators (see e.g. 
[8, 11]) form an alternative to histograms as density estimators. To apply variable 
kernel density estimation in a principled way, in the next section the error propagation 
of sensor noise is analyzed. As a result, not only the hue and normalized color values 
are known, but also the associated uncertainty. This two-fold information is used to 
derive the parameterization of the variable kernel used for the density estimation. 

3.3 Error Propagation of Measurement Uncertainty 

The result of a measurement of a quantity u is stated as 

u = uest±au (3.1) 

where west is the best estimate for the quantity u (the average value) and au is the 
uncertainty or error in the measurement of u (the standard deviation). Suppose that 
u, • • • , w are measured with corresponding uncertainties au, • • • , aw, and the measured 
values are used to compute the function q(u, • • • , w). If the uncertainties in it, • • • ,w 
are independent, random and relatively small, then the predicted uncertainty in q [10] 
is 

'•-vie'-) +-+(£'•) <3-2) 
where dq/du and dq/dw are the partial derivatives of q with respect to u and w. 

Based on the measured -RGZ?-values, the normalized color values are computed as 

r = R/{R + G + B) 

g = G/(R + G + B) (3.3) 

Substitution of (3.3) in (3.2) gives the uncertainty for the normalized coordinates 

V (B + G + R)* 

(B + G + R)4 
L-^L (3.4) 

if and only if aR,ac and aB, the uncertainties in RGB-values are independent, ran
dom and small. The hue 9 is computed as 

ü . f VZ{G-B) \ 
6 = arctan — ^ (* K\ 
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Substitution of (3.5) in (3.2) gives the uncertainty for the hue as 

1 -•/? ( ~2BRffh + &°% + gS + G2(a% + a%) \ 
6 2 V B2+G2-GR + R2-B(G + R)2 J 

, i , /öf g!^l + ga)~2G(Ra» ±ggfc A uw 

if and only if the uncertainties in RGB-values axe independent, random and small. 
In the next section, we will derive (JR,(JG^B using a theoretical camera and noise 
model. 

3.4 Camera and Noise Models 

To explain a measured pixel value, we use the following camera model: 

i(x, y) = ih(x, y) + d(x, y) (3.7) 

i denotes the output signal at position (x,y), h the input signal, d the dark current, 
and 7 the gain. Modern CCD cameras are sensitive enough to be able to count 
individual photons. Photon noise arises from the fundamentally stochastical nature 
of photon production. The probability distribution for counting p photons during t 
seconds is known to be Poisson. The number of photons measured is given by its 
average as 

h(x,y)=pt±y/pl (3.8) 

Let aa denote the dark current uncertainty. Incorporating ad and the uncertainty of 
(3.8) in (3.7) gives 

l(x, y) ± 0i(x,y) = i[pt± y/pt\ + [d(x,y) ± ad] (3.9) 

Dark current compensation is performed either by software or internally in the camera. 
Subtraction of a constant value c such that d(x,y) = c from the image removes the 
dark current indeed, but not the uncertainty in the dark current: 

[ï(x,y) -c]±oi{Xyy) = jpt ± (7\/pï + ad) (3.10) 

An extension of this model for a dark current compensated color camera with n color 
channels, n £ {R,G,B}, is 

i{x,y)n ± Oi{x,y),n = InPnt ± (jnyfihJ + ad) (3.11) 

Our interest is in Oi(x,y),n- Let the average image intensity measured over a homoge
neously colored patch be denoted / = 7pi, the associated variance var(7) = ~f pt and 
the dark current variance var(d) = a2

d. We have the linear relation between I and 
var(/) based on [5] as 

var(7) + var(d) = jf + var(i) (3.12) 
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which is of the general form y = ax + b. For (3.11) we obtain 

var(7n) + var(d) = jjn + var(d) (3.13) 

Let tn denote the average measured pixel value at the nth color channel, then 
var(£„) = var(/n) + var(d) denotes the total variance. Let var(£n>/.) denote the 
kth of Ar measurements of the variance of the nth color channel and let /„,* denote 
the corresponding average intensity. Ordering these measurements as 

f i IRA o \ 
/ vaj(tü,i) \ 

vai(iRtN) 
varfe. i ) 

var(fc,yv) 
var(fS)1) 

\ vax(*B,jv) / 
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(3.14) 

\ 1 0 0 IB,N J 

gives an overdetermined system allowing robust computation of the values of var(d), 
7n,7G, 1 B by linear regression. Substituting the obtained values in (3.13) computes 
the uncertainty in a measured color value. This additional information is employed 
in the next section to improve density estimation for color images. 

3.5 Density estimation 

A density function ƒ gives a description of the distribution of the measured data. 
Perhaps the best known density estimator is the histogram. The (one-dimensional) 
histogram is defined as 

f(x) — —r (number of Xi in the same bin as x) 
nh ' 

(3.15) 

where n is the number of pixels Xi in the image, h is the bin width and x the range 
of the data. Two choices have to be made when constructing a histogram. First, the 
binwidth parameter needs to be chosen. Secondly, the position of the bin edges needs 
to be chosen. Both choices effect the resulting estimation. Alternatively, the kernel 
density estimator is insensitive to the placement of the bin edges. The formula is 

'«-it* 
i = l 

x-Xi 
(3.16) 
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Figure 3.1: Kernel density estimates based on five observations. In the graph on the 
left, the bandwidth is constant, in graph on the right the bandwidth varies depending 
on the position at the horizontal axis. The kernel estimate is constructed by centering 
a kernel at each observation. The value of the kernel estimate at gridpoint x in the 
graph is the sum of the n kernel ordinates at that point. The kernel centered on Xi has 
associated with it its own scale parameter thus allowing different degrees of smoothing. 

Here, kernel K is a function satisfying ƒ K(x)dx = 1. Figure 3.1 (a) shows a kernel 
density estimation. In the variable kernel density estimator, the single h is replaced 
by n values a(Xi),i = 1, • • • ,n. This estimator is of the form 

/w-iÊ^'(5§) (3.17) 

The kernel centered on Xi has associated with it its own scale parameter a(Xi), thus 
allowing different degrees of smoothing. The variable kernel smoother is illustrated 
in Fig. 3.1(b). To use variable kernel density estimators for color images, we let the 
scale parameter be a function of the RGB-values and the color space transform. We 
are now left with determining the scale and shape of the kernel. 

In most experiments, when the number of measurements increases, the histogram 
takes a definite shape. According to the model of (3.8), the limiting distribution 
for measuring photons is Poisson. When the average number of counts is large, the 
Poisson distribution is approximated well by the Gauss distribution [10]. We therefore 
define the shape of the kernel by the normal distribution 

K(x) = 1 
cxp (3.18) 

The variable kernel method estimates the univariate, directional hue density as 

ttx)=1-p^K^-e)™d^)) (3.19) 
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where a is derived according (3.6). The variable kernel method for the bivariate 
normalized kernel is 

fi'")-kt*lK &)•*?*&) (3'20) 
where * denotes convolution and ar,ag are derived according (3.4). In conclustion, 
to reduce the effect of sensor noise during density estimation, we use variable kernels 
where the normal distribution defines the shape of the kernel and the uncertainty due 
to the color space transform defines the width of the kernel. In the next section, these 
estimators are compared to the histogram defined in (3.15). 

3.6 Experiments 

In this section, the theoretically predicted uncertainty in transformed color coordi
nates is compared empirically to the actual uncertainty. Also, the performance of 
the variable kernel estimator will be compared to the histogram as density estimator. 
The sensitivity to noise of the two density estimators will be used as test criterion 
and will be measured as the x2 error between estimations of the same scene and will 
also be measured by the number of local maxima present in the estimates. For the 
experiments, the hue range is defined from 0° to 360° over 1° interval. The normal
ized color range is defined from 0 to 255 units over 1 unit intervals. The images are 
obtained using a Sony XC-003P color camera and Matrox Corona framegrabber. 

3.6.1 Es t imat ion of Gain and Dark Current Uncerta inty 

Goal of the experiment is to estimate the values of the gain parameters and the value 
of the dark current variance, c.f. (3.13). Therefore, 26 images are taken of a white 
reference while varying the lens aperture such that each image has a different intensity 
as shown in figure (3.2). Another image is taken with a closed camera cap to establish 
the dark current. From fig. (3.2), the approximate value of the dark current variance 
can be estimated by eye somewhere between the values two and three. However, the 
measured dark current is 0.5 ± 0.5. Because of this low value for the dark current 
variance of one-fourth compared to the estimation by eye, it is assumed that the 
dark current is suppressed internally in the camera and therefore the obtained ad is 
unreliable. Instead, the ad will be estimated from the series of intensity images. 

In (3.13), we assume that the dark current variance is independent of the gain. 
Therefore, three lines are fitted through a common origin which yield an electronic 
gain of ju = 0.040, of 7G = 0.014, of j B = 0.021 and dark current variance of 
al = 2.7. A better fit might have been obtained if the demand of a common origin 
for the lines would be dropped, see fig. (3.2). However, as an indicator of how well 
the variance and intensity data are fitted by (3.13) we use the correlation coefficient 
r. For the red channel, r = 0.995, for green r = 0.990 and for blue r = 0.984. This 
indicates that more than 98% of the datapoints is explained by the linear model of 
(3.13). The validity of the model, including a common origin is therefore empirically 
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0 50 100 150 200 250 
Intensity 

Figure 3.2: Visualization of the lines fitted by var(ï) = yl + a^. Diamonds correspond 
to the red color channel, squares to green and circles to blue. As an indicator of 
how well the variance and intensity data are fitted by (3.13) we use the correlation 
coefficient r. For the red channel, r = 0.995, for green r = 0.990 and for blue 
r = 0.984. This indicates that more than 98% of the datapoints is explained by the 
linear model of (3.13). 

verified. The experiment shows how the parameters for the dark current and the gain 
are estimated for a photon limited camera system. The uncertainties an, o~o, &B are 
derived using these parameters. 

3 . 6 . 2 P r o p a g a t i o n of U n c e r t a i n t i e s 

Nine images are taken from homogeneous colored sheets of paper such that the entire 
image exhibits one single color. Sheet number 1 has a bright red color, number 2 is 
red colored, 3 is yellow, 4 is lightgreen, 5 is green, 6 is cyan, 7 is darkblue, 8 is blue 
and 9 is purple. Theoretical models were proposed in (3.4) and (3.6) to predict the 
propagation of uncertainties from sensor noise to transformed colors. The goal of this 
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experiment is to empirically verify the validity of the developed formulae. For the 
hue color space, the uncertainty 0$ is is predicted for each pixel according to (3.6) 
and then averaged over the homogenously colored image. The actual uncertainty is 
derived as the standard deviation of the hue values. Hue orders colors in a circular 
mode. Therefore the mean hue value is computed as 

5 = a r c t a n & £ 2 f l ) (3 ,1) 

and the uncertainty as 

^ = 7 V ^ T E ( 5 - ^ ) 2 (3.22) 
i= l 

where 

0i-9j=7r-\7r- \9i-0jW (3.23) 

The predicted and actual uncertainties are shown in figure (3.3). The absolute differ
ence between the predicted and actual hue values is 0.07° ± 0.03° which is well below 
1 percent of the hue range. 

The experiment is repeated for normalized colors where the uncertainty is pre
dicted according to (3.4). These predicted and actual uncertainties are shown in 
figure (3.4) and (3.5). The absolute difference between the predicted and actual nor
malized red values is 0.4 ±0.2 and for the green values is 0.2 ±0.1 which is well below 
1 percent of the normalized color range. The experiment shows that the predicted 
uncertanties compare favorably to the actual uncertainties. 

3.6.3 Sensitivity of Density Es t imators for Noise 

For the experiment, 50 identical images are taken from printed textile as shown in 
figure (3.6). The images are recorded milliseconds apart. Thus, the only difference 
between these images is image noise. Goal of the experiment is to empirically compare 
the variable kernel density estimator to the histogram as density estimator under the 
influence of noise. Examples of the estimations are shown in figure (3.7) and (3.8). As 
a measure for the sensitivity to noise, we use the \ 2 difference between the estimations 
for the N = 50 images as 

^2 = EE^)-^)]2^i (3.24) 
i j 

As a second measure for noise sensitivity, the number of local maxima present in the 
density estimation is used. This number is determined as 

local maximum^) = ( J i f (& 7 1 } < }{x) < #* + ^ (3 25) 
[ 0 otherwise v ' ' 

file:///9i-0jW
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Figure 3.3: Analysis of the theoretically predicted uncertainty versus the actual uncer
tainty of the hue. The squares correspond to actual standard deviations of the hue, 
the error bars correspond to the predicted standard deviations. 

Histogram (Eq. 3.15) Variable Density (Eq. 3.19) 
Number of Local Maxima 
X2 Difference 

70 ± 5 
1 9 - 1 0 _ 5 ± 3 - 1 0 - 5 

24 ± 3 
1.4- 1 0 _ 5 ± 0 . 9 - 10 - 5 

Table 3.1: Comparison of density estimation methods for hue color space. For 50 
identical images, the average number of local maxima present in the estimates and 
the x2 difference between the estimates is taken as a measure for sensitiveness to 
sensor noise. 

The results are given in table (3.1). The experiment is repeated for normalized colors 
using the 2-D extentions of (3.24) and (3.25). The results are given in table (3.2). For 
both color spaces, the kernel density method has the smallest x2 difference between 
the 50 recordings and detects the smallest number of local maxima and therefore has 
the best performance if under the influence of sensor noise. 
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Figure 3.4: Analysis of the theoretically predicted uncertainty versus the actual un
certainty for the normalized red color value for nine sample colors. The range of the 
standard deviation is between 0 and 255. The squares correspond to actual standard 
deviations of the normalized colors, the error bars correspond to the predicted standard 
deviations. 

Histogram (Eg. 3.15) Variable Density (Eq. 3.20) 
Number of Local Maxima 
X2 Difference 

560 ± 20 
200 • 10~4 ± 500 • 10~4 1 

6 ± 1 
10-4 ± 2 10 - 4 

Table 3.2: Comparison of density estimation methods for normalized color space. For 
50 identical images, the average number of local maxima present in the estimates and 
the x2 difference between the estimates is taken as a measure for sensitiveness to 
sensor noise. 

3.6.4 Sensitivity of Density Est imators for Unstable Color Val

ues 
Two images are taken of a variable density filter placed on top of a yellow and blue 
colored paper sheet. The filter attenuates an incident beam of radiation without 
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Figure 3.5: Analysis of the theoretically predicted uncertainty versus the actual uncer
tainty for the normalized green color value for nine sample colors. The range of the 
standard deviation is between 0 and 255. The squares correspond to actual standard 
deviations of the normalized colors, the error bars correspond to the predicted standard 
deviations. 

altering its spectral distribution. The density varies across the filter's length. As 
a result, one part of the image is bright, the other part is dark. The images are 
manually divided into the dark and light part. It was shown in (3.6) that hue is 
unstable for pixels on the achromatic axis, thus unstable for dark colors close to the 
black point. Goal of this experiment is to evaluate the performance of the density 
estimation methods for dark and bright colors. The number of local maxima derived 
by (3.25) present in the density estimations is taken as a measure for the sensitivity 
to sensor noise. The results are given in Table 3.3. The uncertainty in the hue for 
dark colors is larger than for bright colors as a result of the unstability of hue. The 
experiment shows that the number of local maxima present in the kernel density 
estimation compares favorable to the estimation by the histogram method. 
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Figure 3.6: Image of printed textile pattern used for the experiment described in section 
(3.6.3). See also the color plate at page 125. 

Color Hue Histogram #Max. Kernel #Max. 
Bright yellow 225 ± 2 2 i 
Dark yellow 210 ± 4 0 46 27 
Bright blue 68 ± 1 2 1 
Dark blue 56 ± 9 16 3 

Table 3.3: Comparison of performance of density estimation methods for dark (unsta
ble) and light (stable) colors in hue color space. The average number of local maxima 
present in the estimates and is taken as a measure for sensitivity to unstable hue 
values. 

3.7 Discussion 

Using a theoretical camera model, the number of photons that correspond to a bright
ness level is determined. Based on the associated uncertainty according to the Poisson 
distribution, theoretical models are derived that propagate the sensor uncertainty to 
the uncertainty in the transformed coordinates. A principled way for variable kernel 
density estimation has been proposed that incorporates this theoretical reliability. It 
is empirically verified that the proposed method compares favorably to the histogram 
as density estimator. The method requires that the camera is calibrated to obtain 
the gain parameters. This appears to be a reasonable assumption for industrial image 
processing. A drawback of the variable kernel method compared to the histogram is 
that the method is computationally expensive. The advantage is that the need to 
threshold the transformed colors is overcome, and that the proposed method is less 
sensitive to sensor noise. 
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Figure 3.7: Estimated density for the histogram method. The estimate is ragged and 
the method appears to be sensitive to noise. 
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Chapter 4 

Parameter-Free Thresholding 
and Classification of Color 
Edges * 

Abstract 
Color edge information can be used to measure or recognize objects in images. Color 
edges are caused by e.g. material changes, shadows, object shape, geometry changes, 
highlights or sensor noise. Edges introduced by noise are conventionally eliminated 
by thresholding. The problem is how to find such threshold value. For the remaining 
edges, the problem is how to distinguish between the different color edge types. The 
contribution of this paper is two-fold: First, the threshold value is automatically, 
locally determined based on the theoretical error propagation of photon noise through 
the computation of the color gradient. Second, color edges are classified into the 
following types: (1) a shadow or geometry edge, (2) a highlight edge, (3) a material 
edge, by using the result of theoretical analysis of different color spaces for varying 
imaging conditions. The methods are empirically verified for materials that satisfy 
the dichromatic reflection model. 

4.1 Introduction 

Color edge information from an image can be used to measure or recognize objects 
in images. The color edges correspond to significant changes in the image, ideally at 
the boundary between two different regions, e.g. between a foreground object and 
the background. False edges are often detected due to sensor noise. These false edges 
are conventionally eliminated by using a threshold which determines the minimum 
acceptable gradient modulus. The same global threshold value is typically used for 

"Submitted to: Image and Vision Computing 

51 



52 Chap te r 1. Parameter-Free Thresholding and Classification of Color Edges 

all edges in an image. The problem is how to find such threshold value. Usually the 
value is found by trial-and-error. We therefore believe that an automatic, principled 
way for (local) threshold value selection is of interest for image processing tasks which 
use color edge information. 

A number of well established techniques for edge detection in ordinary (one-band) 
images is available, see for instance the recent overview of Ziou and Tabbone [12]. 
These edge detection methods can be extended to color images by taking the sum or 
the root mean square of the individual edge maps, or by more principled methods 
described by [5]. The edges can be thresholded by manually selecting an appropriate 
threshold value, or by automatically selecting the value based on the statistical prop
erties of the gradient magnitude of the image [4]. For example, the threshold can be 
chosen so that only N% of pixels in the image are classified as edges. 

Besides the occurrence of color edges due to material changes, color edges may also 
be caused by a variety of photometric effects, for instance by shadows, object shape, 
geometry changes, or highlights. The problem is how to distinguish between these 
different color edge types. For instance, 3-D reconstruction or visual inspection tasks 
might profit from the classification of color edges into shadow edge, geometry edge, 
highlight edge or material transition edge, because shadow edges will then not be 
mistaken for material transition edges, and highlight edges will then not be mistaken 
for defects in the inspected object. We therefore believe that the classification of color 
edges is of interest for a number of vision tasks. 

Using the dichromatic reflection model, Tsang and Tsang [9] show that edge de
tection in the hue color space is effective in suppressing specular reflection. Zhang 
and Bergholm [11] classify edges into diffuse and sharp edges. The rationale is that 
illumination phenomena, such as indoor shadows and reflections on glossy surfaces, 
tend to cause gradual transitions or, in other words, diffuse edges, whereas object 
edges as a rule are sharp. Gevers and Smeulders used in [1] the dichromatic reflection 
model to analyze various RGB-based color models for the invariance to photometric 
effects. We extended these color models in [7] to operate on hyperspectral data and 
obtained a hyperspectral color edge classifier. The drawback of our method is that the 
result depends on the appropriate settings of three threshold values which need to be 
found by trial-and-error. Also, we used the hue color space which is unstable at many 
points near the achromatic axis. The goal of this paper is therefore two-fold. First, 
we derive a theoretical framework which automatically determines a local threshold 
value. Secondly, we derive in theory a color edge classifier which does not require the 
hue color space. 

To that end, we describe the dichromatic reflection model and a camera model 
in section (4.2). The effect of camera white-balancing and varying photometric con
ditions is analyzed in theory for sensor (R,G,B), normalized (r,g) and opponent 
(o,p) color spaces in section (4.3). Using the camera model, the uncertainty caused 
by sensor noise is theoretically determined in section (4.4). This uncertainty is then 
propagated through the color space transforms to the uncertainty in the gradient 
modulus. This result is then statistically analyzed in section (4.5) to derive the lo
cal threshold value for false edge suppression. Finally, an edge classifier is derived 
from these theoretical results. In section (4.6), the proposed method is empirically 
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verified for homogeneously colored objects placed against a paper background. These 
materials are known to satisfy the dichromatic reflection model. 

4.2 Image Formation, Camera Model, Transformed 
Colors and Color Edge Detection 

In this section, a color camera model and the dichromatic reflection model are de
scribed, and the formula for color space transforms and color edge detection are 
specified. These theoretical models and formula will be used throughout the paper. 

4 . 2 . 1 C a m e r a a n d I m a g e F o r m a t i o n M o d e l s 

The following color camera model describes the relation between input signal h at 
position (x, y) and the output signal gn for the nth color channel where n G {R, G, B} 

9(x,y)n =ln •h(x,y)n+d(x,y)n (4.1) 

where d(x,y) denotes the dark current and 7 the electronic gain. For the moment, we 
will ignore the dark current and the notation for position for simplicity. The measured 
input signal h is described in more detail by the dichromatic reflection model [6] as 

hn = mb(n,s) ƒ fn{X)e(X)cb{X)dX + ms(n,s,v) / fn{X)e{X)cs(X)d\ (4.2) 

for hn giving the nth sensor response. Further, cb(X) and cs(X) are the albedo and 
Fresnel reflectance respectively. A denotes the wavelength, n is the surface patch 
normal, s is the direction of the illumination source, and v is the direction of the 
viewer. /„(A) denotes the spectral transmission of the nth color filter and e(A) is 
the spectral distribution of the illuminant. Geometric terms mb and m8 denote the 
geometric dependencies on the body and surface reflection respectively. A matte 
object is described by the body reflection alone, a shiny object by both the body and 
surface reflection. 

4.2.2 Transformed Colors and Color Edge Detection 

Based on the measured RGB values, the normalized red and green color values r and 
g are computed as 

r = R/(R + G + B) (4.3) 

g = G/(R + G + B) (4.4) 

The opponent colors red-green o and yellow-blue p are computed as 

o = (R-G)/2 (4.5) 

p = B/2-(R + G)/4 (4.6) 

Following the color transformation, the color planes of an image are differentiated in 
the x and y direction using the Prewitt masks 
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giving an estimation of the gradient as f ^jf, |r* j , respectively. Here, Ci is the notation 
for particular color planes, for instance for the opponent color space c\ = o and C2 = p, 
for the normalized color space C\ = r and 02 = g and for sensor space c\ = R, a = G 
and C3 = B. The Prewitt operator is adopted merely for its simplicity. 

The modulus of the gradient VF of the color planes is obtained as: 

V F = 
dCi 
dx 

dCi 
dy 

(4.7) 

where N is the dimensionality of the color space. In the next section, the dichromatic 
reflection model and camera model are combined to analyze the transformed color 
spaces for varying imaging conditions. 

4.3 Photometric Invariance 

For a matte object, the normalized colors are invariant to the geometry of the object. 
To see this, the terms m,f,(n,s) and JA /n(A)e(A)c&(A)ciA of equation (4.2) are abbre
viated to raj, and kn respectively. Substitution of (4.2) in (4.1) now gives for a matte 
object 

9n = In (mbkn) (4.8) 

Substitution of (4.8) in (4.3) gives 

r = 
rriblRkn 

mb"jiikR + mbjckG + mbyBkB 
IRKR 

IR^R + 7G&G + IB^B 
(4.9) 

which is independent of m& and thus proves that the normalized red color component 
is independent of shading and of the geometry of the object. A similar argument 
holds for the normalized green color. 

To derive independence of specular reflection for color spaces, it is required that 
the surface reflection part of (4.2) yields equal values for the RGB channels. In [7], 
we obtained this result for a hyperspectral camera assuming narrow bandwidth color 
filters. Gevers obtained this result for a RGB camera in [1], assuming a "white" light 
source such that e(A) = e. In this paper, we propose a more realistic scheme for 
the RGB camera by assuming that the camera is properly white-balanced. White-
balancing can be achieved by pointing the camera to a white reference object such that 
the viewing direction and object surface normal coincide. If the white reference is flat 
such that mt>(n, s) = c m , and if the reference object is matte such that ms(n, s, v) = 0 



4.4. Error Propagation 55 

and further if the reference object is white or gray such that c6(A) = cc, then this 
reference object is described by the dichromatic reflection model of (4.2) as 

hn = cmcc ƒ fn(X)e{X)d\ (4.10) 

The gain parameters j R , j G , j B of (4.1) are now tuned such that the three color 
channels produce equal output: 

iRhn = jGhG = JBIIB (4.11) 

This way white-balancing is achieved. 
Further, the neutral interface reflection model assumes that the Fresnel reflectance 

has a constant value over for all wavelengths in the visible spectrum so that cs(A) = cs. 
For a specular reflection at a certain position, viewed at some angle, ms(n, s, v) = cv. 
The surface reflection term of (4.2) can now be written as 

h'n = cscv f fn(\)e(\)d\ (4.12) 

As a consequence of the white-balancing operation, we have that 

lah 'R = 7ch'G = JB h'B (4.13) 

The resulting terms jnh'n have equal values and thus specularities yield equal values 
for the RGB channels. 

Assuming neutral interface reflection and a white-balanced camera, the opponent 
colors are invariant to the highlights reflected by a shiny object. To see this, the term 
mb(n, s) Jx fn(X)e(X)cb(\)d\ of (4.2) is abbreviated to j n . Assuming neutral interface 
reflection, the term ms(ft, s,v)cs fx fn(X)e(\)d\ is abbreviated to j ' n . Equation (4.2) 
now rewrites to 

9n=-ynUn+j'n) (4.14) 

Using (4.13) and substituting (4.14) into (4.5) gives 

O = 1RÜR+ j'R) - JG (JG + JG) 

= IRÜR) + 1R (j'n) - 7G ÜG) - 1G (JG) 

= JRUR) -JGUG) (4.15) 

Since (4.15) is independent of specularities j ' n , it is proven that the opponent red-
green color is independent of highlights reflected by the object. A similar argument 
holds for the opponent yellow-blue color. 

4.4 Error Propagation 

In this paper, RGB values are measured with a color CCD camera. The goal of this 
section is to investigate how measurement uncertainties in the RGB values propagate 
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through the color space transforms and color edge detection method to the uncertainty 
in the gradient modulus. 

The result of a measurement of a quantity u is stated as 

ü = ue ± ou (4-16) 

where ue is the best estimate for the quantity u and ou is the uncertainty or error 
in the measurement of u. Suppose that u,• • • ,w are measured with corresponding 
uncertainties <ru, • • • ,aw, and the measured values are used to compute the function 
q(u, • • • ,w). If the uncertainties in x, • • • ,z are independent, random and relatively 
small, then the predicted uncertainty in q [8] is 

(4.17) 

where dq/du and dq/dw are the partial derivatives of q with respect to u and w. In 
any case, the uncertainty in q is never larger than the ordinary sum 

da dq , 
°q < TT CT« + --- -ir- uw (4.18) 

ou ow 
if and only if the uncertainties cru,-- • ,aw are relatively small. 

Modern CCD cameras are sensitive enough to be able to count individual photons. 
Photon noise arises from the fundamentally statistical nature of photon production 
because a different number of photons will be counted for two different recordings 
during the same time interval t. The probability distribution for counting p photons 
during T seconds is known to be Poisson. For a Poisson distribution, the average 
number of photons measured by an image sensing element at position (x:y) is given 
as 

if(x,y) = pt±y/pt (4.19) 

where p is the rate of photons measured per second. Our aim is to analyze how the 
uncertainty a/ = y/pt propagates to the uncertainty in transformed color coordinates. 

To determine the uncertainty associated with a measured gray value, the number 
of electrons, or sensitivity S, necessary to change from one brightness level to the 
next is given by van Vliet [3] as 

S = I / 7 (4.20) 

The sensitivity can be measured as follows: After compensating for the dark-current 
offset, the camera output is given by 

gfay) = 7- f(x,y) (4.21) 

Substitution of the measured number of photons and the associated uncertainty of 
(4.19) in (4.21) gives 

g(x,y)=y(pt±Vpt) (4.22) 
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Using the mean g = 7 • pt and standard deviation ug = 7 • y/pi of a region with 
homogeneous pixel values, the sensitivity S for a particular CCD camera is derived 
as [10] 

s = ïir (4-23) 
From (4.22) follows that the uncertainty in the number of photons measured at an 
arbitrary pixel g{x,y) is given by 

M*>2/) = V ^ § ^ (4.24) 

Under the assumption that the dark-current noise ad and photon noise ap are inde
pendent, the total amount of noise an for a certain pixel value is 

°n(x,y) = y/*J+aj (4.25) 

The uncertainty of the normalized coordinates is found by substitution of (4.3) 
and (4.4) into (4.17) as 

Or = 
_ lK2(a2

B+al) + (B + Gyai 
(B + G + R)4 (4.26) 

_ GHa%+a>R) + (B + R)^ 
°9 ~ V {B + G + RY <4"27) 

where aR,aG and aB denote the uncertainty derived by (4.25), and ar and ag repre
sent the uncertainty in the normalized red and green color components, respectively. 
Similarly the uncertainty of the opponent coordinates is given as 

vP=2^4aB+°G + VR (4.28) 

The transformed color components are dependent, e.g. uncertainties that occur in 
the R channel effect both the red-green and yellow-blue components of the opponent 
colors. To propagate the uncertainties from these color components to the gradient 
modulus, the uncertainties are therefore determined using (4.18). To analyze the error 
propagation due to filtering, first consider (4.17). From (4.17) it follows that if a color 
u is measured with uncertainty au and if it is used to compute the product q = Bu 
where B has no uncertainty, then uncertainty q is aq = \B\au. For the Prewitt filter, 
\B\ attains the value 1. From (4.18) it follows that if u,- • • ,w are determined with 
uncertainties au, • • • ,aw and if these values are used to compute q = Bu-\ \- Bw, 
then <rq is never larger than their ordinary sum aq < \B\au + • • • \B\aw. Consequently, 
the propagation of uncertainty of the Prewitt filter can be implemented by filtering 
the uncertainty planes of the different color spaces with the masks 
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(a) (b) 

Figure 4.1: In (a) the uncertainty due to the dark current (dashed, straight line) 
and the uncertainty due to signal dependent Poisson noise (dashed, curved line) is 
combined according to (4-25) (solid line). In (b) the standard deviation o> for the 
normalized red color is plotted. For both graphs, G = B = 0 and 0 < R < 255. The 
sensitivity S is set to 8. 
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which gives the uncertainties in the gradient Odc/dx a n d o-gc/gy, respectively. 
The uncertainty in the gradient modulus of (4.7) is determined using (4.18) as 

0"VF < 
J2j [{da/dx) • odCi/dx + (dcj/dy) • Qda/dy] 

x/E, [(dci/dx) + (da/dy)] 
(4.29) 

where i is the dimensionality of the color space. This way, the effect of measurement 
uncertainty due to photon noise is propagated through color space transforms to the 
computation of the color gradient. 

4.5 Parameter-Free Color Edge Thresholding and 
Classification 

In this section, first a method is presented for parameter-free, local threshold value 
selection. Secondly, a color edge classifier is proposed. 
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4.5.1 Parameter-Free Edge Thresholding 

From (4.29) the uncertainty associated with the gradient modulus is known. Color 
edges are thresholded taking this uncertainty into account. Consider that the gradient 
modulus is computed for a homogeneously colored patch. These modulus values will 
all be approximately equal to zero. Each gradient modulus VF(u,v) has an associ
ated uncertainty a^F(u,v). Since the patch is homogeneously colored, the individual 
uncertainties a^F(u,v) have all approximately equal values. In most experiments, if 
the number of measurements is increased, the distribution of the measurements be
gins to take on some definite shape. The limiting distribution for measuring photons 
using a CCD camera is known to be Poisson. If the average number of counts is large, 
then the Poisson distribution is well-approximated by the Gauss distribution [8]. For 
a Gaussian distribution 99% of the values fall within a 3a margin. If a gradient 
modulus would be detected which exceeds 3a^F we assume that there is 1% chance 
that this gradient modulus corresponds to no color transition. Thus, given a gradient 
modulus and its associated uncertainty, we propose to assign this gradient as a color 
transition if the gradient modulus exceeds 2>a^F: 

Note that the method is essentially different from classical edge thresholding tech
niques where a global threshold value is found by a e.g. trial-and-error procedure. In 
contrast,(4.30) derives a local threshold value. 

Consider two simple examples to clarify this. Suppose that two neighboring pixels 
have normalized red values of 180 and 200 and that the uncertainty associated with 
these values is equal and (7 = 1, say. Suppose that the gradient modulus is simply 
computed as the difference between the two values and so V F = 20, and that the 
uncertainty is computed by summation and thus a^F = 2. Since in this example 
V F > 3crVF the gradient is classified as an edge. Secondly, suppose that due to low 
intensity one of the color values has a = 20. The gradient modulus is still V F = 20 
but this time the associated uncertainty is G^F = 21. As in this example V F < 3<TVF 

the gradient is not classified as an edge. The examples show that if color values are 
detected with a high uncertainty, there is a lesser probability that the gradient is 
classified as an edge than if the colors are detected with a low uncertainty. 

4.5.2 Color Edge Classification 

In sec. (4.3), the effect of varying imaging circumstances was analyzed in theory 
using the dichromatic reflection model for sensor, normalized and opponent color 
space. As a result of this varying dependence on photometric conditions, the gradients 
VSens> V r p , Vopp computed from sensor, normalized and opponent colors respectively, 
are invariant or sensitive to these photometric conditions. The taxonomy is given in 
Table (4.5.2). Based on this gradient taxonomy, we propose a color edge classifier as 
follows: 

if ( VCsens(x,y) ) and ( not VCnorm(x,y) ) and ( \7Copp(x,y) ) 
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geometry/shadow highlight material 
VSens + + + 
V norm + 

Vopp + " + 

Table 4.1: Taxonomy of color edges, - denotes invariant and + denotes sensitivity. 

then classify VCsens(:c,y) as shadow or geometry edge 
else if ( VC8ens(x,y) ) and ( VCnorm(x,y) ) and ( not VCopp{x,y) ) 
then classify VCgens^y) as highlight edge 
else if ( VCsen8(x,y) ) and ( not VCnorm{x,y) ) and ( not VCopp(x,y) ) 
then classify VCSQTXS(x,y) as material edge 

The proposed method thus distinguishes edges of the following types: (1) shadow or 
geometry edges, (2) highlight edges, (3) material edges: 

4.6 Experiments 

The experiments are performed using a Sony 3CCD color camera XC-003P, Matrox 
Corona Frame-grabber, and four Osram 18 Watt "Lumilux deLuxe daylight" fluores
cent light sources. 

4 . 6 . 1 E s t i m a t i o n o f G a i n a n d D a r k C u r r e n t U n c e r t a i n t y 

26 images are taken of a white reference while varying the lens aperture such that each 
image has a different intensity as shown in figure (4.2). Another image is taken with a 
closed camera cap to establish the dark current. Goal of the experiment is to estimate 
the values of the gain parameters and the value of the dark current variance (3.13). 
The measured dark current is 0.5 ± 0.5. Because of this low value for both the dark 
current and standard deviation o~d, it is assumed that the dark current is suppressed 
internally in the camera and therefore the obtained ad is unreliable. Instead, the Od 
will be estimated from the series of intensity images. 

Fitting three lines through a common origin yield an electronic gain of gn = 0.040, 
°f QG = 0.014, of gB = 0.021 and d\ — 2.7. As an indicator of how well the variance 
and intensity fit a straight line consider the correlation coefficient r. For the red 
channel, r = 0.995, for green r = 0.990 and for blue r = 0.984. Since these values 
are close to 1, it is empirically verified that there exists a linear relation between 
the measured variance and the average image intensity and thus (3.13) is valid. The 
experiment shows how the parameters for the dark current and the gain are estimated 
for a photon limited camera system 
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Figure 4.2: Visualization of the fitted lines var(In) = ^nIn+crl Diamonds correspond 
to the red color channel, squares to green and circles to blue. 

4.6.2 Parameter-Free Thresholding and Classification of Color 
Edges 

For the experiment, an image is taken of two homogeneously colored red and green 
plastic toys against a blue paper background. Lee et al. [2] showed that these materials 
satisfy the dichromatic reflection model. The scene is shown in fig. (4.3a). The red 
object shows two circles enclosing a number of small specularities. A homogeneous, 
almost black, region is visible at the right hand side of the green toy which is caused by 
shading. The edge map computed in the normalized color space is shown in fig. (4.3b). 
The normalized color is sensitive to highlights, and as a result the specularities at the 
red object show up in the edge map. The normalized color space is sensitive to noise 
for dark colors which can be seen in fig. (4.3c) which depicts the uncertainty map of 
the gradient modulus. The bright regions which correspond to high ay values occur 
in the dark, shaded regions. As a result, many edges appear in the shaded region next 
to the green object of fig. (4.3c). In the image shown in fig. (4.3d), the normalized 
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edge map is thresholded using a global threshold value. As the result shows, the 
specularities on the red cup have gradient moduli below the threshold value, whereas 
the noise edges in the shaded region have gradient moduli values which exceed the 
threshold value. The experiment shows the inappropriateness of the use of a global 
threshold due to the instability of normalized colors for low intensity color values. 

(a) Image (b) V n 

(c) <7V (d) Thresholded 

Figure 4.3: Edges in normalized (b) color space, and the associated uncertainty (c). 
In (d), the result of manual global thresholding. See also the color plate at page 125. 
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The result of automatic and local thresholding is shown in fig. (4.4a) for the gra
dient computed in sensor space. The image shows that many false edges are correctly 
suppressed while edges caused by material, geometry and specularity transitions are 
retained. Fig. (4.4b) shows the result of the experiment for normalized color space. 
Here, automatic local thresholding correctly discards the edges present in the edge 
map of fig. (4.3b) while retaining the highlight edges on the bottom of the red cup. 
Note that the color transition on the right of the square box is too weak to be classified 
as an edge due to the neighboring region which has highly uncertain normalized color 
values. Fig. (4.4c) shows the result of automatic local thresholding for opponent color 
space. As expected, the color space is invariant for highlights, which consequently 
do not show up in the edge map. Finally, in fig. (4.4d) the result of automatic edge 
labeling is shown. Black edges correspond to highlight edges, red edges to material 
transitions, and blue edges to geometry changes. The experiment is repeated for the 
image shown in fig. (4.5). The result of automatic local thresholding is shown in fig. 
(4.6a-c). Again, most of the edges in fig. (4.6d) are classified correctly. 

4.7 Discussion 

In this paper, we analyzed in theory the effect of the propagation of signal dependent 
sensor noise on the computation of the gradient modulus and we analyzed the effect 
of varying photometric conditions in sensor, normalized and opponent color spaces. 
Combining the results, an edge classifier was derived which automatically discards 
false edges and which classifies the remaining photometric-based edges in the following 
types: (1) a shadow or geometry edge, (2) a highlight edge, (3) a material edge. The 
proposed method was empirically verified on homogeneously colored objects placed 
against a paper background. These materials are known to satisfy the dichromatic 
reflection model. 

Bibliography 

[1] T. Gevers and A. W. M. Smeulders. Color based object recognition. Pattern 
Recognition, 32:453-464, March 1999. 

[2] H. Lee, E. J. Breneman, and C. P. Schulte. Modeling light reflection for computer 
color vision. IEEE Transactions on Pattern Analysis and Machine Intelligence, 
12(4), April 1990. 

[3] J. C. Mullikin, L. J. van Vliet, H. Netten, F. R. Boddeke, G. van der Feltz, 
and I. T. Young. Methods for ccd camera characterization. In H. C. Titus 
and A. Waks, editors, Image Acquisition and Scientific Imaging Systems, volume 
2173, pages 73-84. SPIE, 1994. 

[4] S. J. Sangwine and R. E. N. Home, editors. The Colour Image Processing Hand
book. Chapman & Hall, 1998. 



6 4 C h a p t e r 1. Paramctcr-Free Thresholding and Classification of Color Edges 

(a) Vsens (b) Vnorm 

(c) V o p p (d) Classified Edges 

Figure 4.4: Results of automatic local thresholding in sensor (a), normalized (b) and 
opponent (c) color space. Figure (d) shows the result of color edge classification. Here, 
black edges are highlight edges, blue edges are geometry or shadow edges, red edges are 
material transitions. 

[5] G. Sapiro and D. L. Ringach. Anisotropic diffusion of multivalued images with 
applications to color filtering. IEEE Transactions Pattern Analysis and Machine 
Intelligence, 5(11):1582-1586,1996. 



Bibliography 65 

Figure 4.5: Color image for which automatic edge thresholding and automatic edge 
classification results are given in figure (4-6). See also the color plate at page 125. 

[6] S. A. Shafer. Using color to separate reflection components. Color Research 
Applications, 10(4):210-218, Winter 1985. 

[7] H. M. G. Stokman and Th. Gevers. Hyperspectral edge detection and classifica
tion. In The Tenth British Machine Vision Conference, volume 2, pages 643-651, 
Nottingham, September 13-16 1999. 

[8] J. R. Taylor. An Introduction to Error Analysis. University Science Books, Mill 
Valley, CA, 1982. 

[9] W. H. Tsang and P. W. M. Tsang. Suppression of false edge detection due 
to specular reflection in color images. Pattern Recognition Letters, 18:165-171, 
1997. 

[10] Ian T. Young, Jan J. Gerbrands, and Lucas J. van Vliet. Fundamentals of Image 
Processing. Delft University of Technology, 1995. 

[11] W. Zhang and F. Bergholm. Multi-scale blur estimation and edge type classifica
tion for scene analysis. International Journal of Computer Vision, 24(3) :219-250, 
1997. 

[12] D. Ziou and S. Tabbone. Edge detection techniques - an overview. Pattern 
Recognition and Image Analysis, 8(4):537-559, 1998. 



66 Chapter 4. Parameter-Free Thresholding and Classification of Color Edges 

(a) Vsens (b) Vnorm 

(c) V o p p (d) Classified Edges 

Figure 4.6: Results of automatic local thresholding in sensor (a), normalized (b) and 
opponent (c) color space. Figure (d) shows the result of color edge classification. Here, 
black edges are highlight edges, blue edges are geometry or shadow edges, red edges are 
material transitions. See also the color plate at page 125. 



Chapter 5 

Robust Photometric Invariant 
Segmentation of 
Multispectral Images * 

Abstract 

Our aim is to detect homogeneously colored regions invariant to surface orientation 
change, illumination intensity, shadows and highlights in multispectral images, robust 
against sensor noise. Therefore, different polar angle representations of a spectrum are 
examined for invariance to these photometric effects using the dichromatic reflection 
model. Based on the CCD-camera sensitivity, a theoretical expression of the certainty 
associated with the polar angular value under the influence of noise is obtained. The 
expression is employed by the segmentation technique to become robust against sen
sor noise. We verify empirically that uniformly colored regions are detected by the 
proposed method invariant to surface orientation change, shadows and highlights. 

5.1 Introduction 

Multispectral imaging has received a great deal of attention recently. Spectral imaging 
is used, for example, in remote sensing, computer vision, and industrial applications. 
Spectral information has become an important quality factor in many industrial pro
cesses because of its high accuracy [8]. Spectral images can be obtained, for example, 
by a CCD-camera with narrow-band interference filters [10]. Tominaga [20] [21] de
scribes two generations of a multichannel vision system based on the use of a CCD-
camera and six color filters to reconstruct the surface spectral reflectance and illu-
minant spectral power distribution. Baronti et al. [2] uses a multispectral imaging 
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system for the non-invasive analysis of works of art. Haneishi et al. [7] uses five color 
filters for archiving spectral images of art works. 

In the past, various color image segmentation methods have been proposed which 
do not account for the image formation process [5] [14]. Drawback of these color seg
mentation methods is that the values of the color features, on which the segmentation 
method relies, depend on the geometry of the object, the viewpoint of the camera and 
on the illumination conditions. As a consequence, the obtained segmentation results 
may be affected negatively by shadows, shading and highlights. In contrast, image 
processing methods that account for the process of image formation are studied since 
the mid-1980s, see for instance the work collected by Wolff, Shafer and Healey [22]. 
Here, Shafer [18] presented the dichromatic reflection model, a physical model of re
flection which states that two distinct types of reflection - surface and body reflection 
- occur, and that each type can be decomposed into a relative spectral distribution 
and a geometric scale factor. Klinker et al.[12] developed a color segmentation algo
rithm based on the Shafer's model. The method is based on evaluating characteristic 
shapes of clusters in red-green-blue (RGB) space followed by segmentation indepen
dent of the object's geometry, illumination and highlights. To achieve robust image 
segmentation, however, surface patches of objects in view must have a rather broad 
distribution of surface normals which may not hold for objects in general. 

Healey[9] proposed a method to segment images on the basis of normalized color. 
However, Render [11] showed that normalized color and hue colors are singular at some 
RGB values and unstable at many others. For instance, the essential singularity of 
normalized coordinates is at black (R = G = B = 0), whereas for the hue the 
singularity is at the achromatic axis (R = G = B). As a consequence, both color 
spaces become unstable near the singularity where a small perturbation of RGB 
value might cause a large jump in the transformed values. Traditionally, these effects 
are either ignored or suppressed by an ad hoc thresholding of the transformed values. 
For example, Ohta [16] rejects normalized color values if the sum of RGB is less than 
30, and rejects hue values if the saturation times the intensity is less than 9. Healey [9] 
rejects all sensor measurements that fall within the sphere of radius Aa centered at 
the origin in .RGB-space. 

A more elegant strategy to deal with unstable color values would be to generate 
the reliability of a transformed color together with the output and to incorporate 
the reliability in the image processing method. An early effort in this direction is 
the work of Burns and Berns [4]. The authors analyze the error propagation from a 
measured color signal transformed into the CIE L*a*b* color space. In this way, an 
indication is obtained of how the color space transform influences the mean, variance 
and covariance of the colors under the influence of noise. Shafarenko, Petrou and 
Kittler [17] use an adaptive filter for noise reduction in the CIE L*u*v* space prior to 
3-D color histogram construction. The filter width depends on the covariance matrix 
of the noise distribution in the CIE L*u*v* space. 

Our aim is to detect homogeneously colored regions invariant to surface orientation 
change, illumination intensity, shadows and highlights in multispectral images, robust 
against sensor noise. The contribution of this paper is two-fold: 
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1. We propose two polar coordinate models to encode spectra and analyze these 
models for invariance for photometric effects using the dichromatic reflection 
model. 

2. We propose computational models for estimating the effect of sensor noise on 
the stability of the polar coordinates. The expression of the reliability of the 
polar coordinate representation is incorporated in the segmentation method. 

The segmentation method is derived from the physics-based dichromatic reflection 
model. This makes it possible to characterize what kinds of images are likely to be 
segmented successfully by our algorithm. The model describes the reflection of ma
terials which are optically inhomogeneous. In that case the light interacts with a 
medium that causes the bigger component of surface matter, as well as with particles 
of a colorant to produce scattering and coloration. Many common materials have 
these characteristics, including most paints, varnishes, paper, ceramics, and plastics. 
Therefore, we anticipate that images of objects of these materials are properly seg
mented by the proposed method. As a consequence, the proposed method is unsuited 
for homogeneous materials. 

The paper is organized as follows: In section 5.2, the dichromatic reflection re
flection model and a camera model are described in detail. In section 5.3, distance 
measures are proposed and examined for photometric invariance. In section 5.4 the 
effect of sensor noise is propagated through the polar angle representations of spectra. 
The photometric invariant region detection methods are described in section 5.5. In 
section 5.6, the theoretical estimated uncertainty in polar angular representation is 
compared empirically to the real uncertainty. Experiments are carried out to evalu
ate the invariance to photometric effects of the proposed segmentation methods. A 
discussion is given in section 5.7. 

5.2 Reflection and Camera Models 

In this section, we discuss a camera and image formation model. Based on the models, 
we examine clusters shapes drawn by uniformly colored objects in multispectral color 
space. 

5 . 2 . 1 M u l t i s p e c t r a l I m a g i n g 

Over the past few years, new imaging sensors have become available commercially. 
Optical Insights Ltd. introduced the "MultiSpec Imager". The device is mounted 
to a monochrome CCD-camera and contains four different color filters. Four differ
ent filtered two-dimensional images are then projected onto the monochrome CCD 
grid. Further, Spectral Imaging Ltd. introduced the Imspector V7 spectrograph. A 
spectrograph transforms the monochrome CCD-camera to a line scanner: One axis 
displays the spatial information, whereas along the other axis the visible wavelength 
range is displayed. In this paper, the Jain CV-M300 camera is used with 576 pixels 
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along the optical axis. We use the Imspector V7 spectrograph with shortest observ
able wavelength of 410 nm and longest wavelength of 705 nm. Setting the wavelength 
interval to 5 nm, the number of spectral samples obtained is 59. The pixels at po
sition (x, A) of image h can therefore be averaged in spectral direction by a uniform 
filter. Let K' = round(576/59). If K' is odd, then the size of the filter K = K', else 
K = K' - 1 The averaged spectral image h' is 

h'(x,X) = - J2 h(x,\i) (5.1) 
i=yx-[K/2\ 

5.2 .2 C a m e r a and Image Formation Mode l s 

We use a linear camera model to describe the relation between input signal h at 
position (x, A) and the output signal c as 

c(x, A,) = 7J/I(X, \i) + d(x) (5.2) 

where d(x) denotes the dark current independent of the wavelength and ji denotes 
the camera gain for the ith color channel. For the moment, we ignore the dark current 
for notational simplicity. For the same reason, the notation for position is left out of 
the equations. The camera gain may further be refined as consisting of two terms 

7» = 7e • lw,i (5.3) 

where 7e denotes the electronic gain and jWji denotes the white-balancing gain. 
For inhomogeneous, dielectric materials, the measured input signal h of (5.2) is 

described by the dichromatic reflection model. Consider an image of an infinitesimal 
surface patch. Using Ar narrow-band filters with spectral sensitivities given by fi(X), 
the measured sensor values are given as: 

h(\i) = mb(n,s) ƒ fn{X)E(X)cb{X)dX + ma(H,s,v) f fn(X)E(X)c8(X)d\ (5.4) 

for h(Xi) denoting the sensor response for the the ith wavelength. E(X) denotes the 
spectral power distribution of the incident light, n denotes the surface patch normal, 
s is the direction of the illumination source, and v is the direction of the viewer. 
I\ fn(X)E(X)cb(X)dX and JA /n(A)£(A)cs(A)dA are constants depending on the surface 
albedo c&(A) and Fresnel reflectance cs(X). Geometric terms mj, and rns denote the 
geometric dependencies on n, s, v. In this paper, we make no specific assumptions for 
functions ra& and ms but simply require that 

0 < mb{n, s), ms(ft, s, v) < 1 (5.5) 

It is important to observe that (5.5) captures one of the attractive features of the 
dichromatic reflection model: the model is far more general than typical models used 
in computer vision and computer graphics, and includes most such models as special 
cases. For instance, a possible instantiation of m;, is Lambert's cosine law (then 
ms = 0 ) . Similarly, a possible instantiation of both m& and ms is Phong's model for 
specular reflection [3]. 
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5 . 2 . 3 W h i t e - B a l a n c i n g 

According to (5.4), a matte, white reference standard with constant spectral response 
can be described taking Q>(A) = 1 and mb(n,s) = 1. Furthermore, assume the camera 
is not white-balanced so j W ) i = 1, say, for all color channels i. The measured sensor 
values are obtained substituting the body reflection of (5.4) in (5.2) as 

w{\i) = 1 jfi(X)E(X)d\ (5.6) 

for w denoting the sensor response for the white matte reference standard. The gain 
parameter yWji of (5.3) is adjusted, either by the white-balancing procedure of the 
CCD-camera or else manually, as 

1 
lw,i = —TT-T (5.7) 

The output of a white-balanced camera system is now described by substitution of 
(5.4) in (5.2) as 

( ,_mb(n,s)SxU{\)E{\)cb(\i)d\ ms(n,s,v) fx /i(A)g(A)cs(A,)rfA 
[ t ) - fxfi(X)E(x,\)d\ + Jxfi(X)E(X)dX ( 5 > 8 ) 

Under the assumption of neutral interface reflection where the spectral distribution 
of the reflected light is independent of the wavelength cs(Xi) = cs, the specular term 
of (5.8) rewrites to 

ms(n, s,v) Jx fn(X)E(X)cs(Xj)dX 
Jxfn{x)E{x)dx = ms(n,s,v)cs (5.9) 

making the surface reflection term of (5.4) independent of the spectral distribution of 
the light source. Due to the white-balancing operation and the neutral interface re
flection assumption, the color channels c(Aj) produce equal output when a achromatic 
object is imaged. From (5.9) also follows that the direction of spccularities coincides 
with the direction of the achromatic axis. 

Assume that the filter /,(A) is a narrow band filter modeled as a unit impulse that 
is shifted over i wavelengths: The transmission at A* = 6 and zero elsewhere. Under 
neutral interface reflection, (5.8) rewrites to 

c(Aj) = mb(n,s)cb(Xi) +ms(n,s,v)cs (5.10) 

making the body reflection term of (5.4) independent of the spectral distribution of 
the light source. In vector notation, a spectrum is denoted as 

c = rnb(n, s)cb + ms(n, s, v)cs (5.11) 

The vectors n,s,v are three-dimensional. The vectors c,cb,cs are iV-dimensional, 
with Ar the number of samples taken in the wavelength range. 
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white 

Figure 5.1: The half-ray D is drawn by a matte surface in RGB-space. Similarly, the 
triangularly-shaped plane defined by B and S is drawn by a shiny surface in RGB. 

5.2.4 Cluster Shapes in Sensor Space 

Consider the camera output for a white-balanced RGB camera described in (5.10). 
For a matte surface, the observed color depends on cj,(Aj). The observed colors of 
a matte, dull surface can therefore be represented by the color cluster vector B, see 
figure (5.1), where the direction of B is based on Q>(A(). 

The intensity of the color depends on the geometrical term m\j{n,s). A uniformly 
colored surface may give rise to a broad variance of sensor values due to the varying 
circumstances induced by the image-forming process such as a change in object ori
entation, illumination intensity and position. Therefore, the extent of B is based on 
rrib{n, s). Since no negative sensor values occur, a precise description of the cluster B 
is the notion of a half-ray. 

For a shiny surface under neutral interface reflection, the observed color depends 
on both terms Q>(AJ) represented by color cluster vector B and unit vector cs corre
sponding to the vector S, see figure (5.1). The intensity of S is affected by the surface 
geometry and viewing direction. According to (5.4), for a given point on a. shiny 
surface, the contribution of the body reflection B component and specular reflection 
component S add up. Hence, the observed colors of the shiny surface must be in a 
plane. The triangularly-shaped plane is spanned by vectors B and S. The cluster 
shapes derived this way for a RGB camera also hold for a multispectral camera. 
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5.3 Photometric Invariant Distance Measures 

In the previous section it was shown that uniformly colored matte objects draw half-
rays in multispectral color space due to changes in the surface orientation, illumination 
intensity and shading. Due to specularities, shiny objects draw triangularly-shaped 
planes in multispectral space. For photometric invariant region detection, we aim to 
model the shape of the clusters as either a half-ray or a triangularly-shaped plane. 
A measured spectrum is then assigned to one of these clusters based on the minimal 
distance of the spectrum to the clusters. In this section, we therefore investigate 
different distance measures. 

5 . 3 . 1 C o m b i n e d A n g l e a n d M a g n i t u d e D i s t a n c e 

Androutsos et al. [1] recently proposed a combination distance measure which is com
posed of an angle and magnitude component: 

8{xuxj) = 1 - i « / Xj_ " X-

1 arccos 7T \\Xi\\Xj 

— I •*-> 7. w l' | 

V3-255 2 . 
(5.12) 

angle magnitude 

where aft and Xj are three-dimensional color vectors. Consider two RGB color spectra 
belonging to matte objects which can be described by the dichromatic reflection model 
(5.10). The spectra are denoted P and Q. Our aim is to analyse the photometric 
invariance of the distance measure of (5.12) between P and Q. Assuming arbitrary 
values for the geometry, mb(n, s) = a, the spectrum P is abbreviated to 

P = a[ cp(R) cp(G) cp(B) f (5.13) 

Similarly, spectrum Q is denoted as 

Q = P[ CQ(R) CQ(G) CQ(B) } r (5.14) 

Substitution of P and Q into the angle component of (5.12) gives 

1 - - arccos f cHfl)cq(fl) + cP(G)cQ(G) + cP(B)cQ(B) 

\y/CP{R) + 4(G) + <?P(B)y/<%(R) + 4(G) + 4(B) 
(5.15) 

independent of the geometry terms a and /?. However, multiplication with the mag
nitude component gives 

1 [(acp(R) - f3cQ(R))2 + (acp(G) - 0CQ(G))2 + (acP(B) - /?cQ(B))2]1 / 2 

VS • 2552 

(5.16) 

dependent of the geometry terms a and /?. As a result of multiplication, the combi
nation distance measure is unfit for photometric invariant segmentation (which the 
authors did not claim anyway). 
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5.3.2 Dis tance from a Point to a Line 

Let P denote a A~-dimensional vector. For a matte surface, the spectrum P for a 
constant value of rnb(n, ï?) = k is described as 

c = kcP (5.17) 

Let I be a line passing through the origin and through a vector R denoted as 

t = aR (5.18) 

where the variable a can be thought of as corresponding to the geometry function 
rrib{ri,s) thus 

i=mb{n,s)cR (5.19) 

Let Q be a point on t such that P - Q _L L Q is found as 

The shortest distance d(P,t) is the Euclidean distance between P and Q: 

d(P^ = d(P,Q) (5.21) 

For the analysis of photometric invariance of distance measure (5.21), the point Q 
is to be obtained. Substitution of the expressions (5.17) and (5.18) into (5.20) yields 

=. _ fkbcp-cR\ 
Q = cR[ ——— (5.22) 

\ cR-cR J 

giving Q independent of the geometry term a = mb{n, s) of the line Ï. We have thus 
established the important property that the distance between P and £ is independent 
of the geometry of the object whose spectra draw the line I in the multispectral space. 
As a consequence, the distance from spectrum P to a line I is photometric invariant 
for the geometry of the object. The obtained result does not depend on independence 
of the spectral distribution of the illumination obtained by (5.9). Therefore, similar 
arguments hold for cameras that are not white-balanced, as well as for broad-band 
cameras. 

5.3.3 Dis tance b e t w e e n Chromatic i ty Polar Angles 

Spectra can be transformed into polar coordinates. To define polar coordinates 
descriptors, the origin O and a positive horizontal axis are fixed. Then each N-
dimensional point P can be located by assigning to it polar coordinates (p, 6) where 
the one-dimensional term p gives the distance from O to P and the (iV-l)-diniensiorial 
term 6 gives the angles from the initial axis to P. 
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A spectrum is transformed to polar coordinate representation as 

Pt = \c\ (5.23) 

0c(\i) = a r c t a n ( ^ - ^ - V 1 < i < N - 1 (5.24) 

where pt encodes the intensity of the spectrum and Qc(\i) the chromaticity of the 
spectrum. 9c(Xi) takes on values in the range 0 < 9C < f. 

For the analysis of photometric invariance of the chromaticity angular represen
tation of spectra, substitution of (5.10) as c(Ai) = mb(n, s)cb(\i) in (5.24) gives 

^ A ' ) = a r c t a n(^) ^ 

independent of geometry term m.b(n,s). 

The quadratic distance, e, between any two M-dimensional vectors of angles §i 
and 9-2 is defined as follows: 

M 

e2(0i,e2) = ^2 (A(9u,92i)f , 0 < 6u,9-2i < 2TT (5.26) 

Here, 6U denotes the ith of M angles for the first vector. The distance &.{6i,6j) takes 
values in the interval [0,2] and is defined as follows: 

HMj) = [(cos(0O - cos(0,-))2 + (sin(^) - s i n ^ ) ) 2 ] 1 ^ (5.27) 

The angular difference A is indeed a distance because it satisfies the following metric 
criteria: 

• A(9i,0j) >Ofora l l0 i and Oj 

• A($i, dj) = 0 if and only if 9{ = 9j 

• A(9i,9j) = A(9j,9i) for all 9{ and 9j 

• A{Oi,0j) + A(9j,6k) > A(di,ek) for all 0it0jt and 0k 

The proof of the first three conditions is trivial. To see the triangular inequality, 
consider two angles 9i, 0j. Define 

9i = [ cos(0i) sin(0i) ]T (5.28) 

and define 0j in similar fashion. Since A(0i}0j) = d{9i,9j) where d denotes the 
well-known Euclidean distance, the triangular inequlity is proven. 

Since chromaticity polar angles are independent of the geometry of the object, 
as was shown in (5.25), the distance between two chromaticity angles is photometric 
invariant as well. 
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5.3 .4 D i s t a n c e from a Point to a P l a n e 

The shape drawn by spectra belonging to a shiny surface is bounded by two vectors 
S and B in JV-dimensional space. For a white-balanced camera, vector S corresponds 
to the achromatic axis. Vector B corresponds to the surface albedo. Both vectors 
emanate from the origin. To achieve photometric invariant segmentation results, we 
examine the distance from a spectrum P to the plane v spanned by these vectors. 

We discuss the case for Ar = 3 in RGB-space. In the RGB color space, v can be 
described by the normal equation of the form v = Q\R-\- Q2G + Q$B = 0 as v passes 
through the origin. Here, the three-dimensional vector Q is obtained as Q = B x S 
where x denotes the outer-product. The distance of P to v is given by 

d(P,v) = Q-P 

Q-Q 
(5.29) 

To examine the photometric invariance of (5.29), consider a shiny surface recorded 
with a white-balanced camera. The spectrum P recorded at the surface is described 
by (5.10). Assuming constant values mt,(n, s) = kb and rns(n, s,v) = ks, the spectrum 
P for a RGB-camera, is 

P = kb[cP(R) cp{G) cp(B) ]T + ks[ 1 1 1 (5.30) 

The plane v is defined by vectors S and B, see figure (5.1). Assuming variable values 
mb(n:^) = /?, vector B is described as 

B = ,8[ cR(R) cB(G) cB(B) f (5.31) 

Similarly the vector S is described as 

S=a[ 1 1 1 ] T (5.32) 

The plane v is determined by the outer-product Q = B x S. It follows that 

Q = Pa[ (cB(G) - cB(B)) (cB(B)-cB(G)) (CB(R) - CB(G)) ) T (5.33) 

giving the parameters for the normal equation of v. Substitution of (5.30) and (5.33) 
into (5.29) gives: 

d(P,v) = 

+ 

(kbcP(R) + ks)(cB(G) - cB(B)) + (kbcP(G) + ks)(cB(B) - cB(G)) 

y/(BG - BBy- + (BB - Be)2 + (BR - Do)2 

(kbcP(B) + ks)(cB(R)-CB(G)) 

V(BG - BB)2 + (BB - BG)2 + (BR - Be)2 
(5.34) 

independent of the geometry term /? = mb(n,s) and specular term a = ms(n,s,v) 
of the plane v. We have thus established the property that the distance between P 
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and v is independent of the geometry of the object whose spectra draw the plane v 
in RGB-space. This is an important observation as the distance from spectrum P to 
a plane v is shown to be photometric invariant for the geometry and specularities of 
the object. 

A drawback of the approach is the following: the plane v is bounded on one side 
by the achromatic axis S, see figure (5.1). Using the distance from a point to a 
unbounded plane therefore has the undesired effect that complementary colors, e.g. 
blue and yellow map on a single plane. Opponent colors will therefore be assigned to 
the same color cluster. To overcome the problem, we propose to compute the distance 
between hue polar angles instead. 

5.3.5 Distance between Hue Polar Angles 

Consider a Ar-dimensional spectrum c defined by (5.10) transformed to polar coordi
nate representation as 

ps = 1 - min{c(Ai), • • • ,c(XN)} (5.35) 

6h = a[ c(Xi) - [1 - Pa], 0(«,JV) ] (5.36) 

where Bh takes on values in the range 0 < 6h < 2TT and where 

W>ty = Trrr'i* (5-37) N-l 3 

and 

a(iM<) = arctan f^l^^ï] > ( 5 . 3 8 ) 

\2J»=i WiCos(6i)J 

The function 0 takes on values in the range 0 < (j>(i,N) < |7r. The function a 
takes on values in the range 0 < a < 2ir. The function denotes the weighted average 
of a series of Ar angles 0t with corresponding weight w*. The average is computed 
by decomposing the angular value into a horizontal and vertical component. The 
saturation of the spectrum is encoded by ps. The angle 6h can be thought of as 
the hue obtained directly from multispectral data. The function <p(i,N) assigns a 
hue-angle to the ith of N spectral samples. The range from 0 • • • 4/3TT is reserved 
for the colors ranging from red through green through blue, so that the range from 
4/37T • • • 2w represents the purplish colors. The choice of 4/3ir is somewhat arbitrary 
but can be defended taking the hue computation into account based on conventional 
red-green-blue colors where a similar division is employed. For example, consider the 
following equation for the hue [13]: 

e = a r C t a n ( ( ^ - i ( ) % B - B ) ) <5-39> 
Equation (5.37) assigns hue-angle 6h = 0 to the red channel, hue-angle 6h = 2/37T to 
the green channel, and 6h = 4/3ir to the blue channel. Let ps = 1 - min{R,G,B}, 



78 Chapter 5. Robust Photometric Invariant Segmentation of Multispectral Images 

then the weights of (5.38) are defined as w\ = R - ps for the red channel, wo = G - ps 

for the green channel, and w^ = D - ps for the blue channel. Substitution of these 
results into (5.36) gives 

= arctan 
(R - ps) sin(O) +(G- ps) sin(2/37r) + (B - ps) sin(4/37r) 

(R - ps) cos(O) +(G-ps) COS(2/3TT) + (D - ps) COS(4/3TT) 

i V 3 G - i \ / 3 B 

= a r C t a n^-|G-lBJ <5'4°> 
identical to (5.39). 

The polar coordinates are illustrated in figure (5.2). The hue polar angle 6h is 
invariant to the geometry and specularities: For a multispectral camera with narrow
band filters, consider substitution of (5.10) in the term c(Aj) - [1 - ps] of (5.36) as 

c(\i) - [1 - ps{x)} = mb(n, s)[cb(Xi) - 1 + cb(Xp)} (5.41) 

independent of specularity term ms(ft,s,v). Moreover, the hue polar angle is inde
pendent of shadows and geometry as the substitution of (5.41) in (5.36) gives 

(EiAcb(K) - cb(XP)}sm[<J>(i,N)) 

\ZL[cb^i)-cb(Xp)]cos[<f>(i,N)} 
h = a r c t a n ^ u w n ^ ^ v ^ / J ^ m > ^ w ; ) (5.42) 

independent of geometric term mb(n,s). Similar arguments hold for the white-
balanced RGB-camera,. 

The distance between two hue polar angles 6h,i,@h,j is computed as A(0h,i,&h,j) 
where A is defined in (5.27). Because the hue polar angle is independent of the 
geometry of the object and independent of shadows and specularities, the distance 
betw-een tw-o hue polar angles is therefore photometric invariant as well. 

5 . 3 . 6 C o n c l u s i o n 

Concluding the results obtained so far, consider table (5.1). The distance from a 
spectrum to a line, d(P: £), and the distance between chromaticity angles, A(6C!i,dcj), 
are both photometrically invariant for the geometry of objects. Similarly, the distance 
from a spectrum to a plane d(P, v), and the distance between hue-angles, A(0hj, @h,j), 
are both photometrically invariant to the geometry and the highlights. However, 
the drawback of the computation of the distance from spectrum to a plane is that 
opponent colors map onto the same plane. Therefore, the angular representation of 
spectra is adopted in the remainder of the paper. In the next section, the effect of 
sensor noise on the angular representations is investigated. 

5.4 Error Propagation 

In general, the result of a measurement of a quantity u is properly stated as 

ü = uc ± au (5.43) 
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>• 0 

-0.5 

Figure 5.2: Polar coordinate representation of a spectrum depicted as a Euclidean 
map. ps encodes the saturation of the spectrum and Oh encodes the hue. The hue 
polar angle forms a half plane emanating from the origin in multispectral space. The 
hue range from 0 • • • 4/37T is reserved for the colors ranging from red (700 nm) through 
green (550 nm) to blue (400 nm). The range from 4/3TT • • • 2ir (dashed part of the hue 
circle) represents purplish colors. 

where ue is the best estimate for the quantity u and au is the uncertainty or error 
in the measurement of u. Suppose that u,- • • ,w are measured with corresponding 
uncertainties au, • • • ,aw, and the measured values are used to compute the function 
q(u, • • • ,w). If the uncertainties in u, • • • ,w are independent, random and small, then 
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Distance 
measure 
6(xi,Xj) 

d(P,i) 
A(£.i,£,i) 

d(P,v) 
A(6>MA.j) 

Equation 
(5.12) 
(5.21) 
(5.26) 
(5.29) 
(5.27) 

Invariant 
to object 

geometry? 
No 
Yes 
Yes 
Yes 
Yes 

Invariant 
to 

highlights? 
-
-
-

Yes 
Yes 

Opponent colors 
map on 

different clusters? 
-
-
-

No 
Yes 

Table 5.1: Taxonomy of photometric invariant distance measures. The first column: 
6(xi,Xj) refers to the combination measure proposed by Androutsos et al. d(P,£) de
notes distance from a spectrum P to a line £, A(#Cj,-,#c,j) denotes distance between 
two chromaticity angular representations, d(P, v) denotes distance from a spectrum 
P to a plane v, and A(0h,i,0h,j) denotes distance between two hue-anglular represen
tations. The second column denotes the invariance to the geometry of an object. The 
third column denotes the invariance to highlights reflected by an object. The fourth 
column denotes whether spectra with opponent colors (e.g. yellow and blue) map onto 
the same plane. 

the estimated uncertainty in q [19] is 

(5.44) 

The uncertainty in q is never larger than the ordinary sum 

8q 
aq < 

8q 
du ou + aw (5.45) 

dw 

These two equations will be used in the next section to propagate uncertainties. 

5.4.1 Propagation of Uncertainties due to Photon Noise 

Modern CCD-cameras are sensitive enough to be able to count individual photons. 
Photon noise arises from the fundamentally stochastical nature of photon production. 
The probability distribution for counting p photons during t seconds is known to follow 
the Poisson distribution. The number of photons measured at pixel x is given by its 
average as 

h{x) = pt±Jpl (5.46) 

Let aa denote the dark current uncertainty. Incorporating aa and the uncertainty of 
(5.46) in (5.2) gives 

c(x) ± ac(x) = ^[pt ± yfpt] + [d(x) ± ad] (5.47) 
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Our interest is in computing ac(x). Let the dark current variance be denoted as 
var(d) = a2

d. Let the average image intensity measured over a homogeneously colored 
patch be I = jpt, then the^ associated variance var(I) = ^'2pt We have the linear 
relation between 7 and var(7) based on [15] as 

var(7) + var(d) = j ! + var(d) (5.48) 

Linear regression among some intensity-variance pairs gives a robust estimation of 
the gain 7. It follows that the uncertainty in the number of photons measured at an 
arbitrary pixel c(x) is given by 

a2
c{x) = [7-c(x)]2 + a2

d (5.49) 

5.4.2 Propagat ion of Uncerta inty 

The uncertainty in a pixel value is propagated to the uncertainty in polar angles as 
follows. First, it is assumed that the pixel values in the spectral image are indepen
dent. Therefore, using (5.45), the uncertainty due to the smoothing operation of (5.1) 
reduces to 

yx + lK/2} 

^'(*>A) = — Y, <?l(xAi) (5.50) 
i=yx-[K/2j 

From (5.10) it follows that the uncertainty in the white-balanced camera output is 

„2t„ \ \ - c2(x,Xi)a'2w(x,Xi)+w2(x,Xi)a
2{x,Xi) 

M M 0 ^X~) ( 5 " 5 1 ) 

where c' denotes the white-balanced camera output and c denotes the observed camera 
output. 

For the general function q(u,v) = aictan(u/v) where the parameters u,v are 
dependent and have associated uncertainties au,av, the uncertainty in output oq is 
obtained using (5.45) as 

aq < va, 
u2 + v'2 + ua, 

u2 + v2 (5.52) 

The function is shown in figure (5.3). Large uncertainties occur if u and v both 
approach the value zero. The polar angles of (5.24) are inter-dependent as each 
angle is obtained by division through the same value 0(\N). The uncertainty in 
chromaticity polar angle of (5.24) therefore follows straightforward from (5.52) by 
substituting u = c(Aj), v = c{\N), and where both au and av are obtained from 
(5.51). 

To obtain an estimate of the uncertainty of the hue polar angle, consider the term 
c(Aj) - [1 - ps] of (5.36). The parameters c(A*) and ps are assumed independent 
because the reflectance factor c(A,) is assumed to be obtained independent from the 
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Figure 5.3: Uncertainty in the function arctan(u/v) as function of u and v. The 
uncertainties o~u and av are set equal to one. Large uncertainties occur if both u and 
v approach the value zero, indicating the instability of the function around the origin. 

reflectance factor ps = 1 - min{c(Ai), • • • ,c(X,\)}. Thus, the resulting uncertainty is 
obtained using (5.44) as 

The uncertainty for the hue polar angle of (5.36) follows from (5.38). The exact num
ber generated by (5.37) has no associated uncertainty, and therefore sm[(f)(i, N)] has no 
associated uncertainty. However, the weights Wi = c(A?) do have uncertainty <rc(Ai), 
again specified by (5.51). The individual terms Wi sin(#j) are considered independent, 
because the reflectance factor Wi = c(Aj) is assumed to be obtained independent from 
the reflectance factor at wavelength Wj = c(Aj). Therefore, the uncertainty of the 
enumerator term u = Yliwi sm($i) i s 

ol=^Wk)'M4>(i*N)])2 (5-54) 
i 

A similar argument holds for the denominator term u = ^liWiCOs(9i) yielding av. 
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The uncertainty for (5.38) is then obtained by straightforward substitution of u,au 

and v,av in (5.52). 
In summary, the uncertainty in the reflectance factors of a spectrum is determined 

in theory by converting a pixel color value into the number of photons counted at that 
pixel. Under the assumption that counting photons follows a Poisson distribution, the 
uncertainty associated with a pixel value is determined. The obtained uncertainty is 
propagated to the uncertainty in the two polar angle representations of the spectrum. 

5.5 Photometric Invariant Region Detection by Clus
tering 

In section 5.2 it was shown that uniformly colored objects of matte material draw half-
rays in RGB and multispectral color space due to changes in the surface orientation, 
illumination intensity, and shading. In section 5.3 it was derived that the distance 
from a spectrum to such half-ray is a photometric invariant. Furthermore, in section 
(5.4), we derived for the i-th spectrum fij, i = 1, • • • ,n that the uncertainty <j, can be 
obtained using (5.51). 

5.5.1 R o b u s t K-means Clustering 

Let a multispectral image consist of spectra c,, i = 1,••• ,n, with corresponding 
uncertainties d{. The well-known if-means clustering method [6] segments the image 
by minimizing the squared error criterion. A clustering is a partition [#!,••• ,VK] 
that assigns each spectrum to a single partition Vj, 1 < j < K. The spectra assigned 
to Vj form the j - th cluster. 

We compute the cluster centre as the weighted average [19]. If M spectra ct with 
corresponding uncertainties ai7 i = 1, • • • ,M, are assigned to a cluster, then the 
weighted average is computed as 

« = % ^ (5.55) 

where the weights are the inverse squares of the uncertainties 

Wi = ^ ^ r (5.56) 
(Ji • at 

Since the weight attached to each measurement involves the square of the corre
sponding uncertainty oi, any measurement which is much less precise than the others 
contributes very much less to the final answer (5.55). With c* the series of M spectra 
assigned to the j - th cluster, and with Vj the wcigthed average of the spectra, the 
squared error for the j-ih cluster is: 

M 

6/ = £W-tiif)-B-trj) (5.57) 
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and the squared error for the clustering is: 

K 

£ 2 = E e ? (5-58) 

The objective of the ÜT-means clustering method is to define, for given K, a clustering 
that minimizes E2 by moving spectra from one cluster to another. 

5.5.2 P h o t o m e t r i c Invariant Segmentat ion 

To obtain photometric invariant region detection, in this paper we propose to cluster 
on K straight lines from the origin. Assume that the iV-dimensional spectrum c 
is described by (5.11) with associated uncertainty ac obtained from (5.51). The 
spectrum is transformed to chromaticity polar angles 0 by (5.24) with associated 
uncertainty GQ obtained from (5.52). 

To cluster in polar angle space, the angular distance of (5.26) replaces (5.57) 
and the weighted angular average of (5.38) replaces (5.55). Given K clusters v, the 
spectrum is then assigned to the closest cluster. In the next step of the clustering 
algorithm, new partitions are obtained by moving spectra from one cluster to another. 
Render [11] pointed out that color space transforms are unstable for sensor input 
values near the singularity. As is clear from (5.52), the instability of the polar angle 
transformation is the drawback of the polar angle representation of the spectrum. The 
instability is dealt with by updating the cluster by the weighted sum as defined by 
(5.38) where the weights Wj are derived by (5.56). In other words, transformed polar 
angles with higher uncertainty contribute much less to the final estimate of the cluster 
than polar angles with small uncertainty. It was shown that the chromaticity polar 
angle representation is invariant to changes in the geometry of a uniformly colored 
object. Therefore, clustering in chromaticity polar angle space yields regions invariant 
to the geometry. In conclusion, using the uncertainties, we obtain segmentation results 
invariant to photometric effects and robust against noise. 

Similarly, to find homogeneously colored surfaces from glossy materials, we cluster 
in the hue polar angle representation. For shiny surfaces, the spectrum is transformed 
to the hue polar angle $h by (5.36) with associated uncertainty a$h obtained from 
(5.52). Given K clusters, the distance from the cluster Vj to the spectrum is derived 
by (5.26). The spectrum is then assigned to the closest cluster Vi. The instability 
of the polar angle transformation is again dealt with by updating the cluster using 
the weighted sum (Equation (5.38)). In other words, transformed polar angles with 
higher uncertainty contribute much less to the final estimate of the cluster than po
lar angles with small uncertainty. In conclusion, it was shown that the hue polar 
angle representation is invariant to changes in the geometry and specularities. There
fore, clustering in hue polar angle space yields regions invariant to the geometry and 
specularities. Using the weighted sum for the updating of cluster centroids achieves 
robustness against noise. 
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Figure 5.4: Visualization of the fitted line var(I) = 7 / + var(d) for the Jain 
monochrome camera. 

5.6 Experiments 

All multispectral images are grabbed using a Jain CV-M300 monochrome CCD-
camera, Matrox Corona Frame-grabber, Navitar 7000 zoom lens and Imspector V7 
spectrograph under 500 Watt halogen illumination. The RGB images are grabbed 
using a Sony 3CCD color camera XC-003P and four Osram 18 Watt "Lumilux deLuxe 
daylight" fluorescent light sources. 

To estimate the values of the electronic gain parameter j e (5.3) and the value of 
the dark current variance of (5.48) for the monochrome camera, 19 images are taken of 
a white reference while varying the lens aperture such that each image has a different 
intensity as shown in figure (5.4). A line is fitted through the intensity-variance data 
yielding an electronic gain of 7 = 0.0069, and dark current variance of a\ = 0.87. 

The RGB-camera, has a white-balancing option. The goal is therefore to establish 
the overall value of the camera gain 7* where i G {R, G, B}. To that end, 26 images are 
taken of a white reference while repeating the procedure to obtain different intensity 
images. The data are shown in figure (5.5). Fitting three lines through a common 
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0 50 100 150 200 250 
Intensity 

Figure 5.5: Visualization of the fitted lines var(Ij) = jili + var(d) where i G {R, G, B} 
for the Sony color camera. Diamonds correspond to the red color channel, squares to 
green and circles to blue. 

origin yield a camera gain of ^R = 0.040, of 7 G = 0.014, of yB = 0.021 and dark 
current variance al = 2.7. 

5.6.1 Propagation of Uncertainties in Transformed Spectra 

Models were proposed in (5.49, 5.50, 5.51) to estimate uncertainties resulting from 
sensor noise in a spectrum for white-balanced camera systems. The goal of the experi
ment is to verify empirically the validity of the equations. Therefore, five multispectral 
images are taken from uniformly colored sheets of paper such that the entire spectral 
image exhibits one single color. The colors are red, yellow, green, cyan and blue. 

Using the gain parameters, the uncertainty in the white-balanced camera output 
<rc(A) can be estimated (5.49). The estimated uncertainties are averaged for each 



5.6. Experiments 87 

color 
red 

yellow 
green 
cyan 
blue 

multispectral 
5(&(\),a{\)) (5.61), Eq. (5.62) 

0.011 ±0.011 
0.011 ±0.011 
0.009 ±0.011 
0.008 ±0.011 
0.006 ±0.011 

Table 5.2: Results differentiated f or the estimated and real uncertainties in reflectance 
factors after the white-balancing operation for multispectral images of uniformly col
ored paper as indicated. 

wavelength over the spatial range as 

1 M 

*e(A) = jjJl^^X) (5.59) 
i-l 

for M pixels along the one-dimensional spatial axis of the multispectral image. The 
real uncertainty is derived from the standard deviation of reflectance factors c(A) over 
the spatial range as 

1 M 

a2{x) = ]ï73ï£(cto>A)- s(A))2 (5-6°) 
where c(A) denotes the average reflectance factor. The absolute difference 6(a(X),a(X)) 
between the real and estimated error is obtained as 

<Kac(A),<rc(A)) = MA)-<7 c (A) | (5.61) 

and then averaged over the wavelength range as 

1 -
*(*,*) = jy 2^(*e(A*WA0) (5.62) 

where iV denotes the number of samples taken in the wavelength range. Due to 
the low sensitivity of the CCD-camera and low transmittance of the illuminant at 
lower wavelengths, the uncertainty is greater at the lower wavelengths than at higher 
wavelengths. The reflectance of a spectrum at a certain wavelength is expressed as 
the reflectance factor c(A) taking on values between 0 and 1. The difference between 
the estimated and real uncertainty in the reflectance factor is given in table (5.2) 
and is approximately 0.01, corresponding to one percent. Therefore, the table shows 
a very reasonable correspondence between the measured and real uncertainty. This 
conclusion can be confirmed visually by examination of figure (5.6). 

The estimation of the uncertainty in the chromaticity and hue polar angles by 
(5.52) is verified empirically in a similar way. The average of a series of M angular 
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Figure 5.6: Yellow paper. Experiment: Comparison of the estimated (dashed line) 
versus the real uncertainty (solid line) of the reflection factors for a yellow paper. 

values 9i, i = 1, • • • , M, with equal weights Wi is computed using (5.38) and is denoted 
0. The standard deviation is computed as 

1 N 

ao = jj—j Y, [*(Wi)]2> 0<d,9i<2n (5.63) 

where A is defined by (5.27). Similarly, the difference A(«70(A), 00(A)) between the real 
and estimated error between chromaticity angles at a certain wavelength is obtained 
using (5.27). The results are averaged over the wavelength range as 

1 
S{ae,ae) = — Y.^oM^eM) (5.64) 

The results of the experiment are given in table (5.3). The dimension of chromaticity 
polar angles is the number of spectral samples minus one. The second column of 
the table specifies the results for the spectrograph. The results are averaged over 



5.6. Experiments 89 

color 
red 

yellow 
green 
cyan 
blue 

rnultispectral 
6{a0,ae) 
0.6 ±0 .8 
0.5 ±0 .7 
1.6 ±2.4 
0.7 ±0 .7 
0.9 ±1 .1 

RGB 
6(a0,ao) 

1.26 
0.01 
0.36 
0.11 
0.07 

Table 5.3: Results differentiated for the estimated and measured uncertainties in chro-
maticity polar angles using (5.64)-

color 
red 

yellow 
green 
cyan 
blue 

rnultispectral 
${°e,vo) 

0.7 
0.4 
2.1 
0.5 
1.7 

RGB 
5{ao,ao) 

1.1 
0.5 
1.8 
0.7 
0.5 

Table 5.4: Results differentiated for the estimated and measured uncertainties in hue 
polar angles using (5.27). 

58 chromaticity angles, therefore the standard deviation is given as well. The third 
column specifies the results for the TüGB-camera averaged over 2 chromaticity angles. 
The chromaticity angles are in the range of zero to 90 degrees, the difference between 
the estimated and real uncertainty is less than one percent. Consequently, there is a 
very reasonable correspondence between the measured and real uncertainty. A more 
detailed example is given in figure (5.7) for the results for the yellow color. 

Similarly, for the hue polar angle, the results are given in table (5.4). The hue 
angles are in the range of zero to 360 degrees, the difference between the estimated 
and real uncertainty is less than one percent. Consequently, there is a very reasonable 
correspondence between the measured and real uncertainty. 

5.6.2 P h o t o m e t r i c Invariant Clustering 

Mul t i spec t ra l Images Figure (5.8a) shows a rnultispectral image of a textile sam
ple. The spectral information is on the vertical axis. The top of the picture corre
sponds to 410 nm, the bottom to 705 nm. The left-hand side of the image is from 
homogeneously red colored textile, the right-hand side is colored green. The structure 
of the textile is visible in intensity fluctuations occurring in otherwise homogeneous 
spectra. The result of clustering in the chromaticity polar angle space is shown in 
figure (5.9). The figure shows how the spectra form half-rays due to the geometry 
changes of the structure of the textile. Fitting of half-rays through the chromaticity 
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Figure 5.7: Yellow paper, uncertainty in chromaticity angle. The absolute difference 
averaged over the wavelength range is 0.5 ± 0.7 degrees. 

angle representation results in invariance for shadows and surface orientation changes. 
Figure (5.8b) shows the spectra of two plastic objects. The left-hand side object 

is colored orange, the right-hand side object is green. The objects are smooth and 
structure-less, but reflect specularities showing up as the vertical bright streaks in the 
spectral image. Furthermore, the intensity of the spectra gradually reduces towards 
the right hand side of the image due to a change in the surface orientation of the 
objects. The result of clustering in hue polar angle space is shown in figure (5.10). 
Clustering in hue polar angle representation results in independence to the highlights 
and surface orientation changes. 

RGB images Figure 5.11 shows a .RCB-imagc of several toys against a background 
consisting of four squares. The upper-left quadrant of the image consists of three 
uniformly painted matte cubes of wood. The upper-right quadrant contains two 
specular plastic donuts on top of each other. In the bottom-left quadrant a red 
highlighted ball and a matte cube are shown while the last quadrant contains two 
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(a) (b) 

Figure 5.8: (a) shows a multispectral image of a textile sample. The spatial informa
tion is on the horizontal axis, the spectral information is on the vertical axis. The top 
corresponds to J^IO nm wavelength, the bottom to 705 nm wavelength. The left hand 
side of the image is colored homogeneously red, the right hand side is colored green. 
The structure of the textile is visible through the intensity fluctuations occurring in 
the further homogeneous spectra, (b) shows the spectra of two plastic objects. The 
left hand side object is colored orange, the right hand side object is green. The ob
jects are smooth and structure-less, but reflect specularities showing up as the vertical 
bright streaks in the spectral image. Furthermore, the intensity of the spectra gradu
ally reduces towards the right hand side of the image due to a change in the surface 
orientation of the objects. 

matte cubes. Each individual object is painted uniformly with a distinct color. The 
image is contaminated by noise, shadows, shading, and specularities. 

In figure (5.11b) the segmentation result is shown obtained by the ÜT-means clus
tering method in RGB-da,t&. False regions are detected due to abrupt surface orien
tations, shadows, inter-reflections and highlights. In contrast, the result of clustering 
in the chromaticity polar angle space is shown in figure (5.11c). Regions are detected 
insensitive for shadows and surface orientation changes but are affected by highlights. 
The result of clustering in hue polar angle space is shown in figure (5.lid). Here, 
computed region edges correspond to material boundaries discounting the disturbing 
influences of surface orientation, illumination, shadows and highlights. The difference 
between figures (5.11c) and (5.lid) is the invariance of the latter to the specularities 
reflected at the red ball. 
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Figure 5.9: Result of clustering in the chromaticity polar angle space for the multim-
age shown in figure (5.8a). The result is shown for the angle between the 510-nm and 
710-nm wavelength. The spectra form half-rays due to the geometry changes of the 
structure of the textile. Fitting of half-rays through the chromaticity angle represen
tation results in invariance for shadows and surface orientation changes. 

5.7 Discussion 

We combined a camera and image formation model to describe how light reflected 
by an object results in the observed sensor value. Based on the models, we then 
investigated how uniformly colored objects draw clusters in multispectral color space. 
We showed that uniformly colored objects of matte materials draw half-rays in mul-



5.7. Discussion 93 

1.5 

0.5 

>• 0 

-0.5 

-1 

-1.5 

550 nm 

700 nm 

400 nm 

-1.5 -1 -0.5 0.5 1.5 

Figure 5.10: Result of clustering in hue polar angle space for the image shown in 
figure (5.8b). Clustering in hue polar angle representation results in independence to 
the highlights and surface orientation changes. 

tispectral color space due to changes in the surface orientation, illumination intensity 
and shading. In contrast, due to specularities, shiny objects will draw triangularly-
shaped planes in multispectral space. Therefore, we investigated computational mod
els to detect clusters where the cluster shape is modeled as either a half-ray or a 
triangularly-shaped plane. To that end, different distance measures were examined 
and we concluded that the polar angular representations elegantly allow for photomet
ric invariant detection of both matte and shiny surfaces. Alternatively, we showed that 
computing the distance of a point (here: color spectrum) to a plane in Ar-dimensional 
space has the undesired effect that opponent colors have the same distance to a cluster. 



91 Chapter 5. Robust Photometric Invariant Segmentation of Multispectral Images 

J* o 
• 

\^_ ^ 

(a) (b) 

(c) (d) 

Figure 5.11: Segmentation results for the K-means clustering method, a. RGB-
image b. Cluster model is a point, region detection is sensitive to intensity changes, 
shadows, geometry, highlights and color transitions, c. Cluster model is a half-ray, 
region detection is sensitive to highlights and color transitions, d. Cluster model is a 
triangularly-shaped plane, region detection is sensitive only to color transitions. See 
also the color plates at pages 125 and 126. 
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However, we also showed that the polar angle representation may become unstable in 
the presence of sensor noise, a problem shared by other photometric invariant color 
spaces. To overcome this effect, we examined, in theory and in practice, the propa
gation of sensor noise to the computation of the polar angles. Taking the simplicity 
of our camera, noise and error propagation models into account, we showed that a 
striking correspondence exists between the estimated and real uncertainties. The esti
mated uncertainty was employed in the region detection method to be robust against 
sensor noise. Finally, we verified empirically that uniformly colored regions are de
tected by the proposed clustering method invariant to surface orientation changes, 
shadows and highlights. 
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Chapter 6 

Recovering the Spectral 
Power Distribution of the 
Illumination in Multispectral 
Images * 

Abstract 

Color constancy is achieved by separating the spectral power distribution of the illu
mination from the surface albedo. We therefore investigate a computational method 
to estimate the spectral power distribution (SPD) for multispectral images. We use a 
clustering technique to partition automatically the multispectral image into a number 
of regions. Each region corresponds to a uniformly colored object. The spectra of 
the regions are decomposed by principal-component analysis. A method is studied 
which estimates the SPD of the illumination using the obtained principal components. 
The estimates of the SPD of the illumination are compared empirically to the real 
distribution. 

6.1 Introduction 

The spectrum of a surface patch measured by a camera depends on the color of the 
illumination, the color of the object and on the filters, and is commonly modeled as 

h(\n) = f fn(X)E(\)c(\)d\ (6.1) 

where h(X) is the measured sensor value, /n(A) is a narrow band filter modeled as 
a unit impulse shifted over n wavelengths, E(X) is the spectral power distribution 
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(SPD) of the incident light, and c(X) the spectral albedo of the surface patch. To 
measure the object color independent of the SPD of the light source, c(A) needs to 
be recovered. Suppose the SPD of the illumination is given as 

S(Xn)= f fn(X)E(X)dX (6.2) 

Correction of image h(Xn) by the spectral distribution of the illumination gives 

§ g = c(A„) (6.3) 

if and only if the filters are narrow band width. Equation (6.3) solves the well known 
problem of color constancy. The new problem however is to obtain (6.2). Our aim 
in this paper is therefore to investigate computational methods to estimate the SPD 
of the light source. In this chapter, we consider an imaging spectrograph to obtain 
spectral data at 5-nm intervals The spectrograph transforms a monochrome CCD 
camera to a line scanner: one axis displays the spatial information, whereas along 
the other axis the visible wavelength range is displayed. Given an image containing 
two or more shiny surfaces, we first apply a clustering technique to partition the 
multispectral images into a number of regions. Each of the regions corresponds to a 
uniformly colored object. We then investigate a computational methods to retrieve 
the SPD of the illumination. 

The paper is organized as follows: In section 6.2 we discuss literature related to 
our research. In section 6.3 we give a mathematical formulation of the dichromatic 
reflection model. In section 6.4 we describe the underlying principle of our method 
for estimation of the color of the illumination. In section 6.5 we present experimental 
results. We finish the paper with a discussion in section 6.6. 

6.2 Related Work 

Various methods have been proposed for recovering the color of the illumination from 
highlight analysis. The reported methods are based on the dichromatic reflection 
model described by Shafer [9] and assume that highlights have the same color as the 
illumination source. 

Lee's method [6] operates in the CIE 1931 (x,y) space in order to recover the 
chromaticity of the illumination. Since the light reflected from a shiny surface is a 
mixture of highlights and the color of the object surface, the colors from the same 
surface fall on a straight line in the {x,y) chromaticity diagram, connecting the illu
mination color with the surface color. For two differently colored highlighted object 
surfaces, two different lines will be generated. The intersection of these lines defines 
the chromaticity of the illumination. The method described by Klinker et al. [4] lo
cates highlight regions and object color regions in RGB images. Taking these labeled 
regions as input, the method proposed by Healey [3] recovers an approximation of the 
chromaticity of the illumination up to a multiplicative constant. The method is more 
general compared to the one proposed by Lee in that only one highlight (instead of 
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two) is required. Tominaga and Wandell [11] measure the spectral distribution re
flected from highlight regions and object regions using a spectroradiometer. The SPD 
of the illumination is obtained from the intersection of two higher-dimensional planes 
in multispectral space. 

6.3 Dichromatic Reflection Model 

Consider an image of an infinitesimal surface patch. Using JV narrow-band filters ƒ 
to obtain an image of the surface patch, the measured sensor values are given as 

h{Xn) = mb{n,s) f fn{X)E{X)cb(X)dX + ms(n,s,v) f fn(X)E(X)cs(X)dX (6.4) 

Here ft denotes the surface patch normal, s*is the direction of the illumination source, 
and v is the direction of the viewer. Further, cb(X) and cs(X) are the albedo and 
Fresnel reflectance respectively. Geometric terms mb and ms denote the geometric 
dependencies of ft,s,v. In this paper, we make no specific assumptions for functions 
rnb and ms but simply require that 

0 < mb(n,s),ms(n,s,v) < 1 (6.5) 

It is important to observe that (6.5) captures one of the attractive features of the 
dichromatic reflection model: the model is far more general than typical models used 
in computer vision and computer graphics, and includes most such models as special 
cases. For instance, a possible instantiation of mb is Lambert's cosine law (then 
ms = 0). Similarly, a possible instantiation of both mb and ms is Phong's model for 
specular reflection [1]. 

Matte surfaces are described by the body reflection alone, shiny surfaces are de
scribed by both the body and surface reflection. Under the assumption of neutral 
interface reflection where the spectral distribution of the reflected light is indepen
dent of the wavelength cs(X) = cs, the specular term of (6.4) rewrites to 

ms(n,s,v) / fn(X)E(X)cs(Xi)dX = ms{n,s,v)cs{x) ƒ fn(X)E(X)dX (6.6) 

Figure (6.1) shows uniformly colored blocks of wood satisfying the dichromatic 
reflection model [7]. In figure (6.2a), two of the blocks are oriented such that they 
reflect a substantial amount of highlights. Figure (6.2b) shows the resulting scatter 
plot in red-blue color space. The vectors labeled 1 and 2 represent the body reflection 
of the red and blue objects. The orientation of these vectors is determined by the term 
fx fn(X)E(X)cb(X)dX. The vectors labeled 3 and 4 represent the surface reflection, the 
orientation of the vectors is determined by the term Jx fn(X)E(X)dX. 
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Figure 6.1: Experiments are conducted on uniformly colored blocks of wood. The 
image is taken under halogen illumination. Due to the texture of the wood, the images 
objects exhibit various amounts of body reflection. Depending on the orientation of the 
illumination, camera and objects, the objects reflect highlights, as is shown in figure 
(6.2a). See also the color plate at page 126. 

6.4 Estimation of the Spectral Distribution of the 
Illumination 

A uniformly colored shiny surface may give rise to a broad variance of sensor values due 
to the varying circumstances induced by the image-forming, process such as a change 
in the object orientation, the illumination intensity, the direction of the light source 
and the surface normal. Consider figure (6.3). The body reflection is represented by 
color cluster vector B, the surface reflection is represented by vector S. For a given 
point on a shiny surface, the color value is obtained by addition of vectors B and S, 
see equation (6.4). Hence, the observed colors of the surface are located on a plane 
in multidimensional sensor space. Given two shiny objects drawing planes in color 
space, our interest is in the intersection S of the planes which defines the illumination. 

To extract the orientation of the planes drawn by shiny objects, the Ar-dimensional 
spectral image is partitioned into K regions. The partitioning is achieved through the 
A"-means based clustering method described in [10]. The number of object regions, 
A', needs to be known in advance. In short, the spectra are first transformed to 
a polar angle representation. The representation maps rays onto points. The K-
means clustering method operating in polar angle space corresponds to clustering 
on lines (if-lines) in sensor space. The method is capable of partitioning the image 
into uniform regions. In fact, regions are detected corresponding to shiny surfaces as 
illustrated in figure (6.4). The lines in the figure correspond to the detected cluster 
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(a) 

(b) 

Figure 6.2: (a) Wooden blocks reflecting highlights, (b): Scatter plot in red-blue color 
space, arrow 1 corresponds to the body reflection of the red block, arrow 2 to the body 
reflection of the blue block, arrows 3 and 4 to the surface reflections. See also the 
color plate at page 126. 
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white 

Figure 6.3: Color cluster vector B of a matte surface in RGB, and color cluster vector 
S of a shiny surface in RGB. 

centers in polar angle representation. 
Consider a detected region, denoted A, consisting of M pixels of Ar-dimensional 

spectral data. Singular values decomposition [8] (SVD) of the M x N matrix A gives 
A = UWVT, under the conditions that M > N. Similarly, the M data points are 
required to be stochastical independent. W is a diagonal matrix with nonncgative 
diagonal elements sorted in decreasing order. The square matrix V is row and column 
orthogonal: 

V -VT = 1 (6.7) 

Let the vectors U^),i = 1, • • • ,N denote the columns of U. The first two vectors 
£/(i) and U(o\ encode the largest variance in the image data. As a consequence, the 
plane spanned by vectors t/(i) and E/(2) encodes the variance due to the body and 
the surface reflection. Let JE7(i) denote the ith. column of the j th region, 2 < j < K. 

According to the dichromatic reflection model, there exists a S, (the spectral power 
distribution of the illumination), which is the intersection of the plane spanned by 
lU(i) and *£/(2) and the plane spanned by J'ï/(2) and jL\o) so that 

S = / i l , l 1 f / ( l ) + f.l-2,1 lU{2) = ••• = Hi,2KU(l) + H2,2KU(2) 

(6.8) 

if and only if S passes through the origin. Our aim is to determine the SPD of the 
illumination S. Therefore, our interest is in finding /zi,1,^2,1, • • • , fJ-i,K,fJ-2,K such 
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Figure 6.4: Cluster result for the image shown in figure (6.2a). 
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which is of the form 

Ax = 0 (6.10) 
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Avoiding the trivial solution, decomposition by SVD of A gives 

UW(VTx) = 0 (6.11) 

Consider 

y = VTx (6.12) 

Using (6.7) we rewrite (6.12) as 

x = Vy (6.13) 

Since the K planes encoded in U theoretically share the same surface reflection factor, 
the rank of matrix W is 2K — 1. Therefore, it is assumed that OOK — 0 giving the 
diagonal elements of W as o\, • • • .o-ik-\,0. As a consequence, we have that 

y = ( 0 ••• 0 1 f (6.14) 

and therefore 

X= ( / i i , i (I-2A ••• P\,K V2,K ) =V(2K) (6-15) 

Using (6.8), each pair /Lii,»,/i2,i yields an estimation Si giving the final estimate of the 
SPD as 

1 K 
S=^E5« (6-16) 

In the next section, the approach is verified empirically for recovering the SPD of the 
illumination in multispectral images. 

6.5 Experiments 

Experiments are conducted on uniformly colored blocks of wood shown in figure (6.1). 
Due to the texture of the wood, the blocks exhibit various amounts of body reflection. 
Further, depending on the orientation of the illumination, camera and objects, the 
objects reflect highlights. The blocks are illuminated by three arbitrary light sources, 
a 500 Watt halogen illumination, and 60 Watt Philips R80 Partytone light sources in 
the colors yellow and purple. 

Multispectral images are recorded using an Imspector V7 spectrograph with the 
aid of a Jain CV-M300 gray value camera. The multispectral images contain spatial 
information on the horizontal axis, and spectral information on the vertical axis. The 
top of the vertical axis corresponds with transmittance of the sample of wavelengths 
of 410 nm, the bottom of the spectral axis corresponds to 705 nra. Due to the low 
sensitivity of the spectrograph and CCD camera to low wavelengths, the observed 
transmittance in the 400 to 450 nm range is low compared to higher wavelengths. 
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The SPD of the three light sources is obtained from an image of a calibrated Spec-
tralon white reference [5] with almost constant reflectance in the visible wavelength 
range as R(X) = 0.990 ± .002. The SPD obtained this way is referred to as the 'real' 
color of the illumination. To compare the estimated SPD to the real SPD independent 
of the intensity, the spectra are normalized as 

s'(Ai) = v " 5 ( A ^ ; ( (U7) 

2-^=1 &\Aj) 

where Si denotes the reflectance factor at wavelength Aj in the vector 5. 
The first experiment is shown in figure (6.5a). A red and yellow block are illu

minated with a halogen light source. The objects reflect highlights. The occurrence 
of these highlights can be seen in the spectral image as vertical bright stripes. Fig
ure (6.5b) shows the real and estimated SPD of the illumination in the graph. The 
experiment is repeated for purplish illumination as shown in figure (6.6), and for 
yellowish illumination as shown in figure (6.7), this time for three objects. The two-
sided Kolmogorov goodness-of-fit test [2] is used to compare the real and estimated 
distributions. The 0.95 quantile of 0.158 is obtained for Ar = 60-dimensional data. 
For the experiment of figure (6.5a), the value T = 0.083 is less than 0.158. The 
hypothesis that the estimated distribution corresponds to the real distribution is ac
cepted. Similarly, for the experiment of figure (6.7), the value T = 0.067 is less than 
0.158. However, for figure (6.6), the value T = 0.267 and exceeds 0.158. Therefore, 
the hypothesis that the estimated distribution corresponds to the real distribution 
is rejected. This may be explained as follows: The two objects are colored red and 
yellow. However, the purplish illumination does not contain much power in the green 
part of the spectrum. As a result, both objects appear reddish. The intersection of 
two opposite planes is expected to give a robust estimation of the illumination. The 
intersection of two almost parallel planes is not expected to provide a good estimate 
of the SPD of the illumination. This appears to be the case for the experiment shown 
in figure (6.6). 

6.6 Discussion 

Our goal is to obtain estimates of the SPD of the light source. We have applied a 
clustering technique to partition automatically the multispectral image into a number 
of regions corresponding to uniformly colored objects. The regions are decomposed by 
principal component analysis to obtain the parameterization of planes described by 
the body and surface reflection. The multispectral intersection of the planes yields the 
SPD of the illumination for multispectral images. The method is restricted to images 
containing objects reflecting a substantial amount of body reflection and highlights. 
The reflection of the objects needs satisfy the dichromatic reflection model. A serious 
limitation of the method is that the number of regions, K, needs to be known in 
advance. A further requirement is that these regions need to be homogeneously and 
differently colored. However, if these requirements are met, then the experiments 
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Figure 6.5: (a) Multispectral image obtained under halogen illumination depicting a 
yellow colored object on the left and a red colored object on the right. Both objects 
reflect highlights, (b): Real vs. estimated special distribution of illumination. 
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Figure 6.6: (a) Multispectral image obtained under purplish colored illumination de
picting a red colored object on the left and a yellow colored object on the right. Both 
objects reflect highlights, (b): Real vs. estimated special distribution of illumination. 
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Figure 6.7: (a) Multispectral image obtained under yellowish colored illumination de
picting a red colored object on the left, a yellow colored object in the middle and a 
green object on the right. The objects reflect highlights, (b): Real vs. estimated spectal 
distribution of illumination. 
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Figure 6.8: Result for image shown in figure (6.2a). real (black bars) vs. estimated 
(gray bars) chromaticity of illumination for a red (filter nr. 1), a green (filter nr. 2), 
and a blue (filter nr. 3) color filter. 

described in the chapter show that the proposed method yields reasonable estimates 
of the SPD of the illumination for multispectral images. 

Appendix 

To estimate the chromaticity of the illumination in RGB images, consider a RGB 
image depicting two uniformly colored shiny objects. The image is partioned in two 
regions A and B. Let the regions be decomposed by SVD. For N = 3-dimensional 
data, the vector [7(3) is perpendicular to the plane spanned by £/(1) and £/(2). The 
chromaticity of the illumination S is obtained as the outer-product 

S = AU{3)x
 BU{3) (6.18) 

of the two vectors. To evaluate the method, RGB images are taken with a Sony 
3CCD XC-003P color camera. Experiments are conducted on images containing two 
differently colored objects, see figure (6.2a). Two wooden blocks are illuminated with 
a halogen light source. The objects reflect significant amounts of highlights. Figure 
(6.8) shows the real and estimated chromaticity of the illumination in the bar graph. 
A similar experiment is shown in figure (6.9) for a yellowish light source. The objects 
show a significant amount of highlight. Figure (6.9b) shows the real and estimated 
chromaticity of the illumination in the bar graph. Both experiments shows that a 
reasonable estimate is obtained for the chromaticity of the illumination. 
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Chapter 7 

Summary and Discussion 

Summary 

The goal of the thesis is (1) to obtain photometric invariant image processing meth
ods, and (2) to obtain these results robustly. The multispectral image processing 
methods described in the thesis are derived from the physics-based dichromatic re
flection model. This makes it possible to characterize what kinds of images are likely 
to be segmented successfully by our algorithm. The model describes the reflection 
of materials which are optically inhomogeneous. Many common materials have these 
characteristics, including most paints, varnishes, paper, ceramics, and plastics, etc.. 
Therefore, we anticipate that images of objects of these materials are properly pro
cessed by the proposed methods described in the thesis. 

A uniformly colored object satisfying the dichromatic reflection model may give 
rise to a broad spectrum of color values due to the dependence of the measured color 
on the geometry of the object and due to specularities. For many industrial machine 
vision tasks, it is required to visually inspect objects independent of these photometric 
effects. To that end, the color data should be transformed into color invariant spaces. 
However, it was shown in the thesis that, given certain input .RGB-values or spectra, 
the output values for invariant color models may become unstable under the presence 
of sensor noise. A possible way to deal with unstable color values is to generate the 
reliability of a transformed color together with the output and to incorporate the 
reliability in the image processing methods. Summarizing, the aims of the thesis are: 

1. To derive an expression of uncertainty associated with the output of an image 
processing method. 

2. To exploit the obtained expression to improve automatic visual inspection meth
ods. 

3. To visually inspect objects using multispectral images made invariant to some 
or more of the photometric effects described above. 
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The results obtained in the thesis are discussed per chapter in the following para
graphs. 

C h a p t e r 2: Color Measurement by Imaging Spec t rome t ry In the chapter, 
the effect of photon noise is propagated to estimate the uncertainty in reflection per
centages, and in XYZ and CIE L*a*b* values. Comparison between the actual and 
estimated uncertainties shows that the model for noise propagation gives reasonable 
predictions of the actual uncertainties. Therefore, in chapter 2 a positive result is 
obtained for the first aim. The expression of uncertainty is then used to obtain an 
estimate that a measured color is within one CIE L*a*b* unit of the actual color. 
The result is important for an automated color inspection system: The predicted un
certainty is available for the decision of what action needs to be taken if a measured 
color difference exceeds a predefined threshold. Therefore, in chapter 2 a positive 
result is obtained for the second aim. The reflection percentages measured by the 
spectrograph are compared to that of a spectrophotometer. The measurements were 
made under different light sources. Still, the difference in measured reflectance per
centages showed to be on average only 2%. The measurements were therefore shown 
to be invariant to the spectral power distribution (SPD) of the illumination due to 
the calibration procedure described in the chapter. Therefore, a positive result is also 
obtained for the third aim of the thesis. 

C h a p t e r 3 : Densi ty Est imat ion for Color Images In the chapter, a novel 
method for density estimation for normalized color images and hue images is pre
sented. Models are derived that propagate the sensor uncertainty to the uncertainty 
in the normalized and hue color values. Experiments show that the predicted uncer
tainties compare favorably to the actual uncertainties. Therefore, a positive result 
is obtained for the first aim of the thesis. Next, a principled way for variable ker
nel density estimation is proposed that incorporates the estimated reliability of the 
transformed color values. It is verified empirically that the proposed method is less 
sensitive to sensor noise and unstable color values. This way, a positive result is 
obtained for the second aim of the thesis. 

C h a p t e r 4: Pa r ame te r -F ree Thresholding and Classification of Color Edges 
To visually inspect objects, the object contours may be of interest. In chapter 4, 

the uncertainty associated with the gradient strength in RGB, normalized, and hue 
color space is estimated. Hereby, the first aim of the thesis is achieved. The uncer
tainty is employed to distinguish edges resulting from sensor noise from real edges 
caused by photometric effects or material transitions. The reliability of method is 
verified empirically in the chapter, achieving the second aim. Employing the dichro
matic reflection model, it is derived that the different color spaces are invariant to 
different photometric effects. The knowledge is used to classify object contours in 
the following types: (1) a shadow or geometry edge, (2) a highlight edge, and (3) 
a material edge. The proposed method is verified empirically for objects known to 
satisfy the dichromatic reflection model. This way, a positive result is obtained for 
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the third aim of the thesis. 

C h a p t e r 5: Robus t P h o t o m e t r i c Invariant Segmenta t ion of Mul t i spec t ra l 
Images In the chapter, different distance measures are compared. The goal is to 
find measures which can be used for photometric invariant image segmentation. Using 
the dichromatic reflection model, it is concluded that polar angular representations 
allow for photometric invariant detection of both matte and shiny surfaces. The re
sult therefore meets the third aim of the thesis. However, it is also shown that the 
representation may become unstable in the presence of sensor noise, a problem shared 
by other photometric invariant color spaces, see the previous chapters. It is investi
gated whether an estimate can be obtained for the propagation of uncertainty due to 
sensor noise to the uncertainty in polar angles. The estimates are compared to the 
actual uncertainties and a very reasonable correspondence between the uncertainties 
is observed. Hereby, the first aim of the thesis is achieved. Finally, the estimated 
uncertainty is employed in the region detection method to be robust against sensor 
noise, meeting the second aim of the thesis. 

C h a p t e r 6: Recovering the Spec t ra l Power Dis t r ibu t ion of the I l luminat ion 
in Mul t i spec t ra l Images The chapter employs successfully the segmentation 
method developed in the previous chapter. The goal is to obtain the SPD of the 
light source. The result can be used to separate the SPD of the illumination from the 
surface albedo. This way, objects can be inspected independent of the SPD of the 
illumination, thereby achieving the third aim of the thesis. 

Discussion 

In the discussion, the results from various chapters are compared. The first aim 
of the thesis is to derive an expression of uncertainty associated with the output 
of an image processing method. To that end, equation (2.9) introduces a camera 
model describing the relation between the number of photons counted at a pixel and 
the resulting output gray level at that pixel. Equation (2.10) describes sensor noise 
as a Poisson distribution. Combining the camera and noise model, the uncertainty 
associated with a gray value is obtained. The uncertainty is then propagated through 
image processing routines using Eqs. (2.7) and (2.8). These equations are then used 
throughout the remainder of the thesis. 

Consider the term color image processing function. With the term, the transfor
mation is meant from a spectrum measured at a single pixel to, e.g., its corresponding 
hue value. In chapter 2, the uncertainties in the sensor values are propagated to the 
reflectance percentages and to the uncertainties in XYZ and CIE L*a*b* values. In 
chapter 3, this is repeated for normalized RGB and hue color values, in chapter 4 
for opponent colors, and in chapter 5 for the two polar angle representations of spec
tra. The reliability of the obtained estimates of uncertainty is tested empirically in 
chapters 2 through 5. Both RGB images as well as multispectral images are used 



1 1 6 Chapter 7. Summary and Discussion 

in the experiments. The chapters show a striking correspondence between the esti
mated and actual uncertainties. The correspondence is even more impressive taking 
the simplicity of the camera, noise and error propagation models into account. 

In contrast to color image processing functions, in chapter 4 the error propagation 
formulae of (2.7) and (2.8) are interpreted as a spatial image processing functions. 
With the term, image processing function are meant which operate on pixel values at 
neighboring locations. Doing so, the uncertainty in the gradient strength is estimated. 
The uncertainty is successfully applied in parameter-free edge thresholding. From 
these results, it is concluded that indeed it is possible to derive an expression of 
uncertainty associated with both color and spatial image processing functions, using 
a single framework. 

The second aim of the thesis is to exploit the obtained expression associated with 
the output of an image processing method to improve visual inspection methods. 
Chapter 2 discusses color measurement in an industrial inspection context. Here, 
a measured color is compared to a reference color, and these colors should be the 
same unless an error occurred in the production process. The obtained expression of 
uncertainty is used to answer the question what the probability is that the measured 
color falls within one CIE L*a*b* unit of the reference color. In chapter 3, the 
expression of uncertainty is used for the parameterization of variable kernel density 
estimation. In chapter 4, the expression is applied successfully to derive an edge 
detector which automatically and locally discards false edges. In chapters 5 and 6, 
the estimated uncertainty was employed in the region detection method to be robust 
against sensor noise. From these results, it is concluded that indeed it is possible to 
exploit the expression of uncertainty to improve visual inspection. 

The third aim aim of the thesis is to visually inspect objects using multispectral 
images made invariant to photometric effects. In the second chapter, color measure
ments made with two different instruments are shown to be invariant to the SPD of 
the illumination. The result was obtained taking prior knowledge of the SPD of the 
illumination into account. However, such prior knowledge may not always be avail
able. Therefore, the goal of chapter 6 of the thesis is to obtain the SPD of the light 
source automatically. This way, independence of the actual SPD of the illumination 
can be achieved. 

Employing the dichromatic reflection model, in chapter 4 it is derived that the 
normalized color space is photometric invariant for the geometry of matte objects. 
Also, it is derived that the opponent color space is photometric invariant for highlights 
for shiny surfaces. The knowledge is used to classify object contours in the following 
types: (1) a shadow or geometry edge, (2) a highlight edge, and (3) a material edge. 

In chapter 5, the dichromatic reflection model is used to establish that the hue 
polar angle representation of spectra is invariant to both the geometry of objects and 
for highlights. The chromaticity angle representation is invariant only to the geometry 
of objects. The results allow to segment images invariant to orientation of the camera, 
light source and surface normal thereby meeting the third aim of the thesis. 

On the basis of the theoretical and experimental results, it is concluded that un
derstanding the error propagation of sensor noise through image processing methods 
can be exploited successfully to obtain robust photometric invariance. 



Samenvatting 

Het proefschrift beschrijft methodes en experimenten van software voor industrial vi
sion waar kleur en kleurechtheid een beslissende rol spelen. Nieuw in dit onderzoek 
is de berekening van kenmerken invariant onder opname-specifieke omstandigheden 
als belichtingsintensiteit en belichtingskleur. Voor elke invariant wordt ook een be-
trouwbaarheidsmaat uitgerekend zodat bekend is wat het werkzame bereik van de 
kenmerken is. Dit is van belang voor het ontwerp van robuste kleurenschatters. Ook 
besteedt het proefschrift aandacht aan het meten met beelden opgenomen met een 
veel meer kleuren camera dan het RGB-drietal uit een gangbare tv-camera. Het is 
de verwachting dat dergelijke spectometers in de toekomst veel meer gebruikt gaan 
worden dan nu het geval is. 
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Figure 7.1: (a) Figures (1.4a) and (4-3a) (b) Figures (1.4c) and (4-4d) (c) Figure 
(3.6) (d) Figure (4.5) (e) Figure (4.6d) (f) Figure (5.11a) 
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