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Abstract

A Monte Carlo model was developed to simulate multiple scattering and depolarization of

LIDAR signals in water ice clouds and mineral dust in the atmosphere of Mars. This model

was used to test the viability of an orbital LIDAR system for the study of the Martian atmo-

sphere. It was found that a system with the same laser as the Earth-based CALIPSO orbital

LIDAR system but with a receiver telescope with half the diameter of CALIPSO’s is capable of

producing reliable measurements of typical Martian cloud and dust conditions.
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1 Introduction

Water ice clouds are a significant feature of the atmosphere of Mars and have been the subject

of many studies since the 1970s (Curran et al., 1973; French et al., 1981; Smith, 2008; Whiteway

et al., 2009; Wolff et al., 2019). The LIDAR system onboard the Phoenix lander, which landed

on Mars in 2008, is the only LIDAR system that has been used to study the atmosphere of Mars

(Whiteway et al., 2008). Analysis of the Phoenix LIDAR data revealed that water ice clouds on

Mars have similarities to cirrus clouds on Earth (Whiteway et al., 2009). Due to the immobility of

the Phoenix lander, the LIDAR system was locked to one position on the surface. This restriction

limited the Phoenix LIDAR’s observations to the atmosphere above the northern plains of Mars,

specifically near 68° N, 233° E (Christensen Research Group, 2023). Consequently, LIDAR systems

have not been used to probe the global cloud structure around Mars. Information regarding the

global cloud structure around Mars would help us learn more about the water cycle of Mars and

help improve Mars global circulation models. The goal of this project is to determine the require-

ments to make atmospheric measurements from orbit around Mars and investigate possible new

capabilities of Mars atmospheric LIDAR systems.

Several satellites have used active and passive techniques to measure properties of the atmosphere

and surface of Mars. Notably, the Mars Climate Sounder onboard the Mars Reconnaissance Or-

biter passively measures visible and infrared radiation coming from the surface and atmosphere

of Mars (NASA, 2024). The Mars Climate Sounder enables the construction of 3D global weather

maps of Mars, showing features such as temperature, pressure, humidity, and dust with a verti-

cal resolution of 5 km (NASA, 2024). While passive spectrometers such as MCS provide valuable

information regarding the global climate system of Mars, LIDAR offers a unique advantage for

studying clouds, dust, and other aerosols in the atmosphere due to its ability to provide high-

resolution vertical profiles. For example, the LIDAR system onboard the Phoenix lander had a 50

m vertical resolution in its standard operating mode (Whiteway et al., 2008). LIDAR uses laser

pulses to measure the time it takes for light to travel to a target and back, allowing it to detect

the precise altitude and distribution of cloud particles and airborne dust. This vertical resolu-

tion enables researchers to study the structure and movement of atmospheric layers with greater
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detail, even differentiating between types of particles based on their scattering properties. Ad-

ditionally, LIDAR’s active nature means it can work both day and night, making it a versatile

tool for continuous monitoring of dynamic atmospheric conditions. A LIDAR system has already

been successfully implemented in orbit around Mars, namely the Mars Orbiter Laser Altimeter

(MOLA) onboard the Mars Global Surveyor satellite (MGS). MOLA was primarily used to map

the surface topography of Mars, and did not map clouds or dust in high detail (Smith et al., 2001).

MOLA’s success in mapping the surface of Mars is a promising prospect for a satellite LIDAR

system designed to study the Martian atmosphere.

There are several satellite LIDAR systems that have been used to study the atmosphere of Earth.

The CALIPSO satellite used LIDAR to map the global cloud structure around Earth (Winker et al.,

2010). The profiling and polarization capabilities of CALIPSO’s LIDAR system provided valuable

information regarding the distribution and properties of aerosols and clouds (Winker et al., 2010).

Similar to CALIPSO, the newly developed EarthCARE satellite uses a LIDAR system to map the

distribution of clouds and aerosols in the atmosphere of Earth (Wehr et al., 2023). The data col-

lected by EarthCARE helps improve climate models and our understanding of radiative transfer

within clouds and aerosols (Wehr et al., 2023). The success of such systems on Earth highlight

their potential value for studying the atmosphere of Mars.
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2 LIDAR and Scattering Background

2.1 Basic LIDAR Principles

LIDAR (light detection and ranging) systems operate by emitting pulses of laser light and detect-

ing backscattered photons that correspond to the pulses. The time, t, between pulse emission and

backscatter detection gives the distance between the detector and the scattering event through the

relationship d = ct
2 , where d is the distance, and c is the speed of light; the factor of 2 in the de-

nominator accounts for light travelling from the detector to the scattering particle and then back

to the detector from the scattering particle. A simple depiction of the implementation of a LIDAR

system for atmospheric studies is shown in Figure 1.

Figure 1: LIDAR system configuration used in this study.

The intensity, I( f ), of laser pulses of frequency, f , travelling (in the z-direction) through the atmo-

sphere obey Beer’s law, given by

dI( f ) = −I( f )σ( f , z)dz, (1)

where dI( f ) represents the change in intensity of a plane wave travelling a distance dz through
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a medium with extinction coefficient σ( f , z) (Zuev, 1976). The extinction coefficient, σ( f , z), ac-

counts for the transmission properties of the medium through which the radiation is travelling,

and its units are typically given in the form of km−1 (Zuev, 1976). Integrating Equation 1 from z1

to z2 gives

I( f ) = I0( f ) exp
(
−

∫ z2

z1

σ( f , z)dz
)

, (2)

where I( f ) is the intensity after travelling through the medium, and I0( f ) is the intensity at dis-

tance z1 from the source (Zuev, 1976). We are only interested in the backscattered photons, so we

need a term that accounts for the amount of light scattered at an angle of π relative to the incident

radiation. This term is known as the backscatter coefficient and is given by

β = ρ
dα(π)

dΩ
, (3)

where ρ is the number density of scattering particles, α(π) is the effective backscatter area per scat-

tering particle, and Ω is the solid angle of the receiver as seen from the scattering particle (Collis

and Russell, 1976). The backscatter coefficient, β, represents the fractional amount of incident en-

ergy that is backscattered per unit solid angle and per unit length. Typical units for β are m−1Sr−1.

With all of this in hand, the number of backscattered photons detected by a LIDAR system from a

layer of atmosphere of thickness ∆z is given by the single-scattering LIDAR equation:

N(z) = Q
A
z2 β(z)∆zN0 exp

(
−2

∫ z

z0

σ(z′)dz′
)

. (4)

In the LIDAR equation,

• Q is a dimensionless quantity that accounts for the efficiency of the LIDAR system.

• A
z2 is the area of the receiver telescope divided by the square of the distance to the scattering

event, or the solid angle of the receiver as seen by the scattering event (units of Sr). The 1
z2

factor accounts for the decreasing solid angle of the receiver with increasing distance z.

• β(z) is the backscatter coefficient as a function of height. It also depends on the number and

type of scattering particles.
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• ∆z is the heights interval over which the received photons are being measured.

• N0 exp
(
−2

∫ z2
z1

σ(z)dz
)

is Beer’s Law in terms of power, where N0 is the number of photons

in the emitted laser pulse. The factor of 2 accounts for the roundtrip distance.

Signals detected by a LIDAR system are represented by N(z) in Equation 4. This means that

the LIDAR signal can be used to obtain information about the backscatter (β) and extinction (σ)

coefficients of the medium through which the laser is propagating.

A typical LIDAR system is composed of a laser pulse emitter, transmitter optics, a receiver tele-

scope, an optical filter, a photodetector, typically a photomultiplier tube (PMT) or avalanche pho-

todiode (APD), and a data acquisition and storage system. As illustrated in Figure 1, portions of

each laser pulse are backscattered off of atmospheric constituents and collected by the telescope.

The FOV is set by a circular aperture field stop. After passing through the telescope, the light

is passed through a collimating lens. The collimated light is then sent through an interference

filter with a small pass band centered on the laser wavelength. The filtered light then enters the

photodetector. To enable the counting of individual photons for relatively weak signals, PMTs are

typically used. PMTs use electron multiplication to generate current that corresponds to detected

photons. When counting photons, a discriminator is used to set a voltage cut-off for pulses from

the PMT. Only pulses that exceed the cut-off are counted as photons, allowing noise to be filtered

out of the signal. For each pulse, an electrical signal is sent to the scaler. The scaler is used to

count pulses from the discriminator. The scaler is set to count pulses for a certain period of time,

which determines the height resolution of the system. The scaler data is sent to the multi-channel

averager (MCA). The dwell clock outputs a square wave with a period corresponding to the time

over which the scaler counts pulses (the height resolution). The MCA receives a trigger signal

each time a laser pulse is emitted, at which point it starts adding contents from the scaler to mem-

ory bins. On each positive edge of the dwell clock square wave signal, the data from the scaler is

transferred to a bin in the MCA, where it is averaged. Each bin then corresponds to the average

signal over each height interval. The data processing configuration is shown in Figure 2.
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Figure 2: LIDAR data processing configuration.

The laser wavelength for LIDAR systems varies depending on the application. Systems used

to study clouds and dust in planetary atmospheres typically use a laser wavelength of 532 nm

or 1064 nm. Light at these wavelengths undergoes Mie scattering with most aerosols, and laser

pulse emitters are often commercially available at these wavelengths. In this study, we will use a

wavelength of 532 nm due to the success of the 532 nm LIDAR system onboard Phoenix as well

as the success of the 532 nm LIDAR system onboard the CALIPSO satellite.

When measuring backscattered photons with a LIDAR system, the height from which the pho-

tons are detected are grouped into vertical bins. The size of each bin is determined by the time

resolution of the data acquisition equipment. For example, if the vertical resolution is 10 m, the

time resolution of the data acquisition equipment is t = (10 m) · 2
c , where c is the speed of light.

Additionally, there is an integration time over which the photon counts from individual bins are

averaged. Since a satellite-based LIDAR system is moving while taking measurements, the in-

tegration time, combined with the speed of the satellite and the rotational speed of the orbited

planet, determine the resolution of the LIDAR system along the surface (or along the layer of

atmosphere being measured).

2.2 Single Scattering

The way in which light scatters off of particles depends on the wavelength of the light and the

scattering properties of the particles. Specifically, the scattering angle and polarization state of a
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photon at a specific wavelength are given by the matrix

F(θ) =



F11 F12 0 0

F21 F22 0 0

0 0 F33 F34

0 0 F43 F44


, (5)

where θ is the scattering angle. Using the terminology of Hovenier and van der Mee (1983), we

will refer to the matrix F(θ) as the scattering matrix. The scattering matrix is characteristic of the

scattering particle at a specific wavelength of incident light. For completely unpolarized light,

F (θ) = F11(θ), (6)

where F (θ) is known as the phase function. F (θ) gives a probability distribution for the scattering

angle of the incident light. For polarized light, the phase function depends on both the scattering

angle, θ, and the angle of rotation into the scattering plane, ξ. The phase function for polarized

light is given by

F (θ, ξ) = F11(θ)I + F12(θ) (Q cos (2ξ) + U sin (2ξ)) , (7)

where I, Q, and U are elements of the Stokes vector of the incident light (Ramella-Roman et al.,

2005). The Stokes vector will be explained in Section 2.4.

When a photon interacts with a scattering particle, there is a chance that it will be absorbed by

the particle, rather than scattered. Again, the amount of light which is absorbed is dependent on

the characteristics of the scattering particle and the wavelength of incident light. The previously-

discussed extinction coefficient, σ, gives the amount of energy removed from a laser pulse per unit

length. The amount of energy that is scattered can be represented by σscat. Of the energy that is

removed from the laser pulse, the fraction that is scattered is given by the single scattering albedo:

ω =
σscat

σ
, ω ≤ 1. (8)

In a collision between a photon and a scattering particle, ω represents the probability that the
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photon will be scattered, while 1 − ω represents the probability that the photon will be absorbed.

The scattering matrix, phase function, and single scattering albedo are important quantities that

dictate the signal strength and depolarization ratios measured by an atmospheric LIDAR system.

These quantities can theoretically be computed for aerosols, like clouds and dust, using Mie scat-

tering theory, developed by Gustav Mie to describe the scattering of light from large, spherical

particles. For atmospheric molecules, these quantities can be computed using Rayleigh scattering

theory, developed by Lord Rayleigh to describe the scattering of light from small particles, such

as gas molecules.

2.3 Multiple Scattering

The LIDAR equation given by Equation 4 assumes single scattering only. This assumption means

that only photons that undergo one scattering event that directs them towards the receiver are

considered. However, many photons scatter in other directions besides that of the receiver. These

photons can scatter several times, especially within dense media, such as clouds and dust. Some of

these multiply scattered photons may scatter into the receiver. Since these multiply scattered pho-

tons don’t obey the simple d = ct
2 relationship between distance and time, a significant amount of

multiple scattering can distort the signal. As proposed by Kunkel and Weinman (1976), the LIDAR

Equation can be corrected for multiple scattering by adding a factor to the extinction coefficient,

as follows:

N(z) = Q
A
z2 β(z)∆zN0 exp

(
−2

∫ z

z0

σ(z′)
(
1 − F(z′)

)
dz′

)
, (9)

where F(z′) is a factor that accounts for multiple scattering (Kunkel and Weinman, 1976). The

amount of multiple scattering that a LIDAR system detects is dependent on several factors. The

scattering angle probability distribution of the scattering particles plays a role in the amount of

multiple scattering, as well as the density of the scattering medium. Additionally, the field-of-view

of the receiver affects the amount of multiple scattering seen by the LIDAR system. With a larger

FOV, the receiver can ’see’ more multiply scattered photons, leading to more signal distortion.

Especially in the case of satellites, the distance of the scattering medium from the LIDAR system

also affects the amount of signal distortion due to multiple scattering. This is because the footprint

of the FOV gets larger with increased distance from the receiver, meaning that the receiver can ’see’
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more multiply scattered photons at larger distances. This effect is more significant in spaceborne

LIDAR systems than in ground-based LIDAR systems due to the large separation of satellite-

based LIDAR systems from the scattering media being measured (Hu et al., 2001). Figure 3 shows

how the average distance from a photon in the beam to the boundary of the FOV increases with

increasing distance from the LIDAR system. If a photon is farther from the FOV boundary, it has

a higher chance of scattering before leaving the FOV, leading to more multiple scattering within

the FOV. We will use a Monte Carlo method to simulate multiple scattering for our satellite-based

LIDAR system.

Figure 3: Diagram showing the relationship between multiple scattering and distance from the
receiver. The inner lines represent the beam divergence, and the outer lines represent the FOV.
The red dots represent photons. The lines radiating from the red dots represent the distance from
the photon to the edge of the FOV.

2.4 Depolarization

The mathematical description of the polarization state of a beam of light is described nicely by

Hansen and Travis (1974). A short summary of their description will be provided here. The

intensity, I, of a beam of light can be written as

I = Iup + Ip, (10)

where Iup is the unpolarized part of the beam, and Ip is the polarized part of the beam. The

polarized part of the beam, Ip can be written as

Ip =
√

I2
l + I2

c , (11)
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where Il is the linearly polarized part of the beam, and Ic is the circularly polarized part of the

beam. Continuing to follow the description given by Hansen and Travis (1974), we define the

components of the electric field of a beam of light as

El = alei(ωt−kz−ϵl), (12)

Er = arei(ωt−kz−ϵr), (13)

where the subscripts r and l represent mutually perpendicular directions represented by unit vec-

tors r̂ and l̂. The ai terms represent the electric field amplitudes in each direction, and the terms ϵi

represent the phases. The term ω represents the circular frequency of the light beam, t represents

time, and k represents the wavenumber. The direction of propagation is positive z, given by the

cross product r̂ × l̂. A set of parameters called the Stokes parameters are time averages that can

be used to completely describe the polarization state of light. Once again following from Hansen

and Travis (1974), the Stokes parameters can be written as

I = ⟨ElE∗
l + ErEr∗⟩ , (14)

Q = ⟨ElE∗
l − ErE∗

r ⟩ , (15)

U = ⟨ElE∗
r + ErEl∗⟩ , (16)

V = i ⟨ElE∗
r − ErE∗

l ⟩ , (17)

where <> indicates a time average. The I and Q Stokes parameters can be written as

I = Il + Ir, (18)

Q = Il − Ir, (19)

where Il and Ir are the intensities of light in the l̂ and r̂ directions, respectively. In practice, the l̂

and r̂ components of intensity can be measured using a polarizer. When making measurements
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with LIDAR systems, a linear depolarization ratio, δ, is commonly defined as

δ =
I − Q
I + Q

=
Ir

Il
. (20)

In practice, the linear depolarization ratio is represented by

δ = C
Nr

Nl
, (21)

where Nr and Nl are the perpendicular and parallel components of the measured signal, respec-

tively. C is a constant that accounts for differences in the channels used to measure the parallel

and perpendicular components of the signal. Laser light is linearly polarized, with Stokes vector



I

Q

U

V


=



1

1

0

0


. (22)

The depolarization ratio of linearly polarized laser light is

δ =
I − Q
I + Q

=
1 − 1
1 + 1

= 0. (23)

When light scatters, it tends to depolarize both from single scattering and multiple scattering. The

extent to which the light is depolarized depends on the shape, size and composition of the scatter-

ing particles. The depolarization ratio can be useful in differentiating between scattering media,

such as clouds and dust. Since multiple scattering depolarizes light, the measured depolariza-

tion ratio can be distorted by a large amount of multiple scattering. As mentioned previously,

this effect is especially significant in the case of orbital LIDAR systems due to their large FOV

footprints. The Monte Carlo model described in this report also tracks the polarization state of

scattered photons in order to simulate the depolarization measured by LIDAR systems.
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3 Monte Carlo Model

3.1 Monte Carlo Basics

Monte Carlo techniques are probabilistic in nature. Using Monte Carlo techniques, individual

events can be simulated, if the probability distributions representing all possible outcomes for

such events are known. Monte Carlo simulations use random number sampling to determine

outcomes for individual events based on the underlying probability distributions. The simulation

of many individual events allows for the simulation of an entire process, with the outcome of

the process being entirely dependent on the probability distributions associated with the individ-

ual events. The process we follow in this work starts with computing a cumulative probability

distribution, P(x):

P(x) = P(ϵ ≤ x) =
∫ x

−∞
f (x)dx, (24)

representing the probability that a random variable ϵ is less than or equal to x. We sample values

of x from this distribution by setting the cumulative probability distribution equal to a random

number, ρ:

P(x) = ρ, (25)

where ρ is a random number distributed uniformly between 0 and 1. The functional inverse of

P(x) is given by

G(P(x)) = x. (26)

The values of x sampled from P(x) are given by

xi = G(ρi). (27)

This concept is illustrated in Figure 4.
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Figure 4: An illustration of sampling a random variable, xi, from a cumulative probability distri-
bution, P(x).

Monte Carlo techniques have been used extensively to simulate particle and light transport

(Spanier and Gelbard, 1969; Collins and Wells, 1965; Haghighat, 2020; Ramella-Roman et al.,

2005). Monte Carlo techniques have been successfully implemented to study multiple scatter-

ing and depolarization from atmospheric LIDAR signals (Kunkel and Weinman, 1976; Kattawar

and Plass, 1968; Donovan et al., 2015). Previous studies have used Monte Carlo techniques to sim-

ulate the effects of multiple scattering on signals from the orbital LIDAR systems CALIPSO (Hu

et al., 2001) and EarthCARE (Reverdy et al., 2015). When simulating scattering of LIDAR signals

using a Monte Carlo approach, there are several events that must be sampled from pre-computed

probability distributions. The distance that a photon travels between collisions is randomly sam-

pled from an exponential distribution (Kunkel and Weinman, 1976), as described in full in Step 3

of Section 3.3. In the case of a mixture of different types of scattering particles, the type of particle

with which the photon collides is randomly sampled from the ratio of extinction coefficients, as

described in full in Step 4 of Section 3.3. At each collision, the photon is either scattered or ab-

sorbed as determined by random sampling from the single scattering albedo, as described in Step

5 of Section 3.3. The scattering angle that a photon takes after colliding with a particle is randomly

sampled from a distribution computed from the phase function of the scattering particle, as de-

scribed in full in Step 8 of Section 3.3. At each collision, the probability of the photon entering

the telescope receiver is computed, as described in full in Step 6 of Section 3.3. The sum of these
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probabilities is used to represent the LIDAR signal strength within height bins that represent the

vertical resolution of the LIDAR system (see Step 6 of Section 3.3). Using this probability sum-

mation technique to represent the signal strength is much faster than tracking each photon until

it enters the receiver and has been successfully implemented in several previous studies (Kunkel

and Weinman, 1976; Hu et al., 2001). As described in Step 7 of Section 3.3, this same probabil-

ity summation technique is used to simulate the Stokes vector of the received signal in a process

which is implemented and described by Hu et al. (2001). Many of these individual probabilistic

events are carried out in order to simulate the process of laser pulses scattering in a planetary

atmosphere and a LIDAR receiver measuring the corresponding backscatter signal. The random

number generator used in our Monte Carlo model is the permuted congruential generator (64-bit,

PCG64) provided in the Python library NumPy (NumPy Developers, 2024). The PCG64 random

number generator is an implementation of the permutation congruential generator described by

O’Neill (2014) and was chosen due to its reproducibility of number sequences while passing many

statistical randomness tests (O’Neill, 2014).

3.2 Scattering Properties

The way in which light scatters from particles in the atmosphere depends on the scattering prop-

erties of the particles. In the Monte Carlo model, the extinction coefficient, phase function, and

full scattering matrix are used to determine the scattering path and polarization state of a pho-

ton. An extinction profile (extinction coefficient as a function of height) is needed as input for the

model. In the model’s current configuration, only vertical variation is allowed in the extinction

profile. The photons can move in three dimensions, but the path length can only be computed for

extinction profiles that only vary in the z-direction. The extinction profiles used in our model are

typically based on LIDAR measurements from the Phoenix mission or from simulations of Mar-

tian ice clouds. When multiple types of scattering particles, such as cloud and dust, are mixed

together at a given altitude, the total extinction is given by the sum of the extinction coefficients

from each particle type. The concept of an extinction profile with variation only in the z-direction
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is shown in Figure 5. The extinction profile is converted into an optical depth profile as follows:

τ(zn) =
n

∑
i=0

σ(zi)(zi+1 − zi), (28)

where n represents the index of the height bin for which τ is computed.

Figure 5: A visualization of a vertical extinction profile used to set up the scattering medium for
the Monte Carlo model.

As discussed previously, the scattering angle is dependent on the phase function of the scatter-

ing particle, and the polarization state is dependent on the full scattering matrix. For isotropic

homogeneous spheres, the scattering matrix can be represented by four independent parameters

(Hansen and Travis, 1974):

F(θ) =



F11 F21 0 0

F21 F11 0 0

0 0 F33 −F43

0 0 F43 F33


. (29)

For spherical particles, the scattering matrix can be computed using Mie theory. The scattering

matrix depends on both the composition of the scattering particle and the size of the scattering

particle. It is often not practical to consider only one size of scattering particle, in which case the
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particle concentration distribution as a function of radius, n(r) (typical units of µm−1L−1), can be

used to compute the scattering matrix over a range of sizes. Following from Deirmendjian (1969),

for a polydispersion of spherical particles of common composition, each element of the scattering

matrix (normalized over full solid angle) is given by

Fj(θ)

4π
=

1
k3σscat

∫ ∞

0
n(x)ij(θ)dx, (30)

where x = kr is a dimensionless size parameter that relates the particle radius, r, to the wave-

length of incident light, λ, and k = 2π
λ . σscat is the scattering coefficient. n(x) is the scattering

particle concentration as a function of the dimensionless size parameter, x. i(θ) is known as the in-

tensity parameter and is described nicely by Deirmendjian (1969). The intensity parameter can be

computed using Mie theory; in our model we use the Python module miepython (Prahl, 2024) to

compute intensity parameters for spherical particles. The scattering efficiency, Qscat(x), is defined

as the scattering cross section normalized by the geometrical cross section (Deirmendjian, 1969).

Following from Deirmendjian (1969), σscat is related to Qscat(x) by

σscat = πk−3
∫ ∞

0
x2n(x)Qscat(x)dx. (31)

Qscat(x) can be computed using Mie theory. Once again, our model uses the Python module

miepython (Prahl, 2024) to compute scattering efficiencies for spherical particles. Equations 30

and 31 can be easily converted to sums for computation using discrete datasets.

In many cases, assuming that the scattering particles are spherical is not very accurate. This is

certainly so for water ice crystals in clouds and aerosolized dust particles. For non-spherical scat-

tering particles, the scattering matrix can be represented by six independent parameters (Hansen

and Travis, 1974):

F(θ) =



F11 F21 0 0

F21 F22 0 0

0 0 F33 −F43

0 0 F43 F44


. (32)
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The scattering matrix given by Equation 32 can only be used for a group of randomly oriented

particles in which every particle has at least one plane of symmetry OR for a group of randomly

oriented asymmetric particles in which half of the particles are mirror images of the other half

(Hansen and Travis, 1974). Computing scattering matrices for non-spherical particles is more

complicated than the spherical case. Consequently, we use data libraries of scattering matrix pa-

rameters to construct scattering matrices for water ice crystals and aerosolized dust. For water

ice crystals, we use the data library developed by Yang et al. (2013) for randomly oriented atmo-

spheric ice crystals. For dust, we use the data library developed by Saito et al. (2021) for irregular

hexahedral aerosol particles. Again, it is often useful to consider a range of particle shapes and

sizes, which can be accomplished by averaging the elements of the scattering matrix. For non-

spherical particles of common composition, the average scattering matrix elements are given by

〈
Fj(θ)

〉
=

N

∑
i=0

Wi · Fi(θ), (33)

where Wi is a weight parameter given by

Wi =
ni · Ai · Qext, i · ωi

∑N
k=0 nk · Ak · Qext, k · ωk

, (34)

where N represents the total number of combinations of particle size and particle shape, and i

indicates an individual combination of particle size and shape. ni represents the concentration[
µm−1L−1

]
of a particle of a certain size and shape. Ai represents the projected area of the parti-

cle. Qext, i represents the extinction efficiency of the particle. The extinction efficiency is simply the

extinction cross section normalized by the geometrical cross section (Deirmendjian, 1969). ωi rep-

resents the single scattering albedo of the particle. Similarly, the average single scattering albedo

for an ensemble of particles of common composition is given by

⟨ω⟩ =
N

∑
i=0

Wi · ωi, (35)

where Wi is a weight parameter given by

Wi =
ni · Ai · Qext, i

∑N
k=0 nk AkQext, k

. (36)
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For Martian water ice clouds, we will base the particle size and shape distributions on measure-

ments of Earth-based cirrus clouds (Gallagher et al., 2005). This assumption is made due to similar

temperature and humidity conditions in the cloud formation regions of Earth-based cirrus clouds

and Martian water ice clouds (Dickinson et al., 2011). This assumption is further supported by size

and shape analysis of Martian water ice cloud crystals based on fall speed data measured by the

Phoenix LIDAR (Dickinson et al., 2011). The cirrus cloud ice crystal shapes measured by Gallagher

et al. (2005) are broken down into five categories: irregular, spheroidal, column, bullet rosette, and

plate. From the database provided by Yang et al. (2013), we will use six categories to represent the

ice crystals measured by Gallagher et al. (2005): 5-plate aggregate, 8-column aggregate, solid bul-

let rosette, droxtal, solid column, and plate. Based on descriptions and data provided by Gallagher

et al. (2005), we classify the irregular ice crystals as a combination of 5-plate aggregates, 8-column

aggregates, and solid bullet rosettes, and we classify the spheroidal ice crystals as droxtals. Ac-

cording to the observations presented by Gallagher et al. (2005), the size distribution of irregular

ice crystals peaks at small particle size, while the size distributions of columns, bullet rosettes,

and plates peak at larger sizes. Accordingly, we break down the particle shape distribution into

two groups: max dimension (D) less than or equal to 50 µm and max dimension (D) greater than

50 µm. The fraction of the total number density distributed by ice crystal shape can be found in

Table 1. The shape distribution presented in Table 1 is based on data and descriptions given by

Gallagher et al. (2005). The size distribution used for each particle shape is the same and is based

on the average size distribution measured by Gallagher et al. (2005). The maximum dimension

of the ice crystals is in the range 4 − 1000 µm. The scattering matrix elements for each individual

particle size/shape combination is taken from the database provided by Yang et al. (2013). The

crystals are assumed to be part of a randomly oriented ensemble. The average single-scattering

albedo for the water ice crystals is ⟨ω⟩ ≈ 0.99999. Plots of the average scattering matrix elements

for the ice crystals can be found in Figure 6.
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Table 1: Number of ice crystals of specific shapes as a percentage of the total number density.
The measured shapes include those measured by Gallagher et al. (2005), and the database shapes
include those modelled by Yang et al. (2013).

For Martian dust, we follow from Komguem et al. (2013), Dickinson et al. (2011), and Wolff et

al. (2009). For the size distribution, we employ the gamma distribution in the form presented by

Hansen and Travis (1974):

n(r) =
N(ab)

2b−1
b

Γ
[

1−2b
b

] r
1−3b

b e−
r

ab , (37)

where r is particle size, N is number density, a is effective radius, b is effective variance, and Γ[x] is

the Gamma function. Typical units of n(r) are
[
µm−1L−1

]
or

[
µm−1cm−3]. Based on the work of

Komguem et al. (2013), Dickinson et al. (2011), and Wolff et al. (2009), we use a = 1.4 µm, b = 0.2,

and N = 4.4 cm−3. The wavelength of the incident light is 0.532 µm. The refractive index of the

dust at this wavelength is m = 1.5 − 0.011i (Komguem et al., 2013). The max dimension of the

dust particles is in the range 0.02 − 11 µm. The database described, compiled, and maintained by

Saito et al. (2021) is used to compute the scattering matrix elements for an ensemble of hexahedral

particles. The dust particles are assumed to be randomly oriented. The average single-scattering

albedo for the dust particles is ⟨ω⟩ ≈ 0.88522. The average scattering matrix elements for the

Martian dust can be found in Figure 7.
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Figure 6: Averaged scattering matrix elements for water ice cloud crystals. The wavelength of
the incident light is 0.53 µm. The maximum ice crystal dimension ranges from 4 − 1000 µm. The
averaging includes 5-plate aggregates, 8-column aggregates, solid bullet rosettes, droxtals, solid
columns, and plates. The size distribution of each particle mode is based on measurements of
Earth-based cirrus clouds (Gallagher et al., 2005). The individual matrix elements used in the
averaging are sourced from the database described, created, and maintained by Yang et al. (2013).
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Figure 7: Averaged scattering matrix elements for Martian dust particles. The wavelength of the
incident light is 0.532 µm. The maximum ice crystal dimension ranges from 0.02 − 11 µm. The
size distribution is based on the work of Komguem et al. (2013), Dickinson et al. (2011), and Wolff
et al. (2009). The individual matrix elements used in the averaging are sourced from the database
described, created, and maintained by Saito et al. (2021).

We will consider multiple cases of Martian water ice clouds and mineral dust. We will consider

three cases with no dust: a low altitude water ice cloud, based on clouds observed by the Phoenix

lander (Dickinson et al., 2011), a high altitude water ice cloud based on modeling (Frank Daerden,

Personal Communication) and observations from the NOMAD instrument on ExoMars Trace Gas

Orbiter (Daerden et al., 2022), and a double cloud layer composed of both the low altitude and high
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altitude clouds. We will consider 4 cases with mineral dust: a dust-only case based on Martian

dust observed by the Phoenix lander (Komguem et al., 2013) and the three cloud cases discussed

previously combined with dust. The extinction profiles for each case can be found in Figures 8

and 9. The cloud extinction coefficient value is set to 0.2 km−1 based on measurements made by

Phoenix (Dickinson et al., 2011). The dust extinction profile is also based on measurements made

by Phoenix and is taken from Komguem et al. (2013).

Figure 8: Extinction profiles used in the simulations (cloud only). Top Left: Low altitude cloud. Top
Right: High altitude cloud. Bottom: Double cloud layer.
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Figure 9: Extinction profiles used in the simulations (including dust). Top Left: Dust only. Top
Right: Dust and low altitude cloud. Bottom Left: Dust and high altitude cloud. Bottom Right: Dust
and double cloud layer.

Together, the extinction and optical depth profiles, the scattering matrix, and the phase function,
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allow us to simulate the free path length, scattering direction, and Stokes vector of LIDAR pulses

as they scatter within a planetary atmosphere.

3.3 Monte Carlo Simulation Process

To simulate a received LIDAR signal, we use a Monte Carlo approach. The Monte Carlo model

tracks the magnitude and polarization state of received LIDAR signals from multiple orders of

scattering. The Monte Carlo process used for simulating multiple scattering is generally based on

the work of Kunkel and Weinman (1976). Computations of the path length are based on the work

of Collins and Wells (1965). Definitions of the direction cosines used for defining photon trajec-

tories are based on the definitions provided by Spanier and Gelbard (1969), Carter and Cashwell

(1975), and Peplow (1999). The process used for simulating depolarization is based on the work of

Hu et al. (2001), and the relationships used to define the Stokes vector transformations are largely

based on the descriptions provided by Hovenier and van der Mee (1983).

We start by defining a telescope receiver of a desired radius and field-of-view. We also set a

certain number of photon groups to be simulated, with a desired number of photons in each

group. Additionally, we set a beam divergence for the laser and define a scattering medium at

a desired distance from the telescope receiver. A visualization of the simulation environment is

shown in Figure 10.
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Figure 10: Diagram of the environment used for Monte Carlo simulations.

The steps taken to execute the Monte Carlo model are as follows:

1. A group of photons starts at a heights z0 from the telescope receiver. The positive z-direction

is pointed away from the telescope receiver and towards the scattering medium. The initial

distance of each photon from the z-axis is given by

R0 = z0 tan µ
√

ρ, (38)

where µ is the beam divergence, and ρ is a random number sampled uniformly between 0

and 1. The initial azimuthal position of each photon is given by

ψaz,0 = 2πρ, (39)
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where ρ is a different random number sampled uniformly between 0 and 1. The initial x and

y positions of each photon are given by

x0 = R0 cos ψaz,0, (40)

y0 = R0 sin ψaz,0. (41)

The initial geometry of the photons is illustrated in Figure 11.

Figure 11: Initial geometry of photons in the Monte Carlo model.

2. Three direction cosines are used to keep track of the trajectory of each photon. The direction

cosines are

A = cos ϕx, (42)

B = cos ϕy, (43)

C = cos ϕz. (44)
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The geometry of the direction cosines is illustrated in Figure 12.

Figure 12: Geometry of the directon cosines used in the Monte Carlo model.

The direction cosines are initialized as A0 = 0, B0 = 0, C0 = 1, so that all of the photons are

travelling in the positive z-direction. The initial Stokes vector of each photon is in a linearly

polarized state:



I0

Q0

U0

V0


=



1

1

0

0


. (45)

3. The vertical optical depth at which a scattering event occurs is given by

τ(z) = − ln (1 − ρ)C + τ(z0), (46)
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where τ(z0) is the initial vertical optical depth, and ρ is another random number sampled

uniformly between 0 and 1. The free path length is then given by

L =
z − z0

C
. (47)

An alternative approach must be used when C = 0. Note that these relationships are only

valid if there is no horizontal variation in extinction coefficient. The geometry of the path

length is illustrated in Figure 13.

Figure 13: Geometry of the path length used in the Monte Carlo model.

In some cases, a significant number of simulated photons will have free path lengths that

send them outside of the scattering medium, or so far outside of the LIDAR field-of-view that

they become statistically irrelevant. In order to force more statistically relevant scattering

events, the free path length of each photon can be restricted. The goal of this is to reduce the

variance of the results without taking a large amount of computation time. To implement
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this restriction, the vertical optical depth at which a scattering event occurs is given by

τ(z) = − ln
(

1 − ρ
(

1 − e−τ(zmax)
))

C + τ(z0), (48)

where τ(zmax) is the maximum optical depth that each photon can travel before reaching the

boundary within which scattering is forced (Collins and Wells, 1965). In our simulations,

this boundary is typically the FOV. Forcing scattering events to occur introduces statistical

bias into the results. To account for this, we modify the statistical weight of each photon

according to

W = W0

(
1 − e−τ(zmax)

)
, (49)

where W0 is the statistical weight of each photon prior to the path length determination

(Collins and Wells, 1965). The geometry of the restricted path length is illustrated in Figure

14.

Figure 14: Geometry of the restricted path length used for variance reduction in the Monte Carlo
model.
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For individual photons, the sum of all free path lengths is tracked and is interpreted as the

perceived height of the photons. The position of the scattering event is then given by

x = x0 + AL, (50)

y = y0 + BL, (51)

z = z0 + CL. (52)

With the new scattering locations determined, any photons that have left the scattering

medium are removed from the model. The distance of the photons from the z-axis is tracked

as

R =
√

x2 + y2. (53)

The total path length that each photon travels is tracked as

Ltot =
n

∑
i=1

Li, (54)

where n is the total number of scattering events for an individual photon.

4. If there is more than one type of scattering particle at a given height, the extinction coeffi-

cients of each particle are compared. Given a mixture of only two types of scattering parti-

cles, such as dust and cloud, the following ratio is computed using the extinction coefficients

at the height of each photon:

R =
σ1(z1)

σ1(z1) + σ2(z2)
, (55)

where σ1(z1) and σ2(z2) are the extinction coefficients at heights z1 and z2. The type of scat-

tering particle with which each photon collides is then determined through random number

sampling as follows:

R ≤ ρ −→ Particle 1, (56)

R > ρ −→ Particle 2, (57)

where ρ is a new random number sampled uniformly between 0 and 1. Obviously, this same
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process can easily be applied to a mixture of more than two scattering particles.

5. The single scattering albedo of each type of scattering particle is used to account for absorp-

tion. Another random number is sampled to determine if a photon is scattered or absorbed:

ρ > ω −→ absorption, (58)

ρ ≤ ω −→ scatter, (59)

where ω is the single scattering albedo of the scattering particle, and ρ is a new random

number sampled uniformly between 0 and 1. Any photons that are absorbed are removed

from the simulation.

6. At each scattering event, the received signal is simulated by computing the probability that

each photon will scatter directly into the receiver telescope. The geometry of this situation

is depicted in Figure 15. The first step in this process is to calculate the return trajectories of

each photon. The return scattering angle is given by

θr = π + ψzen − ϕz, (60)

where ψzen = arctan
(R

z

)
, and ϕz = arccos C. The return direction cosines are given by

Ar = − x
Lr

, (61)

Br = − y
Lr

, (62)

Cr = − z
Lr

, (63)

where Lr =
√

R2 + z2 is the return path length of the photon. The perceived height of each

scattering event is given by

H =
Ltot + Lr

2
. (64)

The next step in this process is to check if the photons are within the field-of-view. The radius

31



of the FOV footprint corresponding to the vertical position of each photon is computed as

RFOV = z · tan Ω1/2, (65)

where Ω1/2 is the field-of-view half-angle. If R > RFOV , the probability that each photon will

scatter into the receiver telescope is set to 0. Following from Kunkel and Weinman (1976),

for photons within the field-of-view (R ≤ RFOV), the probability of directly scattering into

the receiver is computed as follows:

P = F (θr, ξinc)Φe−τr . (66)

0 ≤ θr ≤ π is the scattering angle in the direction of the telescope receiver, 0 ≤ ξinc ≤ 2π

is the angle of rotation into the scattering plane for the incident direction vector, F (θr, ξinc)

is the phase function corresponding to the return direction (Equation 7), Φ is the solid angle

of the receiver, and τr is the total optical depth that the photon would traverse along a direct

path to the receiver. In short, this probability is a combination of the probability that the

photon will scatter in the direction of the receiver and the probability that the photon will

not scatter again before exiting the scattering medium. τr is computed in a similar manner to

the path length in Step 3. The computed values of P are summed over all scattering events

and all photons within physical and perceived height bins. The physical height bins are based

on the actual scattering height (z), while the perceived height bins are based on the total path

length of the photons (H, Equation 64). The perceived height bins represent how a measured

signal from a real LIDAR system would be interpreted.

32



Figure 15: Geometry for photons returning to the receiver in the Monte Carlo model.

7. The polarization state of the photons is simulated in a similar manner. Following from Hu

et al. (2001), the probabilistic representation of the received photons is



PI

PQ

PU

PV


=



Ir

Qr

Ur

Vr


Ωe−τr , (67)

where Pi represent the probabilistic Stokes parameters, and (Ir, Qr, Ur, Vr) represent the

Stokes parameters that would result from the photon scattering in the direction of the re-

ceiver. The sum of these probabilistic Stokes vectors over every photon and every scattering

event within the bins described in Step 6 yields a simulated polarization state for the re-

ceived signal. Computing the Stokes parameters is more complicated than computing the

total signal strength. The Stokes parameters require knowledge of the entire scattering ma-
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trix of a particle, not simply the F11 component alone. The return Stokes vector is given

by



Ir

Qr

Ur

Vr


= L(π − ξr)F(θr)L(−ξinc)



Iinc

Qinc

Uinc

Vinc


, (68)

with the the r subscript continuing to represent angles which return the photon to the re-

ceiver (Hu et al., 2001). Iinc, Qinc, Uinc, Vinc are the components of the Stokes vector before

scattering. F(θ) represents the scattering matrix, and L(ξ) is a rotation matrix. All of the

elements of the F(θ) matrix are interpolated from pre-computed datasets. The angles ξinc

and ξscat are related to the direction cosines and scattering angle by

cos ξinc =
cos ϕz,scat − cos ϕz,inc · cos θ

sin ϕz,inc sin θ
, (69)

cos ξscat =
cos ϕz,inc − cos ϕz,scat · cos θ

sin ϕz,inc sin θ
, (70)

where Cinc = cos ϕz,inc is the incident z-direction cosine, Cscat = cos ϕz,scat is the z-direction

cosine after scattering, and θ is the scattering angle (Hovenier and van der Mee, 1983; Hu

et al., 2001). For scattering events that direct the photon towards the receiver, Cscat is repre-

sented by Cr. The rotation matrix L(ξ) (Hu et al., 2001) is given by

L(ξ) =



1 0 0 0

0 cos (2ξ) sin (2ξ) 0

0 − sin (2ξ) cos (2ξ) 0

0 0 0 1


. (71)

Following from Hu et al. (2001) and Hovenier and van der Mee (1983), when the denomina-

tor of Equations 69 and 70 is equal to 0, the following can be used:
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If |Cinc| = 1 ,

cos ξinc = −Cinc cos (φscat − φinc), (72)

cos ξscat = Cinc. (73)

If |Cscat| = 1 ,

cos ξinc = Cscat, (74)

cos ξscat = −Cscat cos (φscat − φinc). (75)

If sin θ = 0 ,

cos ξinc = 1, (76)

cos ξscat = 1. (77)

The values of 0 ≤ φinc, φscat ≤ 2π are determined from the following expressions:

Hinc =


Cinc
|Cinc| , if |Cinc| = 1

Binc√
1−C2

inc
, otherwise

, (78)

Hscat =


Cscat
|Cscat| , if |Cscat| = 1

Bscat√
1−C2

scat
, otherwise

, (79)

φinc =


2π − arccos (Hinc), if Ainc < 0

arccos (Hinc), otherwise
, (80)

φscat =


2π − arccos (Hscat), if Ascat < 0

arccos (Hscat), otherwise
. (81)
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The cosine terms used in the rotation matrix L(ξ) (Equation 71) are given by

cos (2ξ) = 2 (cos ξ)2 − 1, (82)

sin (2ξ) =


−2

√(
1 − (cos ξ)2

)
cos ξ, if π < φscat − φ < 2π

2
√(

1 − (cos ξ)2
)

cos ξ, otherwise
. (83)

Note that these angles are related to the scattering angle, θ, by Hovenier and van der Mee

(1983)

cos θ = Cinc · Cscat +
√

1 − C2
inc

√
1 − C2

scat cos (φinc − φscat). (84)

The scattering geometry is shown in Figure 16.

Figure 16: Geometry for photon scattering. T is the trajectory before scattering, and Tscat is the tra-
jectory after scattering. The magnitude of the trajectory vectors is 1 (a unit sphere). This diagram
is based on Figure 3 from Hovenier and van der Mee (1983).
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8. At each scattering event, the post-scattering direction of each photon must be simulated.

The scattering angle, θ, and the angle of rotation into the scattering plane, ξinc, both depend

on the Stokes vector of the incident light and the scattering matrix of the scattering particle,

according to Equation 7. To start, we sample a random number, ρ, from a uniform distri-

bution between 0 and 1. We then use the following pre-computed cumulative probability

distribution to sample the scattering angle, θ, through interpolation:

P(θ) =
1
2

∫ θ

0
F11(θ

′) sin
(
θ′
)
dθ′, (85)

where P(θ) is the probability of choosing an angle between 0 and θ, and F11 is the (1,1)

component of the scattering matrix. The angle of rotation into the scattering plane, ξinc, is

sampled uniformly between between 0 and 2π according to

ξinc = 2πρ, (86)

where ρ is a new random number sampled uniformly between 0 and 1. As shown in Equa-

tion 7, the angle ξinc is not truly uniform between 0 and 2π. To account for this, the statistical

weight of each photon is modified as follows:

W = W0

(
1

Rmax

)(
F (θ, ξinc)

F11(θ)

)
, (87)

where Rmax is the maximum possible value of F (θ, ξinc)/F11(θ), given by

Rmax = Max

[
F11(θ) +

√
(Q2

norm + U2
norm) F12(θ)2

F11(θ)

]
, (88)

where Qnorm = Q/I, and Unorm = U/I (He et al., 2023). Dividing by Rmax ensures that the

new weight factor is normalized. Following from Equation 7, the phase function used in

Equation 87 is given by He et al. (2023):

F (θrand, ξinc,rand) = F11(θrand) + F12(θrand) (Qnorm cos (2ξinc,rand) + Unorm sin (2ξinc,rand)) .

(89)
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F11(θ) and F12(θ) are precomputed datasets. Using this weighting method allows for efficient

computation times when computing the scattering angles.

9. With the angles of scattering determined, the new direction cosines need to be computed. If

we allow κ to be defined as the cosine of the scattering angle:

κ = cos θ, (90)

then the new direction cosines are given by Spanier and Gelbard (1969), Carter and Cashwell

(1975), and Peplow (1999):

Ascat = Aincκ +

√
1 − κ2√

1 − C2
inc

(AincCinc cos ξinc − B sin ξinc) , (91)

Bscat = Bincκ +

√
1 − κ2√

1 − C2
inc

(BincCinc cos ξinc + Ainc sin ξinc) , (92)

Cscat = Cincκ −
√

1 − κ2
√

1 − C2
inc cos ξinc. (93)

When |Cinc| = 1, the following can be used:

Ascat =
√

1 − κ2 cos ξinc, (94)

Bscat =
√

1 − κ2 sin ξinc, (95)

Cscat =
Cinc

|Cinc|
κ. (96)

10. As in Step 7, the polarization state of each photon after scattering is given by Hu et al. (2001):



Iscat

Qscat

Uscat

Vscat


= L(π − ξscat)F(θ)L(−ξinc)



Iinc

Qinc

Uinc

Vinc


. (97)
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The same process outlined in Step 7 is used to compute the new polarization state.

11. Steps 3-9 are repeated until every photon exits the scattering medium or a user-defined max-

imum number of scattering events is reached. Steps 1-2 are repeated for each new group

of photons simulated. The total signal and polarization state of the received photons are

summed over all photon groups.

3.4 Validation

It is useful to compare our model with other models. A workshop group called MUSCLE (MUlti-

ple SCattering Lidar Experiments) carried out a coordinated effort to compare atmospheric LIDAR

models from various research groups. A detailed comparison of the models was carried out by Bis-

sonnette et al. (1995). A liquid water cloud using the C1 size distribution (Deirmendjian, 1969) is

used as a comparison case. The laser wavelength is 1064 nm. The base height of the cloud is 1 km

above the receiver. The extinction coefficient is 17.25 km−1. The cloud is 300 m thick vertically.

The particle refractive index of the liquid water droplets is m = 1.325. The laser beam divergence

is 0.1 mrad (full angle). Figures 17 and 18 show the ratio of total multiple scattering to single

scattering as a function of range in cloud (perceived) for receiver FOVs of 10 mrad and 1 mrad,

respectively. The results of our model are shown along with the results of several other models

developed by members of the MUSCLE group (Bissonnette et al., 1995). It is important to note that

it was assumed that the angle of rotation into the scattering plane was assumed to be uniformly

distributed between 0 and 2π when calculating our results in Figures 17 and 18. This assumption

was made in order to match the assumptions made by the other research groups. The Florence

group’s model (Bruscaglioni et al., 1995) is a semi-analytic Monte Carlo model. The NASA Lang-

ley group’s model (Winker and Poole, 1995) is a Monte Carlo model with no variance reduction.

The Munich group’s model (Starkov et al., 1995) is a stochastic model that employs analytical cal-

culations of each order of multiple scattering. The Israel group’s model (Cohen et al., 1978) is a

modified Monte Carlo model. The Swiss group’s model (Flesia and Schwendimann, 1993) is an an-

alytical extension of Mie theory. The DREV (Defence Research Establishment Valcartier) group’s

model (Bissonnette, 1995) is an approximation to the radiative-transfer equation applicable to nar-

row incident beams. The Minsk group’s model (Zege et al., 1995) is a semi-analytic radiative-
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transfer model. Figures 17 and 18 show that our model agrees well with several of the MUSCLE

group models. The results of our model are closest to those of the Florence group’s Monte Carlo

model, the Munich group’s stochastic model, the Minsk group’s semi-analytic radiative-transfer

model, and the NASA Langley group’s Monte Carlo model. The agreement between our model

and these models is a good indicator that the levels of multiple scattering are being tracked cor-

rectly in our model.

It is difficult to judge which of the models is closest to reality due to a lack of comparison measure-

ments of actual clouds. Many factors contribute to the differences between the models. Even the

various Monte Carlo models yield different results, largely due to differences in variance reduc-

tion techniques. Variance reduction is used in many Monte Carlo models to reduce variance by

increasing the amount of samples. For example, our model employs variance reduction by forc-

ing photons to scatter before exiting the FOV. This allows for an increased number of scattering

events within the FOV without increasing computation time. Variance reduction techniques re-

quire a statistical weight to be applied to each photon to account for the introduced statistical bias.

Naturally, using different variance reduction methods leads to different results. The non-Monte

Carlo models require different assumptions regarding the scattering process. These assumptions

lead to differences in results. The radiative transfer models (Minsk and DREV) solve the radia-

tive transfer equation using different algorithms. Consequently, the models have different levels

of accuracy for different orders of scattering and for different scattering angles. As explained by

Bissonnette et al. (1995), it is important to note that the variance of experimental data from Bis-

sonnette (1995) falls within the variance of the results of the models shown in Figures 17 and 18.

Bissonnette et al. (1995) gives a detailed comparison of the scattering models.
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Figure 17: The ratio of multiple scattering to single scattering plotted against range in cloud (per-
ceived). Results of several different models from members of the MUSCLE group are shown. The
cloud used is a C1 cloud (Deirmendjian, 1969). The receiver FOV is 10 mrad (full angle). The laser
wavelength is 1064 nm. Cloud base height is 1 km above the receiver with an extinction coefficient
of 17.25 km−1. The data in this plot can be found in Bissonnette et al. (1995).

Figure 18: Same as Figure 17 but with a receiver FOV of 1 mrad (full angle).
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It is also important to validate the Stokes vector results from our model. We will compare the

depolarization ratio computed with our model to the depolarization ratio computed with several

other models using the liquid water C1 cloud (Deirmendjian, 1969). The laser wavelength used

in the validation case is 0.7 µm. The distance between the LIDAR receiver and the cloud base

is 2 km. The field-of-view is ∼ 1.75 mrad (full angle). The extinction coefficient is 0.025 m−1.

The results of our model are compared to the results of a vectorized physical model and a Monte

Carlo model, both developed by Sato et al. (2019). The results of several other models (Alkasem

et al., 2017) are also used for comparison. The depolarization ratio computed using each model

is shown in Figure 19. As shown in Figure 19, the linear depolarization predicted by our model

agrees well with other models. This is a good validation case for our model, as similar results

are found using different modeling methods, including a vectorized physical model (Sato et al.,

2019), a semi-analytical approach with small-angle approximation (Alkasem et al., 2017) (included

in ‘other models’), and several other Monte Carlo models.

Figure 19: The linear depolarization for the C1 cloud (Deirmendjian, 1969) at a laser wavelength
of 0.7 µm. Vectorized physical model (VPM) and Monte Carlo (MC) results from Sato et al. (2019)
are shown alongside a combination of results from other models (Alkasem et al., 2017).
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4 Simulated Signal Analysis Methods

4.1 Generation of Simulated LIDAR Signals

The Monte Carlo model can be used to simulate the relative amounts of multiple and single scat-

tering measured by a LIDAR system. However, to analyze the performance of a LIDAR system,

we need to model a complete signal. To understand how this is accomplished, we revisit the single

scattering LIDAR equation (Equation 4):

N(z) = Q
A
z2 β(z)∆zN0 exp

(
−2

∫ z

z0

σ(z′)dz′
)

.

If we have values for the constants N0, Q, and A, then we only need an extinction coefficient

profile, σ(z), and a backscatter coefficient profile, β(z), to estimate the levels of single scattering

measured by a LIDAR system. It is common to relate the extinction coefficient to the backscatter

coefficient through a constant known as the LIDAR ratio (Fernald, 1984):

S =
σ(z)
β(z)

. (98)

Assuming that S is constant with height is equivalent to assuming that the type of scattering par-

ticle and size distribution of the scattering particles is constant with height and that the number

density is the only variable changing the extinction coefficient (Fernald, 1984). With this simplify-

ing assumption, the LIDAR equation becomes:

N(z) = Q
A
z2

σ(z)
S

∆zN0 exp
(
−2

∫ z

z0

σ(z′)dz′
)

. (99)

Given a mixture of multiple types of scattering particles, we can represent the extinction coefficient

as the sum of the of the individual extinction coefficients:

σ(z) =
n

∑
i=0

σi(z), (100)

where i represents the type of scattering particle, with n being the total number of types. For two

different types of scattering particle, such as cloud and dust, we can write the LIDAR equation as
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(Fernald et al., 1972):

N(z) = N0Q
A
z2

σ1(z) + σ2(z)
S

T2
1 (z)T

2
2 (z)∆z [photons], (101)

where

T2
1,2 = exp

(
−2

∫ z

z0

σ1,2(z′)dz′
)

. (102)

The photon count rate is given by

Nrate(z) = N0Q
A
z2

σ1(z) + σ2(z)
S

T2
1 (z)T

2
2 (z)

c
2
[photons/s], (103)

where c is the speed of light, and the factor of 1
2 accounts for the two-way transmission of the

signal. Simulated profiles of N(z) and Nrate(z) can be computed using the same σ(z) profiles that

are input to the Monte Carlo model. If the vertical resolution of the LIDAR system is different

than the vertical spacing of the extinction profile, the photon count is summed within the desired

height bins, and the count rate is averaged within the desired height bins.

The total signal, including both single and multiple scattering can then be modeled as

Ntotal(z) = Nsingle(z) + Nsingle(z)RMS(z), (104)

where Nsingle(z) is the signal profile computed using the single scattering LIDAR equation, and

RMS(z) is the multiple to single scatter ratio computed using the Monte Carlo model.

To simulate a LIDAR system that is equipped to measure depolarization, we need to simulate the

signal in both the parallel and perpendicular channels. Following from Equation 20, the ratio of

parallel signal to total signal is given by

Rl =
1
2

I + Q
I

, (105)
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and the ratio of perpendicular signal to total signal is given by

Rr =
1
2

I − Q
I

. (106)

Height profiles of these ratios can be computed using the simulated Stokes vectors from the Monte

Carlo model. The signal in each channel is then given by

Nl(z) = Ntotal(z) · Rl(z), Nr(z) = Ntotal · Rr(z). (107)

In order to realistically model a LIDAR signal, we need to include solar background. Despite the

use of a spectral filter that blocks out most of the solar background light, solar background light

can still pass through at wavelengths within the filter’s pass band. In this study, we will use so-

lar background levels measured by the Phoenix LIDAR to estimate solar background levels for

a Mars orbital LIDAR. The typical daytime solar background light intensity used for validating

the Phoenix LIDAR measurements was 20 Wm−2µm−1Sr−1. In this study, this value is used as a

reliable estimate of the daytime solar background intensity, keeping in mind that this value would

vary due to several factors, including dust loading, cloud cover, and time of day. The nighttime

solar background case uses a value of 0 Wm−2µm−1Sr−1. The solar background can simply be

added directly to the simulated signal. An equal amount of solar background is added in each

height bin because the amount of solar radiation is approximately constant over the timescale of a

LIDAR measurement. The background light is split equally between the parallel and perpendic-

ular polarization channels. The final step in simulating a LIDAR signal is to add noise, which is

discussed in the following section.

4.2 Signal Noise

The statistical uncertainty corresponding to a number of photons, N, counted in time ∆t is given

by

∆N =
√

N , ∆Nrate =

√
N

∆t
, (108)

for the photon count and photon count rate, respectively. To simulate signal noise in a LIDAR

signal, we use white noise sampling. Consider a standard normal distribution with a mean of 0
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and a variance of 1:

f (x) =
1√
2π

e−
x2
2 . (109)

We randomly sample values of x from this distribution using the normal() function from the

random module of the Python library numpy (NumPy Developers, 2024). A different x value is

sampled for each vertical bin. The simulated LIDAR signal with noise in each vertical bin is given

by

N(zi) = N(zi) + xi

√
N(zi), (110)

where N(zi) is the average photon count in each bin. When analyzing the viability of a simulated

signal, we need to know if the signal strength is greater than the statistical uncertainty. If the

signal strength is not greater than the statistical uncertainty, then LIDAR returns coming from

clouds and dust cannot be reliably distinguished from noise. A good way to compare the signal

to the statistical uncertainty is by using a signal-to-noise ratio (SNR) profile. Generating a SNR

profile of a simulated signal allows us to compare the strength of the signal to that of the noise at

every point in the vertical profile. For atmospheric LIDAR measurements to be useful, the SNR

needs to be at least greater than 1 (preferably greater than ∼ 5) at every point in the vertical profile.

4.3 Retrieval of Extinction Coefficient

As discussed previously, multiple scattering can make it difficult to accurately retrieve parame-

ters, such as the extinction coefficient and backscatter coefficient, from LIDAR signals. Thus, it

is important to test if we can accurately retrieve these parameters from our simulated signal. To

retrieve the extinction and backscatter coefficients from our simulated signal, we will use the Klett-

Fernald method, which is a procedure frequently used in the analysis of real, measured signals.

Following from Fernald et al. (1972) and recalling Equation 101, we can write the LIDAR equation

for a mixture of two types of scattering particles as

N(z) = N0Q
A
z2 (β1(z) + β2(z)) T2

1 (z)T
2
2 (z). (111)

Note that the factor of ∆z has been omitted, meaning that Equation 111 represents the signal

coming from a point at height z rather than over the range ∆z. As discussed previously, the
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LIDAR ratio S = σ(z)
β(z) is taken as constant with repsepct to z. As described by Fernald et al. (1972)

and Fernald (1984), the solution to Equation 111 is

β1(z) + β2(z) =
X(z) exp

(
−2 (S1 − S2)

∫ z
zc

β2(z′)dz′
)

X((zc)
β1(zc)+β2(zc)

− 2S1
∫ z

zc
X(z′) exp

(
−2 (S1 − S2)

∫ z′
zc

β2(z′′)dz′′
)

dz′
, (112)

where the constants P0, Q, and A have been solved for through calibration at height zc (Fernald,

1984). X(z) = N(z)z2 is the range-corrected signal. β2(z) typically represents molecular scat-

tering molecules that compose the gaseous atmosphere. In this case, other information, such as

radiosonde profiles, can be used to construct a β2(z) profile. In cases for which β2(z) can be pre-

computed, Fernald (1984) presents an iterative scheme that can be used to compute β1(z):

β1(i + 1) + β2(i + 1) =
X(i + 1) exp (−A(i, i + 1))

X(i)
β1(i)+β2(i)

− S1 (X(i) + X(i + 1) exp (−A(i, i + 1)))∆z
, (113)

and

β1(i − 1) + β2(i − 1) =
X(i − 1) exp (+A(i − 1, i))

X(i)
β1(i)+β2(i)

+ S1 (X(i) + X(i − 1) exp (+A(i − 1, i)))∆z
, (114)

where

A(i, i + 1) = (S1 − S2) (β2(i) + β2(i + 1))∆z. (115)

Similarly, the extinction coefficient is given by

σ1(i + 1) +
S1

S2
σ2(i + 1) =

X(i + 1) exp (−A(i, i + 1))
X(i)

σ1(i)+
S1
S2

σ2(i)
− (X(i) + X(i + 1) exp (−A(i, i + 1)))∆z

, (116)

and

σ1(i − 1) +
S1

S2
σ2(i − 1) =

X(i − 1) exp (+A(i − 1, i))
X(i)

σ1(i)+
S1
S2

σ2(i)
+ (X(i) + X(i − 1) exp (+A(i − 1, i)))∆z

. (117)

An initial value of β1 must be given at a calibration range in order to initialize the iterative process.

Equations 116 and 117 can be used to separate the extinction coefficients of clouds and dust. When
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modeling LIDAR signals from the Martian atmosphere, we typically ignore molecular scattering

due to the very low density of the atmosphere. In this case, the expressions are simplified for

application to highly turbid (σ1 >> σ2) atmospheres (Fernald, 1984):

β1(i − 1) =
X(i − 1)

X(i)
β1(i)

+ S1 (X(i) + X(i − 1))∆z
, (118)

and

σ1(i − 1) =
X(i − 1)

X(i)
σ1(i)

+ (X(i) + X(i − 1))∆z
. (119)

The simulated signal can be used with this iterative scheme to retrieve an extinction profile. This

extinction profile can be compared to the one used to model the signal. If multiple scattering is

significantly distorting the signal, we expect the derived extinction profile to vary noticeably from

the source profile.

4.4 Validation

To ensure that our extinction coefficient algorithm is working correctly, we will use LIDAR signals

measured by the Phoenix LIDAR to derive extinction profiles and compare to those derived by

Komguem et al. (2013) and Dickinson et al. (2011). Figure 20 shows two signals measured by the

Phoenix LIDAR and the corresponding extinction profiles derived using the process described in

Section 4.3. It is clear that our extinction profiles agree well with those derived by Komguem et

al. (2013) and Dickinson et al. (2011). These results provide us with confidence that our extinction

coefficient algorithm is working properly and can be reliably used to retrieve the atmospheric

extinction coefficient from backscatter signal profiles.
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Figure 20: Top: Martian water ice cloud and dust measured by the Phoenix LIDAR (Left). Ex-
tinction profile retrieved from backscatter signal (Right). This profile is presented and analysed
by Dickinson et al. (2011). The extinction profile derived by Dickinson et al. (2011) is included
for comparison to our profile. Bottom: Martian dust measured by Phoenix LIDAR (Left). Extinc-
tion profile retrieved from backscatter signal (Right). This profile is presented and analyzed by
Komguem et al. (2013). The extinction profile derived by Komguem et al. (2013) is included for
comparison to our profile.
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5 Results and Analysis

5.1 System Specifications

For the test cases in this report, we will use the system specifications of the CALIPSO LIDAR (Hunt

et al., 2009), which can be found in Figure 2. The vertical resolution and pulse averaging were cus-

tomized for our testing purposes. A 400 km circular orbit was chosen for the satellite. This orbit

is used by many Mars observation satellites. Additionally, it should be noted that any reference

in this work to ‘day’ measurements correspond to a solar background of 20 Wm−2µm−1Sr−1,

and any reference in this work to ‘night’ measurements correspond to a solar background of

0 Wm−2µm−1Sr−1.

Table 2: CALIPSO LIDAR specifications. Many of these values are presented by Hunt et al. (2009).

5.2 Signal Strength

To begin, we will analyze the simulated signals using the CALIPSO system specifications. Figure

21 shows simulated LIDAR signals for the cloud-only test cases. The data in these plots is direct

output from the Monte Carlo model, so the units of signal strength are arbitrary. Multiple scatter-

ing causes ‘tails’ to be observed below each cloud base. If these ‘tails’ are of significant magnitude

compared to the background noise, they can make it difficult to determine the base height of the

cloud. Within the clouds, multiple scattering affects the slope of the signal. This can lead to inac-

curacies when computing the extinction coefficient (see Section 5.4). When a low altitude cloud is

present, it appears that there is signal coming from beneath the ground (negative altitude). This is

caused by the total path length of multiply scattered photons being larger than the orbital altitude

of the LIDAR satellite.
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Figure 22 shows simulated LIDAR signals for the test cases that include dust. Multiple scattering

from dust particles appears to not significantly affect the slope of the signal. However, backscatter

signals from layers of dust below clouds can be distorted due to multiple scattering within the

clouds.

Figure 21: Simulated LIDAR signal for Martian water ice clouds. LIDAR specifications match
those of CALIPSO.
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Figure 22: Simulated LIDAR signal for Martian mineral dust and water ice clouds. LIDAR speci-
fications match those of CALIPSO.

Figures 23 and 24 show the simulated LIDAR signals converted to count rate for the cloud-only

cases and the dust cases, respectively. The signals include multiple scattering effects from the
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Monte Carlo model, background light, and signal noise. The return signals from dust are sig-

nificantly weaker than the signals from clouds due to the lower extinction coefficient of the dust

compared to the clouds. The vertically thick, high altitude cloud attenuates the signal to the point

that any features below it are difficult to see. Specifically, the signal coming from the dust below

the high altitude cloud in Figure 24 (bottom left) is very weak in comparison to the dust-only and

dust and low altitude cloud cases. The same effect is observed in the weakening of the return

signal from the low altitude cloud below the high altitude cloud in the double cloud layer case.

Dust tends to reduce the strength of return signals from low altitude clouds more than from high

altitude clouds. This is due to the inverse relationship between dust extinction coefficient and

altitude.

Signal-to-noise ratio plots for the cloud-only cases and the cases that include dust are shown in

Figures 25 and 26, respectively. Without dust present, our results indicate that an orbital LIDAR

system with the same specifications as CALIPSO is capable of achieving SNR greater than 5 at all

points in the measured vertical profile of individual high altitude and low altitude clouds. This

applies to measurements made during the day or night. In the case of a double cloud layer, the

SNR sometimes dips below one in the low altitude cloud, specifically for daytime measurements

in the perpendicular channel. This is not ideal for measuring depolarization, but still indicates

good performance given the high level of attenuation caused by the high altitude cloud. In the

case of a typical Martian dust profile, our results indicate that an orbital LIDAR system with the

specifications of CALIPSO is capable of achieving an SNR greater than 1 up to an altitude of

approximately 30 km during the day and up to an altitude of approximately 58 km during the

night. When a low altitude cloud is present with the dust, our results indicate that the system is

capable of achieving a SNR greater than 1 at all points throughout and below the cloud. When a

high altitude cloud is present with the dust, the SNR is greater than 5 at all points within the cloud,

but is below 1 throughout much of the dust profile, especially for measurements made during the

day. It should be noted that the signal ‘tails’ caused by multiple scattering seem to have SNRs

below 1 in all cases, meaning that the ‘tails’ should not pose any problems in determining the

height of cloud bases.
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Figure 23: Simulated LIDAR signals converted to count rate for cloud-only test cases. The signals
include background light and simulated noise. Respective day and night measurements often
overlap.
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Figure 24: Simulated LIDAR signals converted to count rate for test cases that include dust. The
signals include background light and simulated noise. Respective day and night measurements
often overlap.
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Figure 25: Simulated signal-to-noise ratio for cloud-only test cases. SNR=1 is marked by a vertical
line for reference. Respective day and night measurements often overlap.
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Figure 26: Simulated signal-to-noise ratio for test cases that include dust. SNR=1 is marked by a
vertical line for reference. Respective day and night measurements often overlap.

Although our results indicate that an orbital LIDAR system equipped with the same specifications

as CALIPSO would perform fairly well in measuring clouds and dust in the atmosphere of Mars,
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this system is probably unrealistic for a Mars satellite. CALIPSO is a very expensive system with

a large receiver telescope of 1 m diameter. The cost and size would make it difficult to justify for

a Mars mission. The large receiver telescope makes it difficult to design a satellite that includes

multiple instruments in addition to the LIDAR system. A smaller telescope receiver would make

the instrument significantly more practical. We will now lower the diameter to 0.5 m and analyze

the effects on the signal. The signal-to-noise ratio for test cases that include dust are shown in

Figure 27 for a LIDAR system with a telescope receiver of 0.5 m diameter. The results indicate

that a SNR greater than 1 can be achieved across all measurement channels in all cloud regions,

excluding the case of a low altitude cloud that is positioned below a thick, high altitude cloud. In

the dust-only case, the system is capable of achieving a SNR greater than 1 up to approximately

18 km during the day and up to approximately 38 km during the night. These results indicate

that using a telescope receiver of 0.5 m diameter versus 1 m diameter would not have a drastic

impact on signal quality but may still lead to some signal strength issues, especially in the case of

multiple cloud layers.
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Figure 27: Same as Figure 26 but with a telescope receiver diameter of 0.5 m. Respective day and
night measurements often overlap.
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5.3 Depolarization Ratio

As discussed previously, the linear depolarization ratio is given by the ratio of the perpendicular

component of the signal to the parallel component of the signal. The depolarization ratio, com-

puted directly from Monte Carlo model output, is shown in Figures 28 and 29. The depolarization

ratio plots show that multiple scattering has a significant impact on the measured depolarization

ratio, increasing it significantly compared to the single scattering case. This effect is significantly

stronger in Martian water ice clouds than in Martian mineral dust. This is due to the clouds having

a larger extinction coefficient than the dust, leading to more multiple scattering and the accord-

ing depolarization of scattered photons. Figure 28 shows that, when no dust is present, multiple

scattering from clouds can lead to measured depolarization ratios close to 1 below the cloud base.

However, it should be noted that our results in Section 5.2 indicate that the signal-to-noise ratio is

typically too low below these cloud bases for this effect to be detected. Figure 29 shows that the

depolarization ratio in the dust regions is consistently lower than the depolarization ratio in the

cloud regions, regardless of multiple scattering effects. However, it should be noted that multi-

ple scattering causes the depolarization ratio to increase significantly in the dust regions directly

below the cloud bases. In the case of the thick high altitude cloud, multiple scattering causes the

depolarization ratio directly below the cloud to be almost equal to the single scattering depolar-

ization ratio from the cloud. This indicates that it would be difficult to use the depolarization ratio

to distinguish between the base of the high altitude cloud and the dust directly beneath it. Over-

all, these results indicate that an orbital LIDAR system around Mars would have the capability of

differentiating clouds from dust based on the depolarization ratio but may have difficulty in dis-

tinguishing the cloud base from dust when the clouds are optically thick. It should additionally

be noted that, in the presence of a thick high altitude cloud, the signal-to-noise ratio in the dust

regions will likely be too low to properly measure the depolarization ratio.
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Figure 28: Simulated linear depolarization ratio for cloud-only cases. Results computed using
single scattering and all orders of scattering are plotted separately.
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Figure 29: Simulated linear depolarization ratio for cases that include dust. Results computed
using single scattering and all orders of scattering are plotted separately.

62



5.4 Extinction Coefficient

We will now use the simulated signals to retrieve extinction profiles, as explained in Section 4.3.

The retrieved extinction profiles for the high cloud, low cloud, and dust-only cases are shown

in Figure 30. CALIPSO system specifications were used for all examples shown in Figure 30.

Error limit bars are included on the original extinction profiles in Figure 30. These bars represent

±30% of the original extinction coefficient values and serve as an accuracy gauge for the retrieved

extinction coefficient. Figure 30 shows that the extinction coefficient can be determined accurately

when measuring dust only. The extinction coefficient retrieval becomes less accurate in the case of

clouds. This is especially true for the vertically thick high altitude cloud, for which the retrieved

extinction coefficient is often outside of the ±30% error limit. This is because the thick high altitude

cloud has the greatest amount of multiple scattering, which makes it more difficult to retrieve the

extinction coefficient. These results indicate that an orbital LIDAR system around Mars would

likely be able to accurately retrieve the extinction coefficient within ±30% error when measuring

dust only or low altitude clouds with depths of only a few kilometers. However, thicker clouds

may require multiple scattering corrections (Kunkel and Weinman, 1976) in order to accurately

determine the extinction coefficient.
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Figure 30: Extinction profiles retrieved from simulated LIDAR signals. The original extinction
profiles are also shown with 30% error bars. Top Left: Low altitude cloud. Top Right: High altitude
cloud. Bottom: Dust only (retrieved and original often overlap).
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The extinction coefficient detection lower limit can be determined by calculating the extinction

coefficient as the signal-to-noise ratio approaches a value of 1. The results of this analysis can be

found in Table 3. Background sky light was not included in the lower limit calculations. As is

the case for all simulations described in this report, the orbit altitude is 400 km, and the vertical

resolution is 10 m. No dust is included in these test cases.

The Phoenix LIDAR measured a cloud within an altitude range of 4 - 6 km on Sol 95 at 02:45 local

true solar time (Dickinson et al., 2010). The reported measured extinction coefficient within the

cloud is ∼ 0.1 km−1 (Dickinson et al., 2010). As shown in Table 3, for a cloud between 4 - 6 km, an

orbital LIDAR system would have an extinction coefficient detection lower limit of ∼ 0.0095 km−1

with the 1 m diameter telescope and ∼ 0.038 km−1 with the 0.5 m diameter telescope. These

results indicate that the 1 m diameter and 0.5 m diameter orbital LIDAR configurations would

both be able to measure the 4 - 6 km cloud measured by the Phoenix LIDAR.

Modeling of the Martian atmosphere was carried out to model water ice clouds at various alti-

tudes, including clouds within an altitude range of 40 - 50 km (Frank Daerden, Personal Commu-

nication). The modeled extinction coefficient within the 40 - 50 km clouds is ∼ 0.03 km−1 (Frank

Daerden, Personal Communication). As shown in Table 3, for a cloud between 40 - 50 km, an or-

bital LIDAR system would have an extinction coefficient detection lower limit of ∼ 0.0075 km−1

with the 1 m diameter telescope and ∼ 0.03 km−1 with the 0.5 m diameter telescope. These results

indicate that the 1 m diameter orbital LIDAR configuration would be able to measure the 40 - 50

km clouds from the model. The 0.5 m diameter orbital LIDAR configuration would require more

spatial averaging to accurately detect the 40 - 50 km clouds from the model.

Table 3: Lower detection limit of the extinction coefficient for high altitude (40 - 50 km) and low
altitude (3 - 5 km) Martian water ice clouds. Results are shown for 0.5 m and 1 m receiver diame-
ters. Background sky light was not included.
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6 Conclusion

We have successfully developed a Monte Carlo model that is capable of simulating multiple scat-

tering and tracking the polarization state of atmospheric LIDAR signals. This model was used to

test the viability of using an orbital LIDAR system to study water ice clouds and mineral dust in

the Martian atmosphere. It was determined that an orbital LIDAR system with the same specifica-

tions as the very successful Earth-based CALIPSO satellite would be able to detect clouds and dust

in the atmosphere of Mars in most cases. Although, it would likely be difficult to detect anything

below a thick high altitude cloud. Due to the large distance of the satellite from the scattering

medium, large amounts of multiple scattering are observed, especially in clouds. This multiple

scattering leads to increases in measured depolarization ratios and errors in extinction coefficient

retrieval. The retrieved extinction coefficients are within ±30% of the expected values without

correcting for multiple scattering in the low altitude cloud and dust-only cases. High altitude

clouds with vertical depths of ∼ 10 km may require multiple scattering corrections to determine

the extinction coefficient within 30% error. Results of depolarization ratio modeling indicate that

the depolarization ratio can be used to distinguish between cloud and dust, despite the increased

depolarization due to multiple scattering. However, it will be difficult to use the depolarization

ratio to distinguish the base of a thick, high altitude cloud from dust. It was determined that

the telescope receiver size could be reduced to half that of CALIPSO (0.5 m diameter versus 1 m

diameter) and still yield detectable signals of clouds and dust in most test cases.

66



References

Alkasem, A., F. Szczap, C. Cornet, and V. Shcherbakov etal., “Effects of cirrus heterogeneity on

lidar CALIOP/CALIPSO data." Journal of Quantitative Spectroscopy and Radiative Transfer, vol. 202,

pp. 38-49, 2017.

Bissonnette, L. R., “Multiple scattering of narrow light beams in aerosols." Applied Physics B, vol.

60, pp. 315-323, 1995.

Bissonnette, L. R., P. Bruscaglioni, A. Ismaelli, and G. Zaccanti etal., “LIDAR multiple scattering

from clouds." Applied Physics B, vol. 60, pp. 355-362, 1995.

Bruscaglioni, P., A. Ismaelli, and G. Zaccanti, “Monte-Carlo calculations of LIDAR returns: Proce-

dure and results." Applied Physics B, vol. 60, pp. 325-329, 1995.

Carter, L. L., and E. D. Cashwell, “Particle-Transport Simulation with the Monte Carlo Method."

Prepared for the Division of Military Application, U. S. Energy Research and Development Ad-

ministration. Published by Technical Information Center, Office of Public Affairs, U. S. Energy

Research and Development Administration. Technical report TID-26607, 1975.

Christensen Research Group, “Spotting a Landing Site for Phoenix." Mars Space

Flight Facility, Arizona State University. Web page, 2023. Retrieved April 15, 2023.

https://christensen.asu.edu/nasa-support/finding-a-landing-site-forphoenix/#:~:

text=Look%20Before%20You%20Leap,indicating%20warmer%20and%20rockier%20ground.

Cohen, A., M. Kleiman, and J. Cooney, “Lidar measurements of rotational Raman and double

scattering." Applied Optics, vol. 17, no. 12, pp. 1905-1910, 1978.

Collis, R. T. H., and P. B. Russell, Laser Monitoring of the Atmosphere, Chapter 4: Lidar Measurement

of Particles and Gases by Elastic Backscattering and Differential Absorption. Edited by D. E. Hinkley.

Springer Berlin Heidelberg, 1976.

Collins, D. G., and M. B. Wells, “Monte Carlo Codes for Study of Light Transport in the At-

mosphere, Volume 1: Description of Codes." Prepared by Radiation Research Associates, Inc.,

67

https://christensen.asu.edu/nasa-support/finding-a-landing-site-for phoenix/#:~:text=Look%20Before%20You%20Leap,indicating%20warmer%20and%20rockier%20ground.
https://christensen.asu.edu/nasa-support/finding-a-landing-site-for phoenix/#:~:text=Look%20Before%20You%20Leap,indicating%20warmer%20and%20rockier%20ground.


Fort Worth, Texas for U. S. Army Electronics Command, Fort Monmouth, N. J.. Technical report

ECOM-00240-F, vol. 1, 1965.

Curran, R. J., B. J. Conrath, R. A. Hanel, and V. G. Kunde et al., “Mars: Mariner 9 spectroscopic

evidence for H2O ice clouds." Science, vol.182, no. 4110, pp. 381-383, 1973.

Daerden, F., Royal Belgian Institute for Space Aeronomy. Personal Communication. 2022-2024.

Daerden, F., L. Neary, G. Villanueva, and G. Liuzzi et al., ”Explaining NOMAD D/H Observations

by Cloud-Induced Fractionation of Water Vapor on Mars." Journal of Geophysical Research: Planets,

vol. 127, no. 2, 2022.

Deirmendjian, D., Electromagnetic Scattering on Spherical Polydispersions. Elsevier Scientific Publish-

ing New York, 1969.

Dickinson, C., L. Komguem, J. A. Whiteway, and M. Illnicki etal., “Lidar atmospheric measure-

ments on Mars and Earth." Planetary and Space Science, vol. 59, no. 10, pp. 942-951, 2011.

Dickinson, C., J. A. Whiteway, L. Komguem, J. E. Moores, etal., “Lidar measurements of clouds in

the planetary boundary layer on Mars." Geophysical Research Letters, vol. 37, no. 18, 2010.

Donovan, D. P., H. Klein Baltink, J. S. Henzing, and S. R. de Roode et al., “A depolarisation lidar-

based method for the determination of liquid-cloud microphysical properties." Atmospheric Mea-

surement Techniques, vol. 8, no. 1, pp. 237-266, 2015.

Eloranta, E. W., “Calculation of doubly scattered lidar returns." University of Wisconsin. PhD

thesis, 1972.

Fernald, F. G., “Analysis of atmospheric lidar observations: some comments." Applied Optics, vol.

23, no. 5, pp. 652-653, 1984.

Fernald, F. G., B. M. Herman, and J. A. Reagan, “Determination of Aerosol Height Distributions

by Lidar." Journal of Applied Meteorology, vol. 11, no. 3, pp. 482-489, 1972.

Flesia, C., and P. Schwendimann, “Analytical Multiple Scattering Extension of the Mie Theory."

68



Applied Physics B, vol. 56, pp. 157-163, 1993.

French, R. G., P. J. Gierasch, B. D. Popp, and R. J. Yerdon, “Global patterns in cloud forms on

Mars." Icarus, vol. 45, no. 2, pp. 468-493, 1981.

Gallagher, M. W., P. J. Connolly, J. Whiteway, and D. Figueras-Nieto etal., “An overview of the

microphysical structure of cirrus clouds observed during EMERALD-1." Quarterly Journal of the

Royal Meteorological Society, vol. 131, no. 607, pp. 1143-1169, 2005.

Haghighhat, A., Monte Carlo Methods for Particle Transport. 2nd Edition. CRC Press, 2020.

Hansen, J. E., and L. D. Travis, “Light Scattering in Planetary Atmospheres." Space Science Reviews,

vol. 16, no. 4, pp. 527-610, 1974.

He, H., M. Shi, J. Tang, and S. Wu, “Scattering direction sampling methods for polarized Monte

Carlo simulation of oceanic lidar." Applied Optics, vol. 62, no. 23, pp. 6253-6262, 2023.

Hovenier, J. W., and C. V. M. van der Mee, “Fundamental relationships relevant to the transfer of

polarized light in a scattering atmosphere." Astronomy and Astrophysics, vol. 128, no. 1, pp. 1-16,

1983.

Hu, Y.-X., D. Winker, P. Yang, and B. Baum et al., “Identification of cloud phase from PICASSO-

CENA lidar depolarization: a multiple scattering sensitivity study." Journal of Quantitative Spec-

troscopy & Radiative Transfer, vol. 70, no. 4-6, pp. 569-579, 2001.

Hunt, W. H., D. M. Winker, M. A. Vaughan, and K. A. Powell etal., “CALIPSO Lidar Description

and Performance Assessment." Journal of Atmospheric and Oceanic Technology, vol. 26, pp. 1214-

1228, 2009.

Kattawar, G. W., and G. N. Plass, “Radiance and Polarization of Multiple Scattered Light from

Haze and Clouds." Applied Optics, vol. 7, no. 8, pp. 1519-1527, 1968.

Komguem, L., J. A. Whiteway, C. Dicksinson, and M. Daly etal., “Phoenix LIDAR measurements

of Mars atmospheric dust." Icarus, vol. 223, no. 2, pp. 649-653, 2013.

69



Kunkel, K. E., and J. A. Weinman, “Monte Carlo Analysis of Multiply Scattered Lidar Returns."

Journal of the Atmospheric Sciences, vol. 33, no. 9, pp. 1772-1781, 1976.

NASA, “Mars Reconnaissance Orbiter." Edited by SMD Content Editors. Web page, 2024. Re-

trieved February 29, 2024. https://mars.nasa.gov/mro/mission/instruments/mcs/

NumPy Developers, “numpy.random.normal." NumPy API reference. Web page, 2008-2024.

Retrieved November 16, 2024. https://numpy.org/doc/stable/reference/random/generated/

numpy.random.normal.html

NumPy Developers, “Permuted congruential generator (64-bit, PCG64)." NumPy API reference.

Web page, 2008-2024. Retrieved July 15, 2024. https://numpy.org/doc/stable/reference/

random/bit_generators/pcg64.html#r4523891264fe-2

O’Neill, M. E., “PCG: A Family of Simple Fast Space-Efficient Statistically Good Algorithms for

Random Number Generation." Harvey Mudd College, Computer Science Department. Technical

report HMC-CS-2014-0905, 2014.

Peplow, D. E., “Direction Cosines and Polarization Vectors for Monte Carlo Photon Scattering."

Nuclear Science and Engineering, vol. 131, no. 1, pp. 132-136, 1999.

Prahl, S., “miepython." Web page, 2017-2024. Retrieved July 16, 2024. https://miepython.

readthedocs.io/en/latest/

Press, W. H., S. A. Teukolsky, W. T. Vetterling, and B. P. Flannery, Numerical Recipes in C. Cambridge

University Press, 1992.

Ramella-Roman, J. C., S. A. Prahl, and S. L. Jacques, “Three Monte Carlo programs of polarized

light transport into scattering media: part 1." Optics Express, vol. 13, no. 12, p. 4420, 2005.

Reverdy, M., H. Chepfer, D. Donovan, and V. Noel et al., “An EarthCARE/ATLID simulator to

evaluate cloud description in climate models." Journal of Geophysical Research: Atmospheres, vol.

120, no. 21, pp. 11090-11113, 2015.

Saito, M., P. Yang, J. Ding, and X. Liu, “A Comprehensive Database of the Optical Properties of

70

https://mars.nasa.gov/mro/mission/instruments/mcs/
https://numpy.org/doc/stable/reference/random/generated/numpy.random.normal.html
https://numpy.org/doc/stable/reference/random/generated/numpy.random.normal.html
https://numpy.org/doc/stable/reference/random/bit_generators/pcg64.html#r4523891264fe-2
https://numpy.org/doc/stable/reference/random/bit_generators/pcg64.html#r4523891264fe-2
https://miepython.readthedocs.io/en/latest/
https://miepython.readthedocs.io/en/latest/


Irregular Aerosol Particles for Radiative Transfer Simulations." Journal of the Atmospheric Sciences,

vol. 78, no. 7, pp. 2089-2111, 2021.

Sato, K., H. Okamoto, and H. Ishimoto, “Modeling the depolarization of space-borne lidar sig-

nals." Optics Express, vol. 27, no. 4, pp. A117-A132, 2019.

Smith, D. E., M. T. Zuber, H. V. Frey, and J. B. Garvin et al., “Mars Orbiter Laser Altimeter: Experi-

ment summary after the first year of global mapping of Mars." Journal of Geophysical Research, vol.

106, no. E10, pp. 23689-23722, 2001.

Smith, M. D., “Spacecraft observations of the Martian atmosphere." Annual Review of Earth and

Planetary Sciences, vol. 36, pp.191-219, 2008.

Spanier, J., and E. M. Gelbard, Monte Carlo Principles and Neutron Transport Problems. Edited by R.

S. Varga and M. A. Harrison. Addison-Wesley Publishing Company, 1969.

Starkov, A. V., M. Noormohammadian, and U. G. Oppel, “A stochastic model and a variance-

reduction Monte-Carlo method for the calculation of light transport." Applied Physics B, vol. 60,

pp. 335-340, 1995.

Wehr, T., T. Kubota, G. Tzeremes, and K. Wallace et al., “The EarthCARE mission - science and

system overview." Atmospheric Measurement Techniques, vol. 16, no. 15, pp. 3581-3608, 2023.

Whiteway, J. A., L. Komguem, C. Dickinson, and C. Cook et al., “Mars Water-Ice Clouds and

Precipitation." Science, vol. 325, no. 5936, pp. 68-70, 2009.

Whiteway, J. A., M. Daly, A. Carswell, and T. Duck et al., “Lidar on the Phoenix Mission to Mars."

Journal of Geophysical Research, vol. 113, no. E3, 2008.

Winker, D. M., J. Pelon, J. A. Coakley Jr., and S. A. Ackerman et al., “The CALIPSO Mission: A

Global 3D View of Aerosols and Clouds." Bulletin of the American Meteorological Society, vol. 91, no.

9, pp. 1211-1230, 2010.

Winker, D. M., and L. R. Poole, “Monte-Carlo calculations of cloud returns for ground-based and

space-based LIDARS." Applied Physics B, vol. 60, pp. 341-344, 1995.

71



Wolff, M. J., M. D. Smith, R. T. Clancy, and R. Arvidson etal., “Wavelength dependence of dust

aerosol single scattering albedo as observed by the Compact Reconnaissance Imaging Spectrome-

ter." Journal of Geophysical Research: Planets, vol. 114, no. E2, 2009.

Wolff, M. J., R. T. Clancy, M. A. Kahre, and R. M. Haberle et al., “Mapping water ice clouds on

Mars with MRO/MARCI." Icarus, vol. 332, pp. 24-49, 2019.

Yang, P., L. Bi, B. A. Baum, and K.-N. Liou et al. “Spectrally Consistent Scattering, Absorption, and

Polarization Properties of Atmospheric Ice Crystals at Wavelengths from 0.2 to 100 µm." Journal of

the Atmospheric Sciences, vol. 70, no. 1, pp. 330-347, 2013.

Zege, E. P., I. L. Katsev, and I. N. Polonsky, “Analytical solution to LIDAR return signals from

clouds with regard to multiple scattering." Applied Physics B, vol. 60, pp. 345-353, 1995.

Zuev, V. E., Laser Monitoring of the Atmosphere, Chapter 3: Laser-Light Transmission Through the Atmo-

sphere. Edited by D. E. Hinkley. Springer Berlin Heidelberg, 1976.

72


	Abstract
	Acknowledgments
	Table of Contents
	List of Figures
	List of Tables
	Introduction
	LIDAR and Scattering Background
	Basic LIDAR Principles
	Single Scattering
	Multiple Scattering
	Depolarization

	Monte Carlo Model
	Monte Carlo Basics
	Scattering Properties
	Monte Carlo Simulation Process
	Validation

	Simulated Signal Analysis Methods
	Generation of Simulated LIDAR Signals
	Signal Noise
	Retrieval of Extinction Coefficient
	Validation

	Results and Analysis
	System Specifications
	Signal Strength
	Depolarization Ratio
	Extinction Coefficient

	Conclusion
	References

