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Abstract Retrieval of ice cloud properties using IR measurements has a distinct advantage over the visible
and near-IR techniques by providing consistent monitoring regardless of solar illumination conditions.
Historically, the IR bands at 3.7, 6.7, 11.0, and 12.0μmhave been used to infer ice cloud parameters by various
methods, but the reliable retrieval of ice cloud optical depth τ is limited to nonopaque cirrus with τ< 8. The
Ice Cloud Optical Depth from Infrared using a Neural network (ICODIN) method is developed in this paper by
training Moderate Resolution Imaging Spectroradiometer (MODIS) radiances at 3.7, 6.7, 11.0, and 12.0μm
against CloudSat-estimated τ during the nighttime using 2months of matched global data from 2007. An
independent data set comprising observations from the same 2months of 2008 was used to validate the
ICODIN. One 4-channel and three 3-channel versions of the ICODIN were tested. The training and validation
results show that IR channels can be used to estimate ice cloud τ up to 150 with correlations above 78% and
69% for all clouds and only opaque ice clouds, respectively. However, τ for the deepest clouds is still
underestimated in many instances. The corresponding RMS differences relative to CloudSat are ~100 and
~72%. If the opaque clouds are properly identified with the IR methods, the RMS differences in the retrieved
optical depths are ~62%. The 3.7μm channel appears to be most sensitive to optical depth changes but is
constrained by poor precision at low temperatures. A method for estimating total optical depth is explored for
estimation of cloudwater path in the future. Factors affecting the uncertainties and potential improvements are
discussed. With improved techniques for discriminating between opaque and semitransparent ice clouds, the
method can ultimately improve cloud property monitoring over the entire diurnal cycle.

1. Introduction

Clouds comprise a key component of weather and climate. They alter the flow of solar and infrared radiation
through the atmosphere between the surface and space, they serve as the source of precipitation, and their
disappearance or formation affects the local sensible and latent heat balance. Because cloud processes occur
throughout the diurnal cycle, it is critical for weather and climate models to accurately account for clouds
both day and night. Numerical models require observations to develop parameterizations based on under-
standing of the processes and to validate the results [e.g., Fridlind et al., 2012]. Additionally, direct assimilation
of cloud properties, such as cloud optical depth or water path [Jones et al., 2013, 2015; Chen et al., 2015], in
weather models can demonstrably improve forecasts of critical parameters. The optimal source of cloud
parameters for these weather and climate applications is satellite imager data, which provide contiguous
spatial coverage and in the case of geostationary satellites, relatively continuous temporal coverage.
Remote sensing of cloud properties from imager data has developed dramatically since the beginning of
the satellite era and today provides a wealth of information about clouds in near-real time from a variety
of satellites [e.g., Minnis et al., 2008a]. Yet there remain significant limitations on what can be retrieved using
current algorithms, thus restricting the utility of the satellite data for providing critical cloud property information
for weather and climate applications.

A full suite of cloud parameters can be determined from a combination of solar and infrared channels on
modern research and operational satellite imagers [e.g., King et al., 2003; Heidinger, 2003; Minnis et al.,
2011b]. These include cloud fraction, top height and temperature, visible (~0.65μm) optical depth τ, and
effective particle radius re, among other variables. The cloud water path (CWP) can be derived, with certain

assumptions, from the product of τ and re. At night, using only a limited number of infrared channels, it is
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possible to retrieve the same suite of variables, except that values of τ or re cannot be directly determined
unless τ< 5 or so [Szejwach, 1982; Inoue, 1985; Liou et al., 1990; Lin and Coakley, 1993; Ou et al., 1993;
Huang et al., 2004; Yue and Liou, 2009;Minnis et al., 2011b]. Without the solar reflectance channels, the retrie-
vals are limited to semitransparent clouds only. Nominally, the retrieval algorithms can decide if a cloud is
opaque at infrared wavelengths [e.g., Hong et al., 2010a], but they cannot determine whether the cloud opti-
cal depth is 8 or 100, for example, due to a lack of definitive information within the infrared channel data.
Thus, the use of those cloud properties and CWP for weather and climate applications has been confined
to the daytime, a restriction that compromises the utility of the data. For example, a short-term forecast of
convective storms based on assimilated satellite-retrieved values of CWP could be significantly degraded
at night if the estimate of CWP is an assigned default value in the locations of important convective clouds
and the near-storm environment [e.g., Jones et al., 2016].

The launch of the Suomi National Polar-orbiting Operational Environmental Satellite System (NPOESS)
Preparatory Platform (SNPP) satellite with the Visible Infrared Imaging Radiometer Suite (VIIRS) has made it
possible to retrieve opaque cloud optical depth using a day/night band (DNB) that measures reflected moon-
light [Walther et al., 2013]. This exciting advance in cloud remote sensing is tempered by the complex nature
of the sources contributing to the light received by the sensor, which include auroras, city lights, and fires
[Hillger et al., 2013]—making the approach most useful over the global oceans at low to middle latitudes.
Additionally, the intensity of the moonlight, though predictable [Miller and Turner, 2009], is highly variable
and is near zero for roughly half of the lunar cycle as viewed from the SNPP orbit. Thus, despite its great
potential, the DNB channel cannot be used to continuously monitor the optical properties of optically thick
clouds at night. A different approach is needed to provide a more comprehensive solution.

Minnis et al. [2012] demonstrated that brightness temperatures (BT) and brightness temperature differences (BTD)
at certain infrared wavelengths are sensitive to variations in τ and re for values of τ up to 20 and possibly even to
higher values of ~100. These wavelengths, 3.7, 6.7, 8.5, 10.8, and 12.0μm, are similar to those among the channels
on board most current satellite imagers such as the Moderate Resolution Imaging Spectroradiometer (MODIS). A
hint of the sensitivity and correlation of the data is evident in Figure 1, which shows the ice water path (IWP) and
BTD between the 6.7 and 11μm channels determined from the eastern Geostationary Operational Environmental
Satellite (GOES) imager data over the Southern Great Plains during a daytime hour. The IWPwas retrievedwith the
method of Minnis et al. [2011b]. There is clearly some relationship between the two parameters, but it does not
appear to be a singular function.Minnis et al. [2012] found dependencies of BTD(6.7–11) on τ for a deep convective
cloud case, but because the radiance sensitivities to τ are quite small, especially for τ> 20, the relationship can
easily be lost in the measurement noise and model uncertainties. Furthermore, BT and BTD values are not always
sensitive to optical depth for opaque clouds. Thus, a direct approach based on modeling the radiance fields is
impractical for retrieving nocturnal opaque ice cloud properties.

One method that skirts the need for a physical retrieval is the neural network. Kox et al. [2014] developed a
neural network method to determine τ and cloud top height Zt for nonopaque ice clouds using seven

Figure 1. Parameters derived from GOES 13 over Southern Great Plains, 2015 UTC, 20 May 2013. (a) Ice water path and (b) brightness temperature difference
between 6.7 and 11 μm channels.

Journal of Geophysical Research: Atmospheres 10.1002/2015JD024456

MINNIS ET AL. CLOUD OPTICAL DEPTH USING NEURAL NETWORK 4908



infrared channels as input and τ from the Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) on the
Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation (CALIPSO) [see Winker et al., 2007] satellite
as output. That algorithm, applicable only to ice clouds having τ< 2.5, proved quite successful at reproducing
the CALIOP-based retrievals of τ and Zt from passive infrared data. In earlier preliminary studies using MODIS
data for input and retrievals based on CALIOP and CloudSat [Stephens et al., 2002] Cloud Profiling Radar (CPR)
[Im et al., 2005] data for output, Hong et al. [2010b, 2012] found that a neural network approach might pro-
vide a reasonable estimate of τ for opaque ice clouds because it can simultaneously utilize the small amount
of information available from each channel. This method, however, has not yet been fully documented and
analyzed in detail. Nevertheless, it is clear that the neural network technique could prove valuable in over-
coming, to some extent, the apparently inherent limitations of using only infrared data for cloud retrievals.

To address the need for obtaining reliable cloud optical depth information at night, this paper expands on
the initial work of Hong et al. [2010b, 2012] andMinnis et al. [2010a, 2011a] to document and further develop
this prototype method for using a neural network to estimate τ for opaque ice clouds from multispectral
infrared brightness temperatures and their differences. Here the target output values consist of ice cloud
optical depths from CPR data, because they are available both day and night and the CPR retrievals serve
as optimal reference sets for training the neural network. Multispectral infrared data from MODIS are used
as input to train the neural network to estimate τ. Because the channel complement differs from imager to
imager, the technique, referred to as the Ice Cloud Optical Depth from Infrared using a Neural network
(ICODIN), is tested using different combinations of channels centered near 3.7, 6.7, 10.8, and 12.0μm. The
method is assessed using independent CPR data as well as daytime retrievals using the MODIS visible channel
and nighttime retrievals using the DNB from VIIRS. The potential uses and pitfalls of the ICODIN are
then discussed.

2. Data

The ICODIN is developed to complement nocturnal retrievals that retrieve cloud properties for nonopaque
clouds. The input data consist of multispectral radiances from passive imaging radiometers that are assumed
to be associated with optically thick, i.e., opaque, ice clouds. The output data are optical depths derived from
the active sensor.

2.1. Passive Satellite Data

Nocturnal brightness temperatures from 1 km Aqua MODIS channels 20 (3.7μm), 27 (6.7μm), 31 (11.0μm),
and 32 (12.0μm) from March and October of 2007 and 2008 are used as the input for the ICODIN. The bright-
ness temperatures of those channels and the 8.5μm channel are included among the results of an intermedi-
ate step in the processing of the A-Train CALIPSO, CloudSat, Clouds and the Earth’s Radiant Energy System
(CERES), and MODIS merged product (C3M) [see Kato et al., 2010, 2011]. CERES is the Clouds and Earth’s
Radiant Energy System [Wielicki et al., 1998] project. The C3M processing matches up to three CALIPSO foot-
prints with each MODIS pixel along its ground track. It then assigns the nearest CloudSat footprint to each of
those MODIS pixels. The cloud properties from MODIS, retrieved using the algorithms ofMinnis et al. [2011b],
are included with the matched CALIPSO and CloudSat products along with radiances from 18 MODIS chan-
nels. Those matched data, constituting part of the C3M intermediate product, are used here. The CloudSat
ground track is parallel to Aqua and is viewed by MODIS at viewing zenith angles (VZA) up to 18°. No correc-
tions are made for parallax effects because of the small differences in VZA. Night is defined here as the solar
elevation being at least 3° below the horizon, that is, at solar zenith angles exceeding 93°.

One Aqua MODIS image granule from July 2012 is used for comparison of ICODIN results with matched SNPP
VIIRS DNB retrievals because VIIRS lacks the 6.7μm channel. Another Aqua MODIS granule from 2007 is used
for a daytime comparison with the ICODIN output.

2.2. Active Satellite Data

A large sample of data representative of the input and output parameters in the retrieval process is needed to
train the neural network method. The primary output parameter here is ice cloud optical depth (ICOD).
Neither CALIPSO nor CloudSat alone is sufficient for providing a complete picture of opaque cloud vertical
structure. The CPR tends to miss thin clouds composed of small cloud particles (the minimum detection is
�30 dBZ [Stephens et al., 2008]) particularly those at the tops of opaque ice clouds. The CALIOP signal detects
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the ice crystals at cloud top missed by the CPR but is completely attenuated by optically thick clouds (τ> 3)
[Kato et al., 2010]. Therefore, the combination of CloudSat and CALIPSO data would provide the most com-
plete cloud vertical profile. However, since the CALIOP typically measures an additional optical depth of only
~0.3 or less above the tops of opaque ice clouds determined from the CPR [e.g., McGill et al., 2004] and the
minimum τ of 8 is the target here, then the exclusion of the extra τ from CALIOP adds a potential underesti-
mate of the total ice τ value of 1–12% depending on the total depth of the cloud. However, much larger rela-
tive biases could occur for clouds with τ< 8. In those instances, CloudSat could underestimate ICOD by 50%
for τ =2. Nevertheless, given potential biases of up to 25% in the CloudSat retrievals [Austin et al., 2009], the
absence of the CALIOP contribution to the total ICOD should have minimal impact on the estimates of truly
opaque ice cloud τ values. Thus, the C3M CloudSat products are used alone to compute τ. The profiles of IWC
and re in C3M are from the CloudSat L1B Release 4 2B-CWC-RO product [Austin et al., 2009], which includes
three types of vertical profiles of ice water content (IWC) that make different assumptions about the tempera-
ture dependence of cloud particle phase. This study uses the profile type which assumes that all hydrome-
teors above the altitude corresponding to �20°C are ice phase and below the level corresponding to 0°C
are liquid. Between the 0° and �20°C levels, the proportion of ice increases linearly from 0 to 100% with
decreasing temperature.

To obtain the optical thickness of opaque ice clouds, the vertical profiles of IWC that are derived from
CloudSat are used to estimate the total optical depth of ice clouds using

τ□□ ¼
X 3

4
IWC
reρ

QeΔz; (1)

where IWC and re are from CloudSat, ρ is ice particle density (0.917 g cm�3
), Δz is the vertical thickness of the

ice cloud, and Qe, the extinction coefficient for ice clouds, is given a value of 2 in this study.

The C3M global matched MODIS and CloudSat data from March and October 2007 are used as the training
set. The March and October 2008 global matched data comprise the independent validation data set.

3. Methodology

To effect a retrieval using the neural network for opaque ice clouds, it is necessary to define what is opaque
and determine which clouds meet that definition. Theoretically, the visible optical depth τ is approximately 2
times the infrared optical depth. Thus, the nadir view emissivity ε of a plane-parallel homogeneous cloud
asymptotes to unity as τ increases from 4 (ε=0.865) to 10 (ε= 0.993). Deciding at which emissivity the cloud
is effectively opaque is somewhat arbitrary given that no cloud is truly plane parallel and homogeneous, and
the inference of the emissivity is subject to considerable error. For this study, it is assumed that an opaque
cloud has an emissivity equal to or greater than 0.982, which corresponds to τ =8 at nadir. However, the
ICODIN must operate independently from the CPR data, and therefore, it is necessary to select data corre-
sponding to τCS ≥ 8 using only the imager data. The available methods as well as the CPR retrieval are subject
to significant uncertainties and therefore may not always select the same data. In recognition of those short-
comings, the training is performed using one passive method and an “ideal” method to select which pixels
correspond to opaque clouds. The latter assumes that the pixels having τCS ≥ 8 can be selected without error,
while the former selects pixels based entirely on what the passive technique indicates are opaque clouds.
Additionally, a second passive method is used in the application of the ICODIN to evaluate the sensitivity
of the results to the method employed for selecting opaque clouds. Nominally then, the ICODIN is applicable
for ice cloud optical depths above 8. The maximum τ that can be retrieved is based on the selection criteria
and the apparent limits of the information [Minnis et al., 2012]. As the results will show, the minimum can be
quite different from the nominal value of 8 and the method can occasionally yield τ values as large as 150.

3.1. Opaque Ice Cloud Selection From Imager Data

The primary passive method used here for selecting opaque ice cloud pixels from MODIS data to develop
the initial version of the ICODIN uses the 6.7, 8.5, 11, and 12 μm channels. The procedure combines the bis-
pectral technique of Baum et al. [2000] and the trispectral technique of Choi et al. [2007] to identify ice
clouds. The bispectral technique determines ice phase by satisfying either of the two tests: BT(8.5) ≤
238 K or BTD(8.5–11) ≥ 0.5 K [Baum et al., 2000; Menzel et al., 2006], while the trispectral technique deter-
mines ice phase by satisfying one of the three tests: BT(11) ≤ 238 K, BTD(11–12) ≥ 4.5 K, or BT(6.7) ≤ 234 K.
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Once classified as an ice cloud, the technique of Hong et al. [2010a] is used to classify the cloud as being
opaque (τ ≥ 8) or semitransparent. These three approaches comprise the primary passive method used for
training and are collectively denoted here as the Baum/Choi/Hong (BCH) technique. The ideal method
requires that optical depths from BCH and from CloudSat are greater than or equal to 8 for both training
and application.

The alternate approach for examining the sensitivity of the results to the passive method of opaque ice cloud
selection is the standard CERES method for retrieving cloud properties at night, the Shortwave-infrared
Infrared Split-window Technique (SIST) [Minnis et al., 2011b]. The SIST uses BT(3.7), BT(11), and BT(12) to
retrieve phase, Tc, τ, and re, where Tc is the effective radiating temperature of the cloud, typically correspond-
ing to an optical depth of ~1 below the geometric cloud top for optically thick clouds [Minnis et al., 2008b].
The SIST attempts retrievals up to τ =16, in some cases, but more often, it classifies the cloud as opaque and
assigns default values of 8, 16, or 32 to clouds deemed as such. Here it is used only for independent evalua-
tion of the CODIN and not for training.

Because the ICODIN must operate independently from CloudSat, it is important to understand the shortcom-
ings of both the input and output data sets. Even though the BCH or the SIST determines a pixel’s cloud as
being opaque ice, CloudSat could have a different classification. In a comparison with the CALIOP phase clas-
sification for single-layered clouds, it was found that the SIST agreed with CALIPSO 94% of the time over snow
and ice-free areas and 88% of the time over snow and ice-covered areas [NASA, 2015]. Compared with
CloudSat and CALIPSO data, the BCH correctly identifies ~81% of the sampled upper tropospheric clouds
as either opaque or semitransparent [Hong et al., 2010a]. While a portion of the misclassified pixels here is
likely to be optically thin clouds, the phase of some opaque clouds will be misclassified in the supercooled
temperature range. For those BCH pixels classified as opaque ice and are actually thin ice according to the
CPR retrieval, the BCH-trained ICODIN will tend to force the revised retrieval to yield τ< 8.

Phase selection in the supercooled range is difficult for both radar and infrared methods. Thus, the assump-
tions made about cloud particle phase in the CWC-RO product are entirely temperature based and can either
underestimate or overestimate the actual ice CWC and affect τCS accordingly. Retrieval of cloud properties in
the presence of precipitation is a difficult problem due to the sensitivity of the radar to precipitation-sized
particles [Austin, 2007]. Because most of the precipitation is in the lower part of the clouds, the sensitivity
should have smaller impact on the ice CWC. The CloudSat optical depth depends on the retrieved profiles of
CWC and re. Deng et al. [2013] found that re values from the CWC-RVOD product are 30–50% larger than in situ
measurements, while the CWC retrievals were relatively unbiased. Since the CWC-RO and CWC-RVOD products
are statistically the same [Protat et al., 2010], it can be concluded that the CWC-RO re likely suffers from similar
biases. Thus, τCS could represent a significant underestimate of the actual ICOD. On the other hand, from a dif-
ferent set of in situ measurements, Austin et al. [2009] found that IWC was generally overestimated with much
scatter, so that it would compensate somewhat for any overestimate of re. Confident quantification of the errors
in all of these methods is not complete owing to the paucity of definitive information. At this time, it is safe to
conclude that uncertainties in both the input and output data could introduce significant scatter in the results.

In addition to the BCH, the SIST was also applied for comparison. For 2007, the SIST classified ~0.55 million
pixels as opaque ice (τ ≥ 8) having BT(11)< 260 K or ~11% of all pixels containing ice in some layer according
to CloudSat. BCH classified 1.61 million pixels or ~23% as opaque ice for the same period. Of the SIST opaque
ice pixels, the SIST and BCH shared 59%, leaving 0.22 million pixels classified as opaque ice by SIST and not by
BCH. Conversely, the BCH classified as opaque ice 1.28 million pixels that were not similarly identified by the
SIST. These two methods are clearly different and should provide a measure of the ICODIN sensitivity to
selected pixels.

3.2. Imager Retrievals for Comparisons

Cloud properties were derived from one 2007 daytime MODIS granule using the Visible Infrared
Shortwave-infrared Split-window Technique (VISST) [see Minnis et al., 2011b]. The SIST was used for
selected granules to evaluate the performance of the ICODIN at night.

A nighttime SNPP VIIRS image granule was also analyzed using the SIST and VISST, but with the DNB
substituting for the visible (0.65 μm) channel for the VISST retrieval. It was assumed that the cloud
reflectance at 0.65μm is the same for the DNB bandwidth so that the daytime reflectance model used by
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the VISST [Yang et al., 2008] could be used at night. The DNB channel is much broader (0.5–0.9μm) than the
MODIS visible channel (0.615–0.678) so that some error will occur based on this assumption. The incoming
moonlight intensity was computed using a revision of the model described byMiller and Turner [2009], which
originally had an uncertainty of 7–11%. The uncertainty in the predicted lunar illumination from the revised
model is between 5 and 10%.

3.3. Neural Network Retrievals

As noted in section 1, there are physical reasons why it might be possible to retrieve optical depths for opa-
que ice clouds using only a few infrared channels. To further illustrate the relationships between spectral
infrared brightness temperatures and ICOD, Figure 2 plots the distribution of BT(11) and various BTDs as a
function of τCS for all C3M data taken over water between 60°N and 60°S for the month of October 2010 using
data having τCS> 2. The insets in each panel show the mean values of the thermal parameter for each τCS bin.
Figures 2a–2c show the dependence of BTD(6.7–11) for 3 BT(11) ranges. BTD(6.7–11) tends to increase with
rising τCS for BT(11) between 230 and 240 K (Figure 2a) and starts to asymptote around τCS = 25 for BT(11)
between 220 and 230 K (Figure 2b) and for BT(11) between 210 and 220 K (Figure 2c) although the variation
around zero tends to diminish as τCS rises further. For all of the data having τCS> 2, the observed BT(11)
decreases asymptotically as τCS approaches 60 (Figure 2d). The decreasing temperature implies a higher cloud
top that, in turn, indicates the possibility for more cloud ice mass. While the scatterplots for BTD(3.7–11) in
Figure 2e and for BTD(11–12) in Figure 2f do not seem to show decreasing values beyond τCS = 12, the averages
in the insets demonstrate that BTD(3.7–11) continues to decrease beyond τCS = 30, with noisy results for

Figure 2. Frequency distributions of number of pixels having a particular pair of BT or BTD and τCS values for τCS> 2 over nonpolar ocean, October 2010: (a–c) BTD
(6.7–11) for different ranges of BT(11), (d) T11, (e) BTD(3.7–11), and (f) BTD(11–12). Insets show the mean thermal parameter as a function of τCS.
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τCS> 30. The mean BTD(11–12) con-
tinues decreasing toward zero up to
τCS = 60. These plots are consistent, to
some extent, with the theoretical calcula-
tions of Minnis et al. [2012], which reveal
very small, monotonically diminishing
differences in the BTD values of the three
BTD combinations considered here. The
computations ofMinnis et al. [2012] show
that BTD(3.7–11) is ~3 K for τ =20,
decreases to ~1K at τ =60, and
approaches zero at τ =150. The mean in
Figure 2e is very close to 3K for
τCS = 20. The noise in BTD(3.7–11) for
τCS> 30 is due mostly to the drop in
the 3.7μm channel accuracy at low tem-
peratures, as discussed in section 5, and
likely masks the continuing decrease in

BTD(3.7–11). From these results, it is clear that there is some small amount of information in each channel that
appears to be lost in the noise but could possibly be exploited. By using information from all three BTDs and BT
(11), it is hoped that ICOD can be estimated more accurately than possible with currently available methods
(e.g., SIST).

Different from the direct retrieval of a parameter value using a representative physical model, neural network
algorithms aim to identify the relationship between input and output variables by learning from a set of
observed or simulated data [Karayiannis and Venetsanopoulos, 1993]. A neural network is a computer model
composed of individual processing elements that are called neurons. The network can comprise multiple
layers of neurons interconnected with other neurons in different layers that are referred to as the input, hid-
den, and output layers. The neurons are those neurons that receive signals from outside the neural network.
Hidden neurons are between input and output neurons. They connect to both the input and output neurons.
Output neurons combine the signals from the hidden layers and transmit signals to a receiver. The strength
of the connection between two neurons is defined by a weight. The weights represent the memory of an arti-
ficial neural network and are used to determine the level of influence a given input has on the output layer. So
the inputs are processed by a weighted summation function to produce a sum that is passed to a transfer
function. The output of the transfer function is the output of the output neurons. A neural network constructs
a nonlinear numerical model of a physical process in terms of network parameters that are trained with input
and output parameters to determine the weights for any given connection.

Figure 3 shows the architectural graph of a three-layer perceptron with an input layer, a hidden layer, and an
output layer. The neurons of the input layer are represented by vector P(p1, p2,…, pm�1, pm), wherem is the
number of the input neurons or parameters. In the current study,m= 10 is used for the neural network train-
ing. The 10 neurons of P are BT(3.7), BT(6.7), BT(11), and BT(12), BTD(3.7–6.7), BTD(3.7–11), BTD(6.7–11), BTD
(11–12), latitude, and longitude. The number of neurons in the hidden layer is determined during neural
network architecture design and adjusted to produce best neural network performance. Here n= 50 neurons
are used in the hidden layer for training. The number of neurons in the output layer is the number of output
parameters in the retrieval. In this case, the opaque ice cloud optical depth τ, as indicated in Figure 3, is the
lone output. The hidden layer weighting vector, W, is given in the form of

w1;1 w1;2 … w1;n�1 w1;n
w2;1 w2;2 … w2;n�1 w2;n
⋮ ⋮ ⋱ ⋮ ⋮

wm�1;1 wm�1;2 … wm�1;n�1 wm�1;n
wm;1 wm;2 … wm;n�1 wm;n

0
BBB@

1
CCCA;

where wm,n is the weight between input neuron, pm, and hidden neuron, n. The output layer weighting
vector, V(v1, v2, …, vn�1, vn) comprises the weights between the hidden neurons and the output neuron.
The vector, B(b1, b2, …, bn�1, bn), is the bias in the hidden layer, and b is the bias in the output layer.

Figure 3. Schematic diagram of three-layer neural network used to
determine opaque ice cloud visible optical depth τ.
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The network training function of Bayesian regulation backpropagation is used for the three-layer neural
network. This training function updates the weight and bias values according to Levenberg-Marquardt
optimization. It minimizes a combination of squared errors and weights and then determines the correct
combination so as to produce a network that generalizes well. During the training, different transfer functions
between the input and hidden layers and between the hidden and output layers were investigated. It was
found through initial testing that using a log-sigmoid transfer function s(x) to propagate to the hidden layer
and a hyperbolic tangent sigmoid transfer function t(x) to propagate to the output layer produces the
optimal network performance. The log-sigmoid and the hyperbolic tangent sigmoid transfer functions,
respectively, are

s xð Þ ¼ 1
1þ exp �xð Þ ; (2)

and

t xð Þ ¼ 2
1þ exp �2xð Þ � 1: (3)

During initial trials using this approach, both re and τ were selected for output. However, no skill was found for
estimating re, so as noted above, the analysis seeks only one output parameter, τ.

The training was performed for all MODIS pixels classified as opaque ice by the BCH method and having BT
(11)< 260 K, which is warmer than the center of the supercooled temperature range but substantially colder
than the freezing level. Temperatures less than 260 K are often associated with thick ice clouds such as cirrus
anvils or deep convective elements [e.g., Tian et al., 2004]. Additionally, the training was performed separately
for pixels having BT(11)< 250, 240, and 235 K, to determine if the skill could be improved by additional clas-
sification. This approach implicitly assumes that no optically thick ice clouds occur with top temperatures
greater than 260 K.

The ICODIN was trained using four different combinations of channels: a four-channel method using BT(3.7),
BT(6.7), BT(11), and BT(12) and relevant BTDs denoted as ICODIN4 and three 3-channel methods. The
ICODIN3a, which uses BT(6.7), BT(11), BT(12), BTD(6.7–11), and BTD(11–12), is applicable day and night, while
ICODIN3b, which uses BT(3.7), BT(11), BT(12), BTD(3.7–11), and BTD(11–12), can be used on sensors lacking a
6.7μm channel. A third night-only version, ICODIN3c, uses BT(3.7), BT(6.7), BT(11), BTD(3.7–6.7), BTD(3.7–11),
and BTD(6.7–11) and could be used for sensors lacking a 12μm channel.

During the training, out of the total about 1.6 million collocated data for 2007 meeting the criteria listed ear-
lier, one out of every three pixels was selected for the training process. Of those selected pixels, 60% were
chosen randomly to comprise the training set, which was employed to compute the gradient and update
the network weights and biases. Of the remainder, 20% were extracted for validation and 20% were used
for testing. Computer memory limitations necessitated this downsizing of the data set. The independent
2008 data set included ~1.7 million pixels, which is roughly 34% of the total number of C3M pixels for the
time period. After training, the ICODIN method was applied to all of the 2007 and 2008 data.

4. Results

Retrievals are presented for all versions of the ICODIN and for the SIST. Table 1 summarizes the six different
methods compared here. Since the SIST is not a neural network algorithm, it requires no training.

4.1. Four-Channel Neural Network (ICODIN4) Training and Validation

To determine the optimal set of temperature thresholds for using ICODIN, histograms of τ from CloudSat and
the four ICODIN4 training and validation runs were created and plotted as shown in Figure 4. CloudSat results
are shown as black and red lines, while the various ICODIN4 results are shown as blue and green lines.
Frequencies for τ< 50 are shown in Figures 4a and 4b for BT(11)< 260 and 235 K and for BT(11)< 250 and
240 K, respectively. Similarly, Figures 4c and 4d show the corresponding results for optical depths between
30 and 150 on a different scale. The ICODIN and CloudSat distributions in Figure 4 are close, but not identical.
The greatest divergences appear for τ< 10 for BT(11)< 260 and 250 K, for τ< 20 for BT(11)< 240 K, and
between τ =10 and 20 for BT(11)< 235 K. All of the curves drop off exponentially from τ< 2. It is clear that
many of “opaque” pixels as determined by the imager retrievals contain ice clouds having τ< 8. Overall,
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68% of the clouds identified as opaque ice by the BCH method were determined to be semitransparent
(τ< 8) by CloudSat. Similar results (48%) were found for the SIST method. This apparent misidentification
by the BCH and SIST probably involves impacts of phase misclassification and optical depth errors in the
imager retrievals, uncertainties in the CloudSat retrieval and assumed phase, and the occurrence of thin
ice clouds over water clouds with only small or no vertical separation between the layers. That last condition
would likely result in a false determination of opaque ice by one or both of the passive methods.

Here it is assumed that an optimal approach is that which would produce the same distributions of τ as
observed by CloudSat. To determine the temperature threshold that yields the optimal statistical representa-
tion of the CloudSat ice cloud optical depths τCS, the ratio, N(τCN4)/N(τCS), was plotted in Figure 5 for both the
2007 and 2008 results, where τCN4 is the ICODIN4 optical depth and N is the number of samples in a given
optical depth bin defined by either τCN4 or τCS. The ratios for τ< 50 and τ ≥ 50 for 2007 are plotted in
Figures 5a and 5b, respectively. Their 2008 counterparts are shown in Figures 5c and 5d. For both 2007
and 2008, the ratio is closest to 1.0 for BT(11)< 260 K for τ between 8 and 50. For τ< 8, all thresholds produce
large errors, except for BT(11)< 235 K during 2007. For τ> 50 (Figures 5b and 5d), the ratio drops almost lin-
early from near unity to near zero at τ =150, indicatingmuch reduced skill for retrieving values of τ> 60 using
ICODIN4. The black curve is mostly on top for 2007 (Figure 5b), while the red curve appears to yield more for
τ> 120 or so for 2008 (Figure 5d). Considering the complexity in application and the evident uncertainties
for each threshold, it was decided to use the training set for BT(11)< 260 K, except when the set for BT
(11)< 235 K produces a value of τ> 110. The latter set is used to maximize the retrieval of the larger optical
depths. Although the ratios were near unity for BT(11)< 235 K and τCS< 8, including those criteria in the
method made no difference in the overall agreement with τCS. Thus, the combination of the two training sets
noted above constitutes the method used hereafter for all forms of the ICODIN.

Figure 6 shows the relative importance of the different input parameters to ICODIN4 for the various tempera-
ture constraints as computed from the connection weights using the method of Garson [1991]. Latitude and
longitude appear to be most important followed by BTD(11–12) and BTD(6.7–11). The other parameters
mostly have relative weights of less than 10% with BT(11) and BTD(3.7–6.7) having the smallest values. This
is surprising given the results in Figure 2. The weights change with temperature threshold by 20% or more.

The final training results using the four channels are shown as density scatterplots in Figure 7, where the bin
size is one optical depth unit. For clarity, the results are plotted separately for τCS< 15 (Figure 6a) and τCS ≥ 15
(Figure 6b). Note the different color bars used for the two plots. The goal of this study is to estimate τ for
opaque ice clouds. Figure 6a reveals that semitransparent—as determined from CWC-RO—clouds are more
common in this data set despite the best efforts of the BCH to identify opaque clouds. Nevertheless, ICODIN4
tends to assign more appropriate optical depth values to those “thin” opaque clouds. The data remain corre-
lated for τCS ≥ 15 but are skewed. The results are very similar for the 2008 validation data set (not shown). For
both 2007 training and independent 2008 results the correlation coefficients, R, between the τCN4 and τCS
values are 0.80 and 0.78, respectively. The bias for the training results is only �0.07 (�0.8%), while the
2008 bias is �0.10 (�1.2%). The corresponding standard deviations of the differences (SDD) are 99 and
105%. The accuracy of the ICODIN4 applied to the independent data set is only slightly degraded and,
therefore, should be generally applicable to all MODIS data, at least, for those observations near nadir.

Table 1. Methods Tested for Estimating Opaque Ice Cloud Optical Deptha

Retrieval
Method

Training Opaque Detection
Method

Channels Used Application Opaque Detection
Methods

BCH ICODIN4 BCH 3.7, 6.7, 11, and
12 μm

BCH and SIST

ICODIN3a BCH 6.7, 11, and 12 μm BCH
ICODIN3b BCH 3.7, 11, and 12 μm BCH
ICODIN3c BCH 3.7, 6.7, and 11 μm BCH
SIST NA 3.7, 11, and 12 μm BCH and SIST
Ideal ICODIN4 BCH + τCS> 8 3.7, 6.7, 11, and

12 μm
BCH+ τCS> 8

aNA: not available.
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The scatterplots for the ideal case (not shown) are similar in appearance except that they lack any pixels
having τ< 8. For the ideal cases, R is diminished to 0.73 and 0.71 for 2007 and 2008, respectively. The corre-
sponding biases are �0.07 (0.3%) and �0.33 (1.5%). Substantial improvement was gained in the SDD values,
which are 61% and 63% for 2007 and 2008, respectively. Given those statistics for the ideal cases, confining
the true optical depth domain to τ> 8 is preferable and, in application, will require better methods than are
currently available for determining opaque clouds from the passive imagery.

The sample densities of scatterplots in Figure 7 do not coincide with the line of agreement. As expected from
the results in Figure 5, the ICODIN4 results at the low end (τ< 15) are mostly greater than the CPR values,
while the opposite occurs at the high end. There, relatively few ICODIN4 values exceed 70; however, there
are τCN4 values as large as 100, but fewer than 5 (not shown) in a given optical depth pair. Thus, ICODIN4
tends to dampen the range but still yields a relatively high correlation. To determine if the results are imbal-
anced, themean values of τCN4 and τCS were computed for every 2.5 ICODIN4 optical depth intervals between
0 and 50 and for every five optical depth intervals for τCN4> 50. Figure 8 shows the binned averages con-
nected by a line. The means tend to follow the line of agreement up to τCN4 ~ 70 and then diverge with
the 2007 and 2008 data going above and below the line, respectively. The divergence suggests that either
the sample set is too small for the larger optical depths or the information content is diminished, or both.
Given the trends in Figures 5b and 5d, it is likely that the information content is greatly diminished as τ
increases beyond 50. However, these results show that on average, for any given value of τCS< 70, τCN4 is
unbiased relative to τCS.

Figure 4. Probability distributions of 2007 global τ values retrieved from CloudSat data and from Aqua MODIS using ICODIN4 with four observed 11 μm brightness
temperature thresholds. (bin size = 1). (a and b) For τ ≤ 50. (c and d) For τ> 30.
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Figure 5. Ratio of occurrence frequencies of ICODIN4 optical depth to those of CloudSat optical depth for a given CloudSat ice cloud optical depth. Note the scale
difference between left and right panels. (a and c) For τ ≤ 50. (b and d) For τ> 50.

Figure 6. Relative weights of the input parameters for ICODIN4.
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The damping effect of the neural network on the extreme values, suggested by Figure 5, can also be seen in
regional averages. Figure 9 plots the average nighttime opaque ICOD for 2° latitude by 2° longitude regions
from the CPR and fromMODIS using ICODIN4. While the patterns are very similar, the CloudSat retrievals have
more dark blue (τ< 3) areas, especially in higher latitudes and more red (τ> 50) regions, particularly in the
tropics. The ICODIN4 means tend to be smoother than their CPR counterparts. Those same 2° × 2° regional
averages are compared in a scatterplot (Figure 10), which shows that overall, the averages are unbiased
and the mean regional difference could be as large as 65% at the one standard deviation level. It is clear from
the plot that for many regions, the ICODIN4 overestimates the mean τ by 1�2 for τ< 3 and underestimates
the mean for τ> 15.

Figure 11 shows an example of the ICODIN4 applied to MODIS data along the CloudSat ground track for a
MODIS granule taken over the tropical eastern Pacific at 0830UTC 25 July 2008. The track, shown as a line
over the multispectral (Figure 11a) and BT(11) (Figure 11b) images, passes through areas of deep convection
separated by low clouds. The line is black except over opaque ice clouds where it is red. The CPR reflectivity

image for the ground track segment
between 8°N and 14°N (Figure 11c)
shows cloud tops reaching 15 km and
a melting layer near 5 km with two deep
cells around 10°N. The corresponding
optical depths retrieved from the CPR
and MODIS (ICODIN4) are plotted as
blue and red points, respectively, in
Figure 11d. Estimates of ICOD by the
SIST alone, τSIST, are also shown as green
points. Values of τCN4 and τCS track well
for much of the segment, but τCN4
underestimates τCS for values exceeding
50. Those values are mostly greater than
τSIST, which defaults to either 16 or 32
for many of pixels. Figure 11e compares
τCS and τCN4 for the ideal case. In this
instance, the ICODIN4 follows CloudSat
more closely and yields values of τCN4
up to 105. ICODIN4 overestimates τCS

Figure 7. Density scatterplots of nocturnal opaque ice cloud optical depths retrieved from CloudSat and Aqua MODIS data
using ICODIN4 from the 2007 training period for (a) τCS< 15 and (b) τCS> 15. BCH was used to determine opaque clouds.
Solid line indicates linear regression fit. Dashed line is the line of agreement.

Figure 8. Mean bin opaque ice cloud optical depth from CPR retrieval as a
function of ICODIN4 optical depth from 2007 training (solid) and 2008
validation results (dashed). Each bin corresponds to 2.5 (τCN4< 50) and 5
(τCN4 ≥ 50) ICODIN4 optical depth units.
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on the edges of the convective clouds, where the clouds remain thick but likely have less ice. While the ideal
case provides a more accurate ICOD for most of the opaque clouds, both results provide improved information
about opaque ice clouds than any default values.

This can be seen clearly in Figure 12, which compares the results of the ICODIN4 and the SIST applied to the entire
MODIS granule in Figure 11. Despite the lack of training at off-nadir VZAs, the ICODIN4 (Figure 11a) produces a
very reasonable distribution of τ values compared to the images in Figures 11a and 11b. Few, if any pixels in the
northwestern sector, have τCN4> 100, while a large area of τCN4> 100 is evident for the massive convective sys-

tem near 6°N, 87°W, which is dominated
by pixels having BT(11)< 200K. It is not
clear if these larger values are the result
of VZA effects. Many of the pixels selected
as opaque by the BCH yield τCN4< 8
(black pixels). These distributions can be
contrasted with the almost featureless
SIST retrievals (Figure 12c) from the
CERES Edition 4 analyses [Minnis et al.,
2010b] that have values of 32 for most
of the colder clouds. If the SIST is used
to select the opaque clouds for applying
ICODIN4 (Figure 12b), fewer areas are
selected as opaque clouds but some
different areas (e.g., near 4°N, 92°W)
are classified as opaque by the SIST.
Most of the clouds that appear to be
optically thick visually are selected by
both methods.

Figure 9. Geographical distribution of 2° × 2° regional mean opaque ice cloud optical thickness during nighttime in 2008
from (a) CloudSat CPR retrievals and (b) Aqua MODIS ICODIN4 retrievals.

Figure 10. Density plots of the correlation between 2008 2° × 2° regional
mean τ estimated from data in Figure 5 (bin size = 1).
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4.2. Three-Channel Neural Network (ICODIN3a, ICODIN3ab, and ICODIN3ac) Training and Validation

The ICODIN3a (no 3.7μm channel), the ICODIN3b (no 6.7μm channel), and ICODIN3c (no 12μm channel)
were trained using only the BCH and validated using the same data sets employed for ICODIN4. The resulting
statistics are shown in Table 2 along with those from the BCH and ideal ICODIN4 analyses as well as the SIST
retrievals. A total of 537,320 and 1,732,361matched points were used in ICODIN4 for 2007 and 2008, respectively.
The greater number of points in 2008was possible because the training (2007) was limited by computermemory
and the application of the trained algorithm (2008) is not constrained to keep all data in memory. Slightly

Figure 11. Example of matched Aqua MODIS and CloudSat CPR data and retrievals over eastern tropical Pacific Ocean
(108°W–84°W, 4°S–15°N), 0800 UTC, 6 June 2008. (a) MODIS granule RGB (red: inverted BT(11), green: inverted BT(12),
and blue: BTD(11–12)) image with overlay of CloudSat ground track as black and red (showing opaque ice clouds) line,
(b) MODIS BT(11) with CloudSat ground track, (c) CPR reflectivity along a track segment, and estimated optical thickness
from CloudSat (blue) and (d) BCH and (e) ideal ICODIN4 for opaque ice clouds (red).
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different numbers of pixels were identified as valid for the ICODIN3 analyses; thus, different mean optical depth
values were obtained for each case. Overall, ICODIN4 marginally produces the highest correlation with τCS and
smallest mean SDD, but the results from the various three-channel methods do not differ greatly from the
ICODIN4 statistics. The worst neural network performer is ICODIN3a, which lacks the 3.7μm channel. Its correla-
tion is lowest for the independent retrievals, and the SDD values are greatest overall. Increases in uncertainty
occur across the board for the 2008 data. All of the ICODIN methods produce more accurate results than the
SIST; the ideal case halves the SIST SDD.

Figure 13 shows the optical depths retrieved using the ICODIN3a, ICODIN3b, and ICODIN3c for the image ana-
lyzed in Figure 12. All three methods produce τ patterns similar to those generated by ICODIN4 (Figure 12a),
but each finds more extremely high (red) values for the large system on the right than ICODIN4. ICODIN3a
(Figure 13b) yields more low values (black) of τCN3a on the center right and fewer values around 35 or so (dark
blue). The ICODIN3b (Figure 13c) more closely resembles the ICODIN4 results overall but tends to run high.
ICODIN3c (Figure 13d) is also more like ICODIN4 than ICODIN3b but has fewer extremely high values overall.

The differences and similarities between the three- and four-channel methods are quantified in Figure 14,
which shows scatterplots made from the data in Figure 12a matched to the results in Figure 13. Optical
depths from ICODIN3a and ICODIN4 (Figure 14a) are highly correlated (R= 0.91), but the scatter is quite high
with SDD= 9.55, a value larger than that between τCS and τCN4 (Table 1). The absence of the water vapor
channel in ICODIN3b does not seem to make a great amount of difference compared to ICODIN4 as
R=0.97 and SDD=5.53 (Figure 14b). Furthermore, the values at the high end are mostly greater than those
from ICODIN4, a tendency that may counteract the shortfall in extremely high values seen in Figure 5. Unlike the
nearly linear distribution of points in Figure 14b, the results of ICODIN3c (Figure 14c) yield a clearly nonlinear rela-
tionship with an inflection around τCN4~70 and an overestimating bulge around τCS ~25. Its SDD value is 10%
greater than its ICODIN3b counterpart. Although the results in Table 2 all give comparable optical depths relative

Figure 12. Estimated opaque ice cloud optical thickness for Aqua MODIS granule (see Figures 9a and 9b) at 0800 UTC, 6
June 2008. τCN4 from ICODIN4 (3.7, 6.7, 11.0, and 12.0 μm) using (a) BCH and (b) SIST to identify opaque ice clouds and
(c) from CERES Edition 4 SIST retrievals using SIST retrievals or default values for opaque ice clouds.
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to CloudSat, Figure 14 indicates that the absence of the 6.7μmchannel has the least impact on results in contrast
to the weights seen in Figure 7. Perhaps, since these data are from the entire image with VZAs up to 67°, they
could indicate that the 6.7μm (3.7μm) channel is most (least) sensitive to VZA effects.

5. Discussion

The ICODIN approach has skill at retrieving ICOD but appears to have relatively large random uncertainties.
Moreover, it only retrieves ICOD and makes no attempt to retrieve the total optical depth, which would
include any liquid water in the column. The uncertainties and the impact of ignoring the liquid water are

Table 2. Correlation and Differences Between ICODIN and CPR Ice Cloud Optical Depths

Retrieval Method Year Mean R Bias Bias (%) SDD SDD (%)

BCH Opaque Only
ICODIN43.7, 6.7, 11, and 12 μm 2007 8.85 0.80 �0.07 �0.8 8.73 99

2008 8.50 0.78 �0.10 �1.2 8.89 105
ICODIN3a6.7, 11, and 12 μm 2007 8.95 0.79 �0.05 �0.6 9.20 103

2008 8.60 0.75 �0.07 �0.8 9.45 110
ICODIN3b3.7, 11, and 12 μm 2007 8.83 0.79 �0.09 �1.0 8.91 101

2008 8.51 0.78 �0.10 �1.2 8.94 105
ICODIN3c3.7, 6.7, 11 μm 2007 8.86 0.80 �0.05 �0.6 8.80 99

2008 8.51 0.77 �0.10 �1.2 9.13 107
SIST 2007 7.40 0.63 �2.42 �24.6 12.2 124.4

2008 7.16 0.64 �2.19 �23.4 11.6 124.4
Ideal (BCH and CloudSat Opaque)

Ideal ICODIN4 2007 21.8 0.73 �0.07 �0.3 13.2 61
3.7, 6.7, 11, and 12 μm 2008 21.3 0.71 �0.33 �1.5 13.5 63

Figure 13. Same as Figure 10 except for (b) τCN3a from ICODIN3a (6.7, 11.0, and 12.0 μm), (c) τCN3b from ICODIN3b
(3.7, 11.0, and 12.0 μm), and (d) τCN3c from ICODIN3c (3.7, 6.7, and 11.0). The BCH method was used in all cases to identify
opaque ice cloud pixels.
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discussed below. It is beyond the scope of this paper to provide a complete error analysis. Rather, the purpose
is to demonstrate the potential of the ICODIN approach and illuminate some of the factors that should be
considered when further developing and applying it.

5.1. Uncertainties

As seen in the analysis above, the retrieved ice optical depths are relatively unbiased, on average, but the
RMS errors (~SDD) are on the order of 100%. These errors are likely due to limitations in the ICODIN retrievals
and to uncertainties in the CloudSat retrievals. As discussed earlier, the sensitivity of the ICODIN channels to
changes in optical depth beyond the infrared opaque “limit” is likely due to subtle changes in the cloud top
structure and, especially for 6.7μm, the water vapor in the top levels of the cloud. The relationships among
the vertical structure, the ICOD, and the individual channel responses are probably not unique, which would
account for some of the scatter and the decreasing ability to detect a dependence on τ at values greater than
~60. For example, the vertical structure at cloud top could be the same for a cloud having τ =70 or 100 in
some cases, but not in others. Because the development of very thick ice clouds is mostly a deep convective
phenomenon, τ is also likely to be affected by the vertical profiles of temperature and humidity, the surface
temperature, and the stability. In this study, those factors, as well as surface type, were not considered.

At the bottom of the temperature range (BT< 220 K), values of BT(3.7) change by several K/count, drastically
reducing the precision of the observation. For extremely cold clouds having very large optical depths, the
3.7μm channel yields very noisy (and hence uncertain) temperatures that can be either larger or smaller than
their 11μm counterparts. This is illustrated in Figure 15, which shows BT(11) and BTD(3.7–11) for part of a
MODIS granule having a convective system over the northeast Pacific at 0925UTC, 5 July 2012. The BTD
(Figure 15b) peaks above 30 K for BT(11) ~ 245 K (Figure 15a). It drops with decreasing BT(11) to 3 or 4 K near
220 K and then varies between �5 and +10 K for BT(11)< 220 K consistent with the inset plots in Figure 2.
Striping and noise are evident for the coldest temperatures, where the 3.7μm signal-to-noise ratio drops dra-
matically and small calibration differences among the eight MODIS receivers are accentuated. Inaccurate
temperatures would reduce the potential for providing a distinct optical depth signal that could be exploited
by the ICODIN. The apparent capability of retrieving larger optical depths without the 6.7μm channel
(Figure 14b), however, suggests that this is not a large issue. On the other hand, the three-channel combina-
tion lacking the 3.7μmdata (Figure 14c) has the fewest values of τ> 100. This suggests that the 3.7μm chan-
nel is most sensitive to τ, so that having smaller errors in BT(3.7) at the low end of the range (180–200 K) could
lead to the retrieval of more values of τ> 70. This is consistent with the detailed radiative transfer calculations
inMinnis et al. [2012] that show BTDs using BT(3.7) continue to decrease toward zero for τ> 100. It, however,
is not consistent with relative importance of the channels seen in Figure 7.

Because the thermal radiation channels used here are sensitive to the vertical profiles of IWC and particle size,
the measured radiances that serve as input to the ICODIN can be affected by subtle variations in the vertical
profiles of those parameters, especially near cloud top. The CloudSat retrievals used to train the ICODIN,

Figure 14. Comparisons of opaque ice cloud optical thickness from three-channel methods with that, τCN4, from four-channel technique (ICODIN4) for the MODIS
granule in Figure 7. (a) τCN3a from ICODIN3a (6.7, 11.0, and 12.0 μm), (b) τCN3b from ICODIN3b (3.7, 11.0, and 12.0 μm), and (c) τCN3c from ICODIN3c (3.7, 6.7, and 11.0).
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however, are based on retrievals of IWC that can be highly uncertain. In addition to being biased high by
~25% relative to in situ measurements, the uncertainty in the individual retrievals often exceeds 100%
[Austin et al., 2009], especially for lower temperatures, IWC< 0.1 gm�3, and for clouds having τ< 15. Thus,
some of the sensitivity to variations in IWC that can affect the passive radiances is not likely being faithfully
represented in the training set’s output data. Thus, uncertainties of 100% in the ICODIN retrievals are
not surprising.

The goal of developing the neural network method here was to retrieve optical depths for opaque clouds as
defined by the BCH. Yet a large fraction of the ice clouds identified as opaque by the BCH or the SIST were
classified as semitransparent by the CloudSat analysis. Those retrievals are included in the statistics in
Table 2. Computing the difference statistics only for clouds classified as opaque by the ICODIN or by
CloudSat provides a better representation of how well the original goal was met. Tables 3 and 4 list the dif-
ference statistics for those MODIS pixels having τCS ≥ 8 and τCN ≥ 8, respectively. These data comprise a subset
of the entire data set used for Table 2. Removing the smaller CloudSat optical depths (Table 3) yields lower
correlations and a significant bias in the ICODIN results, as expected from Figures 5 and 6. The �20% bias
in the mean τCN for τCS ≥ 8 is accompanied by an ~20% decrease in SDD indicating that many of the largest
relative uncertainties in Table 2 were due to clouds having lower optical depths. In Table 4, the correlations
are similar to those in Table 3, but the biases are eliminated and the SDDs drop by another few percent. Thus,
when the ICODIN (not the BCH) classifies the cloud as opaque, it will, on average, have the same ICOD as the
CloudSat retrieval.

The original goal, then, is partially met. Of the total number of pixels originally identified as opaque, ~67% are
semitransparent and ~33% are opaque, according to ICODIN4. The pixels having τCN< 8 and τCS ≥ 8 comprise
~7% of the total fraction of pixels. This identification agreement or lack thereof is summarized in Table 5,
which breaks down the various classifications for the ICODIN4 and CloudSat results by percent of the total
number of pixels. For reference, of the 6.94 (7.44) million matched pixels containing some ice according to
CloudSat during 2007 (2008), 0.77 (0.80) million have τCS ≥ 8. Both ICODIN4 and CloudSat agree on the
classification ~84% of the time. The disagreement is nearly balanced with ICODIN4, on the whole, producing
1–2%more opaque clouds than CloudSat. The near balance is also seen in the optical depths. For those pixels
having τCN< 8 and τCS ≥ 8, the average τCN = 4.7, while the mean τCN is 12.5 for those having τCN ≥ 8 and
τCS< 8. The misclassification of ~68% of the pixels as opaque by BCH and the accuracy of the ideal method
suggest the need to develop a more accurate opaque ice cloud screening technique. However, the correct
(according to CloudSat) reclassification of ~60% of the BCH opaque pixels as semitransparent indicates that
ICODIN4 can also serve as an effective screening method for many semitransparent ice clouds.

If the SIST is used to select opaque pixels, the agreement is also ~84% overall, but ~51% of the pixels selected
by the SIST are truly opaque according to CloudSat. The reduced total number of pixels, however, belies the
notion that the SIST is better at selecting opaque clouds. For reference, of the 6.94 (7.44) million matched

Figure 15. Aqua MODIS image at night over the eastern Pacific at 0925 UTC, 5 July 2012, (a) BT(11) and (b) BTD(3.7–11).
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pixels containing some ice according to CloudSat during 2007 (2008), 0.77 (0.80) million have τCS ≥ 8. Thus,
the SIST detects only 37% of the total number of CloudSat opaque pixels compared to 67% for the BCH.
BCH maximizes the opaque cloud detection at the expense of increased false detections. The SIST reduces
the number of false detections but detects fewer opaque clouds.

5.2. Comparisons With Other Retrievals

Currently, thick cloud optical depths are mostly retrieved using reflected solar radiation measurements.
However, such retrievals yield the total cloud optical depth and not the separate contributions from ice
andwater hydrometeors that together often comprise the observed cloud. Optically thick ice clouds are com-
monly part of convective systems that are vertically contiguous with liquid water clouds or that have anvils
overlying low clouds or that are part of a baroclinic system with layers of liquid clouds below the ice layers.
Despite these potential differences, it is necessary to compare the ICODIN retrievals with their reflectance-
based counterparts to determine how they are related since the goal is to eventually develop a total visible
optical depth τV at night that matches the daytime retrievals as closely as possible. To begin that process, two
comparisons are made here.

Figure 16 shows the results for a nocturnal case from an Aqua MODIS image over the tropical eastern Pacific
at 0925UTC, 5 July 2012. The pseudo-RGB image (Figure 16a) reveals areas of deep convection in various
stages of development and dissipation. This case was selected because the Aqua and SNPP overpasses match
closely so that VIIRS and MODIS view essentially the same area at the same time. The optical depths from
MODIS using ICODIN4 are shown in Figures 16b and 16c using the BCH and SIST, respectively, to select thick
ice clouds. The results based on SIST are the same as those using the BCH criteria except that the SIST appears
to identify some thin cirrus over low clouds as being opaque (~5.5°N, 116°W). If the SIST alone is used to
determine the optical depths (Figure 16d), much of the selected cloud area is set to the default value of
32. These results can be compared with the DNB retrievals from VIIRS in Figure 16e, which showsmany clouds
having τDNB> 120. In most instances, τDNB> τCN4. As noted above, this result is not surprising given that a
significant portion of the cloud column is likely in liquid form and ICODIN typically underestimates the
ICOD when it exceeds 70. This can be seen in the light blue areas in Figure 16b/16c, which have values of
60–70, while the DNB optical depths are mostly red with τDNB> 120.

Table 3. Same as Table 2 Except for All Pixels With τCS ≥ 8
Method Year Mean R Bias Bias (%) SDD SDD (%)

ICODIN43.7, 6.7, 11, and 12 μm 2007 18.6 0.72 �3.7 �19.9 14.2 76.3
2008 18.1 0.69 �3.95 �21.8 14.7 81.2

ICODIN3a6.7, 11, and 12 μm 2007 18.0 0.72 �4.5 �25.0 14.7 81.7
2008 17.4 0.68 �4.8 �27.5 15.3 87.9

ICODIN3b3.7, 11, and 12 μm 2007 18.3 0.71 �4.0 �21.9 14.4 78.7
2008 17.9 0.69 �4.1 �22.9 14.7 82.1

ICODIN3c3.7, 6.7, and 11 μm 2007 18.5 0.72 �3.8 �20.5 14.3 77.3
2008 18.0 0.77 �4.1 �22.8 15.1 83.9

SIST 2007 12.6 0.53 �9.84 �43.8 19.6 87.2
2008 12.6 0.54 �9.61 �43.3 19.1 86.1

Table 4. Same as Table 2 Except for All Pixels With τCN ≥ 8
Method Year Mean R Bias Bias (%) SDD SDD (%)

ICODIN43.7, 6.7, 11, and 12 μm 2007 19.7 0.73 �0.05 �0.2 14.0 71.1
2008 19.5 0.69 �0.04 �0.2 14.5 74.3

ICODIN3a6.7, 11, and 12 μm 2007 19.3 0.71 �0.04 �0.2 14.5 75.1
2008 19.0 0.67 0.08 0.4 15.2 80.0

ICODIN3b3.7, 11, and 12 μm 2007 19.6 0.72 0.02 0.1 14.2 72.4
2008 19.5 0.69 0.09 0.5 14.5 74.3

ICODIN3c3.7, 6.7, and 11 μm 2007 20.1 0.72 0.00 0.0 14.3 71.1
2008 19.9 0.66 �0.05 �0.3 15.2 76.4
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Similarly, Figure 17 gives an example of applying ICODIN3a to a daytime image, in this case, from Aqua
MODIS data taken over the tropical western Pacific at 0235UTC, 1 February 2007. ICODIN3a is used in the day-
time because it does not use the 3.7μm temperatures, which include reflected solar energy. The pseudo-RGB
and BT(11) images in Figures 17a and 17b, respectively, indicate areas of very deep convection (dark blue in
Figure 17b) with low clouds scattered among the ice cloud areas. The ICODIN3a retrievals were performed
using the BCH (Figure 17c) and VISST (Figure 17d) criteria for optically thick ice clouds. During daytime, the
VISST retrieves optical depth directly from the 0.65μm reflectance, so the opacity should be less uncertain
than when using SIST. The ICODIN3a retrievals can be compared to the VISST optical depths in Figure 17e.
As in the DNB case, the optical depths from the neural network approach are generally less than their
VISST counterparts; however, there appear to be more instances where the τCN3a> τVISST than for the DNB
case in Figure 16. This could be expected to happen based on the noisier ICODIN3a retrievals shown in
Figure 14, which have considerable scatter relative to their ICODIN4 counterparts and should, therefore, over-
estimate or underestimate τCS by greater amounts than ICODIN4.

Daytime retrievals of τ or IWP for thick ice clouds, similar to those in Figures 16 and 17, generally assume that
the cloud is entirely ice and the effective particle size for the entire cloud is the same as the retrieved value,
even though it often represents only the top portion of the cloud column. As shown by Minnis et al. [2007]
and others, the true total optical depth retrieved with that assumption will typically be underestimated by
τVISST or τDNB, but that is a problem addressed elsewhere [Smith, 2014]. The parameter, τVISST, retrieved at
solar wavelengths uses the single-phase assumption. Thus, to achieve parity between τCS or τCN and τVISST,
it is necessary to find some means for estimating τV from the ice optical depth.

For purposes of demonstration, τV is estimated here for the two images in Figures 16b and 17c using one of
potentially many approaches. Smith [2014] developed amethod for estimating vertical profiles of cloud water
content (CWC) based on MODIS retrievals of Tc, τVISST, and IWPVISST matched to CloudSat CWC. The technique
also yielded a parameterization of the IWPCS as a function of IWPVISST, which is typically underestimated for
optically thick ice clouds because of larger particle sizes in the interior of the cloud than at cloud top. Smith
[2014] applied the parameterization, which assumes that liquid water comprises a portion of the ice cloud
whenever τVISST> 10, to more than 250,000 GOES pixels and tabulated the resulting mean values of τVISST
and IWPCS for six intervals of τVISST. Assuming equivalence of τCS and τCN, and that re of the ice portion of
the cloud increases with IWPCS from 30 to 80μm, the estimated value of τCN was computed as the product,
1.5 × IWPCS/re. With those assumptions, the resulting relationship is

τV ¼ 0:976�τCN þ 0:0115�τCN2: (4)

Equation (4) was applied to values of τCN> 10 from BCH-ICODIN for the images in Figures 16 and 17. The
results are compared in Figure 18 to those from VISST applied during the night using the VIIRS DNB channel
(Figures 16e and 18a) and during the day using the MODIS visible channel (Figures 17d and 18c). The noctur-
nal values of τV (Figure 18b) appear to be much closer to their DNB counterparts (Figure 18a) than the τCN4
results (Figure 16b). There appears to be excellent agreement for the contiguous red areas in the main cloud
mass (upper right). However, τDNB for the brightest clouds in the other systems remains underestimated by
τV. This is likely due to the large optical depth limitations discussed earlier, although the DNB retrievals could
be biased. A 5% uncertainty in the illumination can result in large uncertainties in the retrieved optical depth
for optically thick clouds. Nevertheless, this initial result is encouraging for providing a reasonable total

Table 5. Frequency (%) of Cloud Thickness Category, CODIN4 System Versus CloudSata

Method BCH SIST

Year 2007 2008 2007 2008

# samples 1.612 × 106 1.7 32 × 106 0.555 × 106 0.573 × 106

Category τCS< 8 τCs ≥ 8 τCS< 8 τCS ≥ 8 τCS< 8 τCS ≥ 8 τCS< 8 τCS ≥ 8

τCN4< 8 59.0 7.0 60.4 7.2 35.4 2.9 35.8 2.9
τCN4 ≥ 8 8.8 25.2 8.6 23.8 13.1 48.6 13.3 48.0
Original opaque 67.8 32.2 69.0 31.0 48.5 51.5 49.1 50.9

aOriginal opaque indicates the fraction of pixels classified by BCH or SIST as opaque ice.
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optical depth estimate for these thick ice clouds at night. With proper assumptions about the effective radii of
the ice and water portions of those clouds, a more realistic estimate of CWP could also be made.

The potential for estimating τV during daytime with infrared data only is similar. It is clear in Figure 18d that τV
still generally underestimates τVISST (Figure 18c). Even though τV is considerably closer to τVISST than τCN3a
(Figure 17c), it tends to produce some maxima that are not seen in the VISST retrievals. Again, this is due
to the noisy retrieval discussed earlier. Ideally, having an accurate independent measurement of the ice opti-
cal depth during daytime would allow the retrieval of the liquid cloud optical depth underneath the ice cloud

Figure 16. Opaque ice cloud optical depths estimated using three methods at night over the eastern Pacific at 0925 UTC, 5
July 2012. (a) Aqua MODIS RGB (red: inverted BT(11), green: inverted BT(12), and blue: BTD(3.7–11)); τCN4 estimated from
ICODIN4 applied to Aqua MODIS data with (b) BCH and (c) SIST selection of opaque clouds, (d) τ estimated from SIST
method, and (e) opaque ice cloud τ estimated from DNB retrieval applied to matching SNPP VIIRS data.
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and together yield a more accurate total optical depth and a better estimate of the CWP. The results in
CODIN3a suggest that its accuracy is currently insufficient for that application. It should be noted that this
example case uses a crude approximation to estimate τV simply for demonstration, so any final conclusion
about the efficacy of using ICODIN3a is unwarranted. Perhaps, with further refinement it could be used to
improve daytime retrievals of multiphase and thick ice-over-water multilayered clouds using a method
similar to that employed by Minnis et al. [2007] to retrieve IWP from combined microwave LWP and imager
retrievals of τVISST.

Figure 17. Comparison of cloud optical thicknesses estimated over western Pacific from daytime Aqua MODIS data taken
at 0235 UTC, 1 February 2007. (a) RGB (red: 0.64 μm reflectance, green: BTD(3.7–11), and blue: BT(11)) image. (b) BT(11).
τCN3a from ICODIN3a using (c) BCH and (d) VISST to select opaque ice clouds. (e) Total cloud τ estimated using VISST.
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6. Conclusions

A neural network approach, ICODIN, using four combinations of thermal and shortwave infrared wavebands
has been developed to estimate opaque ice cloud optical depths at night, a quantity heretofore ignored in
passive infrared remote sensing due to the blackbody limit of infrared emission. Clouds, especially those
composed of ice crystals, are not true blackbodies but have detailed vertical structures of ice water content,
particle size and shape, water vapor, and temperature that can affect the emitted radiances. Subtle changes
in those components related to the overall depth of the cloud as well as the radiating temperature of the
cloud top can potentially provide some information about the ICOD. This potential is the physical basis for
the application of the neural network to this problem. Training of the ICODIN used only 2months of
CloudSat data taken over the entire Earth. Even with no distinction between air masses, surface types and
temperatures, and cloud types, the ICODIN yields ice cloud optical depths that are highly correlated, explain-
ing 64% of the variance, with those from the CloudSat radar-only algorithm and are unbiased, on average.

Application of the ICODIN requires initial screening of the data to identify opaque ice clouds, which are those
assumed to have optical depths greater than or equal to 8. The two screening techniques used here, the BCH
and SIST, greatly overestimate the frequency of opaque ice clouds, but the ICODIN successfully accounts for
the semitransparent cloud pixels by assigning them more appropriate values of τ. Using four channels
(ICODIN4) marginally produces the smallest uncertainties relative to CloudSat, but in terms of overall errors,
three- or four-channel methods are quite comparable. The complement lacking the 3.7μm channel yields the
largest uncertainties, while the combination of 3.7, 11, and 12μm (ICODIN3b) appears to be the most promis-
ing three-channel complement and most sensitive to ICOD. When the ICODIN4 trained with the BCH scene
classification determines a cloud to have τ> 8, the result is, on average, unbiased with respect to CloudSat

Figure 18. Cloud optical depths for images in (a and b) Figure 16a and (c and d) Figure 17a. Optical depths derived from
VIIRS DNB channel (Figure 18a) , τCN4 and equation (3) (Figure 18b), MODIS visible channel (Figure 18c), and τCN3a and
equation (3) (Figure 18d).
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and has a relative standard error of ~72%. The relative error increases to 100% if clouds of all ICODs are
included. If ICODIN4 is trained using only those pixels having both τCS> 8 and classified as opaque by
BCH, the results are unbiased and the relative error drops to ~62%. This finding is a strong motivation for
finding a technique that reliably discriminates between opaque and nonopaque ice clouds.

The training of the ICODIN here has relied on the CloudSat 2B-CWC-RO product, which is known to have rela-
tively large uncertainties that undoubtedly contribute to some of the error in the ICODIN retrievals. Training
with other IWC products [e.g., Deng et al., 2010; Delanoë and Hogan, 2010] that include CALIPSO will likely
yield similar results in a relative sense because they are all closely correlated with the same in situ measure-
ments [Deng et al., 2013]. Because CloudSat and CALIPSO are experimental satellites, their retrieval algorithms
are periodically updated to improve the accuracy of the various parameters. Future research into neural
networks for opaque cloud retrievals at night should explore the use of the alternative IWC retrievals as well
as revisions of the 2B-CWC-RO product. Additionally, the radar-retrieved values of re should be analyzed to
develop a means for computing IWP from τCN with the goal of estimating CWP for the subject cloud systems.

The analysis presented here has only begun the exploration of the ICODIN’s potential. Reduction of uncertainties
in the ICODIN may be possible by using a larger training data set that incorporates data from all months of the
year and possibly from additional years. The influence of the air mass, whichmay also impact the accuracy, could
be taken into account by introducing additional input parameters such as the surface type and numerical
weather analyses of surface temperature and temperature and humidity at selected levels. In the absence of a
sensor having high precision for BT(3.7)< 220K, it may be helpful to provide the algorithm with some indicator
of the quality of the BT(3.7) value in order to downplay its influence at very low temperatures. An indicator of
cloud type, such as stratiform or convective, might also be valuable as an input. With the implementation of these
additional suggestions, it might be possible to significantly increase the technique’s accuracy.

Only near-nadir measurements from MODIS were used in the development of the ICODIN. Thus, application of
the method to satellite imager data will require understanding the dependence of the technique on VZA and
may require trainingwith other data sets, such as GOES or VIIRS, which provide a wide range of VZA viewswhen
matched with CloudSat. The examples shown here suggest that the VZA effect may be relatively small. The use
of the technique for other imagers such as VIIRS may require some means to account for differences in the
spectral response functions such as spectral band adjustment factors that are based on hyperspectral data
[e.g., Scarino et al., 2016].

This study has definitively shown that the optical depth of ice clouds can be estimated with reasonable accu-
racy for clouds that are thicker than the “blackbody limit.”While much additional analysis remains to be done,
the development of the ICODIN approach opens up the potential for more accurate 24 h monitoring of
clouds and for providing forecast models with estimates of cloud water path at all times of the diurnal cycle.
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