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Abstract 10 

An innovative neural network retrieval algorithm is developed for retrieving ocean surface wind 11 
speed from the Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation (CALIPSO) lidar 12 
measurements. The neural network is trained with CALIPSO ocean surface and atmospheric 13 
backscatter measurements together with collocated Advanced Microwave Scanning Radiometer for 14 
EOS (AMSR-E) ocean surface wind speed.  15 
Ocean surface wind speeds are derived by applying the neural network algorithm to CALIPSO 16 
measurements between 2008 and 2020. CALIPSO wind speed measurement of 2015 also compare 17 
with Advanced Microwave Scanning Radiometer 2 (AMSR-2) measurements on the Global Change 18 
Observation Mission – Water "Shizuku" (GCOM-W) satellite. Aerosol optical depths are then 19 
derived from CALIPSO’s ocean surface backscatter signal and theoretical ocean surface reflectance 20 
calculated from CALIPSO wind speed and Cox-Munk wind – surface slope variance relation.   21 
This CALIPSO wind speed retrieval technique is an improvement from Hu et al.  (2008), as it can be 22 
applied to most clear skies with optical depths up to 1.5 without making assumptions about aerosol 23 
lidar ratio.  24 

1 Introduction 25 

Ocean surface capillary-gravity wave slopes follow Gaussian distribution. The variance of the 26 
Gaussian distribution increases linearly with the atmospheric wind speed 10 m above the ocean 27 
surface (Cox and Munk, 1954). Visible and near-infrared light scattered by the ocean surface with the 28 
wind-driven capillary-gravity waves follows Snell’s law. With a light source shining down 29 
perpendicular to the ocean surface, light reflected by the ocean surface back toward the light source 30 
reduces when wind speed increases because the probability of the ocean surface to be flat reduces 31 
when the variance of Gaussian distribution increases. 32 

Spacebased lidar measurements, such as CALIPSO measurements, can be used for estimating the 33 
variance of each laser shot (around 70 m diameter at ocean surface) when aerosol loading is very low 34 
and uncertainty in atmospheric attenuation is relatively low (Hu et al., 2008). The error of wind speed 35 
estimates from CALIPSO increases with aerosol optical depths. It is possible to derive aerosol optical 36 
depth accurately using CALIPSO ocean surface backscatter measurements with collocated wind 37 
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speed derived from collocated radar (Josset et al., 2008) and microwave radiometer measurements 38 
(e.g., AMSR-E and AMSR-2) (He et al., 2016; Tang et al., 2018). Due to uncertainty in aerosol lidar 39 
ratios, which is the ratio of extinction and backscatter cross sections, previous studies either use 40 
CALIPSO measurements to derive wind speed while assuming aerosol optical depth, or derive 41 
aerosol optical depth while assuming wind speed. CALIPSO ocean surface backscatter properties and 42 
wind speed measurements are also used for calibrations of lidar measurements of phytoplankton 43 
(Behrenfeld et al., 2013; Lu et al., 2020). Unfortunately, there are times when microwave wind speed 44 
measurements are unavailable. 45 

Assuming marine aerosol lidar ratios of similar seasons and similar locations are similar for different 46 
years, it is possible that we can develop an aerosol lidar ratio statistics from a year when there are 47 
collocated wind speed measurements. This study intends to establish an innovative method of 48 
deriving ocean surface wind speed and aerosol optical depth simultaneously using one year of 49 
CALIPSO and AMSR-E data, and apply the algorithm to derive both wind speed and aerosol optical 50 
depth in other time when wind speed is not available. 51 

Turbulence plays an important role in the exchange of momentum, energy, and greenhouse gases 52 
between the atmosphere and ocean. High spatial resolution ocean surface atmospheric wind speed 53 
derived from this study will help to improve our understanding of vertical turbulence exchange and 54 
air-sea interaction. 55 

2 Data 56 

Lidar data from Version 4 CALIPSO level 1 data (Vaughan et al., 2019), together with collocated 57 
ocean surface wind speed data from AMSR-E measurements are used in this study. The CALIPSO 58 
data includes, 59 

1. Total (parallel + perpendicular polarization) 532 nm ocean surface and subsurface integrated 60 
attenuated lidar backscatter; 61 

2. Perpendicularly polarized 532 nm ocean surface and subsurface integrated attenuated lidar 62 
backscatter; 63 

3. 1064 nm ocean surface and subsurface integrated attenuated lidar backscatter; 64 
4. Total (parallel + perpendicular polarization) 532 nm column integrated atmospheric 65 

integrated attenuated lidar backscatter; 66 
5. Perpendicular polarized 532 nm column integrated atmospheric integrated attenuated lidar 67 

backscatter; 68 
6. 1064 nm column integrated atmospheric integrated attenuated lidar backscatter. 69 

Due to low pass filter and detector after-pulsing, CALIPSO’s ocean surface backscatter spreads into 70 
three vertical range bins plus a long tail (Hu et al., 2008). Thus it is difficult to separate backscatter 71 
from ocean surface and subsurface. Thus the ocean surface and subsurface backscatter include the 72 
three surface range bins and two extra range bins below them. As ocean surface backscatter does not 73 
depolarize, the 532 nm perpendicularly polarized backscatter are contributed by the ocean subsurface 74 
theoretically. Water absorbs strongly at 1064 nm (absorption coefficient about 50 m-1), ocean 75 
subsurface contributes very little to the 1064 nm ocean surface and subsurface backscatter. 76 

The column integrated atmospheric backscatter parameters include summations of all the 77 
atmospheric lidar backscatter signals between ocean 0 and 40 km above ocean surface.  78 
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3 The physics behind the lidar measurements of ocean surface wind speed, neural network 79 
wind speed retrieval algorithm, and data analysis 80 

 81 

If there is nothing between a smooth ocean surface and the lidar pointing vertically to the surface, a 82 
fraction (about 2%) of the laser light will be reflected (R) by the ocean surface and the rest refracted 83 
into the water, following the Fresnel formula:  84 

𝑅 = (
𝑛 − 1
𝑛 + 1)

! 85 

Here n is the refractive index of water (around 1.335 and 1.325 at 532 nm and 1064 nm, 86 
respectively). 87 

The ocean surface becomes rough due to wind-driven capillary-gravity waves, with wavelength 88 
around 1 cm. Ocean surface roughness increases with wind speed.  For a wind-less ocean surface, the 89 
reflected light is highly focused at the backscatter angle and thus most reflected photons will be 90 
received by the lidar. Fewer photons will reach the lidar receiver when the ocean surface becomes 91 
rough since reflected light is less focused and some of the reflected light goes to other directions too. 92 
Higher wind leads to rougher surface and fewer photons received by the lidar. The lidar backscatter 93 
signal is proportional to the probability of the surface of the capillary-gravity waves is perpendicular 94 
to the line-of-sight of the laser beam. It relatively is insensitive to waves with longer wave lengths, 95 
such as swells. This theoretical ocean surface reflectance follows a Gaussian distribution (Cox and 96 
Munk, 1954): 97 

𝑃(𝑉) =
𝑅

4𝜋(0.003 + 0.00512 ∗ 𝑉) 𝑒
"( $%&'
(.((*+(.((,-!∗/)

!
 98 

Here V is the ocean surface wind speed. Thus, lidar backscatter signal is inversely proportional to 99 
ocean surface wind speed. For low wind speed (V<7 m/s, the formula was revised (Hu et al., 2008), 100 
based on the collocated CALIPSO/AMSR-E measurements. The exponential term for nadir pointing 101 
laser (q=0) is 1. Recent studies (e.g., He et al., 2016, Tang et al., 2018) use Gram–Charlier ocean 102 
surface reflectance model to relating wind-driven wave slope variances to sea surface wind speeds. 103 
As the lidar is pointed 3 degree off-nadir since 2008, the measurements are relatively insensitive to 104 
changes in wind directions.  105 

To estimate ocean surface wind speed from CALIPSO lidar measurements, it is important to (1) have 106 
good calibration of the lidar measurements; (2) estimate the reduction of ocean surface lidar 107 
backscatter signal due to light attenuation (scattering and absorption) by the atmosphere. Backscatter 108 
profiles in CALIPSO’s Version 4 level 1 data are highly accurately calibrated. Atmospheric two-way 109 
transmittance can be estimated from CALIPSO’s atmospheric backscatter profiles, but it will require 110 
an assumption of the so-called lidar ratio of particulates in the atmosphere, which links atmospheric 111 
backscatter to attenuation (Hu et al., 2008). Assuming aerosol optical depth of 0.2. A 10% error in 112 
lidar ratio can cause an aerosol optical depth uncertainty of 0.02 or higher. That will result in a 5% 113 
uncertainty in the estimates of ocean surface backscatter estimates and 0.5 m/s wind speed 114 
uncertainty.       115 

The neural network ocean surface wind speed retrieval method is an improvement of the earlier study 116 
that retrieved ocean surface wind from CALIPSO lidar measurements (Hu et al., 2008). The 117 
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nonlinear neural network algorithm automatically adjusts aerosol lidar ratios that minimize wind 118 
speed retrieval errors using the ocean surface and atmospheric signals. Thus the neural network 119 
algorithm does not require assume a predetermined lidar ratios (Hu et al., 2008) to retrieval wind 120 
speed. The neural network algorithm only requires that a relationship between wind speed and wave 121 
slope exists and it does not make assumption about the exact relationship between wind speed and 122 
wave slope either.  123 

The MATLAB functional fitting neural network, fitnet, is adopted for this study. The input variables 124 
of the neural network are the following CALIPSO measurements, 125 

1. Total (parallel + perpendicular polarization) 532 nm ocean surface and subsurface 126 
lidar backscatter; 127 

2. Perpendicularly polarized 532 nm ocean surface and subsurface lidar backscatter; 128 
3. 1064 nm ocean surface and subsurface lidar backscatter; 129 
4. Total (parallel + perpendicular polarization) 532 nm column integrated atmospheric 130 

lidar backscatter; 131 
5. Perpendicular polarized 532 nm column integrated atmospheric lidar backscatter; 132 
6. 1064 nm column integrated atmospheric lidar backscatter; and 133 
7. Latitude.  134 

Wind speed is inversely proportional to the ocean surface backscatter after correcting for atmospheric 135 
attenuations. If atmospheric attenuation can be properly corrected, wind speed can be derived from 136 
either 532nm or 1064 nm ocean surface backscatter. Perpendicular backscatter (#2 of the neural 137 
network input parameters listed above) carries information for removing ocean subsurface 138 
backscatter of total backscatter (#1 and #3 in the input parameter list). The ratio of 532 nm and 1064 139 
nm ocean surface backscatter (#1 and #3 in the list) carries information of fine mode aerosol optical 140 
depths. Atmospheric backscatter measurements (#4, 5 and 6 of the input parameter list) carry aerosol 141 
information. The neural network algorithm automatically adjusts lidar ratios to reduce errors in ocean 142 
surface wind speed. The algorithm selected lidar ratios change with the atmospheric backscatter (#4, 143 
4, 6) and latitude (#7) as well as wind speed themselves.  144 

The output variable is collocated ocean surface wind speed from AMSR-E microwave radiometer 145 
measurements. The input CALIPSO variables are averaged 40 km along-track in order to match the 146 
AMSR-E footprint size.  147 

One limiting factor of space-based lidar measurements of ocean surface wind speed is the presence of 148 
thick clouds and aerosols. Although CALIPSO has a highly sensitive detector, accurate wind speed 149 
measurements still require more than a thousand of photons to reach the telescope, in order to have a 150 
SNR of 10 and thus wind speed uncertainty of 1 m/s (Hu et al., 2008). Each CALIPSO 532 nm laser 151 
pulse has 0.11 J of laser energy (about 3x1017 photons). Ocean surface reflectance is roughly 0.04 sr-1 152 
(for a 6 m/s wind speed). As the CALIPSO satellite is 705 km above the ocean surface, its 1-meter 153 
diameter lidar telescope intercepts 1.6x10-12 sr solid angle of backscatter from ocean surface. If there 154 
are no atmospheric attenuations, there are about 20000 photons entering the receiver. To have a 155 
thousand or more photons reaching the telescope for accurate wind speed retrievals without 156 
horizontal averaging, the maximum optical depths of the clouds and aerosols in the atmosphere 157 
should be less than 1.5 (two-way transmittance, e-2*1.5, around 0.05). This study only includes 158 
relatively “clear sky” condition with integrated attenuated backscatter of the ocean surface above 159 
0.002 sr-1. 160 
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 161 

Figure 1. Left panel: histogram of wind speed difference between CALIPSO wind speed and 162 
AMSR wind speed; Right panel: number of observations (color) of collocated CALIPSO and 163 
MODIS wind speed. 164 

 165 

 166 

Figure 2. Comparisons of annual mean 2015 CALIPSO ocean surface wind speed (upper left 167 
panel) and wind speed from collocated AMSR-2 measurements *upper right panel). Lower 168 
panel: difference between CALIPSO and AMSR-2 wind speed. 169 

CALIPSO lidar backscatter measurements of January 2008 and collocated ocean surface wind speed 170 
measurements from AMSR-E instruments on Aqua satellite (75 seconds ahead of CALIPSO) are 171 
used for training the neural network CALIPSO ocean surface wind speed algorithms. To test the 172 
algorithm, the neural network algorithm is applied to CALIPSO measurements of the entire 2008 to 173 
retrieve ocean surface wind speed. The left panel of Figure 1 shows that the retrieval results are 174 
unbiased, with an average wind speed difference between CALIPSO and AMSR-E around 0.001 m/s. 175 
The standard deviation of the wind speed difference between CALIPSO and AMSR-E, which is 176 
considered as instantaneous error, is around 1.05 m/s (left panel of Fig. 1). The retrieved CALIPSO 177 
wind speeds agree with AMSR-E for both low and high wind speeds (right panel of Fig. 1). 178 
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The neural network algorithm is applied to CALIPSO measurements between 2008 and 2020, when 179 
the lidar is tilted 3 degree off-nadir to derive ocean surface wind speeds at 1 km resolution. While the 180 
ocean surface backscatter is at single shot resolution, input parameters of integrated attenuated 181 
backscatter of the atmosphere is averaged to 5 km along track. The SNRs for both the surface and the 182 
atmosphere are around 60. 183 

Figure 2 shows that the spatial distributions of the annual mean CALIPSO wind speeds (upper left 184 
panel) agree with wind speed measured by AMSR-2 instrument (upper right panel of Fig. 2) onboard 185 
the GCOM-W satellite, which is a few minutes ahead of Aqua satellite. CALIPSO over-estimates 186 
wind speed at coastal waters by as much as 1 m/s, especially in coastal regions with smoke and dust 187 
aerosols, heavy pollutions and the Southern Oceans near Antarctica (lower panel of Fig.2). It is 188 
possibly due to (1) the errors associated with CALIPSO’s atmospheric two-way transmittance 189 
estimates; (2) biases in AMSR-E wind speed in coastal regions. But it is more likely due to (2) and 190 
less likely due to (1). In these coastal regions with dusts and heavy pollution, aerosols lidar ratios are 191 
significantly higher than the ones in open ocean and the neural network algorithm will most-likely 192 
under-estimate the lidar ratios in these coastal regions. Under-estimates of lidar ratio can cause 193 
under-estimates of atmospheric two-way transmittance and over-estimates of the ocean surface 194 
reflectance, which will result in under-estimates of CALIPSO wind speed. The data is the upside of 195 
that as CALIPSO wind speed is larger. Reanalysis suggests that microwave measurements of wind 196 
speed in the Southern Oceans and coastal regions are lower than models (Zhang et al., 2018). As 197 
spatially variability of sea surface temperature is high in these region, it is possible that AMSR-2 198 
under-estimated wind speed in these regions. 199 

 200 

 201 

Figure 3. Seasonal mean (upper panel: March/April/May, 2014; lower panel: 202 
September/October/November, 2014) ocean surface wind speed comparisons between 203 
CALIPSO (left panels) and AMSR-2. 204 

The seasonal statistics of the wind speeds between CALIPSO (left panels of Fig. 3) also agree with 205 
AMSR-2 (right panels of Fig.3). The upper panels of Fig.3 are measurements of spring months 206 
(March, April and May) of 2014, Lower panels are fall (September, October and November) 207 
measurements. 208 
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After the wind speed is derived from the neural network algorithm, it is straight forward to derive the 209 
aerosol optical depths (AOD), t,  210 

𝜏 = −0.5 ∗ log 8
𝛽1234%56
𝑃(𝑉) : − 𝜏%73 −	𝜏898&6 211 

Here P(V) is the theoretical ocean surface reflectance, bsurface is CALIPSO 532 nm ocean surface 212 
integrated attenuated backscatter signal. Ocean subsurface signal is subtracted similar to Hu et al. 213 
(2008). tair is the optical depth of the 532 nm molecular scatter. And tozone is absorption optical depth 214 
of ozone.  215 

 216 

Figure 4. Comparison between aerosol optical depths (AOD) of year 2015 derived from 217 
CALIPSO ocean surface backscatter and wind speed (left panel) and AOD measured from 218 
MODIS instrument on Aqua satellite (right panel). Thick dusts are not considered in the 219 
CALIPSO measurements when ocean surface signal is too weak.  220 

Figure 4 shows the spatial distributions of CALIPSO aerosol optical depths of 2015 (left panel) and 221 
MODIS aerosol optical depths (right panel). The MODIS aerosol optical depth is from the MODIS 222 
Collection 6.1 monthly mean data product MOD08_M3.006 (Platnick et al., 2015). As the CALIPSO 223 
algorithm is applied to thinner aerosols (ocean surface attenuated backscatter greater than 0.002 sr-1), 224 
CALIPSO’s measurements of dust optical depths in the tropical Atlantic region are much lower than 225 
MODIS. 226 

 227 

 228 

Figure 5. Aerosol optical depth of spring (March/April/May) 2008 (Left panel) and fall 229 
(September/October/November) 2008. 230 

Figure 5 shows seasonal statistics (Left panel: March, April and May of 2008; Right panel: 231 
September, October and November of 2008) of the aerosol optical depths derived from CALIPSO 232 
ocean surface backscatter and CALIPSO wind speed from the neural network retrieval. 233 
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 234 

4 Summary  235 

An innovative neural network retrieval algorithm is developed for retrieving ocean surface wind 236 
speed from CALIPSO lidar measurements. The neural network is trained with CALIPSO ocean 237 
surface and atmospheric backscatter measurements together with collocated AMSR-E ocean surface 238 
wind speed.  239 

The training set includes collocated CALIPSO and AMSR-E measurements of January 2008. The 240 
algorithm is tested by applying the algorithm to all CALIPSO measurements during 2008 and 241 
comparing the 2008 CALIPSO wind speed with collocated AMSR-E measurements. The 242 
comparisons show that the CALIPSO wind speed is unbiased and the instantaneous errors 243 
(comparing with AMSR-E) is 1.05 m/s.  244 

Ocean surface wind speeds are derived by applying the neural network algorithm to CALIPSO 245 
measurements between 2008 and 2020, when the lidar is tilted 3 degrees off nadir. CALIPSO wind 246 
speed measurements of 2015 also compare with AMSR-2 measurements on GCOM-W satellite.  247 

Aerosol optical depths are then derived from CALIPSO’s ocean surface backscatter signal and 248 
theoretical ocean surface reflectance calculated from CALIPSO wind speed and Cox-Munk wind – 249 
surface slope variance relation.   250 

Previous studies (e.g., Hu et al., 2008; He et al., 2016; Tang et al., 2018) require knowing one of the 251 
two properties (wind speed, aerosol optical depth) to derive the other from CALIPSO. This 252 
innovative approach retrieves both wind speed and aerosol optical depth CALIPSO.  253 

The neural network CALIPSO wind speed retrieval technique is an improvement from Hu et al. 254 
(2008), as it can be applied to most clear skies with optical depths up to 1.5 without making 255 
assumptions about aerosol lidar ratio.  256 

The wind speed and aerosol optical depth data will be available to the community upon requests.  257 
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