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Bi-spectral method for simultaneous retrieval of cloud
optical thickness (COT) and effective radius (CER)

Nakajima and King 1990 JAS
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Key assumptions made in the
operational MODIS cloud retrieval

* Within a pixel, cloud is both vertically and
horizontally homogenous (“homogeneous pixel”

* A pixel is independent of surrounding pixels, i.e., no
net horizontal photon transport (“independent pixel
~assumption—IPA”)




Outline

* Theory:

* A novel framework based on 2-D Tayler expansion for quantifying the uncertainty in
MODIS retrievals caused by sub-pixel reflectance inhomogeneity. (Zhang et al. 2016)

« How cloud vertical structure influences MODIS LWP retrievals. (Miller et al. 2016)

* Observation:




Theoretical advances I:

A novel framework for quantifying the impact of Sub-
pixel inhomogeneity on MODIS retrievals
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Horizontal Sub-pixel Inhomogeneity (SPI)
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Plane-parallel homogeneous bias

Marshak et al. 2006

Because Ryis is non-linearly dependent on COT, if a pixel is
inhomogeneous the retrieved COT based on the averaged
reflectance is smaller than the sub-pixel mean COT
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Because Rswir is non-linearly dependent on CER, if a pixel is
inhomogeneous the retrieved CER based on the averaged
reflectance is smaller than the sub-pixel mean CER
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Plane-parallel homogeneous bias

Marshak et al. 2006 (@
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A unified framework for quantifying
PPHB based on 2-D Taylor expansion

Zhang et al. 2016 JGR (in press)
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A unified framework for quantifying
PPHB based on 2-D Taylor expansion

Zhang et al. 2016 JGR (in press)
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A unified framework for quantifying
PPHB based on 2-D Taylor expansion

Zhang et al. 2016 JGR (in press)
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A unified framework for quantifying
PPHB based on 2-D Taylor expansion

Zhang et al. 2016 JGR (in press)
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A unified framework for quantifying
PPHB based on 2-D Taylor expansion

Zhang et al. 2016 JGR (in press)
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A unified framework for quantifying
PPHB based on 2-D Taylor expansion

Zhang et al. 2016 JGR (in press)
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Numerical

simulation With this

framework, we will
be able to quantify
the pixel-level
uncertainty due to
PPHB in the
operational
MODIS products!

Prediction from
our framework

Correlation
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Theoretical advances ll:

Impact of cloud vertical structure on MODIS LWP retrieval

LWP=Cp,1r,

B
% Ttot_T 2 2 1
re(T):re( - ) LWP—_IO[J- r(T)dT__plﬁ 1 e tot

Homogeneous cloud:B=0; C=2/3 . , "
Adiabatic cloud:B=1/5; C=5/9 Whlc?h one Is better"
it depends...

Miller et al. 2016 JGR

Case 2: Adiabatic Cloud with Case 3: Transition Zone
Drizzle Production Above Adiabatic Cloud

r(2/3)=17<0 rQ2/3)-r' >0 | r(213)=r <0
r(5/9=r, r(5/9)-r>0 | ! r(5/9)-r >0
WD =, QW) =7 W)= 7 <0

LES LWP

-1 (Cloud Optical Height)




Outline

* Theory:

« A novel framework based on 2-D Tayler expansion for quantifying the uncertainty in
MODIS retrievals caused by sub-pixel reflectance inhomogeneity. (Zhang et al. 2016)

« How cloud vertical structure influences MODIS LWP retrievals. (Miller et al. 2016)




Failed MODIS retrievals for MBL clouds

Annual mean retrieval failure rates
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Cloud property retrievals from

tion ASTER observations
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Cloud property retrievals from
high-resolution ASTER observations
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Summary

* Theory:

* A novel framework based on 2-D Tayler expansion for quantifying the uncertainty in
MODIS retrievals caused by sub-pixel reflectance inhomogeneity. (Zhang et al. 2016)

« How cloud vertical structure influences MODIS LWP retrievals. (Miller et al. 2016)

* Observation:
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Why are these issues important?

Liquid cloud amount

Liquid cloud mean= 21.66 percent A N N

Min= 0.00 Max = 71.59
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Liquid cloud effective radius

Liquid cloud particle size mean= 10.79
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Liquid cloud particle size means= 1540
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Cloud Vertical Structure?
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SWIR band Cloud reflectance is more sensitive to the microphysics of cloud top than lower
portion of cloud, which can be explained by the vertical weighting function.

As predicted by the vertical weighting function, the 2.1 um band penetrates and therefore
“sees” deeper into the cloud than the 3.7 um band.

An important implication for retrieval is that CER2.1 < CER3.7 for pure adiabatic cloud structure.



Cloud Vertical Structure?
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* SWIR band Cloud reflectance is more sensitive to the microphysics of cloud top than lower
portion of cloud, which can be explained by the vertical weighting function.

* As predicted by the vertical weighting function, the 2.1 um band penetrates and therefore
“sees” deeper into the cloud than the 3.7 um band.

 Animportant implication for retrieval is that CER2.1 < CER3.7 for pure adiabatic cloud structure.




Plane-parallel homogeneous
bias (PPHB)?
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Independent pixel assumption?

LES cloud fields Radiative Transfer Simulatons Synthetic retrievals
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Other possible reasons

» Algorithm issues, e.g., bugs in the code, errors in
ancillary data, etc.

* Cloud particle size distributions deviate from the
assumed Gamma or Log-normal distributions [Zhang




Take-home messages

« Although looking at the same clouds, MODIS 3.7um band retrieves
significantly smaller CER for MBL clouds than the 2.1 um band. This
spectral CER difference has also been noted by other teams using
independent algorithmes.

« The difference shows a strong dependence on sub-pixel inhomogeneity
(SPI), which cannot be explained by the “traditional” PPHB that assumes
CER and COT retrievals to be independent.
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