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HIGHLIGHTS

e Optimization-based retrieval of smoke properties from multi-angle polarimetry.

o Neural network-accelerated radiative transfer enables fast smoke retrieval.

e Multi-angle smoke retrievals affected by plume inhomogeneity and temporal change.
e Optimal view angles are suggested for AirMSPI retrievals of FIREX-AQ smoke plumes.

ARTICLE INFO ABSTRACT
Keywords: - An optimization-based approach is developed to retrieve smoke particle properties from the observations ac-
Multiangle polarimetry quired by the Airborne Multiangle SpectroPolarimetric Imager (AirMSPI) during the Fire Influence on Regional

Aerosol retrieval
Smoke particles
AirMSPI

to Global Environments Experiment-Air Quality (FIREX-AQ) field campaign. This framework employs a three-
step optimization strategy to mitigate the discontinuities between independently retrieved image patches.
Moreover, it integrates a deep-neural-network-accelerated radiative transfer model to enhance retrieval effi-
ciency. The retrieved aerosol products are compared with the AERONET reference data and the retrievals from
the enhanced MODIS Airborne Simulator (eMAS). Under clear-sky conditions, retrieved aerosol optical depth
(AOD) agrees with AERONET data within approximately +0.05. For the smoke plumes with moderate to high
AOD, the spatial patterns retrieved from AirMSPI are consistent with those from eMAS retrieval. The best
agreement is achieved by excluding the four most oblique viewing angles (i.e., £65° and +£57°). Sensitivity tests
indicate that using three to five AirMSPI angles within £45.8° of nadir balances the mitigation of plane-parallel
atmosphere modeling error while preserving the information richness of multi-angle observations of a three-
dimensional plume. Moreover, single-view-angle retrievals, even when initialized with multi-angle retrieval
results, still exhibit discrepancies relative to multi-angle retrieval. This is likely due to the coupled effects of the
temporal evolution of smoke properties and the spatial inhomogeneity of smoke particles within the plume. The
latter causes the multi-angle views to capture different portions of the plume and challenges the plane-parallel
atmosphere model used in the retrieval.

1. Introduction multi-angle polarimetry provides strong constraints on key particle
microphysics, such as size distribution, shape, and refractive index. As a

Polarimetry and multi-angle observations have greatly improved our pioneering satellite-borne multi-angle polarimeter, the Polarization and
ability to retrieve aerosol properties: offering higher accuracy and Directionality of the Earth's Reflectances (POLDER) instrument mea-
reduced ambiguities compared to traditional single-view, unpolarized sures both radiometric and polarimetric signals along 16 angular di-
measurements. By combining angular and polarization sensitivities, rections in a set of visible to near-infrared bands, indicating the success
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of constraining aerosol absorption and microphysical properties simul-
taneously (Deschamps et al., 1994; Deuzé et al., 2001; Mishchenko and
Travis, 1997). The POLDER is succeeded by the Multi-Viewing, Multi--
Channel, Multi-Polarization Imager (3MI) on MetOp-SG (Fougnie et al.,
2018) to cover a broader spectral range. Over the past two decades,
some airborne multi-angle polarimeters (MAPs) such as the Research
Scanning Polarimeter (RSP, Cairns et al., 1999), the Airborne Multiangle
SpectroPolarimetric Imager (AirMSPIL, Diner et al., 2013), AirHARP
(Puthukkudy et al., 2020), and SPEX airborne (Smit et al., 2019), have
also been developed. They capture high-resolution images in spatial,
spectral, or angular domains, serving as highly valuable prototypes for
satellite-borne sensors such as the Multi-Angle Imager for Aerosols
(MAIA, Diner et al., 2018), HARP2 (McBride et al., 2024) and SPEXone
(Hasekamp et al., 2019). The HARP2 and SPEXone polarimeters have
been deployed by the PACE (Plankton, Aerosol, Cloud, ocean
Ecosystem) mission (Werdell et al., 2019) which have been successfully
launched recently, expanding our regional or global aerosol monitoring
capabilities.

To retrieve aerosol properties from polarimetric observations, a va-
riety of aerosol inversion algorithms have been developed, as summa-
rized by (Dubovik et al., 2019; Kokhanovsky et al., 2007). As one of the
prevailing approaches, the optimization-based retrieval that allows both
observational and a priori physical constraints to be imposed on
retrieval (Dubovik and King, 2000) has been successfully developed and
applied to retrieve MAP data, or combined MAP and lidar measurements
(Lopatin et al., 2021; Xu et al., 2021). In addition to real-data processing,
optimization-based inversion approaches have been used to determine
the optimal number and configuration of viewing angles and spectral
bands needed to maximize the scientific return in retrieving aerosol
geophysical variables, subject to a cost cap for a polarimetric sensor. It
has been found that, while increasing the number and angular diversity
of views generally improves sensitivity to aerosol microphysical prop-
erties, such as particle size distribution and refractive index
(Mishchenko and Travis, 1997; Xu et al., 2016), the benefits tend to
“saturate” beyond certain thresholds. For example, retrieval tests using
simulated data and real airborne MAP measurements acquired from
multiple field campaigns indicate a substantial gain of aerosol amount
and single scattering albedo retrieved accuracy to be obtained from
using two to five viewing angles, whereas a smaller gain is obtained
when more than five angles (Wu et al., 2015; Xu et al., 2017). These
studies, however, have focused on aerosol retrieval under clear-sky
conditions, assuming plane-parallel atmospheric layers. Each layer is
assumed to extend horizontally to infinity, with homogeneous concen-
tration and bulk properties of aerosol particles. However, this assump-
tion does not apply to aerosol emissions from wildfire smoke due to the
spatial inhomogeneity of aerosol distribution and their properties.
Several field campaigns have been conducted, deploying multiple types
of airborne instruments to better investigate aerosol properties from
smoke plumes and their impact on the regional climate. For example, the
Fire Influence on Regional to Global Environments Experiment-Air
Quality (FIREX-AQ) campaign focused on wildfire events in the west-
ern United States (Warneke et al., 2023), with the objectives to quantify
fire emissions and to understand their evolution and impact on atmo-
spheric composition and air quality. FIREX-AQ provides a valuable op-
portunity to evaluate the performance of MAP retrievals in smoky
conditions and to assess how angular sampling geometry affects aerosol
characterization in such complex environments.

Most existing multi-angle polarimetric aerosol inversion algorithms
are based on the independent pixel approximation and implicitly or
explicitly assume horizontal homogeneity of aerosol and surface prop-
erties within each retrieval column, consistent with a plane-parallel
atmospheric representation. This assumption is generally reasonable
under clear-sky or regionally uniform aerosol conditions, and has been
widely adopted in MAP retrieval studies. However, wildfire smoke
plumes represent a fundamentally different observational regime. They
are characterized by strong three-dimensional structure, sharp
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horizontal gradients, and rapid spatio-temporal evolution, all of which
violate the horizontal homogeneity assumption underlying traditional
inversion frameworks. As a result, different viewing angles of a multi-
angle polarimeter may sample physically distinct portions of the
plume, leading to systematic modeling errors when all views are inter-
preted within a single atmospheric column of plane-parallel structure.
These challenges motivate the present study, which uses AirMSPI ob-
servations acquired during the FIREX-AQ campaign as a testbed to
systematically examine and mitigate the limitations of conventional
MAP aerosol retrievals in complex wildfire plume environments. In this
work, we aim to develop an efficient yet improved AirMSPI algorithm to
characterize aerosol particles generated from plumes. The instrument
was installed in the nose section of an ER-2 aircraft. During the FIREX-
AQ campaign, the AirMSPI provided multi-angular spectra-polarimetric
images of smoke plumes with high spatial resolution. Through case
studies, we will demonstrate the influence of 3-D geometry of plumes on
the accuracy of aerosol retrieval which assumes a plane-parallel atmo-
sphere and seek an optimal set of viewing angles to mitigate this impact.
The paper is organized as follows: the general structure of the inversion
algorithm is described in Section 2, followed by descriptions of the
datasets used in this study in Section 3. Section 4 describes validation of
the AirMSPI retrievals against the reference data acquired by the
ground-based Aerosol Robotic Network (AERONET) and the aerosol
products of enhanced-MODIS Airborne Simulator (eMAS, Ellis et al.,
2011). Furthermore, the impacts of viewing angle sampling on aerosol
optical depth (AOD) retrieval are discussed. In section 5, we explore the
potential of refining single-view-angle retrieval by using multi-angle
retrieval as a priori. On such a basis, the multi-angle view images of a
targeted plume are retrieved independently, allowing temporal varia-
tion in the smoke particles from a wildfire plume during the short period
of multi-angle acquisition. A short summary and outlook are provided in
Section 6.

2. General structure of the inversion algorithm

The first version of aerosol retrieval adopted by AirMSPI is
optimization-based. The Markov chain radiative transfer (RT) approach
coupled with the adding-doubling method (MarCh-AD) is used as its
forward model. To constrain aerosol properties, the MAP measurements
are used in conjunction with the smoothness constraints across neigh-
boring pixels, assuming that aerosol properties have a smooth variation
in the horizontal dimension (Dubovik et al., 2011). The algorithm was
validated using 27 datasets from several field campaigns, covering low
to moderate aerosol loadings (AOD at 555nm < 0.5) (Xu et al., 2017).
These cases generally represented spatially homogeneous aerosol con-
ditions. When applied to FIREX-AQ campaign data, the retrieval in-
cludes the following stages (see Fig. 1 for a flowchart):

1. Preprocessing: Average p x q of native-resolution pixels into
retrieval superpixels, and screen out superpixels that violate certain
metrics (e.g., ice/snow surfaces, ephemeral water, bright surfaces).

2. Stage 1 — Independent Patch Retrieval: Segment an image into
patches of mxn aggregated superpixels and perform the
optimization-based retrieval over each patch independently.

3. Stage 2 — Cross-Patch Refinement: Imposing additional smooth-
ness constraints across-patch boundaries to refine the retrieval.

Stage 2 represents an upgrade of the existing AirMSPI algorithm, as
described in Section 2.2. A further key novelty of this study is the
replacement of the MarCh-AD radiative transfer model with a neural-
network-based radiative transfer (NN-RT) model, which significantly
improves the retrieval efficiency (cf. Section 2.3).

2.1. Optimization-based multi-pixel retrieval

Fig. 2 illustrates the diagram of the Stage-1 aerosol retrieval
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Fig. 1. The two-stage optimization-based aerosol retrieval applied to the FIREX-AQ campaign data acquired by AirMSPI.
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Fig. 2. Diagram of the optimization-based aerosol and surface property inversion (Stage-1 optimization).

algorithm. The state vector x consists of both aerosol properties x,5 and
surface reflection parameters xg,f, such that x = [xg], Xsurf]- The aerosol

component includes parameters such as

volume concentration, size

distribution, complex refractive index, and the fraction of nonspherical
(spheroid) particles. These inputs are used to calculate light-scattering
properties, including AOD, single-scattering albedo (SSA), and the
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phase matrix. Together with parameters describing the depolarizing
bidirectional reflectance distribution function (BRDF) and the polarized
BRDF, the NN-RT surrogate model of the MarCh-AD RT is employed to
compute the radiance field at the AirMSPI sensor altitude. The radiance
field consists of the total radiance L and the normalized linear polari-
metric components q and u, which are related to the Stokes vector
components Q and U by ¢q=Q/L and u=U/L, respectively. The
retrieval is formulated as an optimization problem, where the cost
function quantifies the mismatch between measured and modeled ra-
diances and linear polarimetric signals (L, q, u), while also incorporating
smoothness constraints across spectral bands and spatial neighborhoods.
At each iteration, the Jacobian matrix is computed with respect to the
current state vector to guide the parameter updates. The step length is
determined by evaluating the cost function gradient, and the state vector
is updated accordingly. This iterative process continues until conver-
gence, defined as the point at which the difference in the cost function
between two successive iterations falls below a prescribed threshold.

2.2. Mitigation of quilting effect

In our optimization-based retrieval framework, the physical
constraint of smooth spatial variations in aerosol parameters is capi-
talized on to stabilize the inversion (Dubovik et al., 2011; Xu et al.,
2017). Ideally, all superpixels within a single observation scenario
would be retrieved simultaneously, thereby fully exploiting the spatial
smoothness constraints. However, this is impractical because it requires
processing thousands of superpixels simultaneously and challenges
computer memory. To alleviate the computational burden, each Air-
MSPI image is segmented into patches of m x n superpixels, which are
retrieved independently using a multi-pixel inversion approach. This
strategy, however, leads to a “disconnection” of retrieved solutions
across two neighboring patches due to the absence of cross-patch con-
straints. Consequently, a “quilting effect” across the edges of neigh-
boring patches can be observed, as indicated in Fig. 4a. While the
quilting effect is a generic feature when multi-superpixel opti-
mization-based retrievals are applied to independent patches, it be-
comes more pronounced in dense smoke scenes, due to stronger
aerosol-surface coupling and increased spatial gradients of smoke dis-
tribution, both amplifying the sensitivity to cross-patch inconsistencies.
To mitigate the quilting effect while preserving numerical tractability,
within Stage 2 we adopt a multi-step retrieval strategy based on Dubovik
et al. (2011). As illustrated in Fig. 3, the multi-step retrieval strategy
proceeds in three steps:

1. Step 1 (blue patches labeled “17): Each patch is retrieved indepen-
dently and in parallel, providing the initial solutions.

M rows of patches

N columns

e

Step 1: Parallel
retrieval of the
blue patches.

blue patches as constraints

Step 2: Parallel retrieval of the
» orange patches using Step 1

retrieved edge pixel solutions of
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2. Step 2 (orange patches labeled “2”): Smoothness constraints are
imposed across neighboring patches by using the solutions of the
boundary superpixels from Step 1 as a priori information.

3. Step 3 (green patches labeled “3”): The retrieval is refined over the
same patches as in Step 1, with the solutions of the boundary
superpixels from Step 2 serving as a priori information to enforce
cross-patch smoothness.

The mathematical formulation of smoothness constraints across
neighboring patches, used as a priori information, is well described in
Appendix B of Dubovik et al. (2011). While Steps 2 and 3 could in
principle be repeated to further enhance spatial smoothness, in this
study three steps are applied, after which the retrieved state vectors for
all superpixels already reflect spatial smoothness relationships both
within and across patches. To demonstrate the effectiveness of the
multi-step retrieval, we apply the approach to an AirMSPI observation of
a wildfire event during the FIREX-AQ campaign. The retrieved AOD
maps for this case (Fig. 4) illustrate the benefits of the multi-step
approach. When all patches are retrieved independently, a noticeable
quilting effect across patches appears in Fig. 4a. The observed mitigation
of across-patch AOD discontinuities demonstrates the effectiveness of
three-step retrieval. The major mitigation of the discontinuities is ach-
ieved by Step 2 retrieval. Step-3 retrieval provides further refinement,
indicating the convergence of the three-step retrieval strategy.

It is important to note that the proposed strategy not only reduces
quilting artifacts but also enhances the retrieval performance, as
enforcing smooth transitions across patch boundaries is physically
meaningful. In doing so, it further exploits the spatial smoothness of
aerosol and surface parameters, helping to mitigate localized optimi-
zation artifacts. However, the three-step approach increases computa-
tional costs by approximately 50%. To address this limitation, we
introduce a neural-network-based RT model in the next section.

2.3. Neural network trained radiative transfer calculation

Traditional optimization-based retrieval is computationally
demanding, primarily because radiative transfer calculations must be
repeated many times to fit the measured data. In iterative optimization,
the Jacobian matrix is required to determine the direction and step size
for updating the state vector, which further increases the computational
load when using conventional finite-difference methods.

To expedite retrieval, this study adopts a neural-network-based
radiative transfer (NN-RT) model as an approximation of the physical
RT model to calculate the Stokes vector components. A dataset that
contains a large number of training samples is generated using the
Markov chain RT model. Once trained, the Jacobian matrix is obtained

M rows

L )

N columns

Step 3: Parallel retrieval of the green
patches (same as the blue regions in
Step 1 retrieval), using Step 2
retrieved edge pixel solutions of
orange patches as constraints

Fig. 3. Illustration of the multi-step retrieval strategy aimed at mitigating the “quilting” effect across patches. The patches marked with the numbers “1” and “2”
represent distinct groups of patches involved in Step 1 and 2 retrievals, each encompassing m x n superpixels. The green patches marked with the number 3 are same
as the blue patches marked with number “2”. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of

this article.)
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Fig. 4. AOD retrieved from AirMSPI using (a) independent retrieval of all patched at one time; (b) two-step retrieval to mitigate the quilting effect. (c) three-step

retrieval to achieve convergence.

analytically from the output NN-RT model coefficients, thus improving
computational efficiency, as demonstrated in Section 2.3.3.

2.3.1. Training data

To train the NN-RT model, radiative transfer simulations are first
performed for many random combinations of state vector parameters,
including solar and viewing geometries covering diverse aerosol and
surface scenarios. This produces a large dataset containing radiance and
polarimetric components. In this study, 1.6 million cases were simulated
for each AirMSPI band, of which 1.5 million cases were randomly
selected for training, and the remaining 0.1 million cases were reserved
for accuracy assessment, as discussed in Section 2.3.2. Using the same
approach, light scattering calculations are trained using random com-
binations of aerosol properties x4 to predict light scattering properties,
including AOD, SSA, and phase matrix.

To ensure adequate representation, the state vector parameters are
sampled over reasonable parameter ranges when preparing the radiative
transfer simulations. While some variables span wide ranges, most real-
world scenarios occupy a narrower subset. To account for this, certain
parameters are sampled from a linear distribution, while others are
sampled from a log-uniform distribution to better reflect their observed
distributions. For variables whose ranges do not align well with direct
log-uniform sampling, an offset is added before sampling and subtracted
afterward, ensuring a closer match to observed data patterns. The ranges
and corresponding sampling strategies are summarized in Table 1.

2.3.2. Neural network training

A feed-forward neural network implemented in ® MATLAB is used to
train both the light-scattering and radiative transfer models. As shown in
Fig. 5, the architecture consists of one input layer, p fully connected
hidden layers (h), and one linear output layer. The input layer trans-
forms the state vector x, which drives the forward model, into the first
hidden layer vector hy:

h] :<I>1(WiTx+bi), (1)

where Wj and b; input layer's weight matrix and bias vector, and ®; is its
activation function. For the k-th hidden layer, the mapping is given by

hk+1:Qk(wzhk+bk)7k:1w~-:P7 (2)

with Wy and by being the weight matrix and bias vector of the corre-
sponding hidden layer, and @ is the associated activation function.
Finally, the output layer performs a linear transformation of the last
hidden layer vector hy, to the output vector y:

¥ =Wohy1 +b,. &)

Here, y represents either radiance and linear polarimetric compo-
nents (L, g and u), or light scattering properties such as AOD and SSA.
Various activation functions were evaluated, and the hyperbolic
tangent (Tanh) function was chosen for its smoothness and ability to

capture the nonlinear behavior of the trained functions:

e —e™
tanh(x) = e 4)

For radiative transfer modeling, the neural network architecture
consists of 7 hidden layers with 18 neurons each, while for aerosol
single-scattering calculations, 3 hidden layers with 18 neurons each are
used. The training process aims to minimize the cost function, defined
here as the mean square error (MSE) between the training data gener-
ated from radiative transfer or light scattering computations and the
predicted neural network values. The selection of hyperparameters and
architecture requires careful optimization. We choose the Levenberg-
Marquardt algorithm as the optimizer, which provides efficient opti-
mization during the backpropagation step.

After training, the performance of the neural-network-based radia-
tive transfer and scattering models is evaluated using 0.1 million inde-
pendent simulation cases per band that were not included in the training
set. Fig. 6 compares neural-network predictions with direct model cal-
culations for AOD, SSA, BRF, and the polarized component q at the
555nm band. The models for aerosol properties (AOD and SSA) are
highly accurate, with mean absolute errors at the order of 0.0001. For
the radiative transfer outputs (BRF and q), the neural network re-
produces the reference calculations with errors of less than 1% for BRF
and about 0.01 for g, and the majority of neural network predictions fall
within the expected measurement uncertainty of AirMSPI, as indicated
by the light-green shading in Fig. 6. Based on this demonstrated accu-
racy, the NN-RT model is applied in the remainder of this study for
AirMSPI FIREX-AQ data retrieval.

2.3.3. Jacobian matrix

The calculation of the Jacobian matrix is a key step in optimization-
based retrieval. This matrix characterizes how a radiative field or scat-
tering quantity responds to small perturbations in the elements of the
state vector. It guides both the search direction and the step length to-
ward the solution. For an observation vector comprising N measure-
ments (¥ = [y1,Y2, ..., yN]T) and a state vector of M components (x =
[x1,x2, ...,xM]T), the Jacobian matrix is defined as:

ox; 0xy 0Xp
Y2 2 2

J= dxl 0x2 6XM . (5)
L ()Xl 0X2 axM_ NxM

In conventional approaches, the Jacobian is often evaluated using
finite-difference method (FDM), in which the forward model is repeat-
edly rerun with perturbed state parameters (xp,):
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Table 1

Parameter ranges and sampling strategies for aerosol and surface properties and
solar-viewing geometry used in generating the radiative transfer and light-
scattering datasets for neural network training.

Parameters Symbol Unit Range Sampling Sampling
offset
AEROSOL PROPERTIES
Total aerosol Cy pm3/ [1e-6, 5] log- le-2
volume um? uniform
concentration
Volume fraction of £y, fine - [0.01, linear -
fine mode 0.99]
aerosols
Fine mode aerosol Reff, fine pm [0.08, log- 0
characteristic 1.00] uniform
radius
Fine mode aerosol InSgne - [0.2, 0.6] log- 0
logarithmic uniform
characteristic
width
Coarse mode aerosol R, pm [1, 10] linear -
characteristic coarse
radius
Coarse mode aerosol InScoarse - [0.3, 0.5] log- 0
logarithmic uniform
characteristic
width
Aerosol effective Hag km [0.05, log- 0.5
layer height 10] uniform
Half width of Sasl km [0.5, 2.5] log- 0
aerosol layer uniform
Real refractive My, fine - [1.36, log- 0
index for fine 1.60] uniform
mode aerosols
Imaginary refractive M, fine - [4.9e-5, log- 0
index for fine 0.1] uniform
mode aerosols
Real refractive My, coarse - [1.36, log- 0
index for coarse 1.60] uniform
mode aerosols
Imaginary refractive M, coarse - [4.9e-5, log- 0
index for coarse 0.1] uniform
mode aerosols
Spherical particle £, spheric - [0.05, linear -
fraction 0.99]
SURFACE PROPERTIES
Spectral weight of a - [0.001, log- 0
BRDF 1.00] uniform
Anisotropy k;, - [1e-3, log- 1
parameter 1 1.00] uniform
Anisotropy 2 - [-0.999, log- 1
parameter 2 0.999] uniform
Weight of pBRDF €, - [1e-3, log- 0
50] uniform
Shadowing width k, - [1, 100] log- 0
uniform
Slope variance 02 - [0.01,1] linear -
Surface Altitude Altgyr km [0, 6] log- 1
uniform
SOLAR AND VIEWING GEOMETRIES
Solar zenith angles 00 ° [0, 75] linear -
viewing zenith ov ° [0, 75] linear -
angles
relative viewing Qv ° [0, 360) linear -
azimuth angle
OYn _ Yn(X1, X2, -y (X + Axin), +-Xpr) — Yn(X1, X2, -, Xim, *++Xn1) ®)

6xm Axm

While straightforward, this approach is computationally expensive
for large state vectors. In NN-RT, the Jacobian can be derived analyti-
cally from the neural network coefficients using the chain rule (Baydin
et al., 2018). The output layer is a linear connection layer, so the de-
rivative of the network output y, with respect to the input is:
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OYn ohy.4
——=W,———.
ox ox

— (7
For a hidden layer k, the derivative of its activation with respect to

the input is given by:

ohi _ 0i(F,) O,

ox  of, ox ®)

where fi is the pre-activation input of the layer, and the derivative of fi
with respect to the input can be expressed recursively as:

of, a0
axfwk xv *17~~~7P- (9)

And for the adopted hyperbolic tangent activation function, the de-
rivative with respect to f is
) _ 1 _ tann2 (fk> 1R, (10)

of

Together, these relations provide a recursive formulation for
computing the Jacobian matrix analytically from the trained NN-RT
model. The analytical calculation of Jacobian is a key methodological
advantage of the NN-RT approach. It enables stable and efficient aerosol
retrieval and avoids the disadvantage of FDM in properly perturbing
each state vector parameter and re-run the RT model to get the relevant
derivative.

To evaluate the accuracy of the Jacobian matrix computed from the
NN-RT model, we compared the metric elements against those derived
from the physical RT model using FDM. Specifically, we chose 50 state
vectors containing random combinations of retrieval parameters and
perturbed them with a step size of 0.01. The FDM and physical RT model
based calculation of Jacobians were compared with the analytical Ja-
cobians obtained from the NN-RT model. The scatter plot in Fig. 7a
shows a direct comparison of all Jacobian elements from the two ap-
proaches through regression. Each color corresponds to a specific state
vector sample. Overall, the NN-RT Jacobians agree well with the phys-
ical RT results, with a regression slope close to unity (0.973), a corre-
lation coefficient of 0.993, and a small mean absolute difference
(MAD = 0.008).

To examine state-vector-parameter-dependent Jacobian differences,
Fig. 7b shows the mean difference between the NN-RT-based and
physical-RT-plus-FDM-based Jacobians. The overall discrepancies are
relatively small for most parameters, confirming that the NN-RT model
provides a reliable approximation for Jacobian calculation. Relatively
larger discrepancies are found at a few viewing angles with respect to
the real part of the aerosol refractive index. However, the magnitude and
sign of the physical-RT- and NN-RT-based Jacobians, which dominate
the direction of the solution search, remain consistent in most cases.
When multiple viewing angles are used jointly, the optimal solution can
still be successfully found after a few iterations.

2.3.4. Efficiency

By employing neural networks to compute scattering properties and
radiative fields, aerosol retrieval is significantly accelerated. For
example, a three-step retrieval applied to five patches (each patch
composed of 3 x 3 superpixels) executed on a desktop computer with an
Intel i19-12900K CPU and 32 GB RAM achieves a retrieval speed of
approximately 0.4 s per pixel. This represents a two-order-of-magnitude
speedup over retrievals that rely on online radiative transfer and scat-
tering models, enabling near-real-time aerosol retrievals from AirMSPI
data.
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Fig. 5. Schematic diagram of a neural network for polarimetric radiance in the right box. The left box indicates the input parameters including aerosol properties,
surface reflection properties, sun-illumination and view geometries and surface elevation.
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3. Data
3.1. AirMSPI

AirMSPI is an eight-band (355,

380, 445, 470, 555, 660, 865,

935nm) pushbroom camera mounted on a gimbal. Polarimetric

measurements of (BRF, q, u) are made at 470, 660, and 865 nm bands.
Multiangular observations are acquired over a +67° along-track angular
range. AirMSPI operates in two modes: (1) “step and stare” mode,
providing up to nine viewing angles’ measurement at ~10m native
spatial resolution, and (2) “continuous sweep” mode, with ~25m
spatial resolution (Diner et al., 2013). For aerosol property research, the
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step-and-stare mode is preferred due to its higher spatial resolution and
multi-view angular observations of a targeted area, which offers valu-
able information to constrain aerosol properties. During the FIREX-AQ
campaign, AirMSPI was installed in the nose of a NASA ER-2 aircraft,
and a total of 118 scenarios were acquired using step-and-stare view
mode. They are numbered from Case 1 to 118 in this study.

In the FIREX-AQ campaign, AirMSPI “views” a scenario using five or
nine viewing angles, symmetric around the nadir (0°). As illustrated in
Fig. 8, in the case of nine angular views, including the nadir view (0°)
and off-nadir views at £27.4°, £45.8°, 457.1°, and +64.5°. The nine
viewing angles are labeled in this study as View 1 through View 9, ar-
ranged from the most forward-looking to the most backward-looking
direction. Positive angles denote forward-looking directions, whereas
negative angles denote backward-looking directions. For the five
angular view case, measurements were taken at angles 0°, +46.7°, and
+64.6°, namely View 1, 3, 5, 7, and 9 of the nine-angle case.

AirMSPI resolves a scenario with high spatial resolution of 10 m,
offering valuable insights into cloud and landform properties (Diner
et al., 2005a, 2005b; King et al., 1999). For aerosol retrieval, however,
the plane-parallel radiative transfer assumption at such a fine scale is
subjected to modeling errors (Marshak and Davis, 2005). They also
challenge most bidirectional reflectance distribution function (BRDF)
models which lack adaptability to fine-scale surface variability. To
mitigate these challenges, we aggregated 25 x 25 pixels into a “super-
pixel” of 250m spatial resolution.

3.2. The aerosol robotic network (AERONET)

AERONET provides AOD with well-characterized uncertainties of
~0.01 in the visible and near-infrared wavelengths and ~0.02 in the
ultraviolet (UV) channels (340 and 380 nm) (Giles et al., 2019), and
serves as a ground-truth reference for satellite and airborne remote
sensing instruments.

For the FIREX-AQ campaign, two types of AERONET data are
available: conventional and Distributed Regional Aerosol Gridded
Observation Networks (DRAGON). Two DRAGON mobile teams
deployed vehicle-mounted sun photometers to track fire events, in some
cases approximately following the ER-2 flight tracks. However, there are

Flight direction
<
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no DRAGON measurements overlapping spatiotemporally with AirMSPI
observation, only Level 2.0 data from stationary AERONET sites are used
for comparison.

For an AERONET site located within the spatial domain of an Air-
MSPI observation scenario, the superpixel whose center is geographi-
cally closest to the site is selected for analysis. Because AirMSPI uses a
“step-and-stare” mode, each superpixel is observed multiple times from
different viewing angles. AERONET measurements acquired within
+15 min of the superpixel's temporal span are considered collocated and
used for comparison analysis.

3.3. The enhanced-MODIS airborne simulator (eMAS)

The eMAS is an airborne cross-track scanning spectrometer that
provides MODIS-like observations but at substantially finer spatial res-
olution (e.g. 50m at an altitude of 20 km). It operates across 38 spectral
channels spanning wavelengths from 0.445 to 13.844 pm. During the
FIREX-AQ campaign, eMAS and AirMSPI were both deployed aboard the
NASA ER-2 aircraft, enabling collocated spatial and temporal colloca-
tions for intercomparison.

Compared to AirMSPI's 10 km swath at nadir, eMAS samples a much
larger spatial domain (37.25 km wide swath at 20 km altitude), enabling
more collocations with the ground-based AERONET and DRAGON
measurements during the campaign. The eMAS AOD products from the
FIREX-AQ campaign are derived using the Dark Target (DT) algorithm
(Levy et al., 2013; Spencer et al., 2019) and have been extensively
compared with the ground-based measurements (Shi et al., 2024). Given
the limited number of AirMSPI-ground matchups, eMAS aerosol re-
trievals are used as an independent airborne reference to evaluate Air-
MSPI AOD retrievals, with due consideration of the uncertainties and
assumptions inherent in both algorithms.

3.4. The cloud physics lidar (CPL)

The Cloud Physics Lidar (CPL; McGill et al., 2002) is a nadir-viewing
elastic backscatter lidar flown on NASA's ER-2 aircraft. It operates at
three wavelengths (355, 532, and 1064nm) and provides
high-resolution vertical profiles of atmospheric backscatter and

denote View 1 | View 2 | View 3 | View 4 | View 5 | View6 | View 7 | View 8 | View 9
5-view +64.6° - +46.7° - 0° - -46.7° - -64.6°
9-view +64.5° | +57.1° | +45.8° | +27.4° 0° -27.4° | -45.8° | -57.1° | -64.5°

Fig. 8. AirMSPI's five- and nine-angle step-and-stare view of a scenario. Positive angles denote forward-looking directions, negative angles denote backward-looking

directions, and 0° denote nadir view.
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extinction. CPL has a vertical resolution of 30 m and a horizontal reso-
lution of ~200m, making it well suited for resolving the vertical
structure of aerosol and cloud layers. In this study, we use collocated
CPL extinction profiles at 532 nm as reference data for evaluating the
aerosol layer heights retrieved from AirMSPL

4. Comparison of AOD retrieval
4.1. Comparison to AERONET reference AODs

Using the collocation criteria described in Section 3.2, three AirMSPI
scenarios are identified as coinciding with AERONET observations.
These collocated cases are characterized by relatively clear-sky condi-
tions without pronounced plume heterogeneity. Consequently, AERO-
NET comparisons in this work primarily serve as a consistency check
under these conditions. The details of the cases are summarized in
Table 2. For each case, all available viewing angles are used in the
aerosol retrievals, as the aerosol fields are relatively homogeneous.

Fig. 9 compares the spectral AODs retrieved from AirMSPI with those
from AERONET between 355 and 870 nm. For AERONET, the error bars
represent the standard deviation of AODs collected within the AirMSPI
overpass duration (~7 min) within a +15min collocation window.
Overall, the results show good consistency in both magnitude and
spectral dependence, with differences generally within ~0.05. This
agreement demonstrates the capability of AirMSPI to retrieve reliable
AODs under clear-sky conditions with the updated algorithm.

4.2. Comparison to eMAS reference AODs

Following the clear-sky validation of AirMSPI AODs against AERO-
NET, we next examine their performance under smoky conditions. In
this case, direct validation with AERONET or DRAGON is not available,
as there are no collocated observations with AirMSPI. Instead, we
perform an intercomparison with eMAS AODs, which have themselves
been well validated against AERONET measurements in a recent study
by Shi et al. (2024).

As an illustrative case, we analyze the Williams Flat Fire event on
August 6, 2019 (Case 21), for which AirMSPI captured the scene with a
nadir overpass at 18:39 UTC over Keller, Washington. This case was
selected because the measurement domain is near the wildfire core and
encompasses both smoke-affected and relatively clear regions. Fig. 10a
shows the map of eMAS reported AOD at 550 nm (AODs5p), with the
AirMSPI measurement area outlined in red and mobile DRAGON track
marked as red dots. This highlights that the AirMSPI observation domain
was positioned west of the main fire plume. The true-color image from
AirMSPI's nadir view (Fig. 10b) reveals smoke in the northeastern
portion of the scene, while the remainder appears relatively clear.
Comparison of eMAS AODs against collocated mobile DRAGON mea-
surements at 550 nm shows a reasonable agreement, as indicated in
Fig. 10c. A zoomed-in view of the eMAS AODss5¢ map corresponding to
the AirMSPI footprint is shown in Fig. 10d and 10e shows the map of
AirMSPI AODs at 555 nm (AODsss) retrieved from the five angular views
(excluding the four most oblique views). The two maps exhibit similar
spatial patterns of AODs, demonstrating the qualitative effectiveness of
the algorithm in the presence of smoke. A pixel-to-pixel intercomparison
of the two maps (Fig. 11c), together with the rationale for adopting the
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five viewing angle configuration and its impact on retrieval behavior, is
discussed in the following subsection.

When interpreting the AirMSPI-eMAS intercomparison, it is impor-
tant to account for uncertainties arising from differences in the two in-
struments' spatial resolution and view geometry. AirMSPI retrieval
resolves a relatively finer grid of a plume (namely 250m), whereas eMAS
represents a spatially “averaged” aerosol retrieval over a relatively
larger grid (namely 500m). This can cause differences in retrieval across
regions with strong AOD variations. In addition, AirMSPI provides
multiple views of a smoke plume but registers the multi-angular view
images to the ground. In the presence of a 3D plume, this introduces
differences in the sampled areas viewed from different viewing angles,
further challenging the plane-parallel atmosphere assumption. In this
context, the AirMSPI-eMAS retrieval comparison presented here should
be interpreted qualitatively rather than as an absolute assessment of
retrieval errors.

4.3. Impacts of viewing angle sampling on AOD retrieval

The applicability of plane-parallel model assumption in remote
sensing of a plume scenario has been a concern, especially when ob-
servations were made at large off-nadir viewing angles. Although large
view-angle enhances the sensitivity to a plume's heterogeneity and
structure, it increases the errors of forward RT model based on plane-
parallel atmosphere assumption. In this context, careful selection of
viewing angles is needed to balance the information content and miti-
gation of the impact of the modeling error.

4.3.1. Impact of excluding extreme oblique views

To assess how extreme oblique views influence AOD retrieval per-
formance, we conducted retrieval experiments using subsets of AirMSPI
viewing angles, progressively removing the most oblique observations
first, followed by less oblique views. The resulting AirMSPI AODsss
values were compared against eMAS AODsso within the overlapping
region (red box in Fig. 10a). Fig. 11a-e shows scatter plots comparing
AirMSPI with eMAS AODs for different combinations of viewing angles:
(a) 1-9, (b) 2-8, (c) 3-7, (d) 4-6, and (e) nadir only (View 5). Among the
four multi-angle-based retrieval experiments, the retrieval using views
1-9 (Fig. 11a) is least accurate. This is because the two most oblique
views (+£65°) are more sensitive to 3-D plume structures, which in-
creases the mismatch between the actual atmosphere and the plane-
parallel assumption used in radiative transfer modeling. Excluding
them leads to an improved agreement of AODs (Fig. 11b). Further
excluding views at +57.1° (5 angles, Fig. 11c) and then at +45.8° (3
angles, Fig. 11d) yields even better performance. The 5-angle retrieval
achieves the highest regression (R =0.73), while the 3-angle retrieval
gives the lowest bias (0.05) and RMSE (0.20). Compared to Fig. 11a and
b, the 5-angle case shows a clear improvement in regression slope,
whereas the 3-angle case reduces overestimation and produces tighter
clustering around the 1:1 line for low to moderately high AODs. How-
ever, further reducing the retrieval to nadir-only measurements
(Fig. 11e) substantially increases the AOD error. This is attributed to the
limited information content provided by a single viewing angle, which is
insufficient to constrain aerosol properties accurately.

Given AirMSPI's limited coverage of solar and viewing geometries
during the FIREX-AQ campaign, it is challenging to identify an optimal

Table 2
Collocated AERONET-AirMSPI measurement during the FIREX-AQ campaign.
AirMSPI Scenario AirMSPI Measurement UTC Solar Zenith Number of Viewing AERONET Number of Collocated Data
Time Angle Angle Site Points
CA-MountainView, nadir, UTC 20:37, Aug 06, 20:34 - 20:41 20.38° 9 NASA_Ames 4
2019
CA-Pasadena, nadir, UTC 19:04, Aug 12, 2019 19:01 - 19:08 22.70° 9 CalTech 11
CA-Fresno, nadir, UTC 18:59, Aug 15, 2019 18:56 - 19:03 26.95° 5 Fresno_2
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(a) CA-MountainView,
nadir, UTC 20:37, Aug 06, 2019

Time diff. range:-00:07:13 - 00:17:47

(b) CA-Pasadena,

nadir, UTC 19:04, Aug 12, 2019

Time diff. range:-00:15:30 - 00:17:34
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(¢) CA-Fresno,
nadir, UTC 18:59, Aug 15, 2019

Time diff. range:-00:14:56 - 00:15:04
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Fig. 9. Comparison of AirMSPI retrieved and AERONET reported AODs for (a) CA-MountainView UTC 20:37, Aug 06, 2019, (b) CA-Pasadena at UTC time 19:04 on
Aug 12, 2019, and (c) CA-Fresno, UTC 18:59, Aug 15, 2019. Error bars with AERONET data represent the standard deviation of AOD with 15 min. The temporal
difference ranges between AERONET and AirMSPI are shown in the titles of each subplot.
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Fig. 10. Williams Flat Fire event over the city Keller of Washington which was captured by AirMSPI and eMAS at UTC time 18:39 on August 6, 2019. (a) The eMAS
AOD map at 550 nm. The red rectangle denoting AirMSPI footprint and red dots showing mobile DRAGON track; (b) True color image of AirMSPI's nadir view; (c)
Comparison of eMAS AODs against the collocated mobile DRAGON measurements at 550 nm; (d) Zoomed view of the eMAS AODsso map corresponding to the
AirMSPI footprint; (e) AirMSPI AODsss map retrieved from the five angular views (excluding the four most oblique views). (For interpretation of the references to
color in this figure legend, the reader is referred to the Web version of this article.)

number and locations of viewing angles that could work universally for
plume retrieval. Nevertheless, our case study suggests that under
moderately dense smoke conditions where the plume does not fully
cover the scene, AOD retrievals from AirMSPI are improved when the
two most oblique view-angle pairs are excluded from the original nine-
view configuration. On such a basis, one can retain three to five viewing
angles within +45.8° of nadir to balance the mitigation of 3-D radiative
effects and preserve a reasonable amount of information. Note that
though eMAS has only a single viewing angle, its spectral coverage is
larger than AirMSPI, which compensates for the lack of viewing angles,
as revealed by the earlier study of Hasekamp and Landgraf (2007). By
reducing the number of viewing angles to an optimal set, AirMSPI's

10

regional coverage and sampling frequency can be increased within a
given number of flight hours, increasing the science return.

4.3.2. Sensitivity to angular sets within a fixed view angular range

The analysis in Section 4.3.1 suggests that, for smoke plume scenes
observed by AirMSPI during the FIREX-AQ campaign, AOD retrievals
can be improved by using three to five angles spanning approximately
+57° from nadir. Building on this result, we further investigate how
retrieval stability depends on specific sets of viewing angles while
keeping the overall viewing range constant. This analysis can help
identify optimal viewing angles that provide higher retrieval sensitivity
under the plane-parallel atmosphere assumption. Two AirMSPI cases
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Fig. 11. Comparison of eMAS AODsso and AirMSPI AODsss retrieval using the measurements of the plume over city Keller at UTC time 18:39 on August 6, 2019.
AirMSPI retrieval uses five different combinations of viewing angles. Panels (a)-(e) show scatter plots comparing AirMSPI AODsss retrieved using (a) 9 angles
including nadir, +27.4°, +45.8°, +57.1°, and +64.5° (b) 7 angles including nadir, +-27.4°, +45.8°, and +57.1° (c) 5 angles including nadir, +-27.4°, and +45.8° (d)

3 angles including nadir and +27.4° and (e) single viewing angle (nadir).

with contrasting smoke densities are examined: including Case 21 which
represents a relatively light smoke plume over Keller (see Fig. 9) and was
discussed in the previous subsection, and Case 39 which corresponds to
a denser smoke plume over Inchelium (see Fig. 12), captured at 20:28
UTC on August 7, 2019.

In these two cases, we compare AOD retrievals at five viewing angles
(0°, +£27.4°, +45.8°) with those at three angles (0°, +45.8°). Fig. 13
presents the results: the left and right scatter plots correspond to Case 21

Fig. 12. True-color nadir image of the Williams Flat Fire over Inchelium,
Washington, acquired by AirMSPI at 20:28 UTC on August 7, 2019. (For
interpretation of the references to color in this figure legend, the reader is
referred to the Web version of this article.)

11

and Case 39, respectively. While reducing the number of views from five
to three yields only limited changes in the AODs of the light-smoke case,
a noticeably larger spread emerges for the dense-smoke case, particu-
larly in regions with AOD>1. To examine the role of nadir observations
in constraining multi-angle polarimetric AOD retrievals, Fig. 14 evalu-
ates several reduced-viewing-angle configurations that exclude the
nadir view while preserving the overall angular range (i.e., —45.8° to
+45.8°), using Case 21 as a testbed. Relative to the five-view retrieval
(0°, +27.4°, and +45.8°), scatterplot comparisons reveal greater
disagreement for the configurations that omit the nadir view than for the
three-view configuration that retains the nadir view (0° and +45.8°).
This result indicates that the information provided by nadir observations
cannot be fully compensated for by off-nadir views, even when the
overall angular coverage is preserved. This is probably because nadir
observations of a targeted area violate the plane-parallel atmosphere
assumption less than off-nadir observations. Moreover, nadir observa-
tions sample the atmospheric column directly, thereby providing a
closer and more effective link to AOD, which is itself a column-
integrated quantity.

Investigating the single-scattering phase function and polarization
characteristics of smoke particles may provide further insight into our
findings. Fig. 15 shows the phase function (P11) and degree of linear
polarization (DOLP, 100 x P15/P11), with the corresponding parameters
summarized in Table 3. The scattering angles corresponding to the
viewing angles of Case 21 are marked by vertical lines in the plots. It can
be found that the three-angle configuration captures the main features of
the phase function and DOLP in the backscattering range. Therefore,
reducing the number of views from five to three still preserves the
critical angular information needed for retrievals of light-to-moderate
smoke loading. For the dense smoke scenario (Case 39, Fig. 13b),
however, reducing the number of viewing angles from five angles to
fewer leads to increased retrieval variability. This is likely due to
increased multiple scattering, which washes out the angular character-
istics of single scattering. As a result, more angular information is
needed to constrain aerosol properties under dense smoke conditions.
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(a) Case 21: Views 3—7 vs. Views 3, 5,7
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(b) Case 39: View 3-7 vs. Views 3, 5, 7
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Fig. 13. Scatter plots comparing AirMSPI AODsss retrieved using 5- and 3- angle observation of the Williams Flat Fire. The left and right panels correspond to the
scenarios acquired by AirMSPI at 18:39 UTC on August 6, 2019, and 20:28 UTC on August 7, 2019, respectively.

Overall, these results suggest that, for low to moderately high smoke
particle loadings (e.g., AOD < ~2), using three viewing angles while
keeping their angular range the same as that of five angles has a limited
impact on AOD retrieval quality, as the main angular features are
captured by the three angles. Nevertheless, the inclusion of the nadir
view plays a critical role in stabilizing the inversion by providing an
effective constraint on column-integrated aerosol loading. In contrast,
for dense smoke plumes with high aerosol loadings (e.g., AOD>2),
retrieval accuracy becomes more sensitive to multiple scattering and
having five viewing angles is helpful to improve aerosol retrieval.

5. More aerosol microphysics retrievals
5.1. Aerosol properties beyond AOD

In addition to AOD, AirMSPI retrieval also provides a set of aerosol
microphysical properties such as size distributions and non-spherical
particle fraction, the derived aerosol product such as SSA, as well as
the aerosol layer location information such as the effective aerosol layer
height (Hyg).

While reference data for validating AirMSPI-retrieved microphysical
properties other than AOD are not available in this study, we use
collocated CPL extinction profiles at 532 nm to evaluate the retrieved
H,q of smoke plumes. Case 39 is selected for demonstration since ma-
jority of the scene is covered with smoke plumes. Panel (a) of Fig. 16
shows the map of AirMSPI-retrieved H,g, with an overlapped black line
indicating the CPL flight trajectory. The black circles on the line mark
the locations of collocated CPL measurements. Panel (b) shows the CPL
extinction profile at 532 nm along the trajectory and the corresponding
H,g values retrieved from AirMSPI (in dots). Among the seven collocated
data pairs, five Hyg values show reasonable agreement with CPL data,
with differences of less than 1.5km. Larger discrepancies by 2.5 and
3.5km occur at the other two points, reflecting the uncertainties
inherent in polarimetric retrievals of aerosol layer height.

5.2. Variations of smoke particle properties from single-view-angle
retrieval

During a wildfire event, plumes are often elevated. In this context,
each viewing angle of a multi-angle polarimeter samples a different part
of the plume, and these sampled regions do not necessarily fully overlap.
If an aerosol distribution is spatially uniform, one can assume same
aerosols to be observed. However, this is not the case for plume retrieval
as aerosol concentration and properties vary across the grids of a plume.
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In addition, a plume evolves during a wildfire event and aerosol prop-
erties are expected to vary during AirMSPI's multi-angle acquisition
period (e.g. ~4 min for acquiring 5 images) of a targeted area. Thus, a
multi-angle retrieval effectively represents a spatially and temporally
averaged solution. To gain insight into change in aerosol properties in
coupled spatial and temporal scales, a single-view-angle aerosol
retrieval is preferred. However, as shown in Section 4.2, single-view-
angle retrievals suffer from large errors due to their limited informa-
tion content. To address this, we conducted an additional experiment in
which multiple-view retrieval results were used as initial guesses to
inform single-view-angle retrievals. This approach allows the algorithm
to begin optimization from a physically reasonable state derived from
the multi-angle retrieval, thereby reducing the likelihood of getting
locally optimized solutions. The results of such experiments on Case 21
are presented in Fig. 17. Panel (a) compares AirMSPI retrieved AODsss
using five viewing angles (nadir, +27.4°, and +45.8°) with nadir-only
retrievals informed by the five-view retrieval as the initial guess (here-
after referred to as “constrained nadir-only retrievals”). Overall, the
informed nadir-only retrievals agree well with the five-view results,
though some discrepancies remain. These differences arises because the
nadir observation reflects the instantaneous aerosol state for the aerosol
along the sight of view (plus some contamination of aerosols in neigh-
boring grids through adjacency effect (Lyapustin and Kaufman, 2001)),
whereas the multi-view retrieval represents a spatially and temporally
averaged solution, potentially smoothing out the features that the nadir
view captures. Panel (b) evaluates the benefit of this approach by
comparing the informed nadir-only retrievals with eMAS AODssg. These
initialized retrievals show better agreement with the eMAS reference
than does the nadir-only retrievals without initialization (see Fig. 11e),
confirming that using multi-angle retrieval as an initial guess enhances
the numerical stability and physical plausibility of single-view-angle
retrievals.

Fig. 18 presents the retrieved aerosol properties, AODsss5, SSA at
555 nm (SSAsss), and fine mode aerosol characteristic radius (Reft, fine),
from five sequential single viewing angles over an approximately 4-min
period. The aerosol microphysical properties (e.g., SSAsss and Ref, fine)
are reported when AOD values at 445 nm are greater than 0.4. All single-
view-angle retrieved aerosol quantities indicate strong correlations. The
dense smoke plume, located in the northeastern portion of the scene,
shows relatively higher AOD, higher SSA (>0.85), and larger fine-mode
particle radii, which are physically consistent with expected plume
evolution processes. This spatial structure is consistent with hygroscopic
growth within the plume. Fresh smoke typically contains strongly light-
absorbing components such as black carbon and brown carbon, which
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Fig. 14. Comparisons of AirMSPI AODsgs retrievals using a reduced number (two to four) of viewing angles within the viewing angle range of [—45.8°, +45.8°] with
those using all five angles over the same angular range (namely views 3-7). The reduced-angle retrievals exclude the nadir view, but include: (a) views 3, 4, 6, and 7
(£27.4°, +45.8°); (b) views 3, 4, and 7 (+27.4°, £45.8°); (c) views 3, 6, and 7 (—27.4°, +45.8°); and (d) views 3 and 7 (+45.8°). The data is from the Williams Flat
Fire acquired by AirMSPI at 18:39 UTC on August 6, 2019.

n: 1.48+0.0200i; Fine mode fraction: f1=0.70; Mode 1: r = 0.15:m, o = 0.40; Mode 2: r = 3.20im, o = 0.69;
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Fig. 15. Phase function (P1;) and degree of linear polarization (—100 x P15/P11) by a representative smoke particle. Its parameters are summarized in Table 3. The
dashed vertical lines indicate the corresponding scattering angles of the five views (0°, +27.4°, +45.8°) from Case 21.

are associated with relatively low SSA values (0.74+0.06 to 0.84 £ 0.06; (Reid et al., 2005). As the plume ages and mixes with more
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Table 3
Parameters of the smoke aerosols for single scattering calculation in Fig. 14.
Property Value
Complex refractive index 1.48 + 0.02i
Size distribution Bi-modal log-normal
Fine mode mean radius 0.15pm
Fine mode logarithmic width 0.40
Coarse mode mean radius 3.2pum
Coarse mode logarithmic width 0.69
Fine-mode volume fraction 0.7

humid air, water vapor condenses onto smoke particles, increasing
particle size and enhancing light-scattering efficiency. In contrast, the
lower SSA in the rest area may arise from the absence of conditions
favorable for hygroscopic growth (i.e., lower humidity). Smoke particles
diffusing into these drier regions are less likely to take up water and
grow to increase SSA. This explains the lower AOD, lower SSA
(0.80-0.85), and smaller particles observed in the rest of the imaged
regions.

Comparison of the five single-view-angle retrievals indicates
noticeable variations of the retrieval quantities, especially SSAsss and
Reff, fine- On one hand, the five-view images sample slightly different
portions of the smoke plume. On the other hand, the plume itself may
undergo physical and chemical changes during AirMSPI's multi-angle

(a)
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imaging temporal window. In the absence of “ground-truth” observa-
tions, direct validation of these retrieval quantities is not feasible.
Decoupling these variations into causes by viewing-angle dependent
areas and by intrinsic plume evolution is also challenging. Despite these
limitations, the results highlight several important implications. First,
although multi-angle observation of a smoke plume offers more con-
straints, retrieval of smoke properties using all angle data may cause
errors due to the assumptions of i) horizontal homogeneity of the scene
in the traditional retrieval assumption of a plane-parallel atmosphere;
and (ii) static smoke particle properties during a smoke plume event.
Second, the potential of combining multi-angle-informed single-view-
angle retrieval with a 3-D RT model (e.g. SHDOM, Evans, 1998) to
assist with the capturing of temporal evolution and 3-D structure of
aerosol microphysical properties of an actively developing smoke
plume.

6. Summary and outlook

We developed a multi-step optimization-based inversion approach to
retrieve smoke particle properties using polarimetric measurements. It
ensures both the spatial continuity of retrieved aerosol parameters
across adjacent image patches and the retrieval efficiency. The latter is
achieved by using a Markov chain radiative transfer model trained with
a neural network to further accelerate computation. This approach is

(b) 10

° AirMSPI Aerosol Effective Height | | 5

0.7
0.5
0.3
0.1
0.09
0.07
° 0.05
0.03
0.01
0.009
L4 4 0.007

0.005

Extinction Coefficient (km)

20
9
8
48°N 15
z
"}
Q
I
6 T 210
£ =
z
47°58'N 5 2 =)
S [
4 9 5
[=]
)
3 <
0
47°56'N 2
Esri, TomTom, Garmin, SafeGraph,
GeoTechnologies, Inc, METI/NASA, 1
USGS, Bureau of Land Management,
EPA, NPS, USD)} USFWS

118°30'W 118°25'W

0.003
0.001

-118.5 -118.46

LAT

-118.42 -118.38

Fig. 16. (a) Map of AirMSPI retrieved aerosol effective layer height (H,g) using 5-view observations (0°, £27.4°, £45.8°) over Inchelium at 20:28 UTC on August 7,
2019. The black line indicates the CPL flight trajectory and black circles mark the location of collocated CPL data. (b) CPL extinction profile at 532 nm and com-
parison to AirMSPI retrievals of H,g (blue dots). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of
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Fig. 18. Single-view-angle retrievals of aerosol properties including AODsss, SSAsss, and effective radius of fine mode aerosols (Ref, fine) during AirMSPI's ~4-min
temporal window covered by five-angle imaging of city Keller. The nadir image was acquired at the UTC time 18:39 on August 6, 2019.

then applied to the data acquired by AirMSPI during the FIREX-AQ
campaign. Retrieval comparisons against the collocated AERONET
measurements show an AOD difference of less than ~0.05 under clear-
sky conditions. For smoke plumes with moderately low to high AOD, our
retrievals were spatially consistent with eMAS products.

Our test also indicates improved retrieval accuracy when AirMSPI's
four most oblique viewing angles (i.e., +65° and +57°) are excluded
from retrieving smoke particles in a wildfire plume. This strategy strikes
an effective balance by mitigating the RT modeling error induced by the
plane-parallel atmosphere assumption while retaining reasonable in-
formation content by retaining an optimized number of viewing angles.
Sensitivity tests show that as long as the scattering angular range is
preserved and nadir observations are included, retrieval improvement
can be obtained from using three to five viewing angles to retrieve light
to moderately dense smoke plumes. For dense smoke, reducing the
number of viewing angles from five reduces retrieval stability and is
therefore not recommended. We also demonstrate that single-view-
angle retrievals can be improved when they are initialized with results
from multi-view-angle inversion. The developed algorithm and the
findings of this study are expected to assist the retrieval of future multi-
angle polarimetric measurements, such as those from the INjected
Smoke and PYRocumulonimbus Experiment (Peterson et al., 2024).

Despite these advances, several limitations and unresolved chal-
lenges remain for plume remote sensing. First, wildfire smoke plumes
often exhibit strong three-dimensional structures and pronounced hor-
izontal heterogeneity. When multi-angle observations are interpreted
using a plane-parallel atmospheric representation, modeling errors may
arise, particularly for large off-nadir viewing angles. Second, different
AirMSPI viewing angles may sample slightly different portions of an
evolving plume, which can introduce inconsistencies when these
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observations are interpreted as representing a single atmospheric col-
umn. Third, differences in spatial resolution between AirMSPI retrievals
(~250 m) and reference datasets such as eMAS (~500 m) may introduce
discrepancies in regions with strong spatial gradients in aerosol optical
depth. Finally, while AOD retrievals can be compared with AERONET
and eMAS measurements, independent validation data for aerosol
microphysical properties are generally unavailable for these plume
cases, limiting the ability to perform a fully quantitative assessment of
retrieval accuracy. In the absence of independent, spatio-temporally
collocated reference measurements for validating our retrieved aerosol
microphysical properties, the analyses conducted here are therefore
qualitative and focus on the physical plausibility of the spatial variations
in the retrieved quantities. Ongoing and future efforts focus on two as-
pects. In the short term, we are quantifying the impact of plane-parallel
RT modeling errors on smoke retrieval via a truth-in-truth-out test,
namely using synthetic data generated from a 3-D RT model to simulate
AirMSPI observations and then test their retrieval using the plane-
parallel RT model. In the long term, we will explore the direct use of a
3-D RT model and combined passive-active measurements to enhance
plume retrieval, which could reduce modeling errors and enable all nine
AirMSPI viewing angles to be exploited to further constrain smoke
particle properties.

CRediT authorship contribution statement

Benting Chen: Conceptualization, Data curation, Formal analysis,
Investigation, Visualization, Writing — original draft, Writing — review &
editing. Congcong Qiao: Writing — review & editing. Feng Xu:
Conceptualization, Funding acquisition, Methodology, Supervision,
Writing — review & editing. Olga V. Kalashnikova: Writing — review &



B. Chen et al.

editing. Yingxi Rona Shi: Writing — review & editing.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgements

We are grateful to George T. Arnold and Robert C. Levy from NASA
Goddard Space Flight Center for helping us get access to eMAS aerosol
products, and to Prof. Jens Redemann from University of Oklahoma for
helpful discussions. The authors also acknowledge the AirMSPI, eMAS,
CPL, and AERONET teams for acquiring and maintaining the data used
in this study. Portions of this work were performed at the Jet Propulsion
Laboratory, California Institute of Technology under a contract with the
National Aeronautics and Space Administration. Some computational
work was performed using University of Oklahoma's Supercomputing
Center for Education and Research (OSCER).

Data availability

The AERONET data used for validation in this study are publicly
available from the AERONET website (https://aeronet.gsfc.nasa.gov/).
The AirMSPI L1B data acquired during the FIREX-AQ field campaign are
publicly available from the NASA Langley Research Center Atmos
pheric Science Data Center (ASDC) at https://asdc.larc.nasa.
gov/project/AIRMSPI/AirMSPI_FIREX-AQ _Terrain
-projected_Georegistered_Radiance_Data_6. The aerosol product gener-
ated by the standard DT algorithm on the eMAS sensor during the entire
FIREX_AQ campaign is publicly available via the NASA LAADS website
(https://ladsweb.modaps.eosdis.nasa.
gov/archive/MAS_eMAS/FIREXAQ/) and the FIREX AQ data archive
(https://www-air.larc.nasa.gov/cgi-bin/ArcView/firexaq?
ER2=1#LEVY.ROBERT/). Additionally, the final aerosol retrieval data
products generated and analyzed in this current study are available from
the corresponding author upon request.

References

Baydin, A.G., Pearlmutter, B.A., Radul, A.A., Siskind, J.M., 2018. Automatic
differentiation in machine learning: a survey. J. Mach. Learn. Res.

Cairns, B., Russell, E.E., Travis, L.D., 1999. The research scanning polarimeter:
calibration and ground-based measurements. In: Proc, 3754. SPIE, p. 186. https://
doi.org/10.1117/12.366329.

Deschamps, P.-Y., Breon, F.-M., Leroy, M., Podaire, A., Bricaud, A., Buriez, J.-C., Seze, G.,
1994. The POLDER mission: instrument characteristics and scientific objectives.
IEEE Trans. Geosci. Rem. Sens. 32, 598-615. https://doi.org/10.1109/36.297978.

Deuzé, J.L., Bréon, F.M., Devaux, C., Goloub, P., Herman, M., Lafrance, B., Maignan, F.,
Marchand, A., Nadal, F., Perry, G., Tanré, D., 2001. Remote sensing of aerosols over
land surfaces from POLDER-ADEOS-1 polarized measurements. J. Geophys. Res.
Atmospheres 106, 4913-4926. https://doi.org/10.1029/2000JD900364.

Diner, D.J., Boland, S.W., Brauer, M., Bruegge, C., Burke, K.A., Chipman, R., Di
Girolamo, L., Garay, M.J., Hasheminassab, S., Hyer, E., 2018. Advances in
multiangle satellite remote sensing of speciated airborne particulate matter and
association with adverse health effects: from MISR to MAIA. J. Appl. Remote Sens.
12, 1. https://doi.org/10.1117/1.JRS.12.042603.

Diner, D.J., Braswell, B.H., Davies, R., Gobron, N., Hu, J., Jin, Y., Kahn, R.A.,
Knyazikhin, Y., Loeb, N., Muller, J.-P., Nolin, A.W., Pinty, B., Schaaf, C.B., Seiz, G.,
Stroeve, J., 2005a. The value of multiangle measurements for retrieving structurally
and radiatively consistent properties of clouds, aerosols, and surfaces. Remote Sens.
Environ. 97, 495-518. https://doi.org/10.1016/j.rse.2005.06.006.

Diner, D.J., Chipman, R.A., Beaudry, N.A., Cairns, B., Foo, L.D., Macenka, S.A.,
Cunningham, T.J., Seshadri, S., Keller, C.U., 2005b. An integrated multiangle,
multispectral, and polarimetric imaging concept for aerosol remote sensing from
space. In: Komar, G.J., Wang, J., Kimura, T. (Eds.), Presented at the Fourth
International Asia-Pacific Environmental Remote Sensing Symposium 2004: Remote
Sensing of the Atmosphere, Ocean, Environment, and Space, Honolulu, HI, p. 88.
https://doi.org/10.1117,/12.579050.

Diner, D.J., Xu, F., Garay, M.J., Martonchik, J.V., Rheingans, B.E., Geier, S., Davis, A.,
Hancock, B.R., Jovanovic, V.M., Bull, M.A., Capraro, K., Chipman, R.A., McClain, S.
C., 2013. The airborne multiangle SpectroPolarimetric imager (AirMSPI): a new tool

16

Atmospheric Environment 374 (2026) 121960

for aerosol and cloud remote sensing. Atmos. Meas. Tech. 6, 2007-2025. https://doi.
org/10.5194/amt-6-2007-2013.

Dubovik, O., Herman, M., Holdak, A., Lapyonok, T., Tanré, D., Deuzé, J.L., Ducos, F.,
Sinyuk, A., Lopatin, A., 2011. Statistically optimized inversion algorithm for
enhanced retrieval of aerosol properties from spectral multi-angle polarimetric
satellite observations. Atmos. Meas. Tech. 4, 975-1018. https://doi.org/10.5194/
amt-4-975-2011.

Dubovik, O., Li, Z., Mishchenko, M., Tanré, D., Karol, Y., Bojkov, B., Cairns, B.,
Diner, D.J., Espinosa, W.R., Goloub, P., Gu, X., Hasekamp, O., Hong, J., Hou, W.,
Knobelspiesse, K.D., Landgraf, J., Li, L., Litvinov, P., Liu, Y., Lopatin, A., Marbach, T.,
Maring, H., Martins, V., Meijer, Y., Milinevsky, G., Mukai, S., Parol, F., Qiao, Y.,
Remer, L., Rietjens, J., Sano, I., Stammes, P., Stamnes, S., Sun, X., Tabary, P.,
Travis, L.D., Waquet, F., Xu, F., Yan, C,, Yin, D., 2019. Polarimetric remote sensing of
atmospheric aerosols: instruments, methodologies, results, and perspectives.

J. Quant. Spectrosc. Radiat. Transf. 224, 474-511. https://doi.org/10.1016/j.
jqsrt.2018.11.024.

Dubovik, O., King, M.D., 2000. A flexible inversion algorithm for retrieval of aerosol
optical properties from sun and sky radiance measurements. J. Geophys. Res.
Atmospheres 105, 20673-20696. https://doi.org/10.1029/2000JD900282.

Ellis, T.A., Myers, J., Grant, P., Platnick, S., Guerin, D.C., Fisher, J., Song, K., Kimchi, J.,
Kilmer, L., LaPorte, D.D., Moeller, C.C., 2011. The NASA enhanced MODIS airborne
simulator, in: earth observing systems XVI. Presented at the Earth Observing Systems
XVL. SPIE, pp. 234-242. https://doi.org/10.1117/12.894482,

Evans, K.F., 1998. The Spherical Harmonics Discrete Ordinate Method for Three-
Dimensional Atmospheric Radiative Transfer.

Fougnie, B., Marbach, T., Lacan, A., Lang, R., Schliissel, P., Poli, G., Munro, R., Couto, A.
B., 2018. The multi-viewing multi-channel multi-polarisation imager — overview of
the 3MI polarimetric mission for aerosol and cloud characterization. J. Quant.
Spectrosc. Radiat. Transf. 219, 23-32. https://doi.org/10.1016/j.jqsrt.2018.07.008.

Giles, D.M., Sinyuk, A., Sorokin, M.G., Schafer, J.S., Smirnov, A., Slutsker, 1., Eck, T.F.,
Holben, B.N., Lewis, J.R., Campbell, J.R., Welton, E.J., Korkin, S.V., Lyapustin, A.L,
2019. Advancements in the aerosol robotic network (AERONET) version 3 database
— automated near-real-time quality control algorithm with improved cloud screening
for sun photometer aerosol optical depth (AOD) measurements. Atmos. Meas. Tech.
12, 169-209. https://doi.org/10.5194/amt-12-169-2019.

Hasekamp, O.P., Fu, G., Rusli, S.P., Wu, L., Di Noia, A., ann de Brugh, J., Landgraf, J.,
Smit, J. Martijn, Rietjens, J., van Amerongen, A., 2019. Aerosol measurements by
SPEXone on the NASA PACE mission: expected retrieval capabilities. J. Quant.
Spectrosc. Radiat. Transf. 227, 170-184. https://doi.org/10.1016/j.
jqsrt.2019.02.006.

Hasekamp, O.P., Landgraf, J., 2007. Retrieval of aerosol properties over land surfaces:
capabilities of multiple-viewing-angle intensity and polarization measurements.
Appl. Opt. 46, 3332-3344. https://doi.org/10.1364/A0.46.003332.

King, M.D., Kaufman, Y.J., Tanré, D., Nakajima, T., 1999. Remote Sensing of
Tropospheric Aerosols from Space: past, Present, and Future.

Kokhanovsky, A.A., Breon, F.-M., Cacciari, A., Carboni, E., Diner, D., Di
Nicolantonio, W., Grainger, R.G., Grey, W.M.F., Holler, R., Lee, K.-H,, Li, Z.,
North, P.R.J., Sayer, A.M., Thomas, G.E., Von Hoyningen-Huene, W., 2007. Aerosol
remote sensing over land: a comparison of satellite retrievals using different
algorithms and instruments. Atmos. Res. 85, 372-394. https://doi.org/10.1016/j.
atmosres.2007.02.008.

Levy, R.C., Mattoo, S., Munchak, L.A., Remer, L.A., Sayer, A.M., Patadia, F., Hsu, N.C.,
2013. The collection 6 MODIS aerosol products over land and ocean. Atmos. Meas.
Tech. 6, 2989-3034. https://doi.org/10.5194/amt-6-2989-2013.

Lopatin, A., Dubovik, O., Fuertes, D., Stenchikov, G., Lapyonok, T., Veselovskii, .,
Wienhold, F.G., Shevchenko, 1., Hu, Q., Parajuli, S., 2021. Synergy processing of
diverse ground-based remote sensing and in situ data using the GRASP algorithm:
applications to radiometer, lidar and radiosonde observations. Atmos. Meas. Tech.
14, 2575-2614. https://doi.org/10.5194/amt-14-2575-2021.

Lyapustin, A.I., Kaufman, Y.J., 2001. Role of adjacency effect in the remote sensing of
aerosol. J. Geophys. Res. Atmospheres 106, 11909-11916. https://doi.org/10.1029/
2000JD900647.

Marshak, A., Davis, A., 2005. 3D Radiative Transfer in Cloudy Atmospheres, 3D
Radiative Transfer in Cloudy Atmospheres.

McBride, B.A., Sienkiewicz, N., Xu, X., Puthukkudy, A., Fernandez-Borda, R., Martins, J.
V., 2024. In-flight characterization of the hyper-angular rainbow polarimeter
(HARP2) on the NASA PACE mission, in: sensors, systems, and next-generation
satellites XXVIIIL. Presented at the Sensors, Systems, and Next-Generation Satellites
XXVIIL SPIE, pp. 113-122. https://doi.org/10.1117,/12.3033680.

McGill, M., Hlavka, D., Hart, W., Scott, V.S., Spinhirne, J., Schmid, B., 2002. Cloud
physics lidar: instrument description and initial measurement results. Appl. Opt. 41,
3725-3734. https://doi.org/10.1364/A0.41.003725.

Mishchenko, M.I., Travis, L.D., 1997. Satellite retrieval of aerosol properties over the
ocean using polarization as well as intensity of reflected sunlight. J. Geophys. Res.
Atmospheres 102, 16989-17013. https://doi.org/10.1029/96JD02425.

Peterson, D.A., Lareau, N., Kalashnikova, O.V., 2024. Introducing the Injected Smoke and
Pyrocumulonimbus Experiment (INSPYRE). Presented at the AGU Fall Meeting
Abstracts. A43X-9.

Puthukkudy, A., Martins, J.V., Remer, L.A., Xu, X., Dubovik, O., Litvinov, P., McBride, B.,
Burton, S., Barbosa, H.M.J., 2020. Retrieval of aerosol properties from airborne
hyper Angular rainbow polarimeter (AirHARP) observations during ACEPOL 2017.
https://doi.org/10.5194/amt-2020-64.

Reid, J.S., Eck, T.F., Christopher, S.A., Koppmann, R., Dubovik, O., Eleuterio, D.P.,
Holben, B.N., Reid, E.A., Zhang, J., 2005. A review of biomass burning emissions
part III: intensive optical properties of biomass burning particles. Atmos. Chem.
Phys. 5, 827-849. https://doi.org/10.5194/acp-5-827-2005.


https://aeronet.gsfc.nasa.gov/
https://asdc.larc.nasa.gov/project/AIRMSPI/AirMSPI_FIREX-AQ_Terrain-projected_Georegistered_Radiance_Data_6
https://asdc.larc.nasa.gov/project/AIRMSPI/AirMSPI_FIREX-AQ_Terrain-projected_Georegistered_Radiance_Data_6
https://asdc.larc.nasa.gov/project/AIRMSPI/AirMSPI_FIREX-AQ_Terrain-projected_Georegistered_Radiance_Data_6
https://ladsweb.modaps.eosdis.nasa.gov/archive/MAS_eMAS/FIREXAQ/
https://ladsweb.modaps.eosdis.nasa.gov/archive/MAS_eMAS/FIREXAQ/
https://www-air.larc.nasa.gov/cgi-bin/ArcView/firexaq?ER2=1#LEVY.ROBERT/
https://www-air.larc.nasa.gov/cgi-bin/ArcView/firexaq?ER2=1#LEVY.ROBERT/
http://refhub.elsevier.com/S1352-2310(26)00189-5/sref1
http://refhub.elsevier.com/S1352-2310(26)00189-5/sref1
https://doi.org/10.1117/12.366329
https://doi.org/10.1117/12.366329
https://doi.org/10.1109/36.297978
https://doi.org/10.1029/2000JD900364
https://doi.org/10.1117/1.JRS.12.042603
https://doi.org/10.1016/j.rse.2005.06.006
https://doi.org/10.1117/12.579050
https://doi.org/10.5194/amt-6-2007-2013
https://doi.org/10.5194/amt-6-2007-2013
https://doi.org/10.5194/amt-4-975-2011
https://doi.org/10.5194/amt-4-975-2011
https://doi.org/10.1016/j.jqsrt.2018.11.024
https://doi.org/10.1016/j.jqsrt.2018.11.024
https://doi.org/10.1029/2000JD900282
https://doi.org/10.1117/12.894482
http://refhub.elsevier.com/S1352-2310(26)00189-5/sref13
http://refhub.elsevier.com/S1352-2310(26)00189-5/sref13
https://doi.org/10.1016/j.jqsrt.2018.07.008
https://doi.org/10.5194/amt-12-169-2019
https://doi.org/10.1016/j.jqsrt.2019.02.006
https://doi.org/10.1016/j.jqsrt.2019.02.006
https://doi.org/10.1364/AO.46.003332
http://refhub.elsevier.com/S1352-2310(26)00189-5/sref18
http://refhub.elsevier.com/S1352-2310(26)00189-5/sref18
https://doi.org/10.1016/j.atmosres.2007.02.008
https://doi.org/10.1016/j.atmosres.2007.02.008
https://doi.org/10.5194/amt-6-2989-2013
https://doi.org/10.5194/amt-14-2575-2021
https://doi.org/10.1029/2000JD900647
https://doi.org/10.1029/2000JD900647
http://refhub.elsevier.com/S1352-2310(26)00189-5/sref23
http://refhub.elsevier.com/S1352-2310(26)00189-5/sref23
https://doi.org/10.1117/12.3033680
https://doi.org/10.1364/AO.41.003725
https://doi.org/10.1029/96JD02425
http://refhub.elsevier.com/S1352-2310(26)00189-5/sref27
http://refhub.elsevier.com/S1352-2310(26)00189-5/sref27
http://refhub.elsevier.com/S1352-2310(26)00189-5/sref27
https://doi.org/10.5194/amt-2020-64
https://doi.org/10.5194/acp-5-827-2005

B. Chen et al.

Shi, Y.R., Levy, R.C., Remer, L.A., Mattoo, S., Arnold, G.T., 2024. Investigating the spatial
and temporal limitations for remote sensing of wildfire smoke using satellite and
airborne imagers during FIREX-AQ. J. Geophys. Res. Atmospheres 129. https://doi.
org/10.1029/2023JD039085 e2023JD039085.

Smit, J.M., Rietjens, J.H.H., Harten, G. van, Noia, A.D., Laauwen, W., Rheingans, B.E.,
Diner, D.J., Cairns, B., Wasilewski, A., Knobelspiesse, K.D., Ferrare, R., Hasekamp, O.
P., 2019. SPEX airborne spectropolarimeter calibration and performance. Appl. Opt.
58, 5695-5719. https://doi.org/10.1364/A0.58.005695.

Spencer, R.S., Levy, R.C., Remer, L.A., Mattoo, S., Arnold, G.T., Hlavka, D.L., Meyer, K.
G., Marshak, A., Wilcox, E.M., Platnick, S.E., 2019. Exploring aerosols near clouds
with high-spatial-resolution aircraft remote sensing during SEAC4RS. J. Geophys.
Res. Atmospheres 124, 2148-2173. https://doi.org/10.1029/2018JD028989.

Warneke, C., Schwarz, J.P., Dibb, J., Kalashnikova, O., Frost, G., Al-Saad, J., Brown, S.S.,
Brewer, WmA., Soja, A., Seidel, F.C., Washenfelder, R.A., Wiggins, E.B., Moore, R.H.,
Anderson, B.E., Jordan, C., Yacovitch, T.I., Herndon, S.C., Liu, S., Kuwayama, T.,
Jaffe, D., Johnston, N., Selimovic, V., Yokelson, R., Giles, D.M., Holben, B.N.,
Goloub, P., Popovici, 1., Trainer, M., Kumar, A., Pierce, R.B., Fahey, D., Roberts, J.,
Gargulinski, E.M., Peterson, D.A., Ye, X., Thapa, L.H., Saide, P.E., Fite, C.H.,
Holmes, C.D., Wang, S., Coggon, M.M., Decker, Z.C.J., Stockwell, C.E., Xu, L.,
Gkatzelis, G., Aikin, K., Lefer, B., Kaspari, J., Griffin, D., Zeng, L., Weber, R.,
Hastings, M., Chai, J., Wolfe, G.M., Hanisco, T.F., Liao, J., Campuzano Jost, P.,
Guo, H., Jimenez, J.L., Crawford, J., Team, T.F.-A.S., 2023. Fire influence on
regional to global environments and air quality (FIREX-AQ). J. Geophys. Res.
Atmospheres 128. https://doi.org/10.1029/2022JD037758 €2022JD037758.

17

Atmospheric Environment 374 (2026) 121960

Werdell, P.J., Behrenfeld, M.J., Bontempi, P.S., Boss, E., Cairns, B., Davis, G.T., Franz, B.
A., Gliese, U.B., Gorman, E.T., Hasekamp, O., Knobelspiesse, K.D., Mannino, A.,
Martins, J.V., McClain, C.R., Meister, G., Remer, L.A., 2019. The plankton, aerosol,
cloud, ocean ecosystem mission: status, science, advances. https://doi.org/10.11
75/BAMS-D-18-0056.1.

Wu, L., Hasekamp, O., van Diedenhoven, B., Cairns, B., 2015. Aerosol retrieval from
multiangle, multispectral photopolarimetric measurements: importance of spectral
range and angular resolution. Atmos. Meas. Tech. 8, 2625-2638. https://doi.org/
10.5194/amt-8-2625-2015.

Xu, F., Dubovik, O., Zhai, P.-W., Diner, D.J., Kalashnikova, O.V., Seidel, F.C., Litvinov, P.,
Bovchaliuk, A., Garay, M.J., Van Harten, G., Davis, A.B., 2016. Joint retrieval of
aerosol and water-leaving radiance frommultispectral, multiangular and
polarimetric measurements over ocean. Atmos. Meas. Tech. 9, 2877-2907. https://
doi.org/10.5194/amt-9-2877-2016.

Xu, F., Gao, L., Redemann, J., Flynn, C.J., Espinosa, W.R., da Silva, A.M., Stamnes, S.,
Burton, S.P., Liu, X., Ferrare, R., Cairns, B., Dubovik, O., 2021. A combined lidar-
polarimeter inversion approach for aerosol remote sensing over ocean. Front.
Remote Sens. 2. https://doi.org/10.3389/frsen.2021.620871.

Xu, F., van Harten, G., Diner, D.J., Kalashnikova, O.V., Seidel, F.C., Bruegge, C.J.,
Dubovik, O., 2017. Coupled retrieval of aerosol properties and land surface
reflection using the airborne multiangle SpectroPolarimetric imager. J. Geophys.
Res. Atmospheres 122, 7004-7026. https://doi.org/10.1002/2017JD026776.


https://doi.org/10.1029/2023JD039085
https://doi.org/10.1029/2023JD039085
https://doi.org/10.1364/AO.58.005695
https://doi.org/10.1029/2018JD028989
https://doi.org/10.1029/2022JD037758
https://doi.org/10.1175/BAMS-D-18-0056.1
https://doi.org/10.1175/BAMS-D-18-0056.1
https://doi.org/10.5194/amt-8-2625-2015
https://doi.org/10.5194/amt-8-2625-2015
https://doi.org/10.5194/amt-9-2877-2016
https://doi.org/10.5194/amt-9-2877-2016
https://doi.org/10.3389/frsen.2021.620871
https://doi.org/10.1002/2017JD026776

	Retrievals of smoke particle properties using AirMSPI measurements acquired during FIREX-AQ field campaign
	1 Introduction
	2 General structure of the inversion algorithm
	2.1 Optimization-based multi-pixel retrieval
	2.2 Mitigation of quilting effect
	2.3 Neural network trained radiative transfer calculation
	2.3.1 Training data
	2.3.2 Neural network training
	2.3.3 Jacobian matrix
	2.3.4 Efficiency


	3 Data
	3.1 AirMSPI
	3.2 The aerosol robotic network (AERONET)
	3.3 The enhanced-MODIS airborne simulator (eMAS)
	3.4 The cloud physics lidar (CPL)

	4 Comparison of AOD retrieval
	4.1 Comparison to AERONET reference AODs
	4.2 Comparison to eMAS reference AODs
	4.3 Impacts of viewing angle sampling on AOD retrieval
	4.3.1 Impact of excluding extreme oblique views
	4.3.2 Sensitivity to angular sets within a fixed view angular range


	5 More aerosol microphysics retrievals
	5.1 Aerosol properties beyond AOD
	5.2 Variations of smoke particle properties from single-view-angle retrieval

	6 Summary and outlook
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgements
	Data availability
	References


