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ABSTRACT

Consumer cameras such as digital single-lens reflex camera (DSLR) and smartphone
cameras have onboard hardware that applies a series of processing steps to transform
the initial captured raw sensor image to the final output image that is provided to
the user. These processing steps collectively make up the in-camera image processing
pipeline. This dissertation aims to study the processing steps related to colour render-
ing which can be categorized into two stages. The first stage is to convert an image’s
sensor-specific raw colour space to a device-independent perceptual colour space. The
second stage is to further process the image into a display-referred colour space and
includes photo-finishing routines to make the image appear visually pleasing to a
human.

This dissertation makes four contributions towards the study of camera colour
rendering. The first contribution is the development of a software-based research
platform that closely emulates the in-camera image processing pipeline hardware.
This platform allows the examination of the various image states of the captured
image as it is processed from the sensor response to the final display output. Our
second contribution is to demonstrate the advantage of having access to intermediate
image states within the in-camera pipeline that provide more accurate colourimetric
consistency among multiple cameras. Our third contribution is to analyze the current
colourimetric method used by consumer cameras and to propose a modification that
is able to improve its colour accuracy. Our fourth contribution is to describe how to
customize a camera imaging pipeline using machine vision cameras to produce high-
quality perceptual images for dermatological applications. The dissertation concludes

with a summary and future directions.
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Chapter 1

Introduction

When we take a photograph using a digital camera, we often assume the output image
is a direct output of the camera’s sensor. However, there are a number of processing
steps applied on cameras to convert the digital response of the light falling on the
camera’s sensor to a final red, green, blue (RGB) colour image intended for human
perception and use on digital displays. These processing steps are applied in sequence
and make up what is known as the “camera imaging pipeline”. Figure 1.1 shows a
standard diagram of the in-camera processing pipeline (Ramanath, Snyder, Yoo, &
Drew, 2005). At a high level, the overall pipeline can be categorized into two stages:
(1) a colourimetric conversion stage and (2) photo-finishing stage. The first stage
converts sensor values from their sensor-specific colour space to a perceptual colour
space. We often refer to this as the colour space transform (CST). This first stage
preserves a linear relationship between the scene radiance and the image irradiance.
In colour science such image states are called “scene-referred” and imply the image

has a direct relationship to the physical scene that was imaged (Sharma, 2003).



Stage 1: Colourimetric mapping Stage 2: Photo-finishing and output

White balance Photo-finishing Final output

Sensor's raw Pre-processing & colour space (tone mapping, space colour
image ‘ + demosaicing ‘ transformation ‘ colour ‘ conversion

(CsT) manipulation) (sRGB/YUV)

Figure 1.1: A diagram of a typical in-camera imaging pipeline. Work in this disserta-
tion targets the colourimetric mapping in the rst stage in the pipeline that
converts the camera-speci ¢ colour space to a perceptual colour space. The
procedure targeted by our work is highlighted in red and represents an inter-
mediate step in the overall pipeline.

After the colourimetric conversion, the second stage further processes the colour-
metric image such that it is suitable for consumer displays. This requires the image
values to be mapped to a standard RGB format (sRGB). This second stage includes
camera-specific proprietary colour manipulation to improve the perceptual qualities
of the image—that is, to make the image more visually appealing. As a result, we can
consider this stage to also include photo-finishing manipulation. In colour science,
such image states are called “display-referred” or “output-referred” as the image data

is not longer directly linked to the physical scene, but instead processed for display

or printing (Sharma, 2003).

1.1 Motivation

This thesis studies the colour rendering applied onboard cameras. Surprisingly, a
study of this nature is lacking in the computer vision literature. This stems from
the difficulty in accessing camera hardware. For many years it was possible only to

obtain the display-referred photo-finished sRGB images intended for display. Only



recently did camera manufacturers allow consumers and developers access to the
initial unprocessed raw sensor image (often called a raw-RGB image). In the context
of computer vision, the drawback of SRGB (output) images is that they have been
manipulated by camera-specific photo-finishing routines that alter the colours. From
a computer vision application standpoint, such color manipulation makes it difficult
to develop a high-level application that relies on colour, because colours can appear
different depending on the camera. In a similar manner, the drawback of raw-RGB
images is that the RGB values are in the sensor-specific colour space. This means
the raw-RGB value can be vastly different when cameras using different sensors are
observing the exact same scene under the same illumination. As with sRGB, it
is challenging to design robust algorithms that work across multiple cameras using
unprocessed raw-RGB images.

In principle, the colourimetric conversion stage on the camera used to map the
raw-RGB values to the same perceptual colour space should make colour values sim-
ilar across multiple cameras and sensors. The problem, however, is that access to
the individual processing steps or intermediate image stages within the camera hard-
ware remains closed as camera manufacturers do not allow access to their underlying
in-camera pipelines. This makes it difficult to assess the quality of the individual
components, including those that make up colourimetric conversion, due to the lack
of access to camera hardware. To address this issue, open hardware implementations
have been proposed (e.g., Adams et al. (2010);Rowe, Goode, Goel, and Nourbakhsh
(2007)). Similar open design and functionality can be provided via a software-based

platform. The benefits of a software framework over a hardware solution are that it



can work on images saved from a variety of different cameras and in an off-line man-
ner. Moreover, a software platform allows greater flexibility in processing the image
at intermediate stages than possible on fixed hardware implementations. Therefore,
providing a software-based research platform is needed to facilitate experimentation
and analysis. The need for a software-based camera emulator platform is the impetus
for our first contribution in this dissertation.

With a software camera pipeline platform established, we can analyze the interme-
diate stages in the hardware pipeline to see if an intermediate stage is indeed better
than raw-RGB or sRGB in terms of colourimetric consistency. This also gives us an
opportunity to examine the quality of the existing implementation for colourimetric
conversion. Finally, based on our knowledge of how cameras work, we can advise
researchers developing their own software platforms for machine vision cameras on
best practices for camera calibration and consumer camera emulation.

In the following, we provide a discussion on the scope of the work. Afterwards,

the chapter concludes with a road map for the rest of the dissertation.

1.2 Objective

Our first objective is to implement a new software platform that allows easy access to
each stage of the camera imaging pipeline. The platform allows modification of the
parameters for individual components as well as the ability to access and manipulate
the intermediate images as they pass through different stages. This first objective
forms a basis for the rest of the dissertation and makes it possible to complete the
following objectives.

Our second objective is to investigate a consistent image state in the camera



imaging pipeline. The goal is to make the colours consistent among multiple cameras
imaging the same scene. Our approach leverages our ability to access the camera
imaging pipeline stages, and proposes that cameras should be allowed to output a
new image format related directly to the perceptual color space.

Directly related to our second objective, our third objective is to improve colour
reproduction accuracy within the camera imaging pipeline. To this end, we analyze
the colorimetric procedure that is currently applied, and state its limitations. We
then propose two methods to improve the colour reproduction accuracy.

Our final objective is to use our knowledge of camera pipelines to outline a proce-
dure for developing a custom imaging pipeline for use with machine vision cameras.
Most machine vision cameras used in computer vision apply minimal processing and
provide little detail to engineers and researchers on how to interpret their image val-
ues. We detail a straightforward procedure to calibrate such devices. We do this for
a specific application scenario of dermatological imaging for skin analysis. This work
also describes methods to integrate non-visible spectral information into the visible
sRGB image. Quantitative and subjective results, including feedback from clinicians,

suggest the effectiveness of our customization procedure.

1.3 Contributions

This dissertation makes four contributions on the colour-rendering process in the

camera imaging pipeline. These contributions are as follows:

e First, we present a software platform to allow easy access to each stage of the

imaging pipeline. Our approach operates on images saved in Adobe Digital



Negative (DNG) raw-RGB image format, which represents the minimally pro-
cessed sensor response from the camera and the starting point for the camera
processing pipeline. Our platform allows images to be opened and run through
a software rendering application programming interface (API) that parallels the
onboard processing steps, including the individual processing components and
their associated parameters. More specifically, our platform provides API calls
that allow the modification of processing components’ parameters and full ac-
cess to the intermediate images at each processing stage. Such intermediate
images can be modified and inserted back into the pipeline to see the effect on
the final output. The proposed software platform is easily integrable with other
softwares, such as Matlab, and provides a much needed environment for im-
proving camera imaging, or performing experiments within the proper context
of the full camera imaging pipeline. This work has been published in Karaimer

and Brown (2016).

Second, we advocate for a new image format to be made available to consumers
and application developers. Specifically, we argue that the internal image state
after it has been processed by the colourimetric steps in the camera pipeline is
more suitable for applications that assume imaged scene values are consistent
among multiple cameras. To demonstrate this, we perform experiments that
analyze the consistency of colour values at different image states for scene points
imaged by multiple cameras. We show that the colourimetric image state is by
far the most consistent across multiple cameras. These experiments reinforce
our advocacy for camera manufacturers to provide access to a colourimetric

image format. This work has been published in Karaimer and Brown (2019).



e Third, we describe two methods to improve colour reproduction accuracy on
digital cameras. Toward this goal, we first overview the current colourimetric
mapping process and discuss why limitations in white balance create the need
for per-illumination CSTs. Next, two methods for improving the colourimetric
mapping are described. The first is to extend the current interpolation method
to include an additional pre-calibrated illumination. This simple modification
provides improved results and can be easily incorporated into the existing in-
camera pipeline. Our second strategy requires no interpolation and uses a single
fixed CST. This second method relies on true colour constancy (i.e., full colour
balance) instead of traditional white balance and is currently suitable for use in
an off-camera platform. Our experiments show that both proposed strategies
offer notable improvements in the colour reproduction accuracy for both DSLR
and mobile phone cameras. As part of this work, we have also created a dataset
of 700 carefully calibrated colourimetric images for research in this area. This

work has been published in Karaimer and Brown (2018).

e Lastly, we describe how to customize a machine vision camera image pipeline
to produce high-quality perceptual images for dermatological applications. As
part of this work, we describe the features provided by a typical machine vision
camera and discuss why they are not suitable to produce high-quality perceptual
images. Our primary contribution is to overview a calibration procedure that
not only colourimetrically calibrates the machine vision camera but also allows it
to mimic the photo-finishing applied on consumer cameras. Our dermatological
imaging system also has the ability to capture images from select narrow spectral

bands in both the visible and near-infrared (NIR) range. As part of this case



study, our secondary contribution is to describe how select spectral images can
be incorporated into the visible RGB image to provide enhanced imagery. To
this end, we gathered feedback from clinicians to understand their preference
regarding which bands and integration methods are preferred. This work has

been published in Karaimer, Khodadad, Kazemzadeh, and Brown (2019).

1.4 Road Map

The rest of this dissertation is organized as follows. Chapter 2 provides preliminaries
to understand colour and work related to the topics in this dissertation. Our soft-
ware platform for manipulating the camera imaging pipeline is discussed in Chapter 3.
Chapter 4 presents a third image format that makes imaged scene values that are con-
sistent among multiple cameras. Chapter 5 describes methods for improving colour
reproduction accuracy on cameras. Our customization approach for dermatological
imaging is described in Chapter 6. Finally, Chapter 7 concludes the dissertation with

a summary and a discussion on possible future work.



Chapter 2

Preliminaries and Related Work

This chapter presents background for colour and imaging, as well as related work for

white balance, colour constancy, and colour calibration.

2.1 Preliminaries

From the biological standpoint, colour is defined based on how we perceive electro-
magnetic radiation emitting or reflecting from physical objects. These definitions
limit themselves explaining how the electromagnetic radiations are perceived and the
change of perception under different viewing conditions. In the following, a short sum-
mary of the human visual system is provided. Then the physical aspects of colour
are presented. Afterwards, colourimetry, which is the low-level (i.e., sensor-level)
response of the human visual system to the physical phenomenon, is introduced. Fi-
nally, the section concludes with a summary of image formation in cameras and the

camera imaging pipeline.



2.1.1 The Human Visual System

The human visual system (HVS) consists of the eyes, the optic nerves, and the com-
ponents in the brain. Optical elements in the eye are responsible for collecting light
reflecting from the surfaces, and focus the light onto the retina. The retina is the
curved surface at the back of the eye. The retina consists of photoreceptors, and
neural processes start in the retina. The photoreceptors contain rods and three types
of cones that convert the light into a neural signal. Rod photoreceptors are highly
sensitive to light and used for monochromatic vision under very low light levels. At
higher levels of light the rods become saturated. Under normal lighting conditions
cone photoreceptors are responsible for colour vision and come in three types with
different spectral sensitivities. The three types of cones are long, medium, and short
wavelength sensitive. Figure 2.1 shows the normalized spectral sensitivities of long,
medium, and short wavelength sensitive cones. Note that in addition to the photore-
ceptor, there are additional processing units in the retina, e.g., bipolar, horizontal,
ganglion and amacrine cells,which combineto provide non-trivial processing (Fairchild,
2013).

Models of Colour Vision Young (1802) and von Helmholtz (1925) introduced the
trichromatic theory, which is established on the existence of three types of cone pho-
toreceptors in the HVS. Based on the theory, weighted combination of the three sets of
receptors is used to sort out the colour appearance in the brain. The phenomenon of
colour perception is better described in the opponent colour theory (Hering, 1964). In
this theory, three types of cone photoreceptors are accepted, but they function based
on opponent mechanisms (i.e., red - green, blue - yellow, dark - light). The dual pro-

cess theory accepts that both trichromatic theory and the opponent process theory
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Figure 2.1: Spectral sensitivities of the long-, medium-, and short-wavelength-sensitive
cones.

are correct, and hypothesises multi-stage processing in the visual system. According

to the theory, the rst stage of processing photoreceptors is trichromatic, but these

signals are encoded into opponent signals in the following stages of the processing

(e.g., Haupt (2000), MacAdam (1970), Hurvich and Jameson (1957)).

Human vision is an highly complex combination of optics, biochemistry, and neu-
rology. A good grasp of the human visual system may lead to improvements on the
design of imaging systems. For a more thorough overview of the human visual system
see, e.g., (Fairchild, 2013). The next section provides the remaining background on

colour in light and objects.
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2.1.2 Colour in Light and Objects

Colour of light Isaac Newton hypothesized that colour was a property of light
through his experimentation with the di raction of light in a prism (Newton, 1672).
Light sourcesare actual physical emitters of radiant energy. We can specify the colour
properties of light sources by measuring their spectral power distribution (SPD). An-
other way to specify colour properties of light sources is standardization. Hence, a
standard light sourcds speci ed using a group of physical and chemical speci cations.
An illuminant is a speci ¢ SPD. Therefore, an illuminant SPD does not have to corre-
spond to a real source. Some of the sources can be black-body radiators, the sun, sky,
photographic ash, incandescent, uorescent, or light-emitting diode (LED). Among
them ablack-body radiatoy or Planckian radiator, is an idealized source which absorbs
incoming radiation in all wavelengths and emits radiation based on its temperature.
When more energy is emitted by the black body, the temperature of the black body
increases as well as the energy shifts towards shorter wavelengths. Given the absolute
temperature T, the SPD of the black-body radiator can be calculated using Planck's
equation:

where is wavelength,kg is the Boltzmann constant,h is the Planck constant, and

c is the speed of light. Black-body's temperaturd is calledcolour temperaturesince
colour (i.e., SPD) changes based oh. Since black-body radiators cannot be found
commonly, another quantity calledcorrelated colour temperatur§CCT) is often used.
Therefore, for the other sources CCT can be used. The CCT of a source is the colour

temperature of a Planckian radiator that has almost the same chromaticity as the
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source.

Colour of objects Objects become visible only when illuminated by light (unless

the object emits light). Since energy can be neither created or destroyed, the radiant
energy incident on an object is re ected, absorbed, or transmitted. In other words, the
sum of the re ected, absorbed, and transmitted power must sum to the radiant energy
incident on an object at each wavelength. In this context, the law of conservation of

energy can be expressed as:

( )=RO+TO)+A(); (2.2)

where is the radiant energy incident on an object,R( ) is the re ected component,

T( ) is the transmitted component, andA( ) is the absorbed component. Since the
guantities always sum to the incident light, the quantities of re ectance, transmit-
tance, and absorptance are measured as percentages of the radiant energy incident
on an object. Therefore, re ectance is the fraction of re ected light divided by the
incident light. Transmittance is the fraction of light that goes through divided by the
incident light. Absorbance or absorptance is the fraction of absorbed light divided by
the incident light.

Wavelength dependence of the absorption, transmission, and re ection determines
what colour the HVS sees. For example, a green leaf under white light (which has
energy in all regions of the spectrum) re ects back mostly in the region that cor-
responds to the middle wavelength of the spectrum. In this way, the perception of
green is produced. Therefore, the objects that we see as red re ect more light at
longer wavelengths ( 600{700 nm), objects that we see as green re ect more light

at middle wavelengths ( 500{600 nm), and objects that we see as blue re ect more
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light at shorter wavelengths ( 400{500 nm). Absorptance, transmittance, and re-
ectance are linear spectral metrics since they change linearly with respect to the

incident light. In the following, we will present a summary of colourimetry.

2.1.3 Colourimetry

Colourimetry is the measurement of perceived colour. The work in Wyszecki (1973)
makes a clear distinction on what igasic colourimetryand advanced colourimetry
Basic colourimetry is a tool to check if two SPDs match for a standard observer.
However,advanced colourimetryincorporates techniques to assess colour appearance
methods for observer adaptation, including colour di erence quanti cation and chro-
matic adaptation modeling.

In order to move deeper into colourimetry, we need to de ne the following terms
that will be used in colourimetry. Radiometry is the eld of research that studies
measurement of electromagnetic radiationPhotometry studies measurement of the
HVS response to electromagnetic radiation. Transition from radiometric to photo-
metric quantities can be done using the spectral response of the HVS. For example,
Figure 2.3 shows the achromatic (photopic) sensitivity of the HVS over the wave-
lengths of visible light. Radiation sensed in the achromatic channel of the HVS is
measured asuminance Hence, luminance can be computed as follows:

Z
L=k SCORCIV()D; (2.3)
where is the wavelength,! is the visible spectrum 380{720 nm$( ) is the radiant
ux coming from the illumination source, R( ) is the re ectance/transmittance of the

object, V( ) is achromatic sensitivity of the HVS, andk is the constant that changes
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the unit of luminance. WhenS( ) is in the unit of watt per steradian per square
meter, then k should be set to 683.002 to make the unit of luminance candelas per
square meter.

Weighting functions for colour vision The V() function describes the achro-
matic response of the HVS, but as we mentioned in Section 2.1.1 three types of cones
are responsible for colour vision. Hence the low-level colour vision is a linear com-
bination of the three cone functions. The rst attempt to estimate the sensitivity
functions came in 1931 while the cone spectral sensitivities were not known. There-
fore, linear transformations of the cone spectral sensitivities were determined using
a colour matching experiment by Guild (1931) and by Wright (1928{1929). Users
of the colour matching experiments tried to match a test colour with three visually
independent primary colours by leveraging Grassmann's Laws (Grassmann, 1853),
which apply an additive mixture of colours. When taking additive combination of
the primary colours almost all test colours could be produced. In the cases that a
colour could not be produced, the users were allowed to add a primary to the test
colour. Using primaries at 436, 546, and 700 nm, users were showed a number of
test colours and this way the CIE RGB colour matching functions are produced (see
Figure 2.2). The implication of this result is that we can specify matching in terms
of the response of three channels. Given a SPD of a stimulus, CIE RGB makes it
possible to specify the stimulus in terms of red, green, and blue that are required
to match it. Threfore, the CIE RGB system for colour rendering forms a system to
specify a colour.

Some of the properties of the colour matching functions can be summarized as
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follows: Colour matching functions are invertible linear transformations of cone spec-
tral sensitivities. Each set of primaries makes up a set of colour matching functions.
Transformation between di erent sets of colour matching functions can be done using

a 3 3 matrix. Tristimulus values for a test colour can be computed using simple

integration:
Z
R=k r()SC)R()d;
Z!
G= kz 9( )S( IR( )d; (2.4)

B =k b )S(IR()d;

wherer; g;b are CIE RGB colour matching functions, is the wavelength,! is the
visible spectrum 380{720nmS( ) is the radiant ux coming from the illumination
source,R( ) is the re ectance/transmittance of the object, andk is the constant that
changes the unit, as discussed before. For the relative colour and gamut measurements
the constantk does not factor in. Stimuli that produce the samdér G B values will
have a visual match under the same adaptation conditions.

In CIE RGB, the selected primaries were a real set of physical primaries and this
caused negative lobes in CIE RGB colour matching functions. Negative values in CIE
RGB were found to be prone to errors. Also, researchers wanted to make one of the
trisitimulus values directly proportional to the luminance. For all these reasons, CIE

XYZ is introduced as a linear transform to CIE RGB:
2 3 2

32 3

X 0:49 Q20 R

EY% = go 17697 (81240 00106% gez ; (2.5)
z 0:00 B
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Figure 2.2: CIE RGB Colour matching functions using primaries at 436, 546, and 700
nm. The disadvantage of using real physical primaries is that colour matching
functions might have negative lobes.

where R G B]" is a CIE RGB trisitimulus value and [X Y Z]" is a CIE XYZ
trisitimulus value. The same 3 3 matrix transformation can also be applied to
CIE RGB colour matching functions and CIE XYZ colour matching functions can
be obtained. This helped to make CIE RGB colour matching functions positive, but
in this case the corresponding primaries are not physical. Figure 2.4 shows the CIE
XYZ system for colour rendering.

When researchers began the systematic study of colour, 3D visualization was
di cult; so, they often worked with 2D representations. The 2D representations
are calledchromaticity diagrams. One of the examples is the CIE xy chromaticity

diagram. It is obtained by normalizing theXY Z tristimulus values by the sum of all
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Figure 2.3: Achromatic (i.e., photopic) sensitivity function of the human visual system.

three. Formally:

X = X ;
X +Y+Z’

Y
= . 2.6
Y= Xx+v+z (2.6)
Z_—Z .
X +Y+Z

A clear implication of this is that the sum ofx, y, and z is 1; in fact only two of them
are independent. Invariablyz is dropped. Also, given thex, y, and Y value, X, Y,
and Z can be reconstructed. In this way the CIE xyY space is obtained. Figure 2.5
shows the CIE xy chromaticity diagram for monochromatic stimuli for wavelengths
ranging from 380nm to 720 nm in the xy space. The curved boundary is called the
spectral locus The line connecting the bottom of the spectral locus is called the

purple line. Based on the sensitivities of HVS, all trisitimulus colours lie inside the
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Figure 2.4: CIE XYZ Colour matching functions with respect to imaginary primaries.
The advantage of using imaginary primaries is that all tristimulus values are
in the positive octant. However, the primaries are not physical.

19



spectral locus and purple line. The chromaticity transformation can be thought of
as removing the luminance information. As we discussed before, since the CIE XYZ
primaries are not physical they are not part of the locus. The CIE XYZ primaries
are located at (1,0), (0,1), and (0,0).

When chromaticity transform is applied to black-body (Planckian) radiators, they
all lie on a curve called thePlanckian locus In order to visualize the Planckian locus,
Planck's law needs to be applied to obtain the SPD of black-body radiators rst.
Then the SPDs can be projected to chromaticity coordinates. Figure 2.5 shows the
Planckian locus on CIE xy chromaticity and the crossing lines on the curve indicate
constant correlated colour temperature.

Although the CIE XYZ and CIE xy are based on human perception, both were not
perceptually uniform (i.e., when the Euclidian distances are computed the distances
do not correspond to perceived equal di erences). Also, in a uniform chromaticity
space the crossing lines on the Planckian curve are perpendicular lines to the curve.
Therefore, attempts to obtain uniform colour spaces have been made. The rst
uniform chromaticity colour space that is built targeting perpendicular CCT lines
was CIE u-v. X, Y, Z and u, v are related as follows:

4X

T X +15Y +32°
6Y

Ve X +15y +32°

u

(2.7)

Considering the advantages, CIE u-v is used to calculate the CCT of an illumination.
In the next section we will summarize the image formation in cameras and the camera

imaging pipeline.
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Figure 2.5: CIE xy chromaticity diagram and the Planckian locus.

2.1.4 Image Formation and the Camera Pipeline

The early stages of the camera pipeline mimic the initial stages of the HVS. In par-
ticular, camera sensors have three spectral lters placed over the light-sensitive pho-
todiodes that respond to di erent parts of the visible spectrum similar to how the
human retina has three cone cells sensitive to the long, medium, and short visible
wavelengths. The raw-RGB image (x) is formed at a pixelx, which can be written
as the following:

Z
1) = Qe )SCIR(X: )d; (2.8)
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where Q. is the spectral sensitivity of the sensor's colour lter array, is the wave-
length, ! is the visible spectrum 380{720 nmS( ) is the radiant ux coming from
the illumination source, R(x; ) is the re ectance/transmittance of the object at a
pixel x, and c is the colour channelc = r; g; b.

After the raw-RGB image is formed, it is processed by camera pipeline steps until
a visually-pleasing image is obtained. The raw-RGB image rst undergoes a series
of pre-processing operations, such as linearizing the raw-RGB values and correct-
ing for issues related to the lens's vignetting and chromatic aberrations. Then it is
demosaiced to provide three full colour channels. Afterwards, the image undergoes
colourimetric conversation routines to convert its values to device-independent values
based on the CIE XYZ colour space. Note that this includes a white-balance step
realized as 3 3 diagonal matrix operation followed by a linear colourimetric map-
ping step as a 3 3 matrix operation. Most cameras include an additional nonlinear
colourimetric mapping step that is performed as a 3D look-up-table (LUT). After this
stage, the image values are in a colourimetric colour space that is directly related to
the scene (i.e., a scene-referred colour space). After the colourimetric conversion, the
nal stage is to apply photo- nishing operations to modify the image further to be
visually appealing and to be suitable for use on display devices. The nal image is
encoded in a display-referred sSRGB colour space. The following section summarizes

the literature that is related to the topics of this dissertation.

2.2 Related Work

In this section, we describe work related to the objectives in this thesis.
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2.2.1 Computational Cameras

The basic steps composing the camera processing pipeline are illustrated in Figure 1.1
and may vary among di erent camera makes and models. Full details of each compo-
nent are outside the scope of this dissertation and readers are referred to Ramanath
et al. (2005) for an excellent overview. As mentioned in Section 1.1, many of the
components in the pipeline (e.g., white balance, noise reduction) are stand-alone re-
search topics in the computer vision and image processing community. Unfortunately,
the hardware implementation of the camera pipeline and closed nature of proprietary
cameras make it di cult for most researchers to directly access the individual com-
ponents.

To address this issue, open hardware platforms have been proposed. Early work
included the CMU-camera (Rowe et al., 2007) targeting robotic vision. While in-
dividual components (e.g., white balance) were not accessible, the camera provided
low-level image access and subsequent hardware releases allowed capture of the raw-
RGB sensor response. A more recent and comprehensive hardware platform was the
FrankenCamera introduced by Adams et al. (2010). The FrankenCamera was de-
signed as a fully operational camera that provided full access to the underlying hard-
ware components, including control of the ash and shutter, as well as the underlying
imaging pipeline. The FrankenCamera platform targeted computational photography
applications; however, the platform was suitable for modifying individual components
in the imaging pipeline. While the FrankenCamera project has o cially stopped,
much of the platform's functionality has been incorporated into the recent Android
Camera2 API (Google, 2015) that is available on devices running Android OS. The

bene ts of a software framework over a hardware solution are that it can work on
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images saved from a variety of di erent cameras and in an o -line manner. Moreover,

a software platform allows greater exibility in processing the image at intermediate
stages than possible on xed hardware implementations. One of the earliest known
works in this area was proposed by Farrell, Xiao, Catrysse, and Wandell (2004). The
proposed software platform required radiometric image data as input and allowed
modi cations on optics, scene, sensor, and processing pipeline. However, the tool was
designed for synthetic imagery, and the pipeline that has been used was suitable for

the rst generation of digital cameras using a simple camera processing pipeline.

2.2.2 Colour Constancy and White Balance

HVS has been shown to be highly adaptive to changing conditions. One adaptation
mechanism is colour constancy. Hence, this section presents related works in colour
constancy and white-balance research.

Colour constancy is the ability of the human visual system to see objects as
being of the same colour under di erent light sources. According to the von Kries
hypothesis (von Kries, 1878), independent gains are applied to the human retinal
cones' response. An enhanced version of the von Kries hypothesis has been studied
as theretinex theory (Land & McCann, 1971; Land, 1977, 1986). In the most recent
form (Land, 1986), three colour mechanisms with the spectral responsivities of the
cone photoreceptors have been proposed. These mechanisms are cadiaoexes
Retinexes are a combination of retinal and cortical mechanisms. Within this context
a three-dimensional colour space has also been proposed. The dimensions of the
colour space are the long-, middle-, and short-wavelength retinexes. To determine

the output of a retinex, the signal at any point in the scene is normalized with an
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average of the signals in that retinex throughout the scene. The in uence of the
spatial distribution of colours in a scene can be modelled by changing the spatial
distribution of the retinex signals that are used to normalize a given point in the
scene.

Cameras mimic this ability by applying computational colour constancy in the
camera imaging pipeline. The process starts with estimating the response of the il-
lumination in the sensor-speci c colour space. After the illumination is estimated,
a transformation is applied to remove the e ect of the illumination. A large body
of research has been proposed to estimate the illumination. These include statistical
methods (e.g., van de Weijer, Gevers, and Gijsenij, 2007; Finlayson and Trezzi, 2004,
Barnard, Cardei, and Funt, 2002), gamut-based methods (e.g., Forsyth, 1990; Fin-
layson, 1996; Gijsenij, Gevers, and van de Weijer, 2010), and machine-learning meth-
ods (e.g., Barron, 2015; Barron and Tsai, 2017; Cheng, Price, Cohen, and Brown,
2015b; Chakrabarti, 2015; Hu, Wang, and Lin, 2017; Bianco, Cusano, and Schettini,
2017; Shi, Loy, and Tang, 2016; Oh and Kim, 2017). Once the illumination is es-
timated, a simple 3 3 diagonal matrix can be used to normalize the illumination
response to appear white.

While a diagonal matrix is su cient to make sure that the achromatic colours
are correct, attempts to correct all the colours (i.e., true colour constancy) have also
been proposed (e.g., Finlayson, Drew, and Funt, 1993a, 1993b; Chong, Gortler, and
Zickler, 2007; Cheng, Price, Cohen, and Brown, 2015a). Work by Finlayson et al.
(1993a, 1993b) proposed the use of a spectral sharpening transform in the form of a
3 3 full matrix that was applied to the camera-speci c colour space. The transformed

colour space allowed the subsequent 3 diagonal white balance correction to perform
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better. To establish the sharpening matrix, it was necessary to image known spectral
materials under di erent illuminations. Chong et al. (2007) later extended this idea
to directly solve for the sharpening matrix by using the spectral sensitivities of the
sensor. When the estimated sharpening matrix is combined with the diagonal matrix,
these methods are e ectively performing a full colour balance.

The drawback of these methods, however, is the need to have knowledge of the
spectral sensitivities of the underlying sensor or imaged materials. Recent work
by Cheng et al. (2015a) proposed a method to compute a full colour-balance cor-
rection matrix without the need of any spectral information of the camera or scene.
Their work found that when scenes were imaged under speci ¢ types of broadband
illumination (e.g., sunlight), the diagonal white balance correction was su cient to
achieve full colour balance. They proposed a method that allowed images under other
illuminations to derive their full colour correction using colours observed under the
broadband spectrum. A full review of colour constancy methods falls outside of the
scope of this dissertation. We refer the interested readers to excellent surveys: Gi-
jsenij, Gevers, and van de Weijer (2011) and Barnard, Martin, Coath, and Funt

(2002).

2.2.3 Colour Calibration

After white balancing, the colours are still in the sensor-speci c colour space. A
transformation that maps the sensor-specic colour space to a device-independent
perceptual colour space is needed. Most of the methods calculate a direct trans-
formation to measurements obtained from a colour rendition chart or other calibra-

tion device that has known values in a standard perceptual colour space (e.g., CIE
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XYZ) (e.g., Finlayson, Darrodi, and Mackiewicz, 2015; Finlayson, Gong, and Fisher,
2016; Finlayson, Mackiewicz, and Hurlbert, 2015; Bastani and Funt, 2014; Hong, Luo,
and Rhodes, 2001; Bianco, Bruna, Naccari, and Schettini, 2012). Most work focuses
on the types of mathematical functions used to perform the colour mappings, such
as high-order polynomial terms (e.g., Hong et al., 2001; Finlayson, Mackiewicz, and
Hurlbert, 2015), LUTs (e.g., Hung, 1993), or neural networks (e.g., Cheung and West-
land, 2002). Issues such as non-uniform illumination are also addressed (e.g., Bastani
and Funt, 2014; Finlayson, Darrodi, and Mackiewicz, 2015; Finlayson et al., 2016)
as it can be di cult to ensure uniform illumination on the physical calibration pat-
tern. There has even been work that demonstrates that additional physical Iters can
be used to achieve better colourimetric properties (e.g., Farrell and Wandell, 1995;
Finlayson, Zhu, and Gong, 2018). Camera manufacturers have undoubtedly incor-
porated these research ndings into their camera pipelines; however, users do not
have access to such results unless they manually perform and apply the calibration

methods discussed in these works.

2.2.4 Spectral Image Fusion

Another area that is related to the work presented in this dissertation is spectral image

fusion. There are a number of methods suitable to perform image fusion. Early work
typically relied on copying data from frequency decompositions between images and
then reconstructing a new image (e.g., de Zeeuw, Piella, and Heijmans, 2004; Misiti,
Misiti, Oppenheim, and Poggi, 2007). More modern methods involve joint-image

Itering (e.g., Paris and Durand, 2006; Paris, Hasino, and Kautz, 2011). While

these methods are generic in nature, they are suitable for transferring narrow-band
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spectral data to RGB images.

There are several works focused directly on processing visible images with the help
of non-visible data. For example, Krishnan and Fergus (2009) showed how noisy low-
light images could be denoised using a corresponding high-quality NIR image. Similar
work by Wu, Samadani, and Gunawardane (2011) removed light glows for low dy-
namic range web cameras using NIR imagery. Fredembach, Barbuscia, and Sdsstrunk
(2009) and Susstrunk, Fredembach, and Tamburrino (2010) proposed methods that
used NIR images to remove skin imperfections, like freckles, pores, warts, and wrinkles
from RGB images. Zhang, Sim, and Miao (2008) showed how to combine NIR images
to create high-dynamic-range RGB images. These methods employed variations on
joint-image Itering as discussed above. Recent work by Connah, Drew, and Fin-
layson (2014) and Finlayson and Hayes (2015) proposed gradient domain approaches
that avoid both Itering and frequency decomposition.

In Chapter 6, we evaluate several of the methods above to test their suitability

for our application for dermatological evaluation.

2.3 Summary

Our research diers from previously published methods for the following reasons.
First, prior work on camera simulation platforms often have to motivate their ar-
guments via synthetic imagery generated using relatively simple camera processing
models. The proposed research platform in this dissertation aims to provide the
FrankenCamera's functionality via a software-based platform. Second, our research
focuses on how the colour mapping is performed onboard the camera without the

assistance of a calibration pattern but instead relying on methods related to factory
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calibration. Finally, the lack of a concrete example that details how to customize a
machine vision camera beyond simple colour mapping is one impetus for this disser-

tation.
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Chapter 3

A Software Platform for
Manipulating the

Camera Imaging Pipeline

In this chapter, we will investigate the drawbacks of the hardware embedding of the
camera imaging pipeline. The hardware embedding not only hinders research but
also makes evaluating the e ects of modifying an individual pipeline component on
the nal camera output challenging, if not impossible. As a result, many researchers
work on topics outside the proper context of the full imaging pipeline. Therefore,
this chapter presents a new software-based camera simulator that allows access to
each stage of the pipeline. The simulator allows modi cation of the parameters for
individual components as well as the ability to access and manipulate the intermediate
images as they pass through di erent stages. In the following, we detail our platform

design and demonstrate its usefulness on a number of examples.
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3.1 Introduction

Digital cameras are the cornerstone for virtually all computer vision applications as
they provide the image input to our algorithms. While camera images are often
modeled as simple light-measuring devices that directly convert incoming radiance to
numerical values, the reality is that there are a number of processing routines onboard
digital cameras that are applied to obtain the nal RGB output. These processing
steps are generally performed in sequence and collectively make up the camera imag-
ing pipeline. Examples of these processing steps include Bayer pattern demosiacing,
white balance, colour space mapping, noise reduction, tone-mapping, and colour ma-
nipulation. Many of these processing steps are well-known research topics in their
own right|for example, white balance, colour space mapping (colourimetry), and
noise reduction.

Although cameras are the most prominent hardware tools in computer vision,
it is surprisingly dicult to get access to the underlying imaging pipeline. This
is because these routines are embedded in the camera's hardware and may involve
proprietary image manipulation that is unique to individual camera manufacturers.
This is a signi cant drawback to the research community. In particular, it forces
many researchers to work on topics outside the proper context of the full imaging
pipeline. For example, much of the work targeting white balance and colour constancy
is performed directly on the camera-speci ¢ raw-RGB images without the ability to
demonstrate how it would a ect the nal output on the camera. Another example
includes noise reduction (NR) targeting sensor noise. On a camera, NR is applied

before many of the non-linear photo- nishing routines (e.g., tone-curve manipulation);
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Figure 3.1: The camera processing pipeline routines accessible by our software platform
are shown in (A). Each component is denoted by the type of parameters it
takes|for example, scalar values, 2-D arrays, 3 3 matrices [MAT], function
calls [func], or 1-D or 3-D LUTs [LUT]. In addition, the software platform
API supports direct access and manipulation to the intermediate images at
each stage as shown in (B).

however, researchers are generally forced to apply NR on the nal non-linear sSRGB
image due to a lack of access to the camera pipeline. This presents a signi cant
mismatch between assumptions made in the academic literature and real industry

practice.

3.2 Platform Overview

Our platform uses images that are saved in the DNG format. While this format is not

yet supported by many of the DSLR cameras, it is currently being supported by the
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newer Android phones that implement the Camera 2 API. With Android's adoption
of DNG, the number of raw-RGB images captured by mobile devices is expected to
increase signi cantly. However, in the event that images are not captured in DNG,
camera-speci ¢ raw-RGB formats can be converted to DNG using the Adobe DNG
conversion software tool (Adobe, 2018). The DNG image format not only contains
the raw-RGB image data but also contains metadata that speci es parameters (e.g.,
scalar values or a 1D or 3D LUT) intended to be used by dierent stages in the
processing pipeline.

Our platform is made possible by rewriting the interface of the open source Adobe
DNG SDK software (Adobe, 2012) that provides a full software implementation of
a camera pipeline to convert the DNG raw-RGB image to its nal sRGB output.
While this is an engineering feat, the implementation is non-trivial. The stand-alone
Adobe DNG SDK is not designed to allow changes to the parameters of the individual
stages; instead the SDK uses the values in the DNG les, metadata directly. Thus
the processing pipeline had to be decomposed into its individual stages and API
calls designed to access and modify the underlying parameters. In addition, the
unmodi ed SDK uses a multi-threaded design that breaks the image into a number
of small tiles and processes them separately. This makes it di cult to access coherent
intermediate images in the pipeline using the native SDK. Our modi cation changes
this tiling structure to allow access to the intermediate image at each stage. We have
also added API calls to allow customized demosaicing and noise reduction, which are
not supported in the native SDK.

Figure 3.1-(A) overviews the processing steps that are available in the proposed

camera imaging platform. The top shows the steps with the associated parameters
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used by each of the components, while Figure 3.1-(B) shows the intermediate images
at each stage in the pipeline. In the following, we detail each stage and its associated
parameters that can be modi ed. The types of parameters used by the individual
stages are also discussed. In the case of a 1D LUT, the same LUT is applied to each
colour channel individually.

Stage 1: Reading the raw-RGB image Params: None). The unmodi ed raw-RGB
image is read from the DNG image le. This is the unprocessed image produced by
the sensor that is still in its mosaiced Bayer pattern format.

Stage 2: Black light subtraction and linearization (Params: Level valuesor 1D
LUT ). The unmodi ed raw-RGB image is linearized such that its values range from
[0-1] in the processing pipeline. Many cameras provideBdackLevel parameter that
represents the black level of the sensor that deviates from 0 due to sensor noise.
This is often image speci c and related to other camera settings, including ISO and
gain. An additional WhiteLevel (maximum value) can also be speci ed. If nothing is
provided, the min and maxvalues of all intensities in the image are used to normalize
the image. Another alternative is to provide a 1D LUT to perform the linearization.
The 1D LUT shown in the Figure 3.1-(A) is from an Nikon D40.

Stage 3: Lens/Flat Field correction (Params: 4 Array, ). Many cameras provide

a spatially varying correction that compensates for lens distortion and uneven light
fall. For example, the Motorola Nexus 6 provides four (one for each Bayer pattern
pixel where G is repeated twice) scene-dependent 137 2D arrays that are used to
provide this at eld correction. These arrays are scaled and bilinearly interpolated

to the image size, and then multiplied to the mosaiced image.
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Stage 4: Demosaicing Params: func). The demosiacing step converts the single-
channel raw-RGB image to three full-size R/G/B colour channels by interpolating
the missing values in the Bayer pattern. We denote this operation as an arbitrary
function, func. The default interpolation is a standard bilinear interpolation based
on the Bayer pattern layout.

Stage 5: Noise reduction Params: func). Similar to the demosaicing stage, noise
reduction is denoted as an arbitrary function, func. This function (not provided in
the Adobe SDK) has access to the intermediate image and returns a ltered image
to the pipeline.

Stage 6: White-balancing and colour space conversiorParams: Two 3 3 ma-
trices).  This stage performs the necessary colour space conversion between the
camera-speci ¢ RGB colour space and a standard colour space (e.g., CIE XYZ or
ProPhoto RGB). This colourimetric procedure involves a 33 white-balance matrix
(generally a diagonal matrix) and a 3 3 colour space transformation matrix. The
default colour space used by the Adobe SDK is the ProPhoto RGB, which is a wide
gamut colour space commonly used for photographic colour manipulation.

Stage 7: Hue/Sat map application (Params: 3D LUT). This optional procedure is
intended to be part of the colour space conversion to allow a non-linear transformation
to be incorporated to improve the colour rendition. While this is referred to as a "hue'
and “saturation' modi cation, it is implemented as a 3D LUT applied directly to the
RGB values obtained in Stage 6. For example, when saving a DNG le using the
X-Rite camera calibration software (X-Rite, 2010), X-Rite addsa 6 6 3 LUT to
the DNG metadata. From our experience, most cameras DNG les do not include

this step.
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Stage 8: Exposure compensationRarams: EV value, 1D LUT). The exposure com-
pensation is a digital exposure adjustment. While the input is given as an exposure
value (EV) that is used to control shutter and aperture settings on a camera, in the
digital case, this simply applies a linear gain (either up or down) to the intensities
values. The EV value passed as a parameter will generate a 1D LUT with 4096 values.
Alternatively, a 1D LUT can be provided directly.

Stage 9: Colour manipulation (Params: 3D LUT). Cameras often apply their own
proprietary colour manipulation that is linked to di erent picture styles on the cam-
era (Kim et al., 2012). Like the Hue/Sat map, this is applied as a 3D LUT where
RGB values are interpolated based on the table's entries. The size of this table can be
arbitrary|for example, images saved using Nikon D40's Camera Vivid setting have
a36 16 16 LUT added in the DNG metadata.

Stage 10: Tone-curve application Params: 1D LUT). A camera-speci c tone-map
can be speci ed. This is part of the photo- nishing process on board the camera. For
example, the Nikon D40's Camera Vivid pro le includes a LUT with 248 entries. If
no tone-curve is speci ed, the Adobe DNG has a default tone-curve that is shown in
Figure 3.1.

Stage 11: Final colour space conversionRarams: 3 3 Matrix). This colour space
conversion converts the internal camera working colour space into the nal output-
referred colour space. This is done using a 3 matrix and is assumed to be related to
colour space used at stage 6. The most common colour space for cameras is the SRGB
and Adobe RGB. In this chapter, the SRGB colour space is used for all examples.
Stage 12: Gamma curve application Params: 1D LUT). The nal stage is a

gamma curve that is applied as a 1D LUT with 4096 entries. This is intended to
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represent the SRGB gamma correction that is part of the SRGB speci cation; however,
it can also be used for additional colour modi cation and photo- nishing.

These twelve steps make up the collective stages that can be controlled via API
calls or direct image modi cation to intermediate images. Access to this suite of
components provides a wide means for manipulating the image from the input raw-
RGB to its nal SRGB output. Note that it is not necessary that all steps be applied.
For example, exposure compensation, noise reduction, hue/sat map modi cation, and

so forth can be skipped as desired.

3.3 Results

We have developed a fully functioning software platform for use on a Windows-based
PC. The software framework is developed in C++; however, it has also been modi ed
such that API calls can be made directly from Matlab. In this section, we demon-
strate several examples that serve to illustrate the various bene ts of our platform.
The examples are divided loosely into three categories: (1) basic functionality; (2)
evaluating stages at certain points in the pipeline; and (3) evaluating stages within
the proper context of the full pipeline. Speci cally, Section 3.3.1 demonstrates several
examples that show the basic ability to manipulate the pipeline components (e.g., EV
levels, tone-curve modi cation, and demosiacing). Section 3.3.2 provides an example
to evaluate the colour conversion stage, a task that is currently di cult to do with
existing tools. Section 3.3.3 provides examples targeting white balance, image de-
noising, and image blurring that show the bene ts of considering these tasks within

the full pipeline.
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Figure 3.2: (A) Examples of applying di erent EV and 1D LUTSs for exposure compensa-
tion (stage 8) and (B) tone-mapping (stage 10).

3.3.1 Basic Processing

Exposure compensation and tone-mapping Figure 3.2 starts with a simple
example showing the e ects of manipulating parameters for the exposure compensa-
tion and tone-mapping stages. Figure 3.2-(A) shows a number of EV values that are
passed directly to our platform's APl which generates the 1D LUT shown. In the
case of the tone-mapping, the 1D LUTs are directly passed to the API as shown in
Figure 3.2-(B). The images shown represent the nal sSRGB output obtained using
these parameters in the full camera pipeline.

Demosaicing Figure 3.3-(A,B) demonstrates examples of two di erent demosaicing
procedures applied to an image. In particular, we use the default bilinear interpolation
and the work by Gunturk, Altunbasak, and Mersereau (2002) that uses alternating

projections. Interestingly, in the work by Gunturk et al. (2002), the results were
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Figure 3.3: Demonstrating the results of two di erent demosiacing algorithms, in partic-
ular (A) bilinear interpolation and (B) Gunturk, Altunbasak, and Mersereau
(2002). In this example, the intermediate image passed to stage 4 (demosiac-
ing) is modi ed using Gunturk, Altunbasak, and Mersereau (2002) and in-
serted back into the imaging pipeline to obtain the nal sSRGB output.

demonstrated by simulating a mosaiced image by using an SRGB image and arranging
its colours into a Bayer pattern structure. In our example, their approach is applied
directly to a real mosaiced raw-RGB image and then returned back to the pipeline

to produce a realistic result.

3.3.2 Evaluation of Components

Colourimetry example One challenge for existing computer vision and image
processing research is the ability to obtain intermediate images in the camera pipeline
to evaluate the e ectiveness at individual stages. An excellent example of this is
the colour conversion component (stage 6). This stage is crucial in making sure
that di erent camera-speci ¢ colour spaces align to the same canonical colour space
after colour conversion. Examining this stage in the camera pipeline is essentially
evaluating the quality of the colourimetric calibration of the camera.

To demonstrate our platform's ability to assist with this task, we captured stan-
dard colour rendition charts with four di erent mobile cameras (LG-G4, Motorola

Nexus 6, Samsung S6-Edge, and an HTC One M9) under di erent illuminations.
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