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Abstract

Verification of cloud production in the
Community Atmosphere Model:
A comparison of two data assimilation techniques

Bethany Sutherland

Chair of the Supervisory Committee:
Professor Chris Bretherton
Atmospheric Sciences and Applied Mathematics

Clouds play an important role in regulating our climate, and it is vital that we are able to
accurately simulate them in global climate models. Data assimilation can be used to force
the model towards simulating a specific historical event, and then the clouds simulated can
be compared to those observed during the event. Two data assimilation methods, Newtonian
relaxation and Kalman filtering, are used to force the Community Atmosphere Model version
6 towards the state of the atmosphere that was observed in July of 2013. The use of the
two methods produced significantly different results. The results produced using Newtonian
relaxation indicate the Community Atmosphere Model simulates clouds reasonable well. The
results produced using Kalman filtering support the conclusion that there may have been an

error in the way the model was set up for that run.
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Chapter 1

INTRODUCTION

Clouds play a pivotal role in the regulation of our climate. Depending on their composi-
tion distribution, and elevation, clouds can have a cooling effect, a warming effect or neither
[6]. In order to make well founded predictions of the way the climate is likely to evolve in
the future we must be able to include clouds and cloud feedbacks in our climate models in
a realistic and physically consistent manner. The goal of this project is to verify version
6 of the Community Atmosphere Model’s (CAMG6) ability to to simulate clouds. This is
done by using data assimilation techniques to force certain aspects of the model towards a
historical event, and then comparing the clouds simulated with those observed during that
time. One motivation for this analysis is to determine if CAMG6 is a good candidate for use
in conjunction with analysis of data obtained during the Southern Ocean Clouds Radiation
Aerosol Transport Experimental Study (SOCRATES), a field campaign conducted in early
2018.

1.1 The role of clouds in regulating Earth’s energy balance

The earth climate system receives energy from the sun in the form of radiation. Clouds
affect the Earth’s energy budget by reflecting incoming radiation, absorbing and re-emitting
outgoing longwave (infrared) radiation (like an atmospheric blanket), and redistributing
radiant energy around the globe. Figure 1.1 shows many of the ways radiation reacts with
our atmosphere and the role clouds play in the system. Small changes in the distribution of
clouds can have significant impacts on the global climate; being able to accurately simulate

clouds in our global climate models is vital to understanding how the climate will evolve.
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Figure 1.1: Figure reproducted from Trenberth et al. 2009. " The global annual mean Earth’s
energy budget for the Mar 2000 to May 2004 period (Wm™2). The broad arrows indicate
the schematic flow of energy in proportion to their importance.” [14]

1.1.1  Cloud cooling effect

Low altitude clouds are generally optically thick, meaning they intercept radiation effectively.
Low clouds also have a high albedo which means they reflect a high amount of the incoming
solar radiation. By reflecting incoming radiation back out to space, clouds lower the amount
of energy warming the climate. Clouds which are low in the atmosphere radiate energy at
nearly the same temperature as the earth, so they do not have a significant effect on the

emitted infrared radiation. Thus, low clouds contribute to cooling the system by increas-



ing the albedo and lowering the amount of absorbed solar radiation without significantly

changing the emitted longwave radiation [1, 6].

1.1.2  Cloud warming effect

Clouds high in the atmosphere tend to have a low albedo, and do not intercept much of
the incoming solar radiation. However they do absorb the outgoing longwave radiation.
They then re-emit the energy both upwards towards space and back towards the ground,
like an insulating blanket layer. The height of these clouds mean that they are emitting
at a lower temperature than the earth and cause the amount of energy leaving the system
to be reduced. Overall these clouds tend to contribute to warming because they reduce the
outgoing longwave radiation, but do not absorb enough solar radiation to offset the longwave

reduction.[1, 6].

1.2 Modeling Clouds

The way that clouds contribute to the overall energy budget depends on the size, composition,
and distribution of clouds globally. Currently it has been shown that clouds have a cooling
effect overall[l]. However the way that the balance between cooling and warming will shift
due to anthropogenic changes is not well understood. The way cloud responds to warming
will change the top of atmosphere (TOA) radiative flux is by a wide margin the largest source
of uncertainty in GCMs’ simulated response to a COs forcing [4]. A necessary step towards
credibly simulating cloud responses to anthropogenic forcings is being able to accurately
simulate clouds in our current climate. One of the main challenges to modeling clouds is that
they rely on small-scale physical processes which cannot be represented on the course grids
utilized in GCMs [4]. Most of this small scale physics must therefore be accounted for using
parameterizations which can be imprecise. Lack of cloud observations for model verification,
and lack of understanding of cloud processes also contribute to the difficulty[1]. [15] showed
that when comparing a GCM with cloud feedback (where the distribution of cloud cover is

predicted by the model) to the same model with prescribed clouds, the climate sensitivity



Type of cloud indicated by

low cloud increased RSW, no change in OLR
high clouds | may increase RSW, decreased OLR

Table 1.1: Summary of the relationship between TOA radiation and clouds

to a doubling of CO4 will be drastically different in the two cases. The surface temperatures
of the cloud feedback case were found to increase 1.25 times that of the prescribed case. In

a similar study [5] found that the cloud feedback might be even more pronounced.
1.3 Using TOA Radiation to understand clouds

Most of the data we have about the state of our atmosphere is obtained via remote sensing
techniques. The use of systems of satellites, such as NASA’s Clouds and the Earth’s Radiant
Energy System (CERES), enable us to gain frequent and periodic observations across the
globe. Without satellites the amount of data we would have about the atmosphere would be
very sparse. Therefore, we must utilize the data which can be remotely obtained for model
verification. One of the things which can be easily measured using satellites is the TOA
radiative fluxes in different wavelength bands.

We can determine cloud presence using TOA radiative fluxes. Because clouds usually
have a higher albedo than the earth under it, the presence of clouds (except very thin ones)
will increase the amount of reflected short wave (RSW) radiation. So generally places where
the observed RSW at the TOA is particularly high indicate the presence of thick, reflective
clouds in those locations. The earth and clouds emit long wave radiation according to their
temperature. Clouds which are high in the atmosphere will emit at temperatures much lower
than the earth is emitting at. So the presence of a high cloud will reduce the amount of
outgoing longwave radiation (OLR) reaching the TOA, even if the cloud is thin. Therefore
RSW can be used as a proxy for the presence of clouds and when combined with the OLR

the general altitude of the clouds can be determined. [1].



Chapter 2

DATA ASSIMILATION METHODS

Data assimilation is a hybrid method of modeling which incorporates data measurements
of the system with the governing equations. Both measurements and simulations are sig-
nificantly hampered by uncertainty and the presence of noise and therefore neither is fully
trustworthy. However by using the experimental measurements to help inform the model,
and vice versa, the predictive ability of the model can be greatly improved [12]. Data as-
similation methods have long been used with great success to incorporate additional data

observations in numerical weather prediction|[9].

Validating cloud production in GCMs is challenging because most climate studies are
conducted with the model being integrated over periods of 30 years or longer. However
observations are not available for most parameters associated with clouds for that length
of time. A method for model validation over shorter time periods was needed. Jeuken et
al. 1996 first proposed using the data assimilation technique of Newtonian relaxation as a
method for validation of GCM’s physical parameterization schemes [9]. Data assimilation can
be used to constrain certain aspects of the model, the temperature and winds for example,
towards a historical state. This then allows us to answer the following question: if those
specific aspects of the model match the observed state, will the model simulate clouds similar

to what was observed? [9].

Two different type of data assimilation, Newtonian relaxation and Kalman filtering, were
used on Community Atmosphere Model version 6 (CAM6). CAMS6 is the newest version
of the atmospheric component of the Community Earth System Model (CESM). CESM
was developed by the National Center for Atmospheric Research to be a community tool

for investigating Earth system interactions [8]. The newest version has not been publicly



released as of printing, but the model source code and the documentation for CESM version
1.0 are freely available at http://www.cesm.ucar.edu/models/cesm1.0/.

Newtonian relaxation and Kalman filtering were both used for the period of July 2013 to
determine how well CAMG6 is able to simulate clouds. The run of CAM6 where Newtonian
relaxation was used will hereafter be referred to as CAM-N, and the version where Kalman

filtering was used will be referred to as CAM-DART.
2.1 Newtonian Relaxation - Nudging

Newtonian relaxation, also known as "nudging”, is a method of data assimilation which
relaxes the model towards the observed data by the addition of a non-physical relaxation
term to the model equations.

aa—)t( = Fin(X) + G(Xops — X) (2.1)
where X represents the model variable being nudged. F;, is the change in X caused by the
dynamical and physical processes of the model which govern the evolution of X, this is how
the X would evolve if the model were run freely. The nudging is done by the addition of the
second term, where (X, — X) is the difference between the model predicted value and the
observed data and G is the relaxation coefficient[9] which has units of inverse time.
Choosing an appropriate G is important when doing Newtonian relaxation. Choosing too
large of a G will cause the relaxation term to dominate in 2.1. However a GG that is too small
will mean that the inclusion of the observations will have little impact on the results[9]. [7]
determined that the optimal value of the relaxation coefficient should depend on the variable
being nudged, the observational accuracy, and the magnitude of the model forcing. However
taking all this into account would lead to using G which varies in both time and space. This
amount of complexity is usually not done in most applications[9]. [11] suggested that for
consideration with clouds, a six hour relaxation time is reasonable because it is longer than

the lifetime of an individual cloud, but is short enough that temperature perturbation are

unlikely to influence the large scale circulation.



For CAM-N the temperature and wind fields were nudged towards the Modern-Era Ret-
rospective analysis for Research and Applications (MERRA) dataset fields. The MERRA
dataset is a reanalysis using the the Goddard Earth Observing System Data Assimilation Sys-
tem, Version 5 (GEOS-5) and is run by NASA’s Global Modeling and Assimilation Office[3].
Andrew Gettelman of University Corporation for Atmospheric Research (UCAR) conducted
the CAM-N run and chose a relaxation time of 48 hours because it displayed the best cli-
mate reproduction for clouds and radiative fluxes. Nudging the temperature and winds is
advantageous, because the fields being constrained are a bit removed from those which are

directly used to resolve the clouds.

2.2 Kalman Filtering - DART

Ensemble filters are a different method of data assimilation where a group of forecasts (en-
semble) are used every time data is assimilated. The ensemble of forecasts acts as a random
draw from the probability distribution of the models state which has already incorporated
all previous observations [2].

Following [12, 13] the Kalman filter can be derived as follows. The full dynamics to

advance the system from time ¢, to time ¢, without approximation is given by

Ty = f(xr) + Qo (truth) (2.2)

and the model approximation of the system is given by

To,,, = f(Zo,)- (model approx.) (2.3)

qrx+1 is a Gaussian white noise sequence which accounts for missing physics that are not
accounted for in the model. The analysis, xo,, is the best estimation of the state of the
system at time t; and is represented by the blue asterisks in Figure 2.1. Using (2.2) and
(2.3) together and Taylor expanding f(x)) around xg, the error between the truth and the



forecast can be expressed as

Tpt1 — Lopyy — f(‘rk) - f(xok) + Q1 (24)
= (z1 — 2o, ) f'(20,) + %(xk — 0,)* f"(wo,) + -+ F Q- (2.5)

The expectation or the expected value of a random variable is a weighted average with
weighting according the the probability that X assumes the value, and is defined as
BXl= Y apla) (2.6
z:p(x)>0
where p(z) is the probability mass function. The error variance between the correct solution

and the predicted one is then found by squaring (2.4), neglecting higher order terms, and

taking the expectation

El(zr41 — w0,.,)°] = El(wr — 20,)*](f (20,))* + Elgi41]- (2.7)

The error variances Pyy1 and Py at times t5,1 and ¢ respectively can be defined as

Paps = El(zir — w0,,,)7 (2.8

Py = E|(zx — w0,)°] (2.9)

P,..1 now contains the dynamics errors, and P; accounts for the errors in the estimation of

the initial state. Using this notation, Equation 2.7 can be rewritten as

Pyt = Pyo(f'(20,))? + Elgp11)- (2.10)

Using this measure of the error variance, along with an observation, z.,s and it’s the error
variance, R, the data assimilated prediction of the state of the system, xy.1, can be calculated

using
Pt
Py + R

The adjustment to the model approximation, wy, ., caused by the second term in 2.11 is

Tk+1 = Top, + (xobs - IokH) (2~11)

called the innovation. Note that in the case where there is no observational error (R = 0),
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Figure 2.1: Figure reproduced from [2]. The steps in DART Kalman filtering: (1) Each
model state at time ¢, (blue asterisks) is advanced to time t;,; by CAM (green vectors).
(2) Forward observation operator, h, applied to each state to get estimates of observations
from model (green ticks on upper axes) (3) The true observed value (red tick) and the
observation likelihood (red curve, the probability that the instrument would have observed
what it did if y were the true value) are combined with the ensemble estimate to obtain
(4) an updated ensemble estimate (blue ticks) and increments (blue vector below top right
axis) 5) The increments to the observation ensemble are regressed onto each state vector
component independently to update the model states (blue vectors on end of green vectors)
(6) The model is then used to advance the updated state estimates to time ¢;4o (7) Repeat

2]

the prediction from 2.11 will take on exactly the value of the observation. See [12] for the

extension of this to vector form.
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The other method of data assimilation for CAM6, was done using the Data Assimilation
Research Testbed (DART), a facility developed by the National Center for Atmospheric
Research (NCAR) and were produced and provided by Kevin Raeder of NCAR. DART uses
Kalman filtering on an ensemble of model forecasts to produce a prediction of the possible
states of the system. One advantage to this is the the spread in each of the ensemble members
gives an indication of the uncertainty of results, but an idea of what they system thinks is
the most likely outcome can be found by taking an average of the ensemble. Figure 2.1 shows
a simplified cartoon of the way that Kalman filtering is applied in DART using a 3 member
ensemble example. For more on this assimilation techniques see [2]. DART assimilates
a variety of observations, including radiosondes, surface meteorological observations, and
profiles of refractive index from GPS satellite occulations. One disadvantage of the default
DART implementation is that the majority of the observations being assimilated are sparse

over the ocean.
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Chapter 3

METHODS

The data assimilated model results were produced by Andrew Gettlman and Kevin
Raeder of NCAR. The top of atmosphere radiation fluxes were compared with version 3A of
CERES Daily Synoptic Radiative Fluxes and Clouds (SYNldeg-Day) product on a 1°grid
[10]. The CERES product data is publicly available at http://ceres.larc.nasa.gov. Lig-
uid water path comparisons were made using passive microwave satellite retrievals over the
ocean from the Advanced Microwave Scanning Radiometer on JAXA’s GCOM-W1 spacecraft
(AMSR-2) which is sponsored by the NASA Stand Alone Mission of Opportunity Program
[10]. The data from this satellite archived and produced by Remote Sensing Systems (RSS)

and can be found at http://www.remss.com.
The method of data analysis used here follows that used in [10].

CAMSG6 outputs the net longwave flux at top of model (OLR) and the net solar flux at top
of model. The RSW was calculated by subtracting the net solar flux at TOA from the solar
insulation. The monthly mean solar insulation was used as a daily value was not available.
It is believed that this does not contribute significantly to the results. Particularly since the
effects would be averaged out for the monthly averaged results. Additionally this should
not affect the differences seen in the two different DA runs, since both were corrected in the
same manner.

CAM-N outputs every 6 hours on a grid with 192 latitude points, 288 longitude points,
and 32 vertical levels for the entire month of July 2013. CAM-DART outputs 40 individual
runs on the same grid and at the same times as CAM-N but only for the period of July
19th 2013 through July 30th 2013. The daily average for each CAM6 variable on the grid
was calculated for comparison with the daily CERES data. As the CERES data was on a
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1° grid it was more coarse than the CAMG6 output in the latitudinal direction, but finer
than the CAM6 output in the longitudinal direction. Therefore the coarsest grid for each
direction with 180 latitude points and 288 longitude points was used, this will be called the
analysis grid. Each of the CAM6 and CERES data sets were individually regridded to the
analysis grid by averaging the data from all cells that fall within each analysis grid cell. The
ensemble average of all 40 CAM-DART was used for this purpose.

The AMSR-2 data for the liquid water path is on a 0.25° grid and therefore is much finer
than the CAMG6 outputs in both directions. Therefore the AMSR-2 data was regridded to
match the original CAMG6 grid and the two can be compared without regridding the CAM6
data as well. The observed LWP in each grid cell is compared with the CAM6 LWP within
that grid cell which occurred at the nearest time to when the observation was taken. Cells
where the average time differed from its neighboring cells by more than 6 hours are excluded
to account for not wanting to average data from two adjacent passes of the satellite.

The difference between the model predicted value and the observed value for each variable
was found by subtracting the observed value from the model value for each day. The bias
of the model relative to CERES daily observations for TOA OLR and RSW is calculated by
taking the area weighted global average of the difference, ignoring missing data. The root
mean square error (RMSE) is the square root of the global area weighted average of the
square of the difference.

Monthly averages are also calculated ignoring any missing data.
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Chapter 4
RESULTS

The difference between the TOA radiation values between the two versions of CAMG6
and CERES is shown in Figure 4.1. The CAM-N results are on the left and CAM-DART is
on the right. The OLR differences are on the top row and the RSW differences are on the
bottom row. CAM-N could be considered the best, in that it has a lower root mean squared
error for both the OLR and RSW. These results indicate that CAM6 does resolve clouds
reasonable well and that data assimilation using Newtonian relaxation of the temperature

and wind fields, with a 48 hour timescale might be the best method of constraining the
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Figure 4.1: The difference between to TOA radiation model results and CERES observed
data for July 2013. Averaged over the entire month for CAM-N (left), and averaged over
the period between July 19th and July 30th for CAM-DART (right).
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Figure 4.2: Average biases (solid lines) and root mean squared error (dashed lines) for OLR
(blue hues) and RSW(red hues) for both versions of CAM for each day in July 2013.

model for comparison with observed data.

Figure 4.2 shows the average global RMSE and bias for each day in the period. The
consistency of these results indicates that the biases are consistent and robust. This means

that they are systematic, and not likely due to a particular time sampled.

The difference between the AMSR-2 LWP data and modeled LWP are plotted on a
logarithmic scale in Figure 4.3. The global mean LWP measured by AMSR-2 is significantly
higher than both models, despite the low bias in RSW. A pattern of lower LWP is present
in both models near the equator and particularly in the maritime continent between India
and Australia. However there are large regions of too high LWP in CAM-DART which are
not present in CAM-N.
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Figure 4.3: The difference between CAM liquid water path results and AMSR observed data
for July 2013. The log of the differences is shown to make the small changes more apparent.

4.1 Interpreting the results

An understanding of cloud production can be reached by using information from the OLR,
RSW and LWP together. For example, the results for CAM-N can be interpreted as follows.
In the bottom left panel of Figure 4.1 the small positive bias in the ARSW indicate that
CAM-N is slightly overproducing clouds in general. Looking at the cyan boxed region off the
western coast of Africa specifically, negative ARSW indicates an underproduction of clouds.
We can learn more about the types of clouds not being produced by looking at the OLR (top
left panel of Figure 4.1 and LWP (left panel of Figure 4.3). The positive AOLR indicates
that that there is too little high clouds in this region, while the negative ALWP as shown in

Figure 4.3 suggests that low clouds are being under-produced as well.

In contrast, the area in the Pacific ITCZ, and Central America in particular, show the
model is producing too much RSW, and therefore too much clouds. The negative AOLR
indicates that there is too much high clouds. The negative ALWP shows that even though
it is overproducing clouds in the region in general, it is still slightly under-producing the low

clouds here.
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Figure 4.4: Individual CAM-DART runs and CAM-N averaged over the boxed region for
each day in July

4.2 Regional analysis

One surprising result is the large difference between the two tests of CAM. The differences
are evident both in the TOA radiation values as seen in Figure 4.1 as well as in the liquid
water paths as seen in Figure 4.3. The nudged version performed significantly better than
the DART version. Since DART uses an ensemble of 40 runs, it is significantly more compu-
tationally expensive, and the preliminary results indicate the extra expense does not pay off.
In order to try to understand the differences between the two results, and why the different

methods of assimilating data into the same model would produce such different outcomes,
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Figure 4.6: Vertical profile of cloud fraction (top left), temperature (top right), specific
humidity (bottom left) and relative humidity (bottom right) for individual CAM-DART
runs and CAM-N for a single grid point located at -15.5497° latitude and 5° longitude on
July 24th 2013 at noon.
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a regional analysis was performed on a subset of the data for a region off of the western
coast of Africa. The region used was the area between -10° and -20° latitude and 0° and
10° longitude (shown in cyan box in Figures 4.1 and 4.3). In this region both CAM-N and
CAM-DART show clear deviations from the observed data, and they deviate in opposite
directions. In this analysis we examined each of the 40 CAM-DART runs individually in
comparison with the CAM-N results.

In Figure 4.4 the observed OLR is within the scope of the individual DART runs (top
left) and in this case CAM-N appears to be the biased one. The RSW (top right), and
LWP (bottom left) show significant and opposite biases for both versions of the model. This
indicates much of the excess clouds produced by CAM-DART are low clouds which would
have similar OLR to the surface, but would effectively reflect shortwave radiation from the
sun.

Additionally to understand the vertical structure of the differences between the two ver-
sions, several of the 3D variables are plotted with height. The average for the entire cyan
box region at each height is shown in Figure 4.5, and Figure 4.6 shows the vertical profile for
a single point at -15.5° latitude and 5° longitude. The top left of these figures confirms that
the cloud fraction for each CAM-DART run is significantly larger than what is seen in the
CAM-N results. The temperature profiles are in fairly good agreement (top right), although
the DART temperatures do tend to skew slightly cold in the lower cloud region and slightly
warm in the high cloud region. From the bottom we can see that there are large differences
in the humidity between the two, which is likely the cause of the much higher amount of
clouds in CAM-DART than in CAM-N. Of particular interest is the minimum in humidity
near the surface of the CAM-DART runs which does not show up in CAM-N. Given that
the region being analyzed is over the ocean, this minimum in humidity at the surface seems
to be an unphysical phenomena and the lack of such a phenomena in the CAM-N run means
that this may be an indicator of something going wrong in CAM-DART.

To try to determine why this drop in humidity near the surfaces is occurring in DART the

innovations for each time step were calculated. This was done by looking at the average of all



19

CLDICE Average Innovations CLDLIQ

0 0
200 200
400 400
600 600
800 800
1000 1000
0 1 2 3 0
%1077
0 Q 0
200 200
400 400
600 600
800 800
1000 1000
-4 3 2 -1 0 -0.05 0 0.05 0.1 0.15
%107

Figure 4.7: Global average innovations for all runs of CAM-DART for entire time period.

the CAM-DART runs and subtracting the pre-assimilation value from the post-assimilation
value at each time. The innovation at each level averaged over the globe and over the time
period is shown in Figure 4.7. The bottom left panel shows that the affect of the data
assimilation on the specific humidity approaches zero at the surface. Figure 4.8 shows the
affect of the data assimilation over time, and confirms that the data assimilation is not having

a significant impact on the surface specific humidity.

4.3 Discussion

Through the use of data assimilation we have been able to confirm that CAM6 simulates

clouds fairly successfully and is a good candidate for comparison with the SOCRATES data.
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Figure 4.8: Global average innovations for all runs of CAM-DART for entire time period.

A significant difference was noted when different form of data assimilation were used. The
source of the large discrepancy between the two data assimilation methods is still uncertain.
However we were able to show the presence of a unphysically low humidity at the surface of
CAM-DART is not caused by the data assimilation. We therefore conclude that something
may have been done incorrectly in the set up of the DART run. We plan to continue working

with colleagues at NCAR/UCAR to hopefully fix it and then make a better comparison.
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