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Abstract

There are currently many efforts to use consumer-grade cameras for home-based health
and wellness monitoring. Such applications rely on users to use their personal cameras
to capture images for analysis in a home environment. When color is a primary feature
for diagnostic algorithms, the camera requires color calibration to ensure accurate color
measurements. Given the importance of such diagnostic tests for the users’ health and
well-being, it is important to understand the conditions in which color calibration may
fail. To this end, we analyzed a wide range of camera sensors and environmental lighting
to determine (1): how often color calibration failure is likely to occur; and (2) the under-
lying reasons for failure. Our analysis shows that in well-lit environments, it is rare to
encounter a camera sensor and lighting condition combination that results in color imag-
ing failure. Moreover, when color imaging does fail, the cause is almost always attributed
to spectral poor environmental lighting and not the camera sensor. We believe this finding
is useful for scientists and engineers developing color-based applications with consumer-

grade cameras.
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Chapter 1

Introduction

1.1 Motivation and Problem

While personal cameras are primarily used for photographic purposes, a growing number
of applications aim to use personal cameras for tasks related to health and wellness. In
such cases, the camera is treated as scienti ¢ instrument. Examples include applications
for monitoring blood glucose and pH levels [1, 2], measuring blood pressure [3], and skin
analysis [4, 5]. This trend is becoming increasingly popular as consumers now have easy
access to a camera integrated into their smartphones. When color is required by such
applications for image analysis, it is important to perform a color calibration procedure to
ensure accurate color measurements [6]. It is possible that the color calibration may fail
as shown in Fig. 1.1. When failure does occur, it is important for the mobile app to react
and direct the user towards corrective action.

To motivate our work, it is necessary to explain why color calibration is required. Con-



Figure 1.1: Shown are an example of a successful color-calibrated image and an image
with failed color calibration. The images are synthetically generated X-Rite color charts
captured by a camera under two different lighting conditions: D65 lighting and red LED
lighting. Generation procedure of these images will be described in Sec. 3. The t errors
describe the percent error of using a linear correction matrix on the raw-RGB image. This
paper is interested in determining how often such failures occur and the underlying reason
for failure—namely, the camera sensor spectral sensitivities, spectral properties of the light
source, or degenerate combinations of sensor and lighting).

sumer cameras apply a series of image processing steps to enhance the aesthetic quality of
the captured images. Such in-camera processing can be scene-speci ¢ and vary based on
camera settings [7, 8].

Fig.1.2-(A) shows a diagram where two cameras capturing a color chart under the
same illumination. In this example, the two cameras have sensors with different spectral
sensitivities. The image captured directly by the sensor is referred to as a raw-RGB image.

Due to the different spectral sensitivities, the raw-RGB images will be different.



Consumer cameras further process the raw-RGB images using specialized hardware
called an image signal processor (ISP). The ISP applies image and color manipulation to
convert the raw-RGB image into a standard color space, namely standard RGB (sRGB).
However, the ISP also applies photo- nishing to enhance the visual appearance of the
image. As a result, the images outputted by the cameras will be visually different as
shown in Fig. 1.2-(B).

The color variations from different cameras is a problem for health and medical ap-
plications. As a result, it is necessary to bypass the onboard camera image manipulation
by directly capturing the sensor's raw-RGB image [6]. However, the raw-RGB colors are
in a sensor-speci ¢ color space due to the sensors' different spectral sensitivities. As a
result, a colorimetric mapping needs to be computed at capture time via a color calibration
procedure. This calibration not only compensates for the sensor's spectral sensitivities
but also implicitly includes white-balancing to accommodate for different environmental
lighting. Color calibration is typically performed by placing a calibration chart with color
patches with known colorimetric values (e.g., in CIE XYZ) in the scene. By imaging
the color calibration chart, a colorimetric mapping for the entire image can be estimated
based on correspondences between the color patches and their observed raw-RGB values
using standard numerical methods. A typical camera calibration procedure is shown in
Fig. 1.2-(C).

Colorimetric calibration is a well-studied problem with many proposed solutions re-
garding the type of mapping used to convert from sensor-speci ¢ raw-RGB values to a
device-independent perceptual color space, such as CIE XYZ (e.g., [9, 10, 6]). Using a

color chart also makes it easy to detect when color imaging fails. This can be done by



simple analysis of the residual error between the transformed raw-RGB values using the
estimated mapping and target CIE XYZ values of the chart.

The work in this thesis isotfocused on how to detect color imaging failure; instead,
the focus is on understanding how likely such failures are and the underlying cause when
failures occur. As previously mentioned, such analysis is important to direct users toward
corrective actions in the event that color calibration fails. For example, should the home-
care app direct a user to seek a different camera or another room with different lighting, or

both?

1.2 Thesis Contribution

Assuming a well-lit environment and proper exposure and focus settings, we perform anal-
ysis to determine what factors lead to color imaging failure. We are particularly interested
to determine if speci c illumination-sensor pairs lead to unexpected color imaging failure
— namely, are there speci ¢ consumer sensors and environment lighting combinations that
result in poor color calibration.

To this end, we perform experiments that simulate color imaging using 97 consumer
camera sensors (DSLR and smartphone) whose spectral sensitivities have been measured.
We simulate these sensors' ability to perform colorimetric calibration with 108 commer-
cial and environmental light sources with different spectral pro les. Our nding reveals
that consumer-grade sensors and typical lighting environments are suitable for color imag-
ing. When color imaging does fail, it is inevitably caused by unusual lights with narrow-

band spectral pro les (e.g., single color LEDs). For the sake of completeness, we em-



Figure 1.2: This gure illustrates the need for colorimetric calibration. (A) Shows the
image formation for two different cameras. Since the spectral sensitivity of the sensors are
different, the resulting raw-RGB images are will be different. (B) While the conventional
image processing pipeline does apply color correction to account for the device-dependent
color space, it also applies proprietary photo- nishing. As a result, the images of the same
scene are still different. (C) Shows a colorimetric calibration procedure required to ensure
scenes from different camera sensors agpear the same. We are interested in determining

when the process in (C) fails.



pirically examine the same phenomenon using a small sample of smartphone cameras and
commercial lighting using a custom calibration chart. Again, these real-world experiments
indicate that color calibration is typically successful and failure is attributed to unusual
spectral-poor lighting. This work in this thesis has been published in the Journal of the

Optical Society of America A (JOSA-A) [11].



Chapter 2

Background

In this chapter, we provide a background on color and in-camera processing as it pertains

to our work. Related work, in regards to color calibration, is also discussed.

2.1 Color

To rstunderstand how color failure occurs, it is necessary to establish a basic understand-
ing of color and how cameras interpret the color of a scene.

The physical world does not have color. Color is the human interpretation of the elec-
tromagnetic radiation that exists in the physical world. Human perception is sensitive to
wavelengths between 380nm and 720nm [12]. Fig. 2.1 shows how the range of human
perception is only a small range of the electromagnetic spectrum. Physical objects re ect
(or emit) light over the visible spectrum. This can be represented as a spectral power dis-
tribution (SPD) as shown in Fig. 2.1. In this example, the SPD of three items (candy, wool,

ower) are shown. It is important to note that Fig. 2.1 is assuming uniform illumination



across the spectrum.

Figure 2.1: This gure illustrates how color is electromagnetic radiation. We show the
visible spectra of three different objects: yellow candy, red wool, and a blue ower. Top
part of gure adapted from [13] under CC3.0. Pictures of objects are public domain or
CC1.0[14-16].

Color is de ned within the context of human perception [17]. The interpretation of
color starts from the biological response of the cone cells in the eyes to incoming scene

radiance. There are three types of cone cells in the eye: long, medium, and short (often
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referred to as the LMS cones). The name of the cone represents the types of wavelengths it
is more sensitive to [18, 19] — e.g., a short cone is sensitive to the shorter wavelengths (that
we associate with blue). Each of the cone types integrates the wavelengths it is sensitive
too. The interpretation of color is based of the ratio of long, medium, and short responses
[19]. Fig. 2.2 of the sensitivity shows both the location of cones in the eye and also the
sensitivity functions of the cones. The LMS cone response to the SPD of the candy, wool,
and ower, produce the sensations that allow us to perceive the candy as yellow, the wool

as red, and the ower as blue.

Figure 2.2: This gure illustrates the location of cones in the eyes and the sensitivity
functions of those cones.

The Commission Internationale de L'éclairage (ClIB)the long-standing body tasked
with establishing standards for color and illumination. Before the biology of the eye was
understood (i.e., the LMS responses), experiments were performed to develop a set of
standard sensitivity functions for human color perception known as the CIE 1931 XYZ

sensitivity functions.

'English translation: International commission on illumination



Fig. 2.3 shows the sensitivity functions established by CIE XYZ. The XYZ matching
function have several desirable properties for colorimetric analysis. Two important prop-
erties of the XYZ space include non-negative values in the matching functions and that the

Y matching function corresponds to luminance (perceived brightness).

Figure 2.3: This gure shows he sensitivity curves for the CIE XYZ space.

We can think of the CIE XYZ curves as representing the spectral sensitivities of a "hu-
man" camera sensor. Essentially, CIE XYZ provides a device-independent color space that
can be used as a standard to tie together different devices, including camera sensors [17].

To mimic the tri-stimulus nature of human vision, camera sensors use three color lters
that are sensitive to different wavelengths. These are often referred to as red, green, and

blue (RGB). Different sensor make and models use different color sensitivities as shown

10



in Fig. 2.4. These means that the raw-in this exaues captured by a sensor are in a sensor-

speci ¢ color space de ned by the Iters used.

Figure 2.4: This gure shows the sensitivity functions from different cameras including
mobile phones and DSLR cameras.

Colorimetric mapping is the process of mapping a sensor-speci ¢ RGB responses to
the device-indepenent CIE XYZ color space [20]. Fig. 2.5 shows a camera response to the
SPD of the patches on standard X-Rite color rendition chart and the colorimetric mapping

to the common CIE XYZ space.

11



Figure 2.5: This gure shows how the colorimetric mapping step must be computed from
a camera-speci ¢ RGB pace into the common XYZ space. The top of the gure shows
the power spectral density of the X-Rite standard color chart under a uniform illumination.
The camera speci ¢ RGB response to this input is shown using the iPhone XS Max sensi-
tivity curves. The XYZ response is also shown using the standard CIE XYZ curves.

12



Computing a colorimetric mapping from a camera speci ¢ raw-RGB space to to col-
orimetric linear space like XYZ is a common problem that has been explored in [20, 21].
There are many methods to try to and nd mappings between illumination and camera
speci ¢ raw-RGB spaces to CIE XYZ given a known color chart in the scene. This prob-
lem is primarily addressed using techniques including linear [22])/polynomial [10] ts and
look up table [23].

As mentioned in Chapter 1, the focus of this thesis is hot computing a colorimetric
mapping, but understanding when such mapping fail. To this end, we need to examine

another factor related to color — scene illumination.

Figure 2.6: This gure shows how the scene spectral content is a combination of illumina-
tion and re ectance.

The example of an object's SPD shown in Fig. 2.1 was not entirely correct. The elec-
tromagnetic radiation that enters our camera or eye from a scene is a combination of both
illumination and re ectance. The example in Fig. 2.1 assumed an ideal condition of pure
white-light. In reality, we observe the physical world under a wide variety of scene illumi-

nation. We can factor in scene lighting by multiplying the lighting's SPD, denoted,by

13



and the object's SPD recording re ectance, denoteR aas follows:

Scene Spectral ContentL R; (2.1)

where represents pointwise multiplication of each wavelength. Fig. 2.6 shows an exam-
ple with two different illuminationd. ; andL ,.

One might expect an observer to perceive the colors differently under varying illumi-
nations. However, the human vision system has the impressive ability to view objects as
the same color regardless of the illumination; this ability is known as color constancy [24].
However, camera sensors do not perform color constancy. As a result, the scene illumina-
tion will need to be compensated for via a white-balance procedure. White balance is part

of the camera pipeline which is described in the following section.

Figure 2.7: This gure (Adapted from [25]) shows the spectral content of a ower under
two different illuminations. Although two different spectrums reach a human's eye, they
are interpreted as the same color by a human observer due to our ability of color constancy.
Image of face and ower are public domain images [26, 14].

14



2.2 Camera Imaging Pipeline

In the previous section, we established the basics of how humans interpret color, and stan-
dard representations, such as CIE XYZ. We also saw that for a camera, the the colorimetric
mapping problem has two components: scene illumination and camera spectral sensitivity.
This thesis tries to understand how illumination and camera sensitivity can effect the col-
orimetric mapping problem through simulation and real-life imaging. However, it is also
necessary to understand how commodity cameras process images via what is commonly
referred to as the camera imaging pipeline.

There are many steps in the camera imaging pipeline to convert the initial sensor re-
sponse to the nal image outputted for viewing. Cameras have dedicated hardware known
as image signal processors (ISPs) that manipulate the image in a pipeline fashion to pro-
duce an image that is typically used for human viewing. An overview of the camera
pipeline (i.e., an ISP) is shown in Fig. 2.8.

The basic ISP starts with a sensor raw-RGB image that contains the values right after
they have passed through the colour lter array (CFA) and are captured by the sensor: a
one-channel raw image that is in mosaiced format. The rst step to process the image is to
perform a black level subtraction. The black level is the value recorded by the sensor if no
light is received. The image is then normalized betw@enl1] using the white level value
(the largest possible value captured by the camera) [29]. Usually this number depends on
the bit depth of the raw image; for example a 12 bitimage has a white le2&t ef4096.

A raw-RGB image often does not have uniform light on all portions of the sensor due to
lens vignetting and the angle with which light hits the sensor. A vignetting correction must

be stored to brighten the lighting when moving away from the center of the image [29, 30].
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Figure 2.8: This diagram (adapted from [27]) illustrates the typical routines applied as
part of a camera pipeline. Steps are detailed in the thesis. Picture of mountains is public
domain [28].
Another lens effect that is always corrected is warping. The image thatis captured by a lens
will have distortion due to the lens properties. This distortion can be undone by using the
lens properties [31] or looking for some set of regularly spaced ducials in the scene [32].
After the lens shading and distortion corrections, this image is demosaiced depending
on the pattern of the CFA, also known as Bayer lIter [33]. Demosaicing is the process
of estimating a three channel color image from the single-channel Bayer image. There
are four common patterns used for Bayer Iter: GBRG, BGGR, RGGB, GRBG [34]. The
order of the letters represents the tiling of the colors (red(R), green(G), and blue(B)) from
left-to-right, top-to-bottom in a 2x2 region. Notice that green occurs twice in the pattern
and composes 50% of the Bayer Iter. Since the human eye is more sensitive radiant en-
ergy present in the “green” wavelengths, it has become standard in cameras to have more

green as a way of noise reduction [35, 36]. There are many demosaicing methods that
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