COMBINING SPECTRAL AND POLARIMETRIC
METHODS TO CLASSIFY CLOUD

THERMODYNAMIC PHASE

by

Martin Jan Tauc

A dissertation submitted in partial fulfillment
of the requirements for the degree

of
Doctor of Philosophy
in

Electrical Engineering

MONTANA STATE UNIVERSITY

Bozeman, Montana

August 2019



O©COPYRIGHT
by
Martin Jan Tauc
2019

All Rights Reserved



i

DEDICATION

To my grandparents, Alena, Jiri, Vera, and Jan. You taught me so much about life
and inspired curiosity from a young age—you will always be my heroes.



il

ACKNOWLEDGEMENTS

I am deeply grateful to my advisor, Dr. Joseph Shaw, who is an exceptional
teacher and mentor—he is patient and thorough no matter the triviality or complexity
of the topic. I would also like to acknowledge my committee: Dr. Wataru Nakagawa,
who is always available to talk and often checked in with me; Dr. David Dickensheets,
who is incredibly kind and a masterful teacher; and Dr. Frans Snik, an expert in
polarimetry who agreed to serve on my committee, despite his geographical location
and presence during my darkest academic moment.

I would also like to thank my lab mates, specifically Paul Nugent, who guided me
through parts of graduate life, the lab, and academics in general; Elizabeth Rehbein,
who spent many tedious hours classifying data and running polarimetric instruments;
and Riley Logan, who was always willing to help with experiments, equipment, and
anything else that I needed assistance with. I would also like to thank my office
mates, Tianbo Liu and Andrew Hohne, for the support throughout the years, and
all the good times we had in 512. Finally, Laura Eshelman and I started graduate
school together and worked closely in the lab — she kept me grounded and was always
willing to lend a helping hand.

My partner, Nicole Redding, supported me throughout my graduate career in
more ways than one — she deserves more gratitude than I can give. My parents and
sister encouraged me from a young age and I will always be grateful to them. Finally,

to the friends I made here, thank you, you have made Bozeman feel like home.



iv

TABLE OF CONTENTS

1. INTRODUCTION ..ottt ettt e e e e e e e e eanas 1
1.1 Methods for remote sensing of cloud thermodynamic phase........................
1.1.1 IN SItU INSTIUMENTS ...eeiiie e e e e e e enae e 3
1.1.2 LidAr SYSTEIMS ..ottt et e ees 4
1.1.3 Spectral-band methods..........c.ooeeiiiiii 9
1.1.4 Polarization Method..........coeiiiiii e 17
1.2 PeISPECHIVE. ..ttt e 19
2. RADIANCE RATIOS FOR CTP DISCRIMINATION......ccciiiiiieiiiieeieeeiees 21
2.1 Contribution of authors and coauthors...........c.coociiviiiiiii 21
2.2 ManuscCript iNfOrMatiON.........iu e 22
2.3 Radiative transfer SImulations ...........ocoviiiiiiiii e 23
2.4 Experimental validation ..o 26
2.4.1 Spectrometer CaliDration ...........cocouiiiiiiiiiiii e 28
2.4.2 EXPEIIMENT ..ottt 29
2.4.3 ANAIYSIS et 30
2.0 PISPECHIVE ... i 34
3. THE SWIR THREE-CHANNEL POLARIMETER FOR CLOUD
THERMODYNAMIC PHASE DETECTION......cuiiiiiiiiieee e 37
3.1 Contribution of authors and coauthors...........c.cooouoiiii i 37
3.2 Manuscript iNfOrmMatioN.........ouuiii e 38
3.3 Design of the 3-channel SWIR polarimeter............coccoiiiiiiiiiiiiiniieee, 40
R Tt R o = 0 1= T PP 41
R T Yo 11117 U= 49
3.4 Field of view calibration............cc.oviiiiiiiiii e 52
3.5 Spectral calibration............cccoiiiiiii 55
3.6 Radiometric calibration..............coooiiiiiiiiii 60
3.7 Polarimetric calibration..............o.iiiiiiiii 67
3.7.1 Non-zero pedestal from scattered light ...............ccoooiiiiiin, 70
3.7.2 Double re ections with two wire-grid polarizers ..........cccocceveiuneennnn. 73
IS A W 11 {0 To [§ [ox i o I PPN 73
3.7.2.2 Experimental setup and resultS...........cccooiiiiiiiiiiiiiiiiiinee, 75
3.7.2.3Model using Jones calCulus...........ccooeviiiiiiiiiiie e 78
T X @ o] o] U1 (0] o 83
3.7.3 lterative tting for re ectance matching..............ccoovvvviiiiiiiinins 84

3.8 Perspective



\'

TABLE OF CONTENTS { CONTINUED

4. EXPERIMENTS AND ANALYSIS WITH THE

SWIR THREE-CHANNEL POLARIMETER ......c.oiviiiiiiiiiiec e, 90
2 R 1011 =i [0 o £ 90
4.1.1 RAIANCE FALOS. ...uieniiieiiieiee et e e e e e e e e e e enaeens 91
4.1.2 Polarization SigNatUreS ...........ocuuieiuiiiiei e e e 93
4.2 Experiments and analySiS.........cccoiiiiuiiiiiiie e 100
4.3 Analysis of SWIR 3-channel polarimeter .........ccocoovviiiiiiiiiieeen, 106
4.3.1 RAIANCE FALIOS. ....uieniiineiieiiee et e e e e e 106
4.3.2 Polarimetric data...........coouieeeieiiiiiie e 110
4.3.3 Combination of radiance ratios and polarimetry ...............c............ 113
A4 PeISPECHVE . ...ttt 122
5. ERROR AND UNCERTAINTY ANALYSIS OF THE SWIR THREE-
CHANNEL POLARIMETER .....ciiiiiiii e e e e 124

5.1 Measurement UNCEIAINTY ........cc.uiiuiiiiiieii e eenes 124
5.1.1 Signal-to-N0ISE FatiO ........ivuiiiiiieii e e e 127

5.1.1.1Data With poip < 0101 coevniiiiiiee e 132

5.2 Polarizer Orfientation ..........oo..iiuiiiie e 138

5.2.1 System matrix and polarimetric € CIENCY ..........ccevvvveiiiiiiiieeennne. 138
5.2.2 Minimizing the S, Stokes parameter .........c.cocovvviiiiiiiiiiineeieeeenee, 144
5.3 LA SKY ..oviiiiiii e 146
B4 PIS POV ... it 148
6. CONCLUSION ...cuiit ittt e e e e e e e e et eeans 150

REFERENCES CITED



Table

11

3.1
3.2
3.3
3.4

3.5
3.6
4.1
4.2

4.3

Vi

LIST OF TABLES

Page
The various spectral bands used by researchers for
(O od F= S I o3 11 o] o 16
Detectors were tied to a xed polarizer............ccooevvviiiiiiiiciieeec 43
Time stamp relationship to polarization and spectral data................. 52
The FOV in pan and tilt of each channel.................c.coi, 55
Radiance in each spectral and polarimetric band
from the radiometric calibration...............ccooooiiiiiii 62
Coe cients for the radiometric calibration................ccocooiiiinn. 64
Coe cients from the polarimetric calibration...................c.coooiiiinin 86
Days of data collection with 3-channel SWIR polarimeter................ 103
Quality of classi cation ability between dierent
CTP discrimination techniqgues showed that the
combined method Was SUPEIIOL .......ovuiiiiiiiciec e 118

Coe cients for liquid-water and ice clouds in the
combined mMethod...........cooiiii i 120



Figure

11
1.2
1.3

2.1

2.2

2.3

2.4

2.5

3.1

3.2
3.3

3.4
3.5
3.6
3.7
3.8

3.9

Vil

LIST OF FIGURES

Page
Dual-polarization lidar measurements from an ice cloud....................... 7
Dual-polarization lidar measurements from a water cloud .................... 8
The imaginary part of the index of refraction for
IQUId-Water @Nd ICE ... ...cveiieie e 11
When the optical depth of the cloud is large, ice
clouds show a signi cant di erence in slope from
1.50pm to 1.70um when comparing to water clouds...................c...... 24
Three bands allow reasonable discrimination of op-
tically thick clouds when evaluated in three dimensions..................... 26
Plotting the three normalized di erence ratios shows
good discrimination between ice and liquid-water clouds.................... 27
The three spectral bands used for CTP classi cation
were centered at 1.55m, 1.64um, and 1.70um..........ccooevviiiniinnennnn. 29
The data collected from the spectrometer are plotted
for liquid-water and ice clouds in three dimensions
along with the simulated data..............cccoveiiiiiiii e, 31
A rendering of the SWIR 3-channel polarimeter............cc.ccoovivennnn. 42
The spectral lters within the leter wheel ...............coooiiiiiiinn 44
A photograph of the SWIR 3-channel polarimeter
INternal COMPONENTS ......iuiiie e a7
A photograph of the SWIR 3-channel polarimeter enclosure............... 48
Data structure from the SWIR 3-channel polarimeter........................ 51
A photograph of the FOV calibration setup ...........cocoovviiiiiiiiieennnn. 53
An example of data from the FOV calibration .........................ooenn. 54
A representation of the FOV for each channel in the
SWIR 3-channel polarimeter...........c.ooviiiiiiiiii e 54
The spectral output of the bulb for the spectral calibration ............... 57

3.10 The monochromator had a partially polarized output........................ 57



viii

LIST OF FIGURES { CONTINUED

Figure Page

3.11 The DoLP from the monochromator decreased as

wavelength INCreased ..........oouuiiiiiii e 58
3.12 The theoretical spectral response of each channel.............................. 59
3.13 The normalized passbands for every channel ...................cocoiiiinis 59
3.14 The spectral radiance from the integrating sphere

was used to radiometrically calibrate the polarimeter ........................ 61
3.15 The detected radiance in each band of the SWIR

3-channel polarimeter..........ccoiiiiii i 63
3.16 The radiometric ts for each channel of the SWIR

3-channel polarimeter ....... ..o 64
3.17 The low-voltage regions of the radiometric calibra-

tion exhibited odd behavior ..o, 65
3.18 Temperature dependence for the SWIR 3-chaennl polarimeter............ 66
3.19 Di erence in radiometric calibrations for di erent temperatures......... 67
3.20 Polarimetric calibration SEtUP ..........couuiiiiiiiiiiiie e 68
3.21 Results from polarimetric calibration..............ccoooiviiiiiiin, 70

3.22 The rotation stage had a shiny metallic interior,
which scattered light. ..o 72

3.23 Photograph of the polarizer rotation stage before
and after the addition of black material..............cccoccoiiiiiiiiiniinenns 72

3.24 Polarimetric results between the unbaeled and
ba ed polarizer rotation Stage ...........coovviiiiiiiiiii 72

3.25 Schematic of the setup for rst- and second-order re ections.............. 76

3.26 Experimental data are plotted with a coq ) tin
(@), and the dierence is plotted in (D) .....covvevvieiiiii 77

3.27 Simulated results for each interaction in the two-
[o10] EoT W= ST (U] o L PP PPPRPRP 82

3.28 Second-order simulations and experimental data matched.................. 82



Figure

iX

LIST OF FIGURES { CONTINUED

3.29 Experimental results are plotted with the simulated

10162 Lo 11 11011 | 83

3.30 The rmse vs. plot identi ed the most likely value
of electric eld re eCHVILY .......ovuiii i 86

3.31 A photograph showing how the polarimeter was

oriented into the scattering plane ..o 88

4.1 The radiance ratios of simulated liquid-water and
ice clouds plotted against optical depth showed large
separation between the two phases ...........cccccoviiiiiiii e,

4.2 When the simulated data were plotted against three
radiance ratios, the separability between liquid-
water and ice clouds remained large ...........cccovveiiiiiiiiiini

4.3 The simulated StokesS, parameter for liquid-water
and ice plotted as a function of optical depth showed
that after an optical depth of about 10 or 15, the two

phases became di cult to discriminate .............ccoeieviieiieiiiei e 95

4.4 The scattering angle is de ned as the dierence
between the solar angle and observer viewing angle ..........................

4.5 The simulated StokesS; parameter for liquid-water
and ice plotted as a function of scattering angle
showed that theS; parameter was only useful under

limited scattering CoNditioNS ...........c.uiiiiiiiiiiiii e 97

4.6 Inthe region of 38to 90°, the simulated data showed
that the separability between liquid-water and ice
clouds was large when the cloud optical depth was low......................

4.7 Simulated data plotted as a function of scattering
angle and cloud optical depth showed that in at most
scattering angles, the relationship between cloud
optical depth and S; was the same, but at large
scattering angles the pattern at low cloud optical

depths began to Change ..........oovviiii i, 100



X

LIST OF FIGURES { CONTINUED

Figure Page

4.8 Simulated data showed that thes;, Stokes parameter
was largely dependent on wavelength in the spec-

trum below 0.87um and increased after L.5pmM..............cccoveennnn. 101
4.9 A photograph of the SWIR 3-channel polarimeter

and the dual-polarization lidar during a typical experiment ............. 104
4.10 A photograph of the SWIR 3-channel polarimeter

and the dual-polarization lidar at night ...............cccooiiiiiiin, 104
4.11 The radiance ratios for experimental liquid-water

and ice data showed poor separation ............ccceeeeiiiiiiiiiiiineineanennn. 107
4.12 The experimental and simulated data were plotted together............. 109

4.13 The S, Stokes parameter for the experimental data
was plotted as a function of scattering angle for alb; values........... 110

4.14 TheS; Stokes parameter for the experimental data
was plotted as a function of scattering angle, but
liquid-water and ice clouds were di cult to discrim-
inate with this method ..., 111

4.15The simulated liquid-water and ice results were
plotted over the experimental data for comparison,
but the data did not follow the model ..., 112

4.16 Experimental liquid-water and ice data were plotted
in each of the three radiance ratios and,; values
per spectral band to identify which are best suited
for discriminating between the two phases ...........cccoociiiiiiiiiinnn, 114

4.17 A scatter plot of classication quality (i.e., the
percentage of correctly identi ed liquid-water and
ice data) showed a large diVersity ..........occvvviiiiiiieiiii e 116

4.18 The di erence in classi cation quality between the 3-
parameter spaces of the radiance ratio and combined
methods found the polynomial with the largest
percentage of correct classi CatioNS ...........coveevviiiiiiiiiieiineiieeeeans 117



Figure

Xi

LIST OF FIGURES { CONTINUED

4.19 The classi cation quality of the unpolarized and

combined methods were plotted to identify that

polarization was a contributing factor..................c...coeeenni.

4.20 The surfaces of best-t for liquid-water and ice

in the 3-parameter space 0fS;.1.55, Sp.1:70, and

So:1:55 adequately matched the experimental data
and provided a more accurate classi cation when
compared to the method that only used radiance

ratios (and no polarization) ...........ccoeveiiiiiiiii

4.21 Experimental data plotted in the 3-parameter space

5.1

5.2

5.3

5.4

5.5

5.6

of S1.1:55, So:1:70, @nd Sp.1.55 was found to be ideal for

CTP disCHMINATION ...t e

Voltages detected by the vertical channel in the
SWIR 3-channel polarimeter were typically low (less

than 0.3 V) in comparison to the full range of 20V.............

Voltages detected by the horizontal channel in the
SWIR 3-channel polarimeter were typically low (less

than 0.3V) in comparison to the full range of 20V .............

The standard deviation of signals from the vertical

channel were Very [OW..........ooovviiiiiiii e,

The standard deviation of signals from the horizon-
tal channel were typically low, but they occasionally

rose to higher [evels...........ccooviiii i

The SNR for the diagonal, horizontal, and vertical
channels showed that the horizontal channel had

bursts of very Iow SNR.........ocoiiiiii e,

An example of signal for the horizontal and vertical
channels along with their standard deviations show

that horizontal channel had large variance.........................

Page



Xii

LIST OF FIGURES { CONTINUED

Figure Page

5.7 A scatter plot of detected signal and standard
deviation in the horizontal channel did not suggest
that the higher levels of noise were dependent on
Signal Strength ...

5.8 The SNR values of the vertical channel were typi-
cally Very Nigh ...

5.9 The SNR values in the horizontal channel were

clustered into the lowest bin, or had values less than 50.................

5.10 When zoomed in on the lowest bin of the horizontal
channel SNR, the highest peak was at an SNR of 4......................

5.11 The noise in the degree of linear polarization had
nearly 800 cases of noise below 0.01..........ccccooviiiiiiiiiiieieeeeen,

5.12 The large-signal set in the horizontal channel had a
[Arge SINR ....oi

5.13 The distribution of SNR values for the vertical
channel hardly changed ...,

5.14 The distribution of the SNR values for the horizontal
channel drastically shifted to higher values ..................cocooiiviennn.

5.15 The radiance ratio method separated liquid-water
and ice clouds well for the large-signal set............ccooeeiviiiiiiiinnennnn.

5.16 The S; Stokes parameter for the large-signal set
showed better separation for liquid-water and ice clouds................

5.17 The liquid-water and ice data were well separated in
the best 3-parameter space de ned by surface- tting
the large-signal St ...

5.18 The uncertainty, a function theS; Stokes parameter,
was typically low, despite large angular errors...........cccoccevvveennnnn.

5.19 The S; values for large-signal set data that were
rotated to minimize S, are plotted in the top
row, and large-signal set data that remained in the
instrument plane are plotted in the bottom row ..............ccc.oeieeennn.



Xiii

LIST OF FIGURES { CONTINUED

Figure Page

5.20 A histogram that shows the overlap between liquid
water (blue) and ice (red) for large-signal set data
that were (top) rotated into the scattering plane and

(bottom) remained in the instrument plane..............cccoocovviiiiiieens 146

5.21 The$Sy value for clear sky decreased as a function of

scattering angle, an expected reSPONSE.........cc.vvvvieiiieiieinieieiiieeannes

5.22 The S; value for clear sky was negative ............coooveiiiiiiiiiniiinneennnn.



Xiv

ABSTRACT

Cloud thermodynamic phase|whether a cloud is composed of spherical water
droplets or polyhedral ice crystals|is an important parameter for optical communi-
cation with space-based instruments, remote sensing of the atmosphere, and, perhaps
most importantly, understanding weather and climate. Although some methods exist
to detect the phase of clouds, there is still a need for passive remote sensing of
cloud thermodynamic phase due to its low-cost, scalability, and ease of use. Two
methods for cloud thermodynamic phase classi cation employ spectral radiance ratios
in the short-wave infrared, and theS; Stokes parameter, a polarimetric quantity. In
this dissertation, the combination of the two methods is realized in an instrument
called the short-wave infrared three-channel polarimeter. The coalescence of radiance
ratios in the short-wave infrared and polarization channels oriented parallel and
perpendicular to the scattering plane provides better classi cation of cloud phase
than either method independently. Despite the improvement, the low-cost system
su ered from hardware and software limitations, which caused an increase in noise
and polarimetric artifacts. These errors are analyzed and a subset of low-noise data
shows even better classi cation ability. All together, the results attained from the
deployment of the polarimeter in early 2019 showed promise that the combination of
the two methods is an improvement over past techniques.



1

CHAPTER ONE

INTRODUCTION

Across the globe, clouds are ubiquitous, covering about two thirds of the Earth
at any given time and in uencing precipitation, radiative transfer, sky radiance
and polarization, optical communications with space-based instruments, and more.
Because of their prevalence, clouds may seem simple and well-understood, but in
fact, the opposite is true: clouds remain one of the largest uncertainties in climate
models [1{3] and new discoveries about them are frequent in the literature. In general,
clouds are one of the primary factors in the planet's radiation budget, and the details
of the particles that make up clouds determine how solar radiation interacts with
the earth [4{7]. These interactions in uence temperatures across the entire globe and
therefore require careful study [8]. The particle shape, size, orientation, concentration,
surface properties, and thermodynamic phase (i.e., if the particles are in the liquid
or solid (ice) phase) must be known to better understand the way clouds in uence
the climate [3,9{14], to better model sky radiance and polarization, and to improve
the methods by which ground-based systems converse with satellites and other space-
based instruments via optical communication.

The intricacies of how clouds interact with each other and the rest of the
atmosphere can become very complex, but their basic role is to either cool or heat
the planet. In addition to the cloud particles’ shape, size, and thermodynamic phase,
the types of aerosols in the atmosphere play a very important role in cloud formation
and evolution and thus aerosol-cloud interactions are another critical piece of the

puzzle. In fact, the \twilight zone" of where a cloud ends and aerosols begin is
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a powerful example of the close-knit ties between the two [15]. Not only is the
cloud thermodynamic phase (CTP) an important factor in cloud development and
evolution, but it is also a prerequisite to inferring other cloud properties, such as
particle size and shape. Broadly speaking, water clouds, which are composed of
spherical droplets, tend to de ect warming rays from the sun while ice clouds, which
can be composed of various crystal structures [16], tend to heat the Earth because
of their typically small optical depth and high greenhouse e ect, and thus CTP is a
large uncertainty in weather and climate models [1,3,17]. Furthermore, remote sensing
systems cannot e ectively determine particle shape and size until the thermodynamic
phase is known [6,8,12,13].

Climate and weather simulations are highly sensitive to numerous small factors
[18,19], and the understanding of these details can greatly improve climate models.
Over the last few decades, scientists and engineers spanning elds from meteorology
to computer science have made steady advances that improve weather and climate
modeling. By increasing the number of input parameters, the output of the model
improves, but at the cost of computational power. Nonetheless, to make weather
predictions more accurate, and thus acquire a better understanding of our climate,
more detailed information about the physics in the atmosphere is required.

This work focuses on furthering research in cloud thermodynamic phase detec-
tion by creating and combining new methods of classi cation in the eld. One method
uses the ratio of radiance in three spectral bands in the short-wave infrared (SWIR)
from sunlight scattered by clouds; and the other method reads the polarization state
of this same light.

Electromagnetic waves with wavelengths between Iuin and 3.0um (270 THz
to 100 THz) are the SWIR band and are convenient for cloud measurements. Not

only are optical components (e.g., lenses and lters) and detectors readily available
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for a relatively low cost, but sub-bands within the SWIR have low absorption from
water vapor and are thus well suited to the application.

Polarization, or the orientation of a light wave's electric eld, carries a large
amount of information. Academics, industry, and the military all use polarization for
research, quality assurance, man-made or low-contrast object detection, to name a
few of the ways that polarization is utilized. In clouds, spherical water droplets and
polyhedral ice crystals manipulate the incoming polarization state to a point that
may be detectable by ground-based instruments. In the remainder of this chapter,
we introduce the common techniques used to classify CTP, starting withn situ

instruments and ending with passive remote sensing systems.

1.1 Methods for remote sensingof cloud thermodynamic phase

Over the past several decades, a substantial amount of work has gone into cloud
classi cation with remote sensing systems. Researchers implemented ground-, air-,
and spaced-based lidar, imaging, and multi-spectral instruments to locate and classify
clouds. This section is divided into four subsections: rst, a brief introduction into
di erent types of in situ instruments and measurements explores why these are not
suitable for continuous sensing of clouds; next, three subsections describe active and
passive remote-sensing systems for CTP classi cation including a dual-polarization

lidar, infrared spectral radiance methods, and a passive polarimeter.

1.1.1 In situ instruments

Typical in situ measurements are mounted to aircraft or balloons and own
through clouds, such as the Department of Energy's Atmospheric Radiation Mea-
surement Aerial Facility [20]. The instruments themselves have inlets that bring

cloud patrticles into a chamber where they can be probed. Once in the chamber,
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most methods use a narrow beam of light to illuminate the particle and measure
its near-forward scattering [21]. Other methods, such as the Multi-Element Water
Content System (Science Engineering Associates WCM-2000), use heated elements
to determined liquid and total water content and then deduce the ice water content
from the di erence.

These types of sensors are typically very accurate and can probe speci c regions
of clouds. However, sincen situ measurements require aircraft to probe clouds,
they spend a disproportional amount of time and money for the relatively small
region being analyzed. Aircraft are expensive to deploy, and although they can
retrieve a large amount of data, the frequency at which an aircraft would need to
be deployed in order to get enough useful data is unlikely to be feasible for such
studies. Furthermore, the atmosphere can contain many di erent cloud layers that
are dynamic and constantly changing, and in some cases too dangerous for airplanes
to y through. For these reasons, a remote-sensing system is often more favorable
for long-term monitoring. The large variety of remote sensing systems allows for a
breadth of applications. An instrument for cloud-side CTP measurements would be
designed very di erently than one for all-sky CTP deduction, but both are remote
sensors. Furthermore, high frequency sampling and autonomy can be achieved for
ground-based, upward pointing systems. This dissertation will focus on optical
sensing methods and not discuss cloud radar, which is a common method of cloud

remote sensing.

1.1.2 Lidar systems

Currently, many active ground-based remote sensing systems can infer cloud
phase. A common method to classify clouds as composed of liquid water or ice

crystals is a dual-polarization lidar system that exploits the crystal structure of ice
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[9,13,22{25]. In the absence of a scanning system, which can provide a large FOV at
the expense of cost and complexity, a ground-based lidar measures only a single range-
resolved column. Satellite-based lidars, on the other hand, are constantly moving
around the planet providing more spatial information in the form of vertical slices.
Lidars in general require more hardware and power to run than passive systems, and
eye-safe lidars are a necessity for routine use. A major downside of lidar systems,
especially for those with low power, is their inability to penetrate multiple cloud
layers or optically thick clouds. Nonetheless, they have been shown to classify CTP
with high accuracy and are therefore used as a validation in our work.

The Multiple-Application Montana Lidar (MAML) [26], uses a pulsed, polarized
laser for cloud detection and classi cation [9,27]. The linearly polarized laser beam
from MAML (referred to as the dual-polarization lidar throughout this document)
scatters o water droplets in liquid-water clouds, ice crystals in ice clouds, or both in a
mixed-phase cloud. The time of ight of the beam determines the height of the cloud
or clouds (the lidar is able to see multiple layers of thin clouds) and the ratio of the
returned co-polarized and cross-polarized terms (called the cross-polarization ratio)
indicates whether the cloud is composed of liquid water or ice. This powerful tool was
used as a validation technique for the SWIR 3-channel polarimeter (see Chapter 4)
and the proof-of-concept experiments leading up to it (see Chapter 2).

Range-corrected return signals from the dual-polarization lidar can show a single
cloud or several layers from the co-polarized return signal. The cloud height (and
occasionally the cloud optical depth) can be determined from this information. To
retrieve the thermodynamic phase, the cross-polarization ratio must be known. This
is found by dividing the cross-polarized return signal by the co-polarized return
signal. Clouds that are composed of ice crystals will alter the polarization state

of the scattered light, thereby generating a nonzero cross-polarized signal (although
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near-zero cross-polarization ratios are possible, although infrequent, under unique
conditions [22]).

Figure 1.1 shows an ice cloud's range-corrected return signals and cross-
polarization ratio. The large amount of noise in the cross-polarization ratio plot
comes from dividing by very small numbers. The noise takes up the majority of
the plot, but is visually helpful in identifying clouds and their CTP since the signal
from a cloud contrasts well against this background. The co- and cross-polarization
return signals signi cantly increase at 7km. In this gure, the cross-polarization
ratio is well de ned from 0 km to 6 km; in the vicinity of a cloud distributed between
approximately 7km and 9 km, the noise collapses to about 35%, which is a typical
signature of an ice cloud [9, 27].

Liquid water clouds are slightly harder to identify since they produce two types
of cross-polarization ratio signals: one where the ratio is near zero (typically between
0% and 3%), and the other case, caused by multiple scattering in optically thick
liquid clouds, produces a non-zero cross-polarization ratio. The di erence between
liquid-water and ice cloud cross polarization ratios is the pattern and curvature of the
ratio as a function of range. Figure 1.2 shows the range-corrected return signals and
cross-polarization ratio for a liquid-water cloud. A careful comparison between these
plots and those from the ice cloud (Figure 1.1) shows that the cross-polarization ratio
slowly begins to increase as the signal penetrates into the cloud. The co-polarized
signal shows that a cloud began at 1.4km, but the cross-polarization ratio did not
begin to increase until more than 1.6 km. Once in the cloud, the ratio was zero for
more than 200 m until the laser light underwent a signi cant amount of multiple
scattering, causing the cross-polarization ratio to increase as a function of depth.
This increase follows a pattern and can be distinguished between the abrupt and

noisy ratio that an ice cloud creates [9, 27].



Figure 1.1: The range-corrected return signals and ratio from the dual-polarization
lidar (top), and a zoomed in version (bottom), show that the detected cloud was
composed of ice. The abrupt change in ratio from random noise to 35% is an indicator

of ice crystals.



Figure 1.2: The range-corrected return signals and ratio from the dual-polarization
lidar (top), and a zoomed in version (bottom), show that a thick water cloud

depolarizes the signal due to multiple scattering events. The gradual and predictable
slope of the cross-polarization ratio distinguishes this from an ice cloud (see

Figure 1.1).
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Due to the complex cloud signals in the co- and cross-polarization states as
well as the cross-polarization ratio, a simple algorithm is not sophisticated enough to
discriminate the two. In an attempt to streamline the process of CTP discrimination
with the dual-polarization lidar, Elizabeth Rehbein classi ed the bulk of the dual-
polarization data in this study, and Bryan Scherrer is developing a machine learning
algorithm from these classi cation for a peripheral project. While not discussed in
this work, the bene ts of the algorithm have important implications for future work

with passive CTP instruments, especially for large data collection campaigns.

1.1.3 Spectral-bandmethods

Passive remote-sensing systems can have a number of advantages over lidar
systems. In many cases, these systems are less expensive and more convenient since
they only rely on sunlight or thermal emission. Also, they can have a large eld of view
without the necessity to scan, and thus they are easy to deploy and run continuously
(much like NASA's aerosol robotic network, also known as AERONET [28]). Work in
a variety of spectral bands has been done by researchers across the world. Thermal
infrared bands are of particular interest because they can classify CTP during day
or night conditions [6,29{32]. In the following section, we focus on the work done
primarily within the SWIR band.

A great amount of work has gone into classifying CTP with infrared spectral
bands and can be traced back to 1960 [33]. Perhaps the most popular method of
distinguishing the CTP is with spectral band ratios in the SWIR. In 1987 Pilewskie
and Twomey [34] used the re ectance from clouds in the spectral band 1j&% to
1.75um to identify their phase. The key to their studies, as to nearly all others
using spectral bands to determine CTP, is the di erence in the imaginary part of the

index of refraction (and thus the absorption) between ice and liquid water. Typically,



10

the refractive index of ice is referenced to Warren and Brandt [35], whose studies
span ve bands in the visible (185nm to 400 nm), the short-wave infrared (1 to
2.8um), the midwave infrared (3.5um to 4.3um), the longwave infrared (33um to
600um), and into the microwave region (1 mm to 100 mm). In 2008, however, Warren
and Brandt published a paper [36] revising the value for the index of refraction from
their previous work. While most of the changes were slight (with the exception of
the 200 nm to 500 nm band, which was quite extreme), they may impact the ndings
from studies done prior to 2008. The imaginary part of the index of refraction for
water has been studied by many researchers, and in this work we consider the work
by Kou et al. [37]. The di erence between the imaginary part of the refractive indices
in the band of 1.4um to 1.9um can be seen in Figure 1.3. This range is of interest
to this work, although others have exploited the di erence between the two indices
in other regions of the spectrum.

The small amount of water vapor in the atmosphere has a signi cant in uence
on radiative properties since it strongly absorbs solar radiation in various spectral
bands and has a strong greenhouse e ect. Water vapor does tend to absorb sunlight
much di erently than either liquid water or ice. However, there are bands where
water vapor absorption is so high that retrieving information about cloud phase in
those regions is much more dicult. Therefore, this is an important consideration
when deciding on spectral bands for CTP discrimination, especially for ground-based
measurements where the signal must travel through a dense water vapor region when
compared to space-based measurements, for which the atmosphere above the cloud
is relatively thin.

The thermodynamic phase of a cloud can be interpreted by using ratios
of spectral radiance in a variety of bands. The work described in this section

primarily focuses on non-thermal infrared bands, that is, where solar re ectance or
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Figure 1.3: The di erence in the slope of the imaginary part of the refractive index
between liquid water and ice can be exploited to classify cloud thermodynamic
phase. Even super-cooled water (black line) shows very similar properties to room-
temperature water [11, 35{37]
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transmittance (rather than emission) dominates the detected signal. This is not
to discount the promising research that infers CTP from thermal infrared bands.
Table 1.1 details the primary works in classi cation of CTP in the SWIR. Pilewskie
and Twomey [34] were the rst to utilize this method by measuring the vertical pro le

of clouds while the sun was at a zenith angle of 45The spectra of ice and liquid-
water clouds di ered greatly in their band of interest. It should be noted that they
did not use other instruments to validate the cloud's composition and deduced the
thermodynamic phase based on the cloud type and the height within the cloud of
the measured region; nonetheless, they paved the way for CTP classi cation based
on spectral bands.

The next largest step in CTP from spectral bands was done in 2000 by
Baum et al. [16,38]. Their work was based on the Moderate-Resolution Imaging
Spectroradiometer (MODIS). MODIS has 36 spectral bands ranging from Quh to
14.2um and is part of the Earth Observing System that was launched into orbit
in 1999. Baum et al. simulated MODIS data collection during a campaign called
the Subsonic Aircraft Contrail and Cloud E ects Special Study (SUCCESS). These
simulations of MODIS were done from an aircraft ying above clouds. They used
bands in the thermal infrared and short-wave infrared, namely at 0.68m, 1.63um,
and 1.90um, to enhance the process of deducing CTP.

In 2001, Knap et al. [8] focused on the slope of absorption as a function of
wavelength to infer CTP. Their work capitalized on the fact that at 1.64um, the
slope of absorption as a function of wavelength for liquid water is essentially zero

while the slope of ice is negative (see Figure 1.3). They de ned the slope as

Sper = 100R1:70 R1:641 (1.1)
Rai64
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where R is the re ectivity in the spectral band centered at . Equation (1.1) is
essentially the normalized di erence ratio, a technique that is used by many future
researchers. Simulations were done as aircraft ying over land, water, or snow with
clouds in between. Their experimental measurements were done from an aircraft over
the ocean with a nadir pointing instrument. They noted that the greatest challenges
in these methods was detecting CTP over certain surfaces, such as snow and rock,
especially when the optical depth was low, and in di erentiating between ice and
mixed-phase clouds.

Acarreta et al. [39] built on previous work done by Knap et al. and found that the
addition of spectral tting in the range of 1.55um to 1.67um increased the robustness
of the classi cation method. Their ndings from satellite spectra also suggested that
the ground re ectance can be problematic when trying to classify CTP from space,
and thus a good understanding of the ground re ectance is very helpful, but not
always available. Furthermore, they ignored cloud optical depths below 3 and found
that solar zenith and viewing angle only had a small e ect on CTP classi cation.

A similar instrument to MODIS is the U.S. Department of Energy's Multispec-
tral Thermal Imager (MTI), which was used by Chylek and Borel [40] to determine
CTP. At the time, they claimed that the SWIR regime was best suited for CTP
classi cation. Their simulations using the MODTRAN radiative transfer code and
the data from MTI identi ed the re ectance ratio between 0.87um and 1.6um spectral
bands as a good value for classi cation. In a later study, Chylek et al. [41] used a
visible band with a SWIR band to classify CTP. They used thermal infrared bands
to identify the temperature of the cloud, and noted that signatures above @ were
liquid-water clouds, ice clouds were below40 C, and mixed phase clouds could exist
in between. They reiterate the di culties of the ground re ectance interfering with

CTP classi cations for certain ground types.
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In 2008, Ehrlich et al. [42] used data from high-altitude aircraft to develop three
separate methods for CTP identi cation. Their rst method relied on the radiance
di erence in spectral bands at 1.5%m and 1.70um, normalized by the radiance at
1.64um. This method was validated mostly within situ instruments. The second
method used principal component analysis on simulated ice clouds near the 116%-
band and water clouds in the 1.6@wm to 1.704um band, and normalized them to the
0.864m band. Their rst two methods, much like the methods from other researchers,
did not distinguish CTP for clouds with low optical depth (below approximately
2). Their third method relied on the di erent directional scattering that occurs for
di erent particle shapes, which worked especially well for clouds with low optical
depth. While this technique may have promising applications, the authors identi ed
that this method only works for top-of-cloud measurements, which would require
satellite- or aircraft-based detection.

King et al. [43] used a large variety of bands that were available on MODIS
to retrieve cloud phase. Typically, they determined CTP in phases, starting
with thermal infrared bands. If CTP could not be determined using the thermal
methods, they utilized bands at 0.66m, 1.62um, and 2.13um to help with the nal
classi cation. Like other studies, they simply used the temperature of the cloud to
conrm that it was ice (colder than =40 C), liquid water (warmer than O C), or
mixed (somewhere in between).

In 2011 Martins et al. [10] tested their cloud scanner prototype that had a
scanning spectrometer, thermal scanner, and digital camera tted with a sheye lens.
They ew an airplane near clouds and measured the scattered sunlight from cloud
sides. Their analysis used the 2.1j0m and 2.25um bands and con rmed their CTP
classi cations by using the temperature of the clouds provided by the thermal infrared

scanner. Clouds that had a temperature between40 C and 0 C were not analyzed
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because they could have consisted of ice, liquid-water, or mixed-phase particles.

Few researchers have developed their own instrument for CTP detection and
validation; however, Jakel et al. [13] not only designed a spectrally sensitive
instrument, they also used a lidar system to validate their CTP classi cations. They
de ned their phase index as the di erence between the 1.58n and 1.70um bands
divided by the 1.70pum band. Their instrument was ground-based and operated
alongside their dual-polarized lidar. The two instruments pointed at the same region
(although had di erent elds of view).

Finally, in 2016, Thompson et al. [12] not only reviewed four of the methods
discussed above, but also proposed a method of spectrum tting in the 1u4n to 1.8-
pm range. They used the t to identify liquid-water content and ice-water content
of a cloud. This method improved accuracy in CTP classi cation relative to some
of the methods discussed above. Their remote data were from aircraft ights over
ocean water and usedn situ measurements to validate CTP. They recognized the
dependence of CTP classi cation on cloud optical depth, and thus did not attempt
to classify clouds with an optical depth below @5.

Most of the instruments presented were either satellite based or airborne.
These typically downward-looking orientations have the major advantages of covering
large areas quickly and operating above the thickest part of the atmosphere where
gaseous absorption is highest. However, airborne and satellite-based remote sensing
is costly and downward-viewing measurements of clouds are often contaminated by
surface re ections. Furthermore, nearly all methods were declared to be relatively
insensitive to viewing geometry, and those researchers who noticed a dependence
on solar angles stated that the di erence was insigni cant for CTP retrieval [13].
However, with the exception of one classi cation method (that only works for top-

of-cloud measurements) [42], these methods only performed well for clouds with
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Table 1.1: A table of work in the SWIR bands for CTP classi cation shows the
large e ort that has gone into determining the thermodynamic phase of a cloud with
spectral bands.

Author Year Method

Pilewskie and Twomey [44] 1987 1.55pum to 1.75um
Baum et al. [16, 38] 2000 0.65um, 1.63um, and 1.90um
Knap et al. [8] 2002 1.64um and 1.70um
Acarreta et al. [39] 2004 1.55um to 1.67um
Chylek and Borel [40] 2004 0.87um and 1.60um
King et al. [43] 2004| 0.66um, 1.62um, and 2.13um
Chylek et al. [41] 2006 0.66pum and 2.13um
Ehrlich et al. [42] 2008 0.86pum to 1.70pm
Martins et al. [10] 2011 2.10pm and 2.25um
Jakel et al. [13] 2013 1.55um and 1.70um
Thompson et al. [12] 20146 1.4pm to 1.8um

large optical depths. Ground-based spectral radiometers have the disadvantage of
thick atmosphere, a static viewing region, and sparse distribution across the globe,
but upward-looking instruments, such as the spectrometer used by Pilewskie and
Twomey [44] and the spectrometer used by Jakel et al., [13] have a simpler background
(the sky) and are often cheaper and easier to deploy than air- and space-based
instruments.

One of the largest hurdles, therefore, is to develop an instrument that can identify
CTP in optically thin clouds as well as optically thick ones. Some recent work in

polarimetry [45{47] has shown good separation of liquid-water and ice clouds.
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1.1.4 Polarization method

One method of interpreting polarimetric data is with the Stokes parameters for
radiance (i.e., with units Wm™2sr' ). The rst three terms, Sy, S;, and S,, describe
linear polarization states as shown in Equations (1.4) to (1.6). Furthermore, the
degree of linear polarizationDoLP ) can be expressed by Equation (1.7). The variable
L represents the detected radiance at the speci ed polarizer angle. For example
represents the quantity of radiance detected by the horizontal channel, that is, the
channel perpendicular to the scattering plane. The measurement in each channel of
a polarimeter with a parallel (L), perpendicular (L, ), and diagonal polarizer {4s)

was a product of the system matrix and input Stokes parameters, as de ned by

2 3 2 32 3

Ly 1 1 So
gL?%: gl 1 gsé, (1.2)

Lss 1 0 1 S

NI =

where each row of the system matrix was the st row of the Mueller matrix for the
corresponding polarizing element (more details in Section 5.2). The Stokes parameters
were therefore de ned by the inverse of the system matrix multiplied by the detected
radiance vector,
2 32 3 2 3 2 3
1 1 Lk L+ Lo So
gl 1 gu%:g Ly Lo %zgsé- (1.3)
1 1 2 Ly 2l,s Lg Lo S,

This Muller calculus was used to determine how the Stokes parameters were de ned.

So=Lk+ Lo (1.4)
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Si=Lk Lo (1.5)
S;=2Lss  So (1.6)
P QL+ Q2
Dolp = L+ 2 (1.7)
So

In 2015, Knobelspiesse et al. [45] published a paper on CTP classi cation with
visible and near-infrared polarization signatures instead of spectral band normalized
di erence ratios. Their simulations found that the S, Stokes parameter could
determine CTP for optically thin and modestly thick clouds that were in a region of
the sky where solar scattering angles were between’4hd 7C. Their experimental
data mostly agreed with their predictions; however, the dierences ir5; values
between liquid-water and ice clouds was minimal. They did note that longer
wavelengths tend to be better at discriminating the two phases, which is why the
SWIR was a good candidate for the addition of polarimetric sensitivity.

In early 2019, Eshelman et al. [47] used the polarimetric method to analyze
measurements from their all-sky polarimeter. Results from their experiments were
very promising, showing good CTP discrimination based on th®; Stokes parameter
in the visible and near-infrared bands. Their data showed that scattering angle was
a very important factor and that a high aerosol optical depth could be problematic
for CTP retrieval. Nonetheless, as long as the air is relatively clear and the cloud is
within the region of 10 to 70° scattering angle, then the CTP retrieval is promising.

The recent advances in polarimetry for CTP retrieval do not have the history or

breadth of simulated and experimental data that the spectral-band method does,
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but their initial results are very promising and should be further studied and
expanded. The polarimetric method in SWIR bands may prove to be even better
at discriminating between CTP, at least under certain conditions. Moreover, the
combination of the methods is likely to create a more robust classi cation method.
The two methods have converse strengths and weaknesses; for example, the spectral-
band method misclassi es clouds with low optical depth, whereas the polarimetric
method performs best under these conditions. The two methods complement each

other and thus their combination should provide improved CTP classi cation.

1.2 Perspective

This dissertation explores the fusion of spectral and polarimetric methods
for better cloud thermodynamic phase discrimination through the development,
calibration, and implementation of the short-wave infrared three channel polarimeter.
The experimental results suggest that the combination of spectral radiance ratios and
polarization sensitivity indeed improve the CTP classi cation ability.

Prior to the development of the primary instrument in this work, the SWIR 3-
channel polarimeter, a search for ideal spectral band ratios was explored in Chapter 2.
This chapter discusses simulations of solar radiance scattered from liquid-water and
ice clouds using the MODTRAN radiative transfer code that led to the selection of
three spectral bands centered at 1.58m, 1.64um, and 1.70um. These simulations
were experimentally tested with a spectrometer and their results showed good
separability for most clouds.

In Chapter 3, the combination of spectral and polarimetric sensitivity were
realized in the SWIR 3-channel polarimeter. A detailed discussion of the hardware
and software is presented rst, followed by a suite of calibrations for eld of view,

spectral bandwidths, radiometric values, and polarimetric properties.
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Some polarimetric simulations, experiments, and results are discussed next, in
Chapter 4. Simulations of the Stoke$,; parameter are presented in order to compare
to the experimental results. Although the experimental data did not closely follow the
simulations for S, the combination of methods provided better classi cation accuracy
when compared to each individual method alone.

Finally, before concluding, Chapter 5 takes a closer look at the results. The
SWIR 3-channel polarimeter did not perform as well as expected, so this chapter and
discusses the potential reasons for the high noise and small polarimetric contribution.
Although classi cation accuracy was highest with the addition of polarimetry, the
accuracy was likely reduced due to some instrument limitations; these are presented

and explored in this chapter.
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CHAPTER TWO

RADIANCE RATIOS FOR CTP DISCRIMINATION

2.1 Contribution of authors and coauthors

Partial Manuscript in Chapter 2

Author: Martin Jan Tauc

Contributions: Collected data with a spectrometer and dual-polarization lidar;
interpreted and analyzed results; generated gures and drafted the manuscript that
was accepted to the peer-reviewedburnal of Applied Remote Sensing

Coauthor: David W. Riesland

Contributions: Generated simulated data; interpreted and analyzed those results and
ran a sensitivity analysis to identify ideal hardware for experiments. Helped with
experiments and analysis of those data. Contributed to and edited the manuscript
and gures.

Co-Author: Laura M. Eshelman

Contributions: Aided with the experimental setup and data collection, and she
analyzed and interpreted the results from experiments. Aided in the preparation
of the manuscript and gures.

Coauthor: Wataru Nakagawa
Contributions: Obtained funding, provided important insight and perspective for
analysis and modeling, and aided in the preparation of the manuscript and gures.

Coauthor: Joseph A. Shaw

Contributions: Obtained funding, managed remote sensing aspect of project, provided
important insight and perspective the the analysis and modeling, and aided in the
preparation of the manuscript and gures.
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This chapter describes simulations and experimental results that identi ed and
demonstrated three spectral bands in the short-wave infrared (SWIR) useful for
cloud thermodynamic phase (CTP) discrimination. First, we discuss the use of the
MODTRAN (version 5.2.0.0) radiative transfer code to simulate sunlight transmitted
through various cloud types. This analysis led us to develop a new CTP passive
sensing method based on radiance measurements at L85 1.64um, and 1.70um.
Next, we describe the experimental measurements made with a spectrometer at these
three bands, validated with dual-polarization lidar measurements of CTP. Finally,
we show that three-dimensional analysis of spectral band ratios provided better
CTP discrimination for clouds with optical depths as low as approximately @5
(uncertainties in cloud optical depth for the experimental data and limited ability
of the simulations to represent reality prevent us from stating an exact value of
the minimum cloud optical depth, but a more detailed discussion is presented in

Section 2.4.3).

2.3 Radiative transfer simulations

Simulations were accomplished through analysis of spectral radiance outputs for
di erent cloud types and ground viewing conditions via the MODTRAN radiative
transfer code. David Riesland simulated solar radiance scattered from clouds and
described them in more detail in his thesis [48]. Six standard cloud types were
used in the analysis to simulate di erent droplet distributions at di erent altitudes.
Five of the cloud types, Cumulus, Altostratus, Stratus, Nimbostratus, Stratus and
Stratocumulus, had a liquid-water composition, while Cirrus had an ice compaosition.
The optical depth of each cloud was varied by changing the extinction ratio of the

cloud while keeping altitude and geometric thickness at typical values.
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The scenario was set as follows: an observer with an altitude at ground level of
Bozeman, Montana (1460 m elevation) viewed a cloud af @zimuth, 45 elevation.
The sun was behind the observer at 18@zimuth, 45° elevation. Spectral radiance
was then calculated over the 1.4 to 2.104um band. A distinct di erence was seen
in the slope of spectral radiance between 1.hfh and 1.70um when comparing ice
clouds to liquid-water clouds at the same cloud optical depth. Figure 2.1 shows this
di erence for clouds with optical depth of 6 (left) and for clouds with optical depth
of 0.1 (right). Although both plots show a distinction in slope between liquid water

and ice, the di erence is more drastic for optically thick clouds.

Figure 2.1: When the optical depth of the cloud is large, ice clouds (green) show a
signi cant di erence in slope from 1.50um to 1.70um when comparing to water clouds
(orange). When the cloud optical depth is low, the slopes become more di cult to
distinguish.

A sensitivity analysis was performed to determine the best discrimination bands
and bandwidths required to characterize CTP. Di erent algorithms were explored
using the relative magnitudes of each sub-band within the 1.50n to 1.70um
wavelength spectrum. Varying amounts of precipitable water vapor (PWV) caused
some issues when discriminating between two channels, but using three separate
channels within the 1.50um to 1.704m band helped this issue signi cantly. It was

found that the best cloud phase discrimination algorithm involved the use of three
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spectral bands centered at 1.53m, 1.64um, and 1.70um with full-width at half-
maximum bandwidths of 150 nm or less. The normalized di erence ratio®;.70.1:64,

R1:55.1:64, @and R1:55.1.70, Were then de ned by the following equations:

I—1:70 I—1:64

Ri70,1:64 = Lo ; (2.1)
1:64
Russ1:64 = y, and (2.2)
1:64
L. L
Rus51:70 = w, (2.3)
1:70

whereLpang is the detected radiance in that particular spectral band.

Because previous research showed that CTP algorithms worked better for clouds
with high optical depth than for clouds with low optical depth, we ran models for
clouds with varying optical depths. A three-dimensional plot from these simulations
is shown in Figure 2.2. The three distinct cases are clear sky (shown as black circles),
liquid water (shown as orange lines), and ice (shown as green lines). Each case is
plotted multiple times with varying PWV. The most noticeable trend is that liquid
water and ice are well separated for large cloud optical depths, which means that this
method can be used to discriminate between the two. As the cloud optical depth gets
smaller, the ability to distinguish between the two becomes impossible. There are two
major problems with this scenario: rst, cloud optical depth values are typically not
available from passive sensors and so we cannot use this parameter space (i.e., optical
depth, Ri:s51.64, R1:551:70) 10 identify a threshold for CTP discrimination; second,
this method only works for clouds with large optical depths. The rst issue can be

solved by swapping the optical depth axis with the third di erence ratio,R1.70.1:64, &S
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indicated in Figure 2.3.

Figure 2.2: Three integrated 150-nm-wide bands allow reasonable discrimination of
optically thick clouds when evaluated in three dimensions. The curves merge for low
cloud optical depth. Various lines represent varying PWV from 0.5mm to 1.5mm.
Clear sky is depicted by black circles.

Figure 2.3 does not have as large of a separation as Figure 2.2, but each axis
represents a readily measurable quantity. In Figure 2.3, cloud optical depth is
represented guratively by symbol size (i.e., large pluses or squares represent clouds
with large optical depth). As the symbols decrease in size, they approach the bottom
right (clear sky). This method of analysis looks promising for clouds with large or

even moderately small optical depth (above approximately:DP5).

2.4 Experimental validation

To test the simulated results, we collected downwelling spectral radiance data

using a spectrometer (Analytical Spectral Devices FieldSpec Pro FSP 350-2500P with
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Figure 2.3: Plotting the three normalized di erence ratios shows good discrimination
between ice and liquid-water clouds. Symbol sizes (i.e., pluses and squares) represent
optical depth, and as the optical depth decreases, the two cloud types become
indistinguishable.
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sensitivity from 0.35um to 2.50um). From the radiance spectra, we binned data to
create three spectral channels centered at 1.A&, 1.64um, and 1.70um to calculate
experimentally determined spectral radiance ratios from Equations (2.1) to (2.3).
We also operated a dual-polarization lidar at the same time to provide ground-truth
CTP measurements since the polarization lidar method is so well established for CTP
classi cation. Data were collected during cloudy conditions on 21 and 23 January,
21 and 28 March, and 6 and 7 April 2016. The timestamps from the spectrometer
and from the dual-polarization lidar were compared and overlapping sessions were
agged for analysis. Data from the dual-polarization lidar were manually searched
for timestamps that contained liquid-water clouds and timestamps that contained
ice clouds. Response-calibrated radiance spectra for liquid-water and ice clouds were

processed and analyzed.

2.4.1 Spectrometercalibration

Although the spectrometer had three separate detectors to achieve a very broad
spectral coverage, only the middle detector, with sensitivity between 0.9a6 and
1.755um, was used due to software limitations. The full-width at half-maximum
bandwidths of all channels was 150 nm, except for the 1.pda channel, whose
bandwidth was truncated at the 1.7554m middle-detector cuto. Figure 2.4
represents the spectral bands that were used in both the simulations and experiments.
A full radiometric calibration was not necessary since the analysis was done on
normalized di erence ratios and not radiance values. Therefore, the spectrometer
was only partially calibrated, as described next.

The middle detector in the spectrometer was response calibrated using the sun,
a Spectralon di use re ectance target, with Lambertian re ectance of approximately

95% in the 1.40pm to 1.804um range, and a model of solar transmittance with the
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Figure 2.4. The three spectral bands used for CTP classi cation were centered at
1.55pum, 1.64um, and 1.70um with 150-nm bandwidths. The spectrometer was only
sensitive out to 1.75%m which is why there is a sharp cuto at this wavelength.

MODTRAN radiative transfer code. To calibrate the spectrometer, the processes used
the sun (on a clear day) as the source and the re ectance target to create a uniform
target. The target was placed so its surface was nominally normal to the sun, and the
ber from the spectrometer was mounted so it was viewing near the normal of the
re ectance panel. It then recorded the solar spectral radiance as it was transmitted
through the atmosphere and re ected from the panel. Then, the MODTRAN
radiative transfer code was used to model the atmospheric conditions to characterize
the signal seen by the spectrometer. Digital number on the spectrometer could then
be matched to an estimated radiance value calculated from the MODTRAN radiative
transfer code. The spectral shape in the middle detector appeared to not change as a
function of solar irradiance, gain, or o set. We did notice that gain and o set values
would a ect the relationship between the three channels, which is why the middle

channel was the only one used.

2.4.2 Experiment

The experimental setup was identical for each data collection session. The input
ber for the spectrometer was mounted approximately 5cm from the receiver of the

dual-polarization lidar. The probe was housed in a lens tube assembly to reduce the



30

spectrometer's eld of view. Then, the lidar would run and classify clouds. Clouds
of mixed phase or multiple cloud layers were ignored and only instances of pure ice
or pure liquid water were considered. The spectrometer would run in tandem and
simply store the full spectrum every few seconds.

After data collection was complete, we interpreted CTP from the dual-
polarization lidar signal and agged the corresponding spectrum either as liquid
water or ice, using the standard cross-polarization ratio method described in Sassen
[22] and implemented in the manner discussed by Seldomridge et al. [9,27]. Data
from the agged sessions were calibrated, integrated across the three spectral bands
(from Figure 2.4), and the three normalized di erence ratios were calculated from

Equations (2.1) to (2.3).

2.4.3 Analysis

The three ratios from experimental data are plotted in Figure 2.5 to show that
liquid-water clouds (blue circles) can be distinguished from ice clouds (red triangles).
Simulated liquid-water and ice ratios are included for comparison. Overall, the liquid
water and ice are well separated and the experimental results generally match the
simulations.

The experimental ice cloud data dominate the upper portion of the plot and,
for the most part, closely match the simulated data. The experimental ice points
toward the far right portion of this gure are in the general vicinity of, but not
exactly coincident with, the simulated results; this is likely caused by certain cloud
properties that were not considered in the simulations, such as particle shape, size, and
orientation. The MODTRAN code assumes spherical ice particles with radii between
10um and 200um [49] and does not consider the broad variety of cloud microphysical

properties that could in uence the measurements. It is also possible that artifacts
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Figure 2.5: The data collected from the spectrometer are plotted for liquid-water
(blue circles) and ice (red triangles) clouds in three dimensions and the simulated
data are added in for comparison. Although the two cloud types converge when
cloud optical depths are low, they are otherwise well separated.
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from the experimental setup, such as a fast-moving cloud with varying properties
averaged over the spectrometer's exposure time, contributed to the di erence between
simulated and measured values. Nevertheless, the important point is that the
measured ice cloud data are well separated from the measured liquid cloud data.

The experimental data from liquid-water clouds are very consistent with the
simulated data for low cloud optical depths. In Figure 2.5, the experimental data
overlap for the available simulated data (i.e., for optical depth values betweenl0
and 6). If simulated data for liquid-water clouds were extrapolated into higher and
lower optical depths they would also overlap with experimental data, suggesting that
the clouds from the experiments had a very wide range of optical depths. The overall
pattern of liquid-water clouds from the experiments matched the nominal pattern
from the simulations in that it extended in the expected direction for larger and
smaller optical depths. As was shown in Figure 2.3, as the optical depth became
smaller, the values approached the bottom right corner of the gure.

The fact that low cloud optical depths hinder CTP classi cation is not surprising.
Using spectral ratios for classi cation relies on the di erent absorption properties
of liquid water and ice as opposed to scattering behavior from cloud particles.
As a cloud's optical depth decreases, fewer photons have the opportunity to be
absorbed and so classifying the thermodynamic phase becomes more di cult. Because
cloud optical depth has such a strong impact on the ability to discriminate clouds,
identifying a cuto value is important. The bottom right part of Figure 2.5 represents
values of low cloud optical depth and so a fair amount of mixing between liquid-water
and ice measurements is apparent. We attempt to interpret the cut-o value of optical
depth for which liquid-water and ice clouds cannot be distinguished. By interpolating
PWV values at low values of optical depth, it appears as though a liquid-water cloud

of optical depth near 05 and an ice cloud of less than:0 occupy the same region and
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so represent threshold values above which this method appears to be e ective.

In general, the experimental results (gathered over the course of six days in
January, March, and April) matched the simulated data. Although clouds became
indistinguishable when their optical depth was very low, they were well separated
otherwise. When the cloud optical depth was above some threshold (theoretically
above approximately @25, and experimentally above % for liquid water and Q1
for ice), the two thermodynamic phases became distinguishable. Most studies have
found that CTP classi cation breaks down at low optical depths [8, 12] (typically
below at least 1 for methods using spectral band ratios), limiting the usability of
spectral analysis for discrimination. Even though our method also breaks down at
very low optical depths, it only misclassi es 2.9% of data when setting a threshold
plane where values above the plane correspond to ice clouds and values below to

liquid-water clouds. The plane, de ned by

R1.701:64 = AR1551.64 + BR1ss1.70 + C, (2.4)

whereA =0:0272,B = 0:1846, andC = 0:1561, was found by iteratively changing
the coe cients until the lowest number of incorrect classi cations was found. Such
a method of determining a threshold may be subject to over tting for this specic
data set, but is reasonable for identifying an initial threshold plane.

A classi cation error of 2.9% is good, considering the limits in optical depth.
Had our method only considered clouds with larger optical depths, similar to the
procedures by other researchers [12,39], then our classi cation accuracy would have
been higher, because there is obvious mixing of CTP in the region of Figure 2.5 for
low optical depths. The region in the lower right corner contains clouds with low

optical depths, and then both liquid-water and ice cloud measurements with higher



34

optical depths branch toward the upper left. Furthermore, our data set contains a
variety of cloud types due to the fact that data collection took place over many days,
speci cally on six di erent dates in winter and spring. This appears to be re ected

in the way the experimental data spans a large region of Figure 2.5.

As implemented in our upward-viewing experiments, this method bene ts from
a much simpler background relative to that seen by downward-viewing sensors. We
also note that our experiments were made at the zenith for convenience with a
zenith-pointed lidar, but this method could be implemented with a sensor pointing
at potentially any angle.

An important element of this method is analyzing the data in three-dimensional
parameter space, which allows for a threshold plane to classify CTP instead of a single
value, which is common in other studies. The plane has three coe cients that allow
for ne tuning of the threshold and can better account for optical depth dependence.
The use of a plane in this 3-parameter space allows for details to be accounted for so
that the unique shapes from analysis of spectral band ratios can be separated with

ner control.

2.5 Perspective

In this chapter, we presented a new method of determining cloud thermodynamic
phase based on the relationship between three normalized di erence ratios in the
SWIR. Unlike most other studies, we measured solar radiation transmitted through
clouds, instead of re ected, and performed our analysis by determining a threshold
plane in 3-parameter space instead of a single value. The cloud optical depth was
a limiting factor in this study, as well as most of those discussed in Section 1.1.3.
Below a cloud optical depth value of approximately @5, the CTP becomes di cult

to distinguish; nonetheless, discrimination based on a best- t plane misclassi ed less
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than 3% of the data using coe cientsA = 0:0272,B = 0:1846, andC = 0:1561
in Equation (2.4).

Nature often produces cloud conditions that are far more complex than single
liquid-water or ice clouds, such as multi-layered clouds or mixed-phase clouds, which
are even more di cult to classify and distinguish. With additional ground-truth data,
the method introduced here could be extended to distinguish mixed-phase clouds, in
addition to liquid and ice, similar to what has been done with other methods based
on spectral radiance [10, 12, 13, 38, 40{43]. These methods often relied on setting
two thresholds, one for liquid water and one for ice, and classifying mixed-phase
clouds in between these two thresholds. Although Thompson et al. [12] were able
to make impressive strides in mixed-phase cloud classi cations, their method used a
more complicated spectral tting procedure as compared to our three spectral ratios.
The purpose of this study was to establish a starting point for future analysis and
instrumentation, focused on cases of pure liquid and ice clouds.

The use of spectral bands in itself is not enough to classify CTP for every cloud
in the sky due to the limitations with optically thin clouds. Additional capabilities
are necessary for a passive instrument to detect optically thin clouds. Recently, work
in polarimetry has shown some promising results for classifying CTP in the visible
and near-infrared spectra for optically thin clouds [45,47]. A combination of radiance
ratios and polarimetry has been realized in the SWIR 3-channel polarimeter based
on the three spectral bands (1.56m, 1.64um, and 1.70um) and is discussed in the
following chapter.

Identifying the thermodynamic phase of a cloud is important for climate and
weather studies as well as optical communications with space-based instruments. The
work presented in this chapter lays the groundwork for a new passive instrument

that could be cost-e ectively produced so that multiple CTP classiers can be



36

deployed around the world to improve our abilities to communicate with space-based

instruments, and our general understanding of the Earth's climate.
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CHAPTER THREE

THE SWIR THREE-CHANNEL POLARIMETER FOR CLOUD
THERMODYNAMIC PHASE DETECTION

3.1 Contribution of authors and coauthors

Partial Manuscript in Section 3.7.2 of Chapter 3

Author: Martin Jan Tauc

Contributions: Setup and ran experiments to measure the irradiance through two
wire-grid polarizers, modeled the orientation of the electric elds using Jones calculus,
generated gures and drafted the manuscript that was published in the peer-reviewed
journal Optical Engineering

Coauthor: Wataru Nakagawa

Contributions: Obtained funding, suggested Jones calculus for analysis, provided
important insight and perspective for analysis and modeling, and aided in the
preparation of the manuscript and gures.

Coauthor: Joseph A. Shaw

Contributions: Obtained funding, managed remote sensing aspect of project, provided
important insight and perspective the the analysis and modeling, and aided in the
preparation of the manuscript and gures.
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The use of spectral radiance ratios has shown promise for cloud thermodynamic
phase (CTP) discrimination for clouds with large optical depth (above about:@5).

As described in Chapter 2, the analysis of spectral band ratios in 3D space provided
better classi cations than in 2D space, but still the optical depth limitation prevented
the classi cation of optically thin clouds with radiance ratios alone. The addition of
polarimetric sensitivity, which has been shown to classify optically thin clouds in
the visible and near-infrared bands [45, 47], should broaden the conditions under
which liquid-water or ice clouds can be discriminated. The combination of these two
theories is realized in the short-wave infrared three-channel polarimeter, referred to
as the SWIR 3-channel polarimeter.

As noted in Section 1.1, simulations by Knobelspiesse et al. [45] and experimental
data from Laura Eshelman [47,50] show that theS; Stokes parameter identi ed
CTP in the visible spectrum based on its algebraic sign (or a threshold near 0).
The Knobelspiesse simulations [45] and more recent experimental results from Laura
Eshelman [47] both suggest that the polarization method generally works better in
the near-infrared for liquid clouds since water droplets polarize light more in these
bands. Simulations and experimental data from the spectral-band method show CTP
classi cation works with large cloud optical depths and simulations and experimental
data from the polarimetric method show that CTP classi cation works well when
clouds have low optical depth; therefore, the two methods are combined into the
SWIR 3-channel polarimeter.

This chapter rst describes the design and construction of the polarimeter and
then details the calibration process. The design considered the importance of low cost
and small footprint for easy deployment. The instrument was calibrated for eld of
view as well as spectral, radiometric, and polarimetric response, the latter including

modeling and compensation of the e ects of re ections that occur when two wire-
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grid polarizers are used for calibration. The chapter concludes with a fully calibrated

instrument that is ready for eld deployment.

3.3 Designof the 3-channelSWIR polarimeter

The SWIR 3-channel polarimeter was designed and prototyped by a under-
graduate capstone project team at Montana State University (MSU), comprised of
Carol Baumbauer, Benjamin Moon, and Andrew Abel. Their nal product was a
working prototype with the ability to take cloud and clear-sky measurements. When |
inherited their system, | made some modi cations, such as the addition of temperature
control, but the majority of the optics train remained the same. Therefore this chapter
only discusses the instrument in its current form, and not the design process.

The SWIR 3-channel polarimeter was designed to be pointed at clouds anywhere
in the sky and measure scattered sunlight at three wavelength bands (centered at
1.55um, 1.64um, and 1.70um) and at three linear polarization states (0, 90°, and
45°) relative to the scattering plane. The algebraic sign of the Stok&y parameter and
three normalized di erence ratios between the three spectral bands would determine
the CTP for optically thin and thick clouds. Inspired by the promise of the
independently veri ed spectral-band [51] and polarimetric methods [47], the SWIR
3-channel polarimeter was designed as a proof-of-concept, low-budget instrument
that would combine the two theories. At minimum, to be e ective, the instrument
needed to collect spectral information in three wavelength bands and polarization
information at two orthogonal polarization orientations; the third polarization channel
was added to maximize e ciency (discussed later). In total, the polarimeter collected
nine independent measurements within a short time period to reduce (although not
eliminate) artifacts from moving clouds. Ideally, all nine of the coupled polarization

and spectral measurements would be taken in parallel, eliminating artifacts from cloud
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movement, but this approach would require signi cantly more components and greatly
increase the system complexity and cost when compared to sequential measurement
techniques [52]. As atrade-0 between system complexity and measurement accuracy,
the system was designed with three parallel optical channels, each taking three

sequential measurements to achieve a total of nine sets of data per measurement.

3.3.1 Hardware

The instrument used three detectors, each of which were tied to a xed lens and
polarizer, for three simultaneous measurements; the addition of a rotating spectral
Iter wheel allowed for a total of nine measurements (three sets of which were
sequential). The polarizers were Meadowlark Versalight Infrared aluminum wire grid
on Corning Eagle XG with antire ective coating optimized for lum to 2um and
an extinction ratio of about 5000:1 in the 1.45m to 1.804um band (VLM-100-IR).
They were housed in a 25.4-mm ThorLabs lens tube as the front-most element
of each optics train. Next in line, the Iter wheel (ThorLabs FW102C modied
as discussed next) housed the three spectral lters (ThorLabs FB1550-40, Omega
PN1640BP35, and Omega PN1700BP50). The spectral Iters were als®5.4mm
and had nominal full-width at half-maximum of 40 nm (their full details are discussed
in Section 3.5). Finally, a 60-mm-focal-length achromatic doublet (ThorLabs AC254-
060-C) was placed after the Iter wheel such that it focused the light onto the detector
(ThorLabs PDA30B ampli ed Ge photodiode). A schematic of the optical setup is
shown in Figure 3.1. The detector output was connected to an analog-to-digital
converter (ADC, National Instruments USB-6002). The resulting digital number was

then stored on a laptop computer running LabVIEW.
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