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Abstract— Low-level clouds (LLCs), mainly composed of liquid
water droplets, cool the climate system by strongly reflecting
solar radiation back to space and thus play an important role in
the Earth energy budget. However, the LLC properties and their
radiative effects are poorly represented in climate models, leading
to the largest source of uncertainty in climate prediction. Liquid
water content (LWC) is a key property of LLC determining
cloud extinction characteristics and is a fundamental parameter
in the radiative transfer model. To improve the understanding of
LWC properties, algorithms have been proposed to retrieve LWC
based on millimeter-wavelength radar. However, the traditional
retrieval relies on preconstructed empirical relationship between
reflectivity and LWC and has noticeable limitations. In particular,
the retrieval uncertainty is strongly dependent on the assumed
particle size distribution, the existence of drizzle particle, and
on the accuracy of reflectivity measurement. In this study,
we develop a new self-consistent algorithm to retrieve LWC by
constraining radar reflectivity factor and attenuation in the whole
liquid cloud layer. A relationship between the radar measured
reflectivity, LWC, and intrinsic reflectivity is first constructed
based on the radiative transfer theory under the Rayleigh
scattering regime. A nonlinear least-square regression technique
is then applied to derive the optimal parameters in the retrieval
equations to obtain the LWC. Comparison with the microwave
radiometer (MWR) derived liquid water path (LWP) indicates
that our proposed method retrieves more accurate LWC products
than that from the traditional empirical algorithms.

Index Terms— Liquid water content (LWC), mass absorption
attenuation, millimeter-wavelength radar.

I. INTRODUCTION

CLOUDS play a critical role in the Earth energy budget
through their albedo effect by reflecting solar radiation

back to space and the greenhouse effect by absorbing thermal
radiation emitted from the underlying atmosphere and Earth’s
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surface [1], [2], [3], [4], [5], [6]. These cloud radiative pro-
cesses can change the atmospheric heating rate [7] and modify
horizontal and vertical temperature gradients, which will
essentially modulate atmospheric circulation, planetary energy
transportation, and precipitation distribution [8], [9], [10], [11].
Different types of clouds have distinct cloud radiative effects,
which are largely controlled by their macro- and micro-
physical properties such as height, horizontal extent, optical
thickness, droplets phase, and size [12], [13]. Low-level clouds
(LLCs) are lower than 2–3 km and cover approximately
one-fifth of the Earth’s surface [14]. LLCs cool the climate
by strongly reflecting solar radiation back to space while
emitting comparable amount of longwave radiation as the
surface due to their similar temperatures [15], [16], [17]. It is
estimated that the cooling effect induced by mere 4% increase
in the LLC fraction can compensate the global warming
by doubling CO2 [18]. However, LLC and the associated
climate feedback effects are poorly represented by the climate
models due to a lack understanding of their microphysical
process, leading to the largest source of uncertainty in climate
prediction [19], [20], [21]. To improve the representation
of LLC in climate model, comprehensive and long-term
observations of cloud properties are essential [22], [23], [24].
Liquid water content (LWC) is a vital factor to determine
the cloud radiative properties and to parameterize the
microphysical process in both general circulation models
(GCMs) and cloud resolving models [17], [25], [26].
An accurate estimation of LWC is important to improve
the understanding of LLC properties and to improve their
representation in climate models.

Various techniques have been developed to retrieve LWC
for a series of remote sensing instruments. One of the most
widely used instruments is the millimeter-wavelength radar,
also known as cloud radar. Benefited by the utilization of
short wavelength, cloud radar is sensitive to the presence
of cloud droplets and has been recognized as an effective
tool to investigate the cloud vertical structures with high
temporal and spatial resolutions [27], [28], [29]. The primary
radar observational product is radar reflectivity (Z), which is
proportional to the six-power of the liquid droplet diameter. Z
is commonly applied to retrieve LWC by the following steps:
first, the relationship between Z and LWC is proposed as
Z = aLWCb; then, the coefficients in the Z–LWC relationship
are derived from aircraft measurements or model simulations
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by assuming a cloud droplet size distribution (DSD) following
a lognormal or Gamma distribution [30], [31], [32], [33].
Even though this empirical relationship-based algorithm is
widely used, there are several disadvantages that limit its
applicability for LWC retrieval [34], [35], [36], [37]. For
instance, the derived coefficients are regime-depended and
the assumed DSD is affected by the meteorological and
aerosols conditions. Thus, the derived Z–LWC relationship
is only applicable to a certain location with similar cloud
microphysical properties. The mismatch between in situ
detection and radar sensing volumes may potentially induce
further uncertainties to the constructed empirical relationship.
Another noticeable limitation of the algorithm is that it is
unable to retrieve the LWC in the presence of drizzling as the
large drizzle particles significantly enhance radar reflectivity
but contribute little to LWC due to their relatively low
concentration. Moreover, the uncertainty of the LWC retrieval
is sensitivity to the accuracy of reflectivity measurement and
requires absolute radar calibration. However, the calibration
for a continuous operating radar system is challenging since
the parameters of radar transmitter and receiver system can
drift due to changing ambient temperature, pressure, and
system components aging [38], [39], [40], [41].

Besides the empirical relationship, other approaches have
been developed to retrieve LWC by taking advantage of
the microwave attenuation characteristics. Particle scattering
efficiency is proportional to the fourth power of its size
parameter α (e.g., α = 2πr/λ , where r is the particle
radius and λ is the radar wavelength), while the absorbing
efficiency is proportional to the first power of α. Cloud
droplet scattering can be neglected for a very small α in the
Rayleigh approximation by comparing the micrometer-scale
cloud particle radius to the millimeter radar wavelength. The
amount of the attenuated signal dominated by cloud droplet
absorption is therefore proportional to the liquid water mass
through the wave propagation path. Thus, the LWC can be
directly retrieved if the signal attenuation is estimated at
each radar gates [42], [43]. One commonly used approach
to estimate the attenuation is to use the dual-wavelength
radar observation. In particular, the reflectivity difference
(in dBZ) from two radars with different wavelengths,
which is called the dual-wavelength ratio (DWR), can be
unambiguously determined from observation. The DWR is
a direct measure of the attenuation difference in clouds for
two wavelengths. Using DWR combined with the theoretical
estimated attenuation parameters, the LWC can be directly
obtained [42], [43], [44], [45], [46], [47]. The notable
advantage of the DWR method is that the algorithm is
independence of DSD assumption and can retrieve LWC in
the presence of drizzle particles. However, the successfully
application of the DWR methods requires strict settings and
alignment: the two radars should be placed closely to each
other and operate with the same beamwidth and resolution to
avoid any mismatch of the cloud observation. These stringent
conditions limit the application of DWR algorithm.

In this study, we propose a novel method to retrieve LWC
by utilizing the liquid water mass attenuation characteristic,
but only with a single-wavelength millimeter cloud radar. The

original unattenuated reflectivity (Ze, i.e., intrinsic reflectivity)
is expressed with a few key parameters and a self-consistent
relationship between the measured reflectivity (Zm), the LWC,
and the intrinsic reflectivity after attenuation correction is
established. A nonlinear least-square regression technique is
utilized to optimize these parameters and obtain the LWC. This
work is structured as follows. The instruments and datasets
used are introduced in Section II. The theoretical basis and
the sensitivity analysis of the algorithm are described in
Sections III and IV, respectively. In Section V, the algorithm
is applied to observational data for different cases and is
evaluated using the LWP from microwave radiometer (MWR).
The statistical analysis of retrievals applied to one-year
observations for LWC and LWP is performed in Sections VI
and VII. Summary and conclusions are given in Section VIII.

II. INSTRUMENT AND DATASET

The data used in this study are collected from the Eastern
North Atlantic (ENA) site (39.09◦ N, 28.02◦ W) located
on the Graciosa Island in the Azores archipelago. ENA
observational site is established by the U.S. Department of
Energy Atmospheric Radiation Measurement (ARM) since
2015 and provides comprehensive marine boundary layer
cloud observations [48], [49], [50]. The observations of
35-GHz Ka-band zenith radar (KAZR), micro-pulse lidar
(MPL), Vaisala Laser Ceilometer (CEIL), and the three-
channel MWR are used in this study.

Here, we use one-year Active Remote Sensing of Clouds
(ARSCL) value-added product from 1 June 2017 to 31 May
2018 to develop and verify the LWC retrieval algorithm.
The KAZR records with a 4-s temporal resolution and 30-m
vertical resolution. The ARSCL product synthesizes KAZR,
MPL, CEIL, and MWR observations and provides the best
estimation of reflectivity and cloud base height informa-
tion [51], [52]. The best estimated reflectivity is the KAZR
co-polarized reflectivity of hydrometeor that is filtered from
background noise and low-level clutters [51], [52], [53], [54].
The best estimated cloud base height is determined through
the backscatter recorded by MPL and CEIL. Cloud top is
defined as the height of the highest hydrometeor echo in
each continuous radar profile for single- and multiple-layered
clouds. Liquid water cloud is selected with radar profiles with
cloud top lower than 4 km and cloud base lower than 3 km.

The liquid water path (LWP) of the MWR product (hereafter
LWPMWR) with an uncertainty of 20 g m−2 is interpolated into
a 4-s resolution to match the radar time resolution. LWPMWR
is used for comparing and validating the retrieved LWP from
the proposed algorithm (hereafter LWPRet) and the traditional
empirical algorithm (hereafter LWPTra). Since the MWR-
retrieved LWP is biased when MWR is wet, only the radar pro-
files with the minimum range of the hydrometeor echo greater
than 250 m above ground level are selected in this work.

III. RETRIEVAL METHOD

For a given cloud DSD, the reflectivity can be well estimated
according to the Mie scattering theory, which is called the
radar unattenuated reflectivity Ze. However, the measured
radar reflectivity Zm is a value of the Ze after attenuation
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by the LWC through the transmission path. Based on the
principle of radar observation and the radiative transfer theory,
an equation relating Ze, Zm , and LWC can be constructed to
resolve the radar signal attenuation process as propagates in a
liquid cloud layer. The details of the algorithm description and
application to single- and multiple-layer clouds are elaborated
in Sections III-A and III-B, respectively. Equations (1)–(3)
are the basic formulas to describe the principles of radar
power propagation and its attenuation by cloud liquid droplets.
Equations (4)–(7) are the procedure for how to construct the
expression of cloud LWC based on the absorption attenuation.
Equations (8) and (9) give the error functions established to
obtain the optimal parameters. Equations (10) and (11) depict
how to distinguish the radar reflectivity attenuation caused by
the upper layer cloud water content from that caused by the
lower layer cloud for an application to a multiple-layer cloud.

A. Theory of LWC Retrieval Algorithm for Single-Layer
Cloud

Because of the absorption of radar power due to the gas
and liquid cloud droplets, the radar measured reflectivity (in
unit of mm6m−3) is smaller than the original unattenuated
reflectivity. Thus, the measured reflectivity can be expressed
as the unattenuated reflectivity multiplied by the two-way total
transmittance in a cloud layer as

Zm(ri ) = Ze(ri ) exp
(

−2 × 0.23
∫ ri

r0

A(s)ds
)

(1)

where r0 is the radar range at the cloud base, ri is the i th range
from the cloud base, and the cloud top range is denoted as rT .
A is the one-way attenuation coefficient (dB km−1) and can
be expressed as (2) when the cloud droplet extinction features
are considered under the Rayleigh approximation [55]

A = K ∗LWC (2)

where K ∗ is the mass attenuation coefficient in the units of
dB·km−1/(g·m−3), which is a function of the radar wavelength,
cloud temperature, and cloud particle phase. Assuming a
limited temperature variation in LLC, the coefficient K ∗

can be treated as a constant for a cloud radar at a given
wavelength [56]. By substituting (2) into (1), we have

Zm(ri ) = Ze(ri ) exp
(

−0.46K ∗

∫ ri

r0

LWC(s)ds
)

. (3)

According to the physical definitions of the unattenuated
reflectivity and LWC, which are proportional to the sixth and
the third power of the particle radius, respectively, it is logical
to assume an exponential relationship between LWC and Ze in
the form LWC = aZb

e . Equation (3) can be further rewritten to
a Bernoulli differential equation as (4), which is much easier to
perform an integration of the LWC(ri ) at each radar range [57],
the relevant details of which are supplemented in the Appendix

dv
v2 = 0.46abK ∗ Zb

mdr

v = ebx

x = 0.46K ∗

∫ r

r0

aZb
e (s)ds. (4)

By integrating (4) from r0 to ri and rT , the relationship
between LWC(ri ), Zm(ri ), and LWC(rT ) can be established
as

LWC(ri ) =
Zb

m(ri )LWC(rT )

Zb
m(rT ) + LWC(rT )I (ri , rT )

I (ri , rT ) =

∫ rT

ri

0.46bK ∗ Zb
m(s)ds. (5)

Considering the exponential relationship between LWC and
Ze and combining (1), it is straightforward to obtain the
expression LWC(rT ) = aZb

m(rT ) exp(0.46bK ∗LWP), where
LWP =

∫ rT

r0
LWC(s)ds. Note that there is a parameter

a in this expression. To eliminate this parameter on the
retrieval uncertainty, we integrate (4) from r0 to rT to obtain
the equation of (1/(exp(0.46bK ∗LWP))) = aI(r0, rT ) and
substitute it to the expression for LWC(rT ) above. Thus,
LWC(rT ) can be further expressed as

LWC(rT ) =
Zb

m(rT )

I (r0, rT )

[
exp

(
0.46bK ∗LWP

)
− 1

]
. (6)

By substituting (6) into (5), one can see that the LWC at any
range between r0 and rT [i.e., LWC(ri )] can be expressed as
follows, which gives the intrinsic links between the LWC(ri ),
radar reflectivity, and LWP:

LWC(ri ) =
Zb

m(ri )
[
exp(0.46bK ∗LWP) − 1

]
I (r0, rT ) +

[
exp(0.46bK ∗LWP) − 1

]
I (ri , rT )

.

(7)

Here, an assumption is made that Ze(r0) = Zm(r0) at the
cloud base by neglecting the cloud water content absorption
in the first 30-m range and other gas absorption below the
cloud base. In order to obtain the optimal parameters in (7)
for the LWC retrieval of each cloud profile, it is necessary to
construct an error function of F(x) as given in (9) between
a reconstructed reflectivity Zmc shown in (8) and the radar
measured reflectivity Zm for each height of the cloud profile
from cloud base to top, where c = (1/a)(1/b) and x is a vector
with three parameters (i.e., x = [ b LWP c ])

Zmc(ri ) = c(LWC(ri ))
1
b exp

(
−0.46

∫ ri

r0

K ∗LWC(s)ds
)

(8)

minx∥F(x)∥2
2 = minx

∑
i

( fi (x))2

F(x) =



fr0(x)

fr1(x)
...

fri (x)
...

frT (x)


=



dBZmc(r0) − dBZm(r0)

dBZmc(r1) − dBZm(r1)
...

dBZmc(ri ) − dBZm(ri )
...

dBZmc(rT ) − dBZm(rT )


. (9)

The optimal values of b, LWP, and c, which correspond to
the minimization of the error function, can be obtained through
achievement of self-consistent process between Z , LWC,
and attenuation by using the trust region reflective (TRR)
numerical iteration method, which has good performance in
solving nonlinear least-square problems [58], [59], [60]. The
termination tolerances and initial, upper, and lower boundaries
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(LBs) of the parameters are necessary for the TRR method
to accelerate iterative convergence and avoid impractical
values. Here, the tolerances, including both the minimum
changes of variable vector and objective function, are set
as 10−6 [61], [62], [63], [64], [65]. Since liquid droplets
with different sizes contribute differently to the cloud LWC,
we classify the clouds into nonprecipitation clouds and cloud
with drizzle by setting a radar reflectivity threshold to help
speed up the iterative convergence for obtaining the optimal
parameters by setting two different initial values. Different
reflectivity threshold has been proposed as a threshold to
identify drizzle from cloud radar observations in previous
studies, among which –15 dBZ suggested by Frisch et al. [66]
is the most widely utilized value. Thus, we adopt a threshold
of –15 dBZ and set the LB of the x vector as zero to constrain
the parameters in the nonnegative range and the initial x vector
and upper boundary (UB) as two categories, i.e., the initial x
and upper bound for the profile with maximum reflectivity less
than –15 dBZ are set as

x0 =
[

0.5 0.01 0.01
]

and xUB =
[

1 1 1
]

where the initial value of parameter b is set to 0.5 by con-
sidering that the reflectivity factor and LWC are proportional
to the sixth and third powers of the cloud droplet diameter,
respectively. The upper bound of LWP is set to 1 since the
cloud LWP does not exceed 1 kg m−2 and the upper bound
of parameter c is set to 1 referring to the various empirical
coefficients proposed in previous studies that the parameter
a is usually greater than 1 and the parameter b is less than
1 for the nonprecipitation cloud. Analogously, the initial x and
upper bound for the profile with maximum reflectivity no less
than this threshold are set as

x0 =
[

0.5 0.1 0.01
]

and xUB =
[

1 1 null
]

(null means that the upper bound cannot be determined), where
the LWP initial is set as 0.1 considering that the cloud with
drizzle has an abundance of liquid water and setting a larger
initial value is beneficial to speed up and accurately obtain
the optimal parameters. In addition, if the absolute difference
between any element of the optimal vector and the initial
bound is less than 10−4, which indicates that the initial x is too
close to the local optimum and the iteration process is invalid.
Thus, the initial vector should be modified as smaller values
(i.e., x0 =

[
0.01 0.01 0.01

]
) for ensuring the validity of the

iteration. The framework of the retrieval method is shown as
the form of flowchart in Fig. 1.

According to (8), the reconstructed reflectivity Zmc depends
on three parameters (i.e., b, c, and LWP), and the error
between it and the radar measured reflectivity for a range of
these parameters can be uniquely calculated. Fig. 2 shows an
example of the algorithm in obtaining the optimal parameters
and retrieving LWC from one cloud radar observed reflectivity
profile at 11:36 UTC on 30 June 2017 at the ENA site. The
3-D diagram in the lower panel of Fig. 2 shows the root-mean-
square error (RMSE) between the reconstructed reflectivity
and the measured reflectivity varying with the changes of
the three parameters for this specific cloud profile, where

Fig. 1. Flowchart of the retrieval algorithm. (Left) Framework of the overall
algorithm. (Right) Details of the TRR algorithm used for obtaining the optimal
parameters.

Fig. 2. (Top) Schematic of the retrieval algorithm shown with the vertical
profile of radar measured reflectivity (black line) and retrieved LWC (red
solid line). (Bottom) RMSE of the reconstructed reflectivity and measured
reflectivity versus the three parameters. The optimal parameter value gained
by the TRR algorithm is marked by white dot at the intersection of three
planes.

the parameters b, c, and LWP ranging from 0 to 1, 0 to
0.05, and 0 to 0.05 g/m2, respectively. Here, only several 2-D
sections are depicted to illustrate how the RMSE changes with
the other two parameters when the third one is fixed. For
instance, the vertical section parallel with the b– c plane at
a constant LWP value of 0.05 g/m2 shows the distribution
of the retrieval errors versus the variation of parameters b
and c, and the horizontal LWP-c plane at the top shows
the impact of LWP and c on the error of reflectivity for a
given b of 0.9. Ideally, if a proper set of parameters b, c,
and LWP that correspond to the minimum error between the
reconstructed and the measured reflectivity can be found, it is
possible to accurately calculate the LWC. Note that a dark
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blue region exists, where three perpendicular sections with
the lowest transparency intersect show the situation that the
reconstructed reflectivity is very close to the actual measured
reflectivity with small RMSE value. The optimal parameters
determined by the TRR algorithm should be located in this
dark blue area. Encouragingly, the optimal values of 0.0508,
0.025, and 0.025 g/m2 for b, c, and LWP derived from TRR
marked as the white dot in Fig. 2 (bottom) are exactly in
this region, confirming that the whole retrieval algorithm is
reliable. By applying the optimal parameters to (7), the LWC
profile is derived and shown as the red solid line in Fig. 2 (top).
The LWC distribution tends to increase and then decrease with
height that is consistent with the typical features of LWC in
nonprecipitation clouds [67].

B. Modification of the Algorithm for Multiple-Layer Clouds

The presence of multiple-layer clouds is common over the
ocean, and hence, adjusting the algorithm for the application
to the clouds more than one-single layer is necessary. We take
a two-layer cloud as an example to illustrate the modification
of the retrieval method. In order to accurately obtain the LWC
for the upper layer cloud, it is crucial to distinguish the radar
reflectivity attenuation caused by its own cloud water content
from that caused by the lower layer cloud. The LWC in the
lower cloud layer (first layer) is derived following the same
steps as the single-layer cloud. Then, the retrieved LWC is
used to quantify the attenuation for the upper layer cloud.
Again, the gas absorption between the two cloud layers is
neglected. The relationship between the intrinsic reflectivity
and the attenuated reflectivity for the upper layer cloud can be
expressed as

Zm(r2i ) = Ze(r2i ) exp
(

−0.46
∫ r2i

0
A12(s)ds

)
∫ r2i

0
A12(s)ds =

∫ r1T

r10

A1(s)ds +

∫ r2i

r20

A2(s)ds (10)

where A12 is the total one-way attenuation coefficient for
the whole cloud layers (i.e., both the lower and upper layer
clouds); rn0, rnT, and rni are the heights of cloud base,
cloud top, and the i th range gate, respectively; and An is
the attenuation coefficient for a cloud layer. The subscript n
corresponds to the number of the cloud layer. Considering
the attenuation caused by the lower layer cloud, the corrected
reflectivity Z ′

m of the second cloud layer can be derived from
(11), where A1 = K ∗LWC1

Z ′

m(r2i ) = Zm(r2i ) exp
(

0.46
∫ r1T

r10

A1(s)ds
)

. (11)

After the correction of the radar reflectivity caused by
the lower layer cloud attenuation, the process described in
Section III-A is repeated to obtain the optimal parameters
for the upper layer cloud based on the initially corrected
reflectivity Z ′

m . The error function is also modified as the
error between the reconstructed corrected reflectivity Z ′

mc and
Z ′

m . By applying these three steps, the LWC profile for each
layer cloud can be retrieved. For clouds more than two layers,
it only needs to sequentially calculate the LWC from the

lowest layer to the upper layer and use the LWC in lower
layer to perform the radar reflectivity correction for the upper
layer.

In reality, large droplets can often fall out of the cloud
and become precipitating particles below the cloud base [68].
For this situation, the cloud radar profile can be separated
into two layers (i.e., cloud layer and precipitation layer) by
combining the ceilometer observations. Similar to the two-
layer clouds, it is necessary to calculate the attenuation caused
by the precipitating particles under the cloud base in order
to correct the radar reflectivity above the cloud base. Since
large precipitating particles lead to both strong scattering and
absorption in the Mie regime, the attenuation may be no longer
proportional to its LWC. Thus, a power law relationship (i.e.,
Ad = 1.68Z0.9, where Ad is the drizzle attenuation coefficient)
proposed by Vivekanandan et al. [69] is used to correct the
radar reflectivity. After the correction of drizzle attenuation
under the cloud base, the LWC above the cloud base can be
derived.

IV. SENSITIVITY ANALYSIS OF LWC
RETRIEVAL ALGORITHM

The uncertainties of the retrieval algorithm depend on the
accuracy of the radar reflectivity, K ∗, the three parameters
(i.e., b, c, and LWP), and the radar reflectivity threshold for
classifying clouds with drizzle or not in the algorithm. Here,
a sensitivity analysis of the algorithm to these variables is
conducted. The uncertainty of the measured reflectivity is
expected not to affect the retrieval results since the method
relies on the intrinsic absorption amount rather than the
absolute accuracy of the reflectivity in this algorithm. K ∗ relies
on cloud temperature, radar wavelength, and cloud phase. For
LLC and Ka-band cloud radar, the cloud temperature is the
only variable that may affect the retrieval results. Fig. 3(a)
shows the bias between the observed reflectivity (Refobs) and
the retrieved reflectivity (RefRet) by applying the TRR for K ∗

at different temperatures for the same radar profile as in Fig. 2.
The cloud temperature is assumed to vary from 0 ◦C to 20 ◦C
at an interval of 1 ◦C. The standard deviation of the reflectivity
bias at each range gate height above the cloud base is shown
as the shading area in Fig. 3(a), which is less than 2 × 10−8.
In addition, the RMSE of reflectivity for the whole profile is
less than 3 × 10−8, and the solved optimal parameters LWP,
b, and c vary within a narrow range of 1 g m−2, 0.1, and
0.001, respectively [Fig. 3(b) and (c)]. This indicates a weak
sensitivity of the retrieval to the temperature. Thus, the cloud
temperature is assumed to be 0 ◦C in this study.

The sensitivity of reconstructed reflectivity to b, c, and LWP
is shown in Fig. 4. In Fig. 4(a), the LWP is fixed to its optimal
value of 0.025 g m−2. b and c will affect the reconstructed
reflectivity when the b value is greater than 0.25. For example,
given the c value of 0.041 [Fig. 4(a)], a 50% increase of
b from 0.508 to 0.762 will cause the RMSE amplified by
about three times. The spacing between the adjacent solid lines
shows that the RMSE variations caused by a 20% change
in the parameter c. It can be seen that the reconstructed
reflectivity varies apparently with the change of the c value.
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Fig. 3. Sensitivity of the retrieval algorithm to the temperature. (a) Mean
error of the reflectivity (red solid line) for each height above the cloud base in
the vertical direction with the assumed cloud temperature varying from 0 ◦C to
20 ◦C and the shaded region is the standard deviation of the error. (b) RMSE of
reflectivity (dark solid line) and retrieved LWP (red solid line) and (c) optimal
parameter b (blue solid line) and c (yellow solid line) versus the assumed
cloud temperature.

The sensitivity of the algorithm to the different LWP values
by fixing b and c values is shown in Fig. 4(b). Generally, the
reflectivity is sensitive to the variation of LWP, except that
the b value is small (i.e., b = 0.305) causing flat variation
of RMSE [see the blue dotted line in Fig. 4(b)]. Meanwhile,
the retrieval bias is also less sensitive to parameter b when
it is close to 0.305 as shown in Fig. 4(a), reflecting that the
parameter b plays a key role in the algorithm. In addition,
the amplitude of the reflectivity variation is large when the
parameters are close to their optimal values, which are the
exact turning points of the error, confirming that the optimal
parameter values are sensitive to the retrieval error and can be
easily found through this error function.

As mentioned in Section III, the –15-dBZ threshold is
used to determine the presence of drizzle in the cloud,
which was proposed by Frisch et al. [66]. The effect of the
different thresholds on the retrieved results is investigated by
conducting a sensitivity test with the threshold changing from
–14 to –16 dBZ considering the radar reflectivity uncertainty
of 1 dB [52]. The results are shown in Table I, where LWC and
LWP are the mean values for three different cloud type cases
(i.e., single-layer cloud, multiple-layer cloud, and cloud with
drizzle below the cloud base) as depicted in Section V and
the numbers in parentheses are the percent changes relative
to the retrieval values using –15-dBZ threshold. It can be
seen that the retrieved results are not sensitive to the different
thresholds. The retrieval variations derived from different
thresholds are less than 1%. Therefore, a threshold of −15 dBZ
is reasonable for determining the presence of drizzle in this
retrieval algorithm.

Fig. 4. Sensitivity of the retrieval algorithm to the parameters b, c, and
LWP. RMSE of reflectivity versus (a) parameter b from 0.051 to 1.016 for
different c when the LWP is fixed to its optimal value and (b) parameter
LWP from 0.003 to 0.051 when b and c are fixed to different values. “RMSE
of reflectivity” refers to the RMSE between the reflectivity calculated by
applying the varying parameters and the measured reflectivity. The percentages
in parentheses give the change of the parameter with respect to the optimal
value.

V. APPLICATION TO DIFFERENT CLOUD CASES

We first apply the algorithm to three cases that are single-
layer cloud, two-layer cloud, and drizzling cloud observed at
the ENA site. The retrieved results are compared to the MWR-
retrieved LWP to evaluate the accuracy of our algorithm.
Fig. 5 shows a single-layer boundary cloud on 30 June 2017,
occurring from 02:00 to 23:00 UTC. The cloud layer existed
around 0.6–0.8 km at the beginning of around 05:00 UTC.
After that, both the cloud base and top heights gradually
increased to approximately 1.0 and 1.3 km, respectively,
and the cloud layer become closed-cell stratocumulus with
apparent precipitations at about 20:00 UTC [Fig. 5(a)].
Fig. 5(b) shows the backscatter coefficient of the ceilometer
echoing the cloud development as detected from the cloud
radar. The cloud base heights derived from the ceilometer are
marked as black dots in Fig. 5(a). The attenuation of a few
large particles detected by cloud radar under the ceilometer
derived cloud base can be neglected in this case since they only
occupy few bins in vertical with the reflectivity of less than
–15 dBZ. The retrieved LWC from the proposed algorithm
is shown in Fig. 5(c). In this shallow marine boundary
cloud, the LWC values vary in a small range from 0.03 to
0.29 g m−3 most time, except the maximum value of 0.67 g
m−3 around 19:00 UTC where just before the precipitation.
Fig. 5(d) shows the LWP derived from our retrieved LWC
and that estimated from the MWR measurements, and the
difference between them. It can be seen that the LWP from
our retrieval closely follows the MWR observed LWP with a

Authorized licensed use limited to: Lanzhou University. Downloaded on June 08,2023 at 03:27:14 UTC from IEEE Xplore.  Restrictions apply. 



GE et al.: NOVEL LIQUID WATER CONTENT RETRIEVAL METHOD BASED ON MASS ABSORPTION 4102815

TABLE I
SENSITIVITY TEST OF RETRIEVAL ALGORITHM TO THE THRESHOLD

Fig. 5. Case of a single-layer cloud on 30 June 2017. (a) Time–height
profiles of the KAZR best estimated reflectivity and the best estimated cloud
base marked by the black dots. (b) Time–height profiles of the ceilometer
backscatter. (c) Time–height profiles of the retrieved LWC. (d) Left ordinate:
the retrieved LWP (red line) and observed LWP from the MWR (blue solid
line). Right ordinate: error of the retrieval algorithm (gray solid line).

mean bias (MB) of only –8.6 g m−2 and a standard deviation
of 12.4 gm−2. Note that some large differences around 20:00
UTC might be explained by the precipitation, which will
induce an overestimation of LWP by MWR. Overall, this good
agreement suggests that our method is capable of accurately
retrieving LWC for this single-layer cloud.

Fig. 6 shows a two-layer cloud case of 30 April
2017 observed from 09:00 to 09:24 UTC. The first and second
cloud layers appear at about 0.5 and 1.5 km, respectively.
The cloud base height of the first layer is determined by the
best estimated cloud-base marked with black dots [Fig. 6(a)]
and the second-layer base is estimated from the lowest radar
signal echoes. A few range bins below the cloud base with
weak reflectivity at about 09:04 and 09:12 UTC may be
wrongly identified as cloud by the radar cloud mask method,

which is neglected in this study. The LWCs of the first-
layer cloud are obtained by applying the retrieval algorithm
for a single-layer cloud [Fig. 6(b)]. Fig. 6(c) shows that the
initially corrected reflectivity of the second layer with only
the first-layer attenuation is considered. It is obvious that
the differences between the initially corrected and measured
reflectivity [see black solid line in Fig. 6(c)] have a similar
variation with the maximum reflectivity from the first layer.
This confirms that the lower layer cloud has a significant
attenuation effect on the upper layer cloud. Based on the
corrected reflectivity, the LWC profiles for upper layer cloud
are retrieved, ranging from 0.01 to 0.34 g m−3 [Fig. 6(d)].
Based on the cloud LWC, the attenuation coefficient related to
the liquid cloud particle’s absorption for different cloud layer
can be quantified and the difference between the corrected
and measured reflectivity are shown in Fig. 6(e), where
the corrected reflectivity is calculated by quantifying the
absorption attenuation of the two cloud layers. The attenuation
strength is less than 0.74 dB. Huang et al. [70] showed that
the attenuation by water cloud is generally within 1 dB. The
comparisons of LWPRet with LWPMWR [Fig. 6(f)] show a good
agreement with an MB and a standard deviation of 19.38 and
31.78 g m−2, respectively. Moreover, we have noticed an
apparent difference between LWPMWR and LWPRet in the
preceding segment of the upper cloud layer in Fig. 6, where
large reflectivity appears. We would explain this discrepancy
by the inhomogeneous cloud distribution and the difference
between MWR and radar field of view. The upper cloud
layer with relatively higher reflectivity has a more significant
discontinuous distribution. Since the beamwidth of MWR is
larger than that of cloud radar, inducing coarser MSU sampling
resolution as the distance between cloud and remote sensor
increases. Thus, these turbulent clouds with strong size and
number concentration fluctuations may not be well resolved
in space by the MWR.

Fig. 7 shows a single cloud layer with drizzle falling below
cloud base observed on 10 September 2017 from 08:00 to
20:00 UTC. Similar to Fig. 5, the black dots shown in Fig. 7(a)
are the best estimated cloud base detected by the CEIL.
The radar range bins below the cloud base with maximum
reflectivity greater than –15 dBZ are regarded as drizzle
particles. Using the algorithm described in Section III-B, the
retrieved LWP above the cloud base is shown by the red
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Fig. 6. Case of the double-layer cloud on 30 April 2017. (a) Time–height profiles of the KAZR best estimated reflectivity and the best estimated cloud
base marked by the black dots. (b) Time–height profiles of the first-layer cloud retrieved LWC. (c) Time–height profiles of the initial corrected reflectivity for
second-layer cloud based on the attenuation due to the absorption of the first-layer cloud and the difference between the corrected and uncorrected reflectivity
for each profile (black solid line in the right ordinate). (d) Time–height profiles of the second-layer retrieved LWC. (e) Difference between the unattenuated
and measured reflectivity of the first-layer cloud and second-layer cloud. (f) Left ordinate: comparison of the retrieved LWP (red solid line) and the LWP
interpolated to the 4-s temporal resolution with the MWR (blue solid line). Right ordinate: error of the retrieval algorithm (gray solid line).

Fig. 7. Case of the cloud with drizzle below the cloud base on 10 September
2017. The description of the graph is the same as Fig. 5. (a) Time–height
profiles of the KAZR best estimated reflectivity and the best estimated cloud
base marked by the black dots. (b) Left ordinate: comparison of the retrieved
LWP (red line) and the LWP interpolated to the 4-s temporal resolution with
the MWR (blue solid line). Right ordinate: error of the retrieval algorithm
(gray solid line).

solid line in Fig. 7(b), which also has good agreement with
LWPMWR with the MB only about –1.30 g m−2 in a small
standard error of a 22.28 g m−2 bias.

VI. UNCERTAINTY ANALYSIS FOR RETRIEVED LWC

The uncertainty analysis of the retrieved LWC is performed
before we use the method to retrieve LWC from a one-year

radar observation. Since the mathematical expressions of our
retrieval algorithm have a highly nonlinear nature, it is difficult
to quantify the uncertainty directly through the equations.
Therefore, we estimate the LWC uncertainty by comparing
the retrieved LWC with the LWC provided by the in situ
instruments on board the aircraft during the same period at
the ENA site.

The ARM Aerial Facility (AAF) Gulfstream-1 (G1) aircraft
conducted two intensive observations with 1-s temporal
resolution from 21 June to 20 July, 2017 and 15 January
to 18 February, 2018, which flew 20 and 19 missions during
the summer and winter intensive observation periods (IOPs),
respectively [49]. The instruments providing cloud LWC
products on board the G1 aircraft include the water content
meter (WCM), the cloud volume precipitation spectrometer
(CAPS), and the particulate volume monitor (PVM) [71].
We compared the retrieved LWC with four different LWC
products provided by the in situ data within 10 km around
the ENA site during the entire summer and winter IOPs,
as shown in Fig. 8. The in situ data where the altitude is
between the radar detected cloud base and top is selected
and the retrieved LWC over the three radar bins closest to
the aircraft observation height is averaged for comparison.
Fig. 8 shows that the retrieved LWC (0.2 ± 0.087 g m−3)

is in reasonably good agreement with the LWC provided by
the four instruments, i.e., WCM-083 (0.13 ± 0.14 g m−3),
WCM-021 (0.10 ± 0.087 g m−3), CAPS (0.10 ± 0.12g m−3),
and PVM-100 (0.11 ± 0.1 g m−3). The MBs of the retrieved
LWC are 0.073, 0.10, 0.10, and 0.11 g m−3. Taking the in situ
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Fig. 8. Comparison of the retrieved LWC with (a) WCM-083, (b)WCM-021,
(c) CAPS-Hotwire, and (d) PVM-100 provided by in situ measurements on
board of G1 aircraft during the entire ACE-ENA field campaign. The “MB,”
“RMSE,” and “Slope” in the text box at the upper right corner of each
subgraph represent the MB between the retrieved and in situ LWC, RMSE,
and the slope of the red solid line obtained by fitting the scatter points.

Fig. 9. Schematic of the three cloud types. (a) Cloud type 1 is the single-layer
cloud with cloud thickness less than 500 m. (b) Cloud type 2 is the single-layer
cloud with cloud thickness not less than 500 m. (c) Cloud type 3 is the cloud
with drizzle below the base. The heights of cloud base are marked by dark
dots.

data as the true value, the RMSE between retrieved LWC
and in situ observations is around 0.15 g m−3 for all the
four different LWC products. The bias is also affected by the
fact that the aircraft and the ground-based observation cannot
be completely matched in time and space, as well as by the
accuracy of the in situ data itself, which has an uncertainty of
5%–20% for instruments aboard on G1 aircraft.

Three different cloud types, as shown by a schematic in
Fig. 9, are considered. The clouds without drizzling below the
base are divided into shallow cloud with a thickness of less
than 500 m, i.e., cloud type 1 [see an example in Fig. 9(a)],
and thick cloud with the depth of more than 500 m, i.e., cloud
type 2 [Fig. 9(b)]. Clouds with large drizzling particles below

the cloud base are treated as precipitating cloud, i.e., cloud
type 3 [Fig. 9(c)].

Since there is no significant difference between the LWC
products provided by the four instruments aboard the G1
aircraft, we choose WCM_083 LWC product to further
compare with the LWC from our algorithm (LWCRet) and
from the traditional empirical Z–LWC method (LWCTra),
as shown in Fig. 10. For the first cloud type, the mean absolute
error (MAE) and RMSE of LWCRet are smaller than those
of LWCTra (i.e., 0.012 versus 0.13 g m−3 and 0.15 versus
0.16 g m−3, respectively), despite the fact that the LWCRet
is similar to the LWCTra compared with the in situ data.
Furthermore, for the second and third cloud types, it is evident
that LWCRet is closer to the aircraft observations than LWCTra
with smaller MAE (0.094 versus 0.17 g m−3 for cloud type 2
and 0.16 versus 0.26 g m−3 for cloud type 3) and RMSE
(0.13 versus 0.22 g m−3 for cloud type 2 and 0.22 versus
0.31 g m−3 for cloud type 3). Particularly for cloud type 3,
which involves large particles, the LWC retrieval bias from our
algorithm is effectively reduced compared with the traditional
empirical method, which obviously overestimates the LWC.
Furthermore, the cumulative distribution functions (CDFs) of
the LWC fractional error of our algorithm for the three distinct
cloud types (the third row in Fig. 10) are all on the left side
of the empirical algorithm, confirming that the error of this
new algorithm is smaller than that of the traditional empirical
algorithm.

VII. STATISTICAL ANALYSIS FOR DIFFERENT CLOUD
TYPES FROM ONE-YEAR DATA

One-year data from June 2017 to May 2018, including
nearly 2 million nonprecipitation profiles, are used to evaluate
our LWC retrieval algorithms against the MWR obtained LWP.
The LWC from other empirical methods is also derived for
comparison.

Fig. 11 shows the LWP retrieved from our algorithm (the
top row) and that from the traditional empirical Z–LWC
method (the middle row) versus the LWP measured by the
MWR. Here, the traditional empirical equations of LWC =

4.564Z0.5 [30], LWC = 0.457Z0.19 [31], and LWC =

0.258Z0.633 [72] are applied to all cloud types for radar profiles
with reflectivity lower than –15 dBZ, between −15 and 5 dBZ,
and greater than 5 dBZ, respectively. The accuracy of each
algorithm for different cloud types was evaluated via the
MAE, RMSE, and correlation coefficient (R). For the first
cloud type, the MAE and RMSE of the LWPRet are 16.7 and
27.2 g m−2, which are smaller than those of the LWPTra. The
correlation coefficient between the above two algorithms with
the LWPMWR is similar (0.66 versus 0.65). It is worth noting
that the CDF of the LWP fractional error of our algorithm is
located to the left of the empirical algorithm [Fig. 11(c3)],
confirming that the error in our algorithm is smaller than
that caused by the empirical algorithm. Taking the CDF
equal to 0.5 in Fig. 11(c3) as an example, the corresponding
LWP fractional error is 37.6% for our method and 45.6%
for the empirical approach, that is, the LWP fractional error
is less than 37.6% for 50% of all the profiles if using the
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Fig. 10. Evaluation of various retrieval algorithms for (a1)–(a3) cloud type 1,
(b1)–(b3) cloud type 2, and (c1)–(c3) cloud type 3, with (top) LWC retrieved
by the algorithm in this study and (middle) LWC retrieved by the traditional
empirical Z–LWC relationship versus the LWC provided by the WCM on
board the G1 aircraft during the entire summer and winter IOPs (the black
dashed line represents the same retrieved and in situ LWC). The CDF of the
LWC fractional error for the algorithm in this study (blue solid line) and the
traditional method (red solid line) are shown in the bottom. The gray dashed
line represents that the CDF is equal to 0.5.

algorithm in this study, while it is 45.6% for the empirical
algorithm.

Both cloud types 2 and 3 (see the middle and right
columns in Fig. 11) also show that LWPRet is closer to the
LWPMWR than LWPTra with smaller MAE and RMSE although
the correlation coefficient between LWPRet and LWPMWR is
smaller for cloud type 3. The CDFs of the two retrieval
algorithms have obvious deviations in the horizontal direction,
confirming that our LWP retrieval is effectively improved. The
LWPRet is less than the LWPMWR when the LWP is greater than
300 g m−2 for cloud type 3, which can be partly attributed to
that only the liquid water above the cloud base is retrieved,
while the LWPMWR includes the precipitation water below
the cloud. The LWPTra is generally larger than LWPMWR,
indicating that the LWP obtained by the traditional empirical
algorithm is overestimated.

Fig. 12 shows the LWC vertical profiles retrieved from
different algorithms for the three cloud types. The equation
LWC(i) = (LWP·Z(i)(1/2))/(

∑m
j=1 1z( j)Z( j)(1/2)) from [34]

is applied in obtaining LWC based on LWPMWR observation.
The height above the cloud base is normalized for a
comparison of clouds with different thicknesses. For cloud
type 1 with small thickness and low reflectivity, the LWCs
retrieved from the three different algorithms are quite similar.
For cloud type 2, the LWCs from the empirical algorithm are
overestimated compared with the LWCMWR, while LWCRet are
much close to the MWR retrievals. The LWC distribution of
cloud type 3 is similar to that of cloud type 2, with LWCTra
larger than both LWCMWR and LWCRet.

Fig. 11. Evaluation of various retrieval algorithms based on one-year data
for (a1)–(a3) cloud type 1, (b1)–(b3) cloud type 2, and (c1)–(c3) cloud type 3,
with (top) LWP retrieved by the algorithm in this study and (middle) LWP
retrieved by the traditional empirical Z–LWC relationship versus the LWP
from the MWR (the black dashed line represents the same retrieved and MWR
LWP). (Bottom) CDF of the LWP fractional error for the algorithm in this
study (blue solid line) and the traditional method (red solid line). The gray
dashed line represents that the CDF is equal to 0.5.

Fig. 12. Profiles of LWC for (a) cloud type 1, (b) cloud type 2, and (c) cloud
type 3 versus the normalized height above cloud base (i.e., the ratio of each
bin height from the cloud base to the cloud thickness) using the traditional
empirical Z–LWC relationship (blue), the algorithm in this study (red), and
the method based on the LWP from MWR (black). The solid line is the mean
of the LWC and the error bar is the standard deviation of each bin.

Fig. 13 shows the frequency distribution of the derived
parameters a and b from our algorithm for the three cloud
types. a is calculated from c according to a = 1/cb. For
the shallow clouds, the parameter b is concentrated around
0.5 and the parameter a is distributed in a wide range
from 3 to 10. Table II provides a and b from previous studies
for LWC = aZb [30], [32], [56], [73], [74], [75], [76], [77].
It is encouraging that the distribution range of the parameters
obtained in this study is in good agreement with those from
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Fig. 13. Frequency histogram of (a) parameter a and (b) parameter b for
cloud type 1 (blue bar), cloud type 2 (orange bar), and cloud type 3 (green
bar). (Top) Subplot shows the frequency distribution of the parameter a for
cloud type 3.

TABLE II
LIST OF COEFFICIENTS PROPOSED IN EARLIER LITERATURE

FOR THE EQUATION OF LWC = aZb (WHERE THE UNITS
OF LWC AND Z ARE G M−3 AND MM−6 M3)

previous studies. For clouds with drizzle below the cloud, the
optimal a and b range from 0.1 to 0.8 and from 0.1 to 0.3,
respectively. These values are consistent with the coefficients
in LWC = 0.457Z0.19 in [31]. For the thick clouds, there are
two peaks that exist for parameters a and b. The distribution
of a is centered at 3.7 for one and closed to 0.3 for
the other. Correspondingly, b is centered at 0.2 and 0.55.
These values have good consistency with the coefficients by
previous studies [31] and partially overlap with the parameter
distribution interval of cloud type 3.

Fig. 14 shows the derived a and b versus the maximum
reflectivity for cloud type 2. It can be seen that the
profiles with the maximum reflectivity higher than –15 dBZ
correspond to the modes with small a and b, as for cloud
type 3. Therefore, the bimodal distribution of the parameters
for cloud type 2 may be attributed to the fact that some cloud
profiles containing a few large particles have similar a and b to
cloud type 3, while the profiles dominated by relatively smaller
particles have partially overlapping regions with cloud type 1.
The fact that the retrieved a and b are uniquely determined
for each profile but are widely distributed for different cloud
profiles illustrates the advantage of our retrieval algorithm
over the empirical approach that employs the fixed coefficients

Fig. 14. Relationship between retrieved (a) parameter a and (b) parameter
b for cloud type 2 versus the maximum reflectivity.

Fig. 15. Retrieved error influenced by cloud layer thickness and maximum
reflectivity. Counts of LWP error retrieved by (a) algorithm in this study and
(b) traditional method within bins of cloud thickness. The bin width is 0.1 km
in the horizontal direction. (c) and (d) are similar as (a) and (b) respectively,
with the distinction that the horizontal direction of (c) and (d) is the maximum
reflectivity of cloud profile and the bin width is set to 10-dBZ. The gray
boxplot is the LWP error distribution within each bin of cloud thickness and
maximum reflectivity. The dark solid line in boxplots is the median value in
each bin.

provided by the fitting of abundant observation data for all
profiles in the traditional empirical relationship.

Since the cloud thickness and the particle size have clear
influences on the parameters a and b that directly determine
the retrieval uncertainty, we further examine the relative errors
in LWPRet and LWPTra under different cloud thicknesses and
maximum reflectivity conditions, as shown in Fig. 15. The
shading area filled with different colors represents the samples
within each 2% error bin of LWP for vertical coordinate and

Authorized licensed use limited to: Lanzhou University. Downloaded on June 08,2023 at 03:27:14 UTC from IEEE Xplore.  Restrictions apply. 



4102815 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 61, 2023

0.05 km and 2 dBZ intervals for the cloud thickness and the
maximum reflectivity in horizontal coordinate, respectively.
The gray boxes show the relative errors at the median and the
four percentiles for each 0.1-km interval of cloud thickness
and 10-dBZ interval of maximum reflectivity. The error from
the traditional empirical method increases with the cloud
thickness and reflectivity, which confirms that the exponential
relationship will lead to significant overestimations of LWC
for clouds with large particles. On the other hand, the error
from our algorithm does not have any obvious changes in the
cloud thickness and maximum reflectivity, indicating that this
algorithm is not affected by large particles.

VIII. CONCLUSION

In this study, we proposed an algorithm to retrieve
the LWC for single-wavelength millimeter cloud radar by
constructing a self-consistent function between the unattended
reflectivity, measured reflectivity, LWC, and attenuation.
It is based on the radiative transfer where the attenuation
caused by the cloud droplet absorption is proportional to
the LWC under the Rayleigh approximation. The retrieval
algorithm is free of cloud particle size distribution assumptions
and radar attenuation corrections, which reduces the LWC
overestimation of the traditional empirical method when there
are large particles in the cloud. It can be applied to both
single-layer and multilayer nonprecipitation clouds as well as
precipitation clouds with drizzle below the base.

The algorithm is evaluated using one-year Ka-band
millimeter-wave radar, MWR observations, and aircraft in situ
measurements during summer IOPs at the ENA site. It is
demonstrated that the absorption coefficient dependence on
the cloud temperature has little impact on the retrieval.
By examining the algorithm for different cloud types according
to the LWP, the vertical structure of LWC, and the distribution
of the derived optimal parameters, we show that our retrieved
LWC is in reasonably good agreement with the LWC provided
by in situ instruments on board the G1 aircraft during the
same period and the retrieved LWP is more consistent with
the LWP from the MWR than the LWP from the traditional
empirical algorithm. The retrieved error of the new algorithm
has little dependence on cloud thickness and radar reflectivity,
which is an important improvement to the traditional empirical
algorithm that shows large overestimations for thick clouds
and large-sized particles with high reflectivity. Furthermore,
the parameters/coefficients used in the empirical approaches
are in the range of the retrieved ones, but the parameters in the
new algorithm are uniquely determined for each radar profile,
which is a significant advantage for reducing the error caused
by using the fixed coefficients in the traditional empirical
algorithm. Considering that this algorithm is based on the
detection principle of millimeter-wave radar, it can be modified
to be applied to spaceborne single-band millimeter-wave radar
to obtain global LWC. However, radar in space observes
in a top-down way. It could be challenging to quantify the
contribution of ice cloud overlying LLC to the attenuation
for further investigate, although most marine LLCs usually
form under large-scale downward motion without too much
ice clouds above them.

In conclusion, unlike previous method based on empirical
relationships, our algorithm starts from the radiative transfer
theory and considers the absorption features in the Rayleigh
regime to establish a self-consistent relationship among LWC,
absorption attenuation, and radar reflectivity. The major
limitation of the algorithm is that it requires cloud thickness
being greater than three radar bins and it is only valid for
cloud droplets with particle sizes compared to millimeter
wavelengths satisfying the Rayleigh approximation. The most
advantage of this new algorithm is that it leverages the
absorption signal instead of correcting it and thus is not
affected by the presence of a small amount of drizzle with
large particle sizes in the cloud. The method can significantly
reduce the large uncertainty in the conventional LWC
estimation and is applicable to single-wavelength millimeter
cloud radar for cloud LWC retrieval, including the spaceborne
radar.

APPENDIX

The parameters K ∗, r0, and r in (4) represent the mass
attenuation coefficient, the radar range at the cloud base,
and the range between the cloud base and the cloud top,
respectively. Equation (4) is derived from (1) to (3) in this
article, and the details of the derivation process are given as
follows.

According to (3), the relationship between the unattenuated
and measured reflectivity can be rewritten as

aZb
e (ri ) = aZb

m(ri )e
0.46bK ∗

∫ ri
r0

aZb
e (s)ds

. (A1)

Assuming that

x = 0.46K ∗

∫ ri

r0

aZb
e (s)ds (A2)

and

v = ebx. (A3)

Based on (A2) and (A3), the following differential equations
can be gained:

dx = 0.46K ∗aZb
e (r)dr

dv = bvdx. (A4)

Thus, Ze can be expressed as

aZb
e (r) =

1
0.46K ∗

dx
dr

=
1

0.46K ∗

dv
bvdr

. (A5)

By combining (A1) and (A5), we can obtain the formulas
as

1
0.46K ∗

dv
bvdr

= aZb
mv. (A6)

Namely, from (A6), (A7) in this article is established as

dv
v2 = 0.46abK ∗ Zb

mdr. (A7)
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