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Abstract: Smoke particles from biomass burning events are typically assumed to be spheri-
cal despite previous observations of non-spherical smoke. As such, large uncertainties exist
in some physical and optical parameters used in lidar aerosol retrievals, including depo-
larization and lidar ratio of non-spherical smoke aerosols. In this analysis, using NASA'’s
Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) data during the biomass
burning season over Africa from 2015 to 2017, we studied the frequency and distribution of
non-spherical smoke particles to compare with findings of smoke particle non-sphericity
from the Cloud-Aerosol Transport System (CATS) lidar. A supplemental smoke aerosol
typing algorithm was developed to identify aerosol layers containing non-spherical smoke
particles, which might otherwise be misclassified as desert dust, polluted dust, or dusty
marine by the CALIOP standard aerosol typing algorithm. Then, the relationships be-
tween smoke particle sphericity, lidar ratio, and relative humidity are analyzed for CATS
and CALIOP observations over Africa. Approximately 18% of smoke layers observed by
CALIOP over Africa are non-spherical (depolarization ratio > 0.075) and agree with spatial
distributions of non-spherical smoke found in CATS observations. A dependance of lidar
ratio on relative humidity was found for layers of spherical smoke over Africa in both
CATS and CALIOP data; however, no such dependance was evident for the depolarization
ratio and layer relative humidity. While the supplemental smoke aerosol typing algorithm
presented in this analysis was targeted only for specific biomass burning regions during
biomass burning seasons and is not meant for global operational use, it presents one po-
tential method for improved backscatter lidar aerosol typing. These results suggest that a
dynamic lidar ratio, based on layer-relative humidity for spherical smoke, could be used to
reduce uncertainties in smoke aerosol extinction retrievals for future backscatter lidars.

Keywords: lidar; smoke aerosols; biomass burning

1. Introduction

Annual biomass burning occurs throughout much of the globe and is a primary con-
tributor of anthropogenic aerosol emissions that have major direct and indirect effects on
the Earth’s climate and can negatively affect local air quality and visibility [1]. Accurate
knowledge of the vertical distribution of aerosol optical properties, such as aerosol extinc-
tion, are equally important for a variety of aerosol-related applications, including the study
of aerosol and cloud interactions [2]. Therefore, through retrieving vertical information of
attenuated backscatter, depolarization ratio, optical depth, and extinction profiles, lidar
serves as a strong tool to study the physical and optical characteristics of aerosol particles
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such as smoke aerosols from wildfires and biomass burning. Observations from spaceborne
backscatter lidar instruments such as the Cloud-Aerosol Transport System (CATS) and
Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) have been extensively used
for monitoring of spatial-temporal variations in atmospheric aerosol optical properties.
Still, large uncertainties exist in some physical and optical parameters used in lidar aerosol
retrievals, including depolarization and lidar ratio.

Aerosol extinction for a given layer, using measurements from a backscatter lidar,
is related to range-resolved backscattered averaged signal [3] using the extinction-to-
backscatter ratio, or the lidar ratio, through an iterative process [4,5]. The lidar ratio is
assumed to be constant for a specified layer type; thus, accurate detection of atmospheric
aerosol layers is required to obtain the most appropriate extinction coefficient values [6].
Yet, the lidar ratio can vary significantly as functions of observing conditions and aerosol
types and remains one of the largest uncertainty sources for backscattered lidar aerosol
retrievals from both CATS [7,8] and CALIOP [9,10]. Therefore, careful atmospheric aerosol
layer typing (and hence accurate lidar ratio assignment) is needed for the most accurate
aerosol extinction retrievals. The most common retrieval technique for CATS and CALIOP
is to assume a default lidar ratio. For CATS aerosol layers, a look-up table following the
values used in the Geosciences Laser Altimeter System (GLAS), Cloud Physics Lidar (CPL)
and CALIPSO algorithms [11,12] is used to assign a value of layer lidar ratio based on layer
type. For example, currently, the empirically derived value of the 1064 nm lidar ratio for all
smoke plumes is set as 40 sr for CATS retrievals and 30 sr for CALIOP (70 at 532 nm).

Backscatter lidar aerosol typing algorithms rely heavily on feature-integrated depolar-
ization ratio threshold values to discriminate between aerosol species, and smoke particles
are generally assumed to be spherical in those aerosol typing algorithms [13,14]. Clearly,
misclassifications by aerosol typing algorithms may lead to inaccurate lidar ratio assign-
ments. Yet, both observational-based studies (e.g., [15-17]) and theoretical analyses [18-20]
suggest the presence of non-spherical smoke particles, which may be misclassified as
non-smoke aerosols by the lidar aerosol typing algorithms. Further complicating smoke
aerosol depolarization retrievals is the impacts of aging on their microphysical properties.
For example, smoke particle depolarization ratios can decrease within ~1-2 weeks after
their release and continue to undergo modifications depending on their duration in the
troposphere, vertical distribution, and atmospheric meteorological conditions. In cases of
extreme fire events, smoke particles may overshoot the tropopause and enter the strato-
sphere, where non-spherical particles have much longer residence times [21-24]. Thus,
uncertainties in retrieved aerosol extinctions are to be expected by assigning non-smoke
aerosol lidar ratios to those non-spherical smoke aerosol layers.

In a recent study, Midzak et al. (2023) [17] apply a modified smoke aerosol typing al-
gorithm to identify layers of non-spherical smoke over southern Africa and South America
using CATS 1064 nm volume depolarization ratio (VDR) retrievals. The layer-integrated
VDR is defined as the ratio between the feature-integrated perpendicular attenuated (molec-
ular plus particulate) backscatter to the parallel attenuated backscatter signal (detailed in
Section 2.1). The modified smoke typing algorithm presented by Midzak et al. (2023) [17]
was applied only over known biomass burning regions during the peak biomass burning
season and not intended for global operational use as it implements validation efforts
relying on AErosol RObotic NETwork (AERONET) and National Center for Environmental
Prediction (NCEP)/National Center for Atmospheric Research (NCAR) Reanalysis data
and may still include dust contamination in the non-spherical smoke analysis. Although
only 3 years of biomass burning observations are available at 1064 nm as part of the CATS
dataset, Midzak et al. (2023) [17] suggest that, in general, smoke layers with increased
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values of VDR are produced from the burning of vegetation in dry regions, while spherical
smoke layers with lower VDR result from regions of increased soil moisture.

In Midzak et al. (2023) [17], the spatial distributions of spherical and non-spherical
smoke aerosols were estimated over southern Africa and South America using lidar observa-
tions from CATS. It is thus interesting to apply a similar approach to lidar observations from
CALIOP and intercompare detected non-spherical smoke aerosol regions/seasons from
both instruments. Note that while 1064 nm VDR data were used in Midzak et al. (2023) [17]
to classify non-spherical smoke aerosol layers, only the 532 nm particulate depolarization
ratio is available in the CALIOP dataset. However, because the particulate contribution to
the backscattered signal is significantly higher at 1064 nm than 532 nm, the CATS 1064 nm
VDR and CALIOP 532 nm particulate depolarization are assumed to provide the same
information [25]. This assumption is implemented in the analysis of Kar et al. (2018) [25]
and used in this analysis as well.

In addition, while the current CATS retrieval method relies on a prebuilt look-up table
for lidar ratio as a function of aerosol type, throughout the years, various methods have
also been developed to constrain estimates of layer-averaged lidar ratio, including the
transmission loss constrained method [26] and the constrained lidar ratio over the opaque
water cloud method [27]. Utilizing those lidar ratio retrieval methods, in conjunction with
the smoke aerosol sphericity detection method developed by Midzak et al. (2023) [17], it
is also feasible to study the difference in lidar ratios between spherical and non-spherical
smoke aerosols and further explore the differences as a function of observing conditions.

Therefore, this study investigates the distribution of non-spherical smoke identified in
CALIOP lidar observations over southern Africa from biomass burning during 2015-2017
for comparison with the smoke frequencies and spatial distribution from CATS observa-
tions presented in Midzak et al. (2023) [17]. Additionally, relationships between the smoke
aerosol lidar ratio and layer relative humidity from CATS and CALIOP are analyzed for
all smoke layers observed by the sensors. Lidar ratio remains one of the largest sources of
uncertainty for AOD retrievals from backscatter lidars; thus, these results have important
implications for accurate retrievals of smoke aerosol lidar ratio values in the future. In this
paper, we highlight findings of non-spherical smoke aerosol layers from CALIOP observa-
tions and present the relationship between lidar ratio and relative humidity. In addition,
we build on the results of Midzak et al. (2023) [17] by applying their methodology for
non-spherical smoke aerosol detection over Africa. This analysis relies on CALIPSO 532 nm
retrievals to study if trends in non-spherical smoke frequency and spatial distribution are
consistent between sensors. Then, the relationships between smoke particle sphericity, lidar
ratio, and relative humidity are analyzed for CATS and CALIOP observations over Africa.

In this paper, the data and methodology used for the analysis are presented in Section 2.
This Section also describes the theory of aerosol above-cloud retrievals which are applied
in the lidar data. Section 3 presents the results of this analysis, while Section 4 provides
their impacts on backscatter lidar extinction retrievals and a summary of previous studies
which have focused on the relationship between lidar ratio and relative humidity. Finally, a
summary of this analysis and conclusions are presented in Section 5.

2. Data and Methodology
2.1. Cloud-Aerosol Transport System

CATS [28] is a standard backscatter lidar that operated onboard the International Space
Station (ISS) from February 2015 to October 2017. The unique 51-degree ISS inclination
enabled characterization of the diurnal variation in clouds and aerosols. CATS primarily
operated in Mode 7.2 utilizing the 1064 nm wavelength for total attenuated backscatter
measurements and VDR measurements [28]. The layer-integrated VDR can be useful for
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cloud phase and aerosol typing. Pulsed laser systems, such as those used in the CATS
instrument, naturally produce linearly polarized light. Therefore, a beam splitter in the
receiver optics system is used to separate the perpendicular and parallel polarized return
signal to enable estimates of the VDR [29]. While spherical particles have VDR near zero,
increasing VDR values indicate increasing non-sphericity. A large source of uncertainty
in the VDR is the random error from solar background noise. During the daytime, this
uncertainty is compounded by the fact that the solar background noise is higher in both the
parallel and perpendicular channels. As such, only nighttime data are used in this analysis.

CATS Mode 7.2 Version 3.00 Level 1B (L1B) products such as profiles of total attenuated
backscatter and VDR are reported at 60 m vertical and 350 m horizontal resolutions, while
Level 2 (L2) products, such as aerosol extinction profiles, are reported at 60 m vertical and
5 km horizontal resolutions [30]. The CATS data products also include profiles of relative
humidity reported to match the standard Level 2 profile resolution of 5 km horizontal and
60 m vertical. These data are interpolated from ancillary meteorological data provided by
Modern-Era Retrospective Analysis for Research and Applications (MERRA-2). Uncertainty
in the MERRA-2 relative humidity data was analyzed by Lou et al. (2020) [31] who reported
averaged relative humidity differences between MERRA-2 and radiosonde data are within
10%; however, this value was dependent on latitude and altitude. Differences as high as 60%
were reported near the African coast below 800 mb near the edges of dust aerosol plumes
(Lou et al., 2020) [31], which may contribute to the variability in the results presented in
this analysis.

2.2. Cloud-Aerosol Lidar with Orthogonal Polarization

The CALIOP instrument flew on board the Cloud-Aerosol Lidar and Infrared
Pathfinder Satellite Observations (CALIPSO) satellite as part of the A-train constellation
for nearly two decades (2006-2023), providing multiwavelength daily global coverage
of clouds and aerosols from a 705 km sun-synchronous polar orbit [32]. The horizontal
resolution of the Version 4 (V4) Level 2 (L2) data products is 5 km with a vertical resolution
between 30 and 60 m from the surface up to 20 km. Additionally, vertical profiles of attenu-
ated total backscatter (ATB) are reported at 532 and 1064 nm, while volume and particulate
depolarization ratio products are provided at 532 nm. This is unlike CATS, which reports
VDR at 1064 nm. However, because the particulate contribution to the backscattered signal
is significantly higher at 1064 nm than 532 nm, the CATS 1064 nm VDR and CALIOP
532 nm particulate depolarization are assumed to provide the same information [25]. This
assumption is implemented in the analysis of Kar et al. (2018) [25] and used in this analysis
as well. Similarly to the CATS data, solar background noise in the CALIOP retrievals is
higher during the day; therefore, only CALIOP nighttime data are used in this analysis.

The CALIPSO V4 aerosol subtype selection scheme for tropospheric aerosols combines
polluted continental and smoke aerosol types into a single category. Polluted continen-
tal/smoke aerosols are those identified by CALIOP with particulate depolarization ratio
values less than 0.075, total attenuated backscatter greater than 0.0005 and layer top heights
less than 2.5 km. If the layer top heights are greater than 2.5 km, however, the features
are classified as elevated smoke layers in the V4 scheme. The integrated particulate color
ratio (x'), the ratio of 1064 nm backscatter to 532 nm backscatter, is reported in CALIOP L2
data and can be used as an indicator of particle size. While small particles (e.g., smoke and
polluted continental aerosols) exhibit a broad peak around 0.5, larger particles such as dust
will have a peak closer to 0.7 [25]. In general, uncertainties in the particulate color ratio are
in the order of 150-200% [25]. The CALIOP dataset also includes relative humidity data
interpolated from MERRA-2. As noted above, these data are found to generally agree well
with radiosonde data [33] and are used in this analysis.
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2.3. Identification of Non-Spherical Smoke Regions Using CALIOP Data

In this analysis, smoke aerosols from biomass burning over southern Africa were
separated into spherical and non-spherical smoke layers following the methodology de-
tailed in Midzak et al. (2023) [17]. In Midzak et al. (2023) [17], aerosol layers identified
as smoke following the standard aerosol typing algorithm were included in the analysis.
Additionally, non-smoke aerosol layers over biomass burning regions during the biomass
burning season with a layer thickness >0.5 km and 1064 nm VDR > 0.1 were classified as
potential non-spherical smoke candidates. Then, NCEP/NCAR Reanalysis wind speed
data were analyzed to exclude potential dust contamination. The NCEP/NCAR Reanalysis
project provides a long-term global record of atmospheric variables including surface,
700 and 850 mb winds [34]. Upon classifying non-spherical smoke layers, an extensive
validation effort was conducted which studied HYSPLIT back trajectories from several
dozen cases to confirm that the source regions of non-spherical smoke layers were not
desert regions. Data from AERONET stations collocated with non-spherical smoke layers
were analyzed for Angstrom exponent, AOD, fine mode fraction and the imaginary part of
the refractive index to confirm the presence of smoke. The global network of AERONET
sun/sky radiometers provides long-term AOD measurements at wavelengths ranging from
340 to 1640 nm [35]. The spectral dependence of AOD with the wavelength, also called
the Angstrom exponent, is retrieved at a range between 440 and 870 nm with low values
(<1.0), indicating the presence of coarse mode aerosol and larger values (>1.5) measuring
the presence of fine mode aerosol such as smoke [36-39]. This modified algorithm applied
in Midzak et al. (2023) [17] found that up to ~15% of aerosol layers were misclassified by
the standard typing algorithm, thus leading to inaccuracies in the lidar ratio assignments
and extinction retrievals for these smoke aerosols.

The modified smoke typing algorithm adapted from Midzak et al. (2023) [17] was ap-
plied over southern Africa to identify the frequency and distribution of non-spherical smoke
layers observed by CALIOP. This modified algorithm relies on a 532 nm layer-integrated par-
ticulate depolarization ratio threshold value of 0.075 to separate the spherical smoke aerosol
from non-spherical smoke aerosol layers based on the findings of Kim et al. (2018) [13] and
Tackett et al. (2023) [40]. The integrated particulate depolarization ratio from CALIOP
represents the contribution by aerosol particles to the volume depolarization ratio within
the layer. It is calculated by taking the ratio of the perpendicular polarized backscattered
signal to the parallel polarized backscattered signal integrated from the base altitude to the
top altitude of an identified atmospheric feature. [13,25,32,33,40]. Layer-integrated VDR
captures an integrated value of depolarization, while a value of depolarization at a particu-
lar altitude describes only depolarization at one level, as is shown in Kar et al. (2018) [25].
Only the nights that met the validation criteria and were used in Midzak et al. (2023) [17]
were included in this analysis to keep datasets comparable between the two studies. These
criteria included westerly or southwesterly surface winds < 2 m/s from the Namib or
Kalahari desert regions and 1064 nm AOD > 0.05 to eliminate background aerosol layers.

Similarly to the CATS aerosol typing algorithm, CALIOP relies on a threshold-based
method to distinguish between aerosol types (Kim et al., 2018) [13], which may introduce
the possibility of aerosol misclassifications. In the original CALIOP V4 aerosol subtype
scheme, aerosols with feature-integrated 532 nm particulate depolarization ratio >0.075
are classified as desert dust, polluted dust or dusty marine depending on their depolar-
ization ratio, altitude and the underlying surface [13]. However, Kim et al. (2018) [13]
and Tackett et al. (2023) [40] note the occurrence of depolarizing smoke in the troposphere
and recognize aerosol misclassifications of non-spherical smoke due to the depolarization
ratio threshold implemented in aerosol classification. Since CALIOP reports particulate
depolarization ratio values at 532 nm, unlike 1064 nm used in CATS, the threshold used for
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smoke particle sphericity was updated from the values used in Midzak et al. (2023) [17] to
account for the difference in wavelength. While a 1064 nm VDR value of 0.10 is used to
separate between spherical and non-spherical smoke in the CATS aerosol layers, depolar-
izing smoke was estimated as having layer-integrated 532 nm particulate depolarization
ratio values between 0.075 and 0.20 in the CALIOP dataset [12]. Therefore, a value of 0.075
is the threshold applied to the 532 nm CALIOP particulate depolarization observations to
separate spherical and non-spherical smoke aerosols in this analysis.

Applying these criteria and the new layer-integrated depolarization ratio threshold to
the CALIOP data during the peak biomass burning season (July—October) of 2015, 2016 and
2017, approximately 18% of identified smoke aerosol layers were found to be non-spherical
with layer-integrated particulate depolarization ratio values >0.075.

2.4. Constrained Lidar Ratio Calculations for Smoke Layers

Due to the nature of backscatter lidar retrievals, a direct calculation of the layer lidar
ratio is not always possible, and often the value of lidar ratio is assigned to an atmospheric
layer based on layer type [11,12,41]. However, Hu et al. (2007) [27] present a method for
determining the lidar ratio using opaque water clouds as a constraint for the retrieval. This
lidar ratio retrieval technique has been used previously on space-based lidar data from
CALIOP [27,42] and was implemented as part of the CATS V3 data release to constrain the
lidar ratio for cirrus clouds and aerosol layers above opaque liquid water clouds, resulting
in more accurate lidar ratio retrievals than an assigned default value based on the feature
type. The aerosol above-cloud lidar ratio method, also referred to as the opaque constrained
method, is applied in this analysis to both CATS and CALIOP spherical smoke aerosol
layers from African biomass burning during the 2015-2017 biomass burning seasons. This
method of lidar ratio calculation was evaluated by Liu et al. (2015) [42] over the western
coast of Africa and the eastern Atlantic Ocean. They found mean values for smoke retrievals
over this region of 70.8 sr. This value aligns well with our analysis, which found a mean
smoke aerosol lidar ratio of 71 sr using the opaque constrained technique over the same
geographic region.

Additionally, available AERONET AOD values were used to constrain the lidar ratio
calculation for both CATS and CALIOP smoke layers over Africa. In this method, the inde-
pendent collocated value of AOD is used to constrain the lidar ratio calculation following
Fernald et al. (1972) [43] and several other authors [44-46]. This constrained method of
lidar ratio calculation is preferred to assigning a default layer-averaged lidar ratio based
on a look-up table as it is more accurate to the specific smoke aerosol layer. The aerosol
lidar extinction profiles/lidar ratios derived from this method are used as the “true aerosol
extinction profiles/lidar ratios” in this study to evaluate lidar aerosol extinction profiles
from other methods.

3. Results
3.1. Observations of Non-Sphrical Smoke Using CALIOP

Figure 1 shows regions of spherical (left) and non-spherical (right) smoke layers
identified in the CALIOP data over central and southern Africa during the 2015-2017
biomass burning seasons. Spherical smoke layers with layer-integrated depolarization
ratio values <0.075 are highly concentrated closer to the equator between 0° and 20°S. An
additional area with a high frequency of spherical smoke aerosols is present off the western
coast of Africa and eastern Atlantic Ocean centered around 10°S. The mean and median of
the CALIOP layer-integrated particulate depolarization values of spherical smoke are 0.03.
These results are consistent with those of Midzak et al. (2023) [17], who note the presence
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of spherical smoke layers in these same regions that comprise evergreen and deciduous
forests with higher values of soil moisture.

Spherical Smoke Frequency Non-Spherical Smoke Frequency
July - October 2015-2017 July - October 2015-2017
[0 iU
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Figure 1. The spatial distribution of spherical (left) and non-spherical (right) ) smoke aerosol layers
identified by Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) over Africa during the
biomass burning season (2015-2017) using the supplemental aerosol typing algorithm. Spherical
smoke layers (left) are centered closer to the equator, while non-spherical smoke layers (right) are
located in the southern portion of the continent.

Conversely, non-spherical smoke aerosol layers with layer-integrated particulate de-
polarization ratio values >0.075 are presented in Figure 1 (right). These layers have a
mean 532 nm layer-integrated particulate depolarization ratio of 0.20 and a median of
0.11. To minimize the potential for a high bias in the depolarization ratio due to dust con-
tamination, regions of south-western Africa containing the Namib or Kalahari deserts are
excluded from the analysis. Non-spherical smoke layers (Figure 1, right) are concentrated
primarily poleward of 20°S, further south than their spherical counterparts. These regions
predominantly comprise dry grasslands with lower values of soil moisture than northern
regions [17]. High frequencies of non-spherical smoke layers are also identified near the
equator between 30° and 40°E, consistent with the findings of Midzak et al. (2023) [17]. This
region is made up of grasslands, which is consistent with the biome of non-spherical smoke
particles to the south. The spatial distributions of CALIOP non-spherical smoke aerosol
layers presented in Figure 1 support those presented in Midzak et al. (2023) [17], which
hypothesizes that non-spherical smoke layers originate from a region of dry vegetation
with lower soil moisture values, while spherical layers are from a moist burning region.
One notable difference between Figure 1 and the results of Midzak et al. (2023) [17] is
the frequency of non-spherical smoke in the northeastern corner of the African domain
centered around Lake Victoria (0-5°S and 30—40°E). The smoke and dust production in this
region is highly variable and a close examination of data from the AERONET site located
at 0.4°S, 34.2°E was conducted in this study. Only days within the study period which had
Angstrom exponents >1.5 and fine mode fraction >0.7 indicating the presence of smoke
were retained in this analysis of CALIOP data; however, this methodology was not in place
for the analysis conducted by Midzak et al. (2023) [17].

Smoke layers over central and southern Africa from August 2006 to 2010 were ex-
amined by Kar et al. (2018) [25], who note the transport of smoke aerosol layers from the
western coast of Africa over the eastern Atlantic Ocean. Kar et al. (2018) [25] presented
evidence of smoke particle growth by examining CALIOP x’ and link increased x’ with
smoke particle swelling by uptake of water. Figure 2 shows CALIOP median values of x’
over central and southern Africa during the analysis period of this study (July-September
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2015-2017). Each 1.5 by 1.5-degree bin contains at least 250 observations of smoke aerosol
X' from smoke layers identified using the supplemental smoke aerosol typing algorithm
adapted from Midzak et al. (2023) [17]. Regions over central Africa display lower values
of x’ centered around 0.5, while values over water approach x’ of 0.8. This indicates the
presence of smaller particles over the continent and larger values over the ocean, similar
to results presented by Kar et al. (2018) [25]. The median layer-integrated color ratios of
spherical (0.58) and non-spherical (0.73) smoke suggest that the latter layers may consist
of slightly larger particles, but plots of layer-integrated color ratios vs. layer-integrated
depolarization ratios for all smoke layers did not show a statistically significant trend. An
analogous comparison of smoke x’ from CATS, however, is not available as CATS primarily
relied on 1064 nm backscatter measurements for retrievals.

CALIOP Color Ratio
July-October 2015-2017

AOD > 0.05

1.0

10°N
08

o
06

10°S
0.4
20°S 0.2
0.0

30°S 20°W 10°W 0° 10°E 20°E 30°E 40°E 50°E 60°E 30°S

Figure 2. Color ratio values for all smoke aerosol layers identified by CALIOP with >250 observations
per each 1.5 by 1.5-degree bin.

In addition to CALIOP )/, Kar et al. (2018) [25] examined the 532 nm depolarization
ratio values of CALIOP and 1064 nm CATS depolarization ratio data of biomass burn-
ing plumes over southern Africa from August 2015 to 2016. Despite the differences in
wavelengths of depolarization retrievals between the sensors, general trends of increasing
depolarization ratio over the southern portion of the continent are evident. Figure 3 shows
the median 532 nm layer-integrated particulate depolarization ratio from CALIOP in 1.5 by
1.5-degree bins each containing at least 250 observations of smoke aerosol. Generally, lower
values of depolarization are found toward the equator in the region of spherical smoke ob-
servations discussed previously, while larger values of depolarization ratio are further south
where non-spherical smoke was documented. The results of spherical smoke presented in
Figure 3 are consistent with smoke identified in the CALIPSO typing algorithm; however,
the non-spherical smoke layers are new smoke detections that the standard CALIPSO
aerosol typing algorithm would misclassify as a dust-type aerosol. The results presented
in Figure 3 are consistent with those of Kar et al. (2018) [25] and align with non-spherical
smoke observations from other space-based lidar sensors (Midzak et al., 2023) [17], which
highlights the persistence of these trends over the annual biomass burning season and are
not limited to the August 2015-2016 analysis period used in Kar et al. (2018) [25].
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CALIOP Depolarization Ratio
July-October 2015-2017

AOD > 0.05

0.14
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20°s 0.04
0.02
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30°S 20°W 10°W 0° 10°E 20°E 30°E 40°E 50°E 60°E 30°S

Figure 3. Particulate depolarization ratio values for all smoke aerosol layers identified by CALIOP
with >250 observations per each 1.5 by 1.5-degree bin.

3.2. Dependence of Smoke Aerosol Lidar Ratio on Depolarization Using CATS and
CALIOP Observations

The aerosol above-cloud method for constraining the lidar ratio (Hu et al., 2007) [27]
and AERONET constrained method described previously were analyzed for smoke plumes
identified by CATS and CALIOP over southern Africa during July-September 2016-2017.
This period was chosen to reduce the chance of dust contamination and to align with
AERONET operations over the selected domain. Although the AERONET AOD value
as a constraint is the preferred method for the lidar ratio calculation, AERONET data
were not continuously available during the analysis period. Therefore, a combination of
the opaque constrained method (Hu et al., 2007) [27] and the AERONET constrained
method are presented. Because of the requirement of an opaque liquid water cloud
below the transparent smoke plume that is intrinsic to this method, the majority of li-
dar ratio retrievals using the aerosol above-cloud constrained approach are located near
the southeastern Atlantic Ocean where there are persistent smoke plumes above stra-
tocumulus cloud decks [47,48]. Smoke plumes in this region have been the target of
major field studies including the Southern African Regional Science Initiative (SAFARI;
Swap et al., 2002) [49] and the ObseRvations of Aerosols above Clouds and their intErac-
tionS (ORACLES; Zuidema et al., 2016) [50] campaigns.

Figure 4 (left) shows the mean CATS 1064 nm constrained lidar ratio for non-spherical
smoke aerosol plumes as a function of VDR £ 1 standard deviation for two years
(2016-2017) of biomass burning seasons (July-September) over Africa. Both constrained
methods provide similar results and dependencies and are therefore combined in this
analysis. Only observations within 10 degrees of an operational AERONET station within a
5°5-25°S and 2°E-22°E grid box were reported. Only days with NCEP/NCAR Reanalysis
data indicating easterly 850 mb winds over the region were used in this analysis. This is
the dominant wind pattern over this region as prevailing winds usher smoke aerosol from
southern Africa over the Atlantic Ocean during the biomass burning months [51]. Further,
only observations with an AERONET-reported Angstrom exponent > 1.5 and fine mode
fraction > 0.7 for the day of, or one day prior if no day of data were available, are used
in this analysis to ensure only smoke plumes were sampled in the study. The lidar ratio
remains relatively constant at all values of VDR retrieved for non-spherical smoke. Overall,
the mean VDR for non-spherical smoke used in this analysis is 0.15.
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Figure 4. Layer-integrated 1064 nm constrained lidar ratio as a function of layer-integrated 1064
nm depolarization ratio for non-spherical (left) and spherical (right) smoke aerosol layers identified
from CATS observations during the 2016-2017 (2015-2017 for spherical) biomass burning seasons are
shown in blue with 1 standard deviation of the depolarization ratio shown in orange.

Figure 4 (right) shows the CATS 1064 nm constrained lidar ratio for spherical smoke
aerosols as a function of VDR. The mean VDR for the spherical smoke aerosol layers is
0.05. Similarly to the non-spherical smoke plumes, there is no distinct trend between the
lidar ratio and layer-integrated VDR for spherical smoke aerosol layers observed by CATS
during the 2015-2017 biomass burning seasons. Therefore, Figure 4 shows that there is no
statistically significant dependence of smoke plume lidar ratio on particle shape observed
from CATS retrievals.

The same analysis described in the previous section was also conducted for CALIOP-
observed smoke aerosol layers to see if the results are consistent between the two space-
based lidars. Figure 5 (left) shows the CALIOP 532 nm opaque constrained lidar ratio as a
function of the 532 nm layer-integrated particulate depolarization ratio + 1 standard devia-
tion for non-spherical smoke aerosol layers identified in the CALIOP data over southern
Africa during July—September 2016-2017. As described previously, this time period was
chosen to minimize dust contamination and align with operational AERONET stations
within the domain. The mean value of the layer-integrated particulate depolarization
ratio for the smoke layers presented in Figure 5 (left) is 0.12. Similarly to the results high-
lighted in Figure 4 (left), the CALIOP lidar ratio retrievals show no significant trend with
layer-integrated particulate depolarization ratio over this domain and analysis period. Ad-
ditionally, Figure 5 (right) shows the CALIOP opaque constrained lidar ratio as a function
of layer-integrated depolarization ratio & 1 standard deviation for spherical smoke layers
identified is this analysis. The mean value of layer-integrated depolarization for these
spherical smoke layers is 0.03. However, no clear trend is evident between the variables
analyzed in this Figure. The results in Figure 5 show no statistically significant relationship
between lidar ratio and depolarization ratio for the smoke layers observed by CALIOP in
this analysis. These results align with the analysis of lidar ratio and 1064 nm VDR in the
CATS data as well (Figure 4).
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Figure 5. Layer-integrated 532 nm constrained lidar ratio as a function of layer-integrated 532 nm
depolarization ratio for non-spherical (left) and spherical (right) smoke aerosol layers identified from
CALIOP observations during the 20162017 (20152017 for spherical) biomass burning seasons are
shown in blue with 1 standard deviation of the depolarization ratio shown in orange.

3.3. Dependence of Smoke Aerosol Lidar Ratio on Relative Humidity Using CATS and
CALIOP Observations

An analysis was also conducted to explore the linkage between relative humidity
and lidar ratio values as retrieved by the AERONET constrained and aerosol above-cloud
constrained lidar ratio calculations for both CATS and CALIOP. Figure 6 (left) shows the
retrieved layer-average lidar ratio for non-spherical smoke aerosols from both constrained
methods described previously as a function of layer-averaged relative humidity derived
from MERRA-2 provided in the CATS data products. Trends are shown for each year
individually (2016 in orange; 2017 in green) and the two-year mean (black line). Gray
shading indicates & 1 standard deviation of the lidar ratio for these constrained calculations
and a line of best fit is shown in red. In addition to the criteria discussed above, only smoke
aerosol layers with CATS 1064 nm AOD > 0.1 were used in this analysis to filter out
retrievals of background aerosol. However, note that this restraint may filter out tenuous
smoke layers over the region. There is large variability in the mean layer lidar ratio
values across the range of layer-integrated relative humidity values in this analysis for
non-spherical smoke aerosols, likely due to the small number of observations. Overall,
there is weak correlation (correlation coefficient of 0.33) and a coefficient of determination
(r?) value of 0.11 between non-spherical smoke layer lidar ratio and layer-averaged relative
humidity in the CATS observations of biomass burning smoke plumes.

Dependence of CATS 1064 nm Lidar Ratio on Relative Humidity
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Figure 6. Layer-integrated 1064 nm constrained lidar ratio as a function of layer-integrated relative
humidity observed by CATS for non-spherical (left) and spherical (right) smoke aerosol layers during
2015 (blue), 2016 (orange) and 2017 (green) and mean of all years (black). Gray shading represents +
1 standard deviation of the lidar ratio. A line of best fit is also shown (red dashed).
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The 1064 nm layer-average constrained lidar ratio with respect to the CATS layer-
averaged relative humidity for spherical smoke plumes is shown in Figure 6 (right) for
three years of CATS data (2015 in blue; 2016 in orange; 2017 in green) and the three-year
mean (black line). Gray shading indicates & 1 standard deviation of the layer lidar ratio and
the line of best fit is shown in red. A clear trend in lidar ratio for spherical smoke plumes is
evident. As layer relative humidity increases from 20 to 90%, there is a decrease in the mean
lidar ratio from 65 sr to 43 sr. The r? for spherical smoke lidar ratio and layer-averaged
relative humidity for the three years of CATS observations was found to be 0.91, and a
correlation coefficient (r) of ~0.95 was found, indicating a significant linear relationship
between the lidar ratio and layer-averaged relative humidity for spherical smoke aerosol
particles. This result is in a sharp contrast with non-spherical smoke aerosol particles, for
which no linear relationship was found between lidar ratio and relative humidity. The best
fit line and corresponding equation in Figure 6 (right) provide a possible pathway to more
accurately parameterize the lidar ratio in backscatter lidar extinction retrievals.

This analysis was repeated, substituting the CATS retrievals with CALIOP 532 nm
opaque constrained and AERONET constrained lidar ratios and layer-averaged relative
humidity derived from MERRA-2 provided in the CALIPSO data products. The results
for non-spherical smoke layers are highlighted in Figure 7 (left) showing trends for each
year individually (2016 in orange; 2017 in green) and the two-year mean (black line). Gray
shading indicates + 1 standard deviation of the lidar ratio for these constrained calculations
and a line of best fit is shown in red. Large uncertainty is shown by the wide range in
standard deviation for these variables and no clear trend is present for the dependence of
non-smoke aerosol lidar ratio on relative humidity. Overall, there is an r of 0.34 and an r?
value of 0.12 between the non-spherical smoke layer lidar ratio and layer-averaged relative
humidity in the CALIOP observations of biomass burning smoke plumes.

Dependence of CALIPSO 532 nm Lidar Ratio on Relative Humidity Dependence of CALIPSO 532 nm Lidar Ratio on Relative Humidity
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Figure 7. Layer-integrated 532 nm constrained lidar ratio as a function of layer-integrated relative
humidity observed by CALIOP for non-spherical (left) and spherical (right) smoke aerosol layers
during 2015 (blue), 2016 (orange) and 2017 (green) and mean of all years (black). Gray shading
represents & 1 standard deviation of the lidar ratio. A line of best fit is also shown (red dashed).

Similarly, the changes in the 532 nm layer constrained lidar ratio with respect to
the CALIOP layer-averaged relative humidity for spherical smoke plumes are shown in
Figure 7 (right) for three years of CALIOP data (2015 in blue; 2016 in orange; 2017 in green)
and the three-year mean (black line). Again, gray shading indicates & 1 standard deviation
of the layer lidar ratio and the line of best fit is shown in red. A decreasing lidar ratio with
increasing relative humidity is evident in the CALIOP analysis; however, this trend is less
pronounced than in Figure 6 (right) of the CATS spherical smoke observations. As the layer
relative humidity increases from ~10 to 90%, the lidar ratio only decreases from 70 to 60 sr.
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The r? and r for the spherical smoke lidar ratio and layer-averaged relative humidity for
the three years of CALIOP observations were found to be 0.41 and 0.64, respectively.

4. Discussion

Compositional differences have been noted in smoke particles from differing fire
regimes (i.e., flaming or smoldering) [52-55]. For example, non-spherical smoke particles
from flaming combustion have been found to contain higher concentrations of black carbon
than their spherical smoke counterparts [39,56]. Furthermore, Midzak et al. (2023) [17]
found that dry regions of Africa with low soil moisture produce non-spherical smoke
aerosols, which is due to the higher temperature flaming combustion fires that occur
in these regions. Therefore, we hypothesize that the trends in lidar ratio as a function
of relative humidity can likely be explained due to the smoke particle compositional
differences in spherical and non-spherical smoke layers.

Fresh, non-spherical smoke particles, which are predominantly black carbon, have
been noted to exhibit hydrophobic properties [25,57]. As such, the presence of water
vapor does not greatly impact the hydrophobic soot particle growth, and the smoke
layer optical properties remain relatively constant [58]. In contrast, studies such as
Gialitaki et al. (2020) [59] and Wu et al. (2016) [60] note that spherical smoke parti-
cles comprise inorganic, hydrophilic coatings that include water-soluble compounds.
Kar et al. (2018) [25] found that the enhanced hygroscopicity of spherical smoke parti-
cles worked to increase water uptake and promote particle swelling, especially as the
plumes traveled closer to the coast of Africa and over the ocean. These swelled particles
then exhibit a reduction in their light absorption capabilities (Miiller et al., 2007) [6], thus
decreasing the lidar ratio as relative humidity increases (Midzak et al., 2023) [17]. This is
consistent with the results shown in Figure 6 (right) and, to a lesser degree, Figure 7 (right).
The lidar ratio is a complex parameter that depends on the size, absorption properties and
chemical composition of particles [6], which is inherently dependent on the smoke source
region, available moisture and type of fire from which the smoke plumes are produced [61].
Because the lidar ratio remains one of the largest sources of uncertainty for lidar extinc-
tion retrievals, efforts must be made to improve aerosol classification and aerosol lidar
ratio retrievals.

The dependence of lidar ratio on relative humidity has been explored previously using
theoretical analyses and lidar retrievals. Most recently, Eggers et al. (2024) [62] studied
biomass burning transported over Arctic regions and noted the complexities involved in
lidar ratio determination, including the particle size, shape and refractive index. They
found a slight decrease in 355 and 532 nm lidar ratio as relative humidity increased from
~20-80% but stressed the complex nature of lidar ratio variability. Additionally, Chipade
and Pandya (2023) [63] presented a physics-based theoretical approach to estimate lidar
ratio values for CALIPSO aerosol models. The authors used Optical Properties of Aerosols
and Clouds (OPAC) aerosol models to study the effects of relative humidity on aerosol
optical properties. Their results showed a decrease in lidar ratio with increasing relative
humidity at 1064 nm and, to a lesser extent, 532 nm for continental and maritime aerosols.
This trend was attributed to the hygroscopic nature of the particles. As relative humidity
increased, the imaginary part of the refractive index, and thus absorption, decreased. Thus,
the extinction coefficient increased at a rate less than or equal to the rate of the backscatter
coefficient increasing [63]. Soot and water-soluble aerosols near the coast and in the
planetary boundary layer over oceans were examined by Ackerman (1998) [64]. A decrease
in lidar ratio with relative humidity was found to be a function of wavelength, with 1064 nm
showing the largest variability in lidar ratio. These studies align with the results of this
analysis; however, other studies, such as Anderson et al. (2000) [65], Zhao et al. (2017) [66],
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and Dawson et al. (2020) [67], highlight findings of increased lidar ratio with relative
humidity due to increased scattering enhancement factors. Overall, each of these studies
highlight the complexities of accurate lidar ratio retrievals for complex aerosol types such
as smoke particles.

The vertical profiles of extinction coefficient for a smoke plume over Angola in south-
ern Africa (—16.7°/12.3°) observed by CATS on 7 August 2016 at 01:57:42 UTC are high-
lighted in Figure 8 using multiple techniques. The extinction coefficients using a collocated
AERONET AOD retrieval as a constraint, as described above (orange line), are considered
the truth for this case. Two lidar ratio parameterizations are also included: (1) the standard
CATS smoke aerosol default lidar ratio selection with a value of 40 sr (blue line) and (2) a
lidar ratio value selected by the line of best fit according to the relative humidity of the
plume from Figure 6 (green line). It is evident that a default lidar ratio selection method
(blue) results in the largest values of extinction for the entire vertical extent of the smoke
plume, which stretches from 2 km to 4.5 km in altitude. The extinction calculated using
a value based on the plume relative humidity (green) is the lowest of all three profiles.
Figure 8 indicates that, in the case of this smoke aerosol layer, a default value of 40 sr for the
lidar ratio results in a high bias of the extinction coefficient and, thus, the AOD of the plume.
These results also indicate that a lidar ratio constraint based on the relative humidity line of
best fit from Figure 6 or 7 (right) would result in a more accurate extinction retrieval than
assigning a default lidar ratio based on aerosol type. A look-up table approach based on
relative humidity for assigning lidar ratio can be considered for future backscatter lidar
algorithms. As others such as Zhao et al. (2017) [66] and Midzak et al. (2022) [26] have
noted, a dynamic method for lidar ratio retrieval may help reduce large uncertainties in
backscatter lidar extinction retrievals that result from inaccuracies in lidar ratio values
when only a static value is considered.
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Figure 8. Extinction profiles through a smoke plume observed by CATS on 7 August 2016 resulting
from a default lidar ratio assignment (blue), a constrained lidar ratio (orange) and a lidar ratio
assigned based on the layer relative humidity (green).

5. Conclusions

This study builds on the work of Midzak et al. (2023) [17], who present an analysis of
non-spherical smoke aerosols observed by the CATS lidar from African biomass burning.
The frequency and spatial distributions of spherical and non-spherical smoke aerosol
layers observed by CALIOP over Africa during the biomass burning season 2015-2017 are
presented here and align well with the results of Midzak et al. (2023) [17]. Non-spherical
smoke layers are identified using a 532 nm layer-integrated particulate depolarization ratio
threshold > 0.075 and are most frequently observed in dryer regions of southern Africa. In
contrast, spherical smoke aerosols with layer-integrated particulate depolarization ratio
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values <0.075 are closer to the equator in moist biomes. Assumptions about smoke particle
sphericity may lead to misclassifications of smoke aerosol layers due to the threshold-
based nature of aerosol classification schemes implemented by backscatter lidars such
as CATS and CALIOP. Inaccuracies in layer typing may result in uncertainties in aerosol
extinction retrievals and the AOD. No clear trend was found between the smoke aerosol
lidar ratio and layer-averaged depolarization ratio; however, this analysis shows an inverse
trend in spherical smoke lidar ratio and layer-averaged relative humidity. These trends
are likely due to the smoke particle composition as hydrophobic non-spherical smoke
optical properties remain relatively stable throughout all relative humidity values observed.
However, hygroscopic spherical smoke particles uptake water [25], and their scattering
and extinction properties evolve with changes in relative humidity [6,63]. These results
suggest that a dynamic lidar ratio may be implemented based on layer relative humidity
for spherical smoke to reduce uncertainties in smoke aerosol extinction retrievals of future
backscatter lidars.
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