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Abstract 

 

Clouds can strongly warm or cool the planet by regulating the radiations at 

top-of-atmosphere (TOA) and surface. The behavior of clouds in response to 

increasing anthropogenic forcing is crucial for understanding the 

characteristics of global warming. However, even the global mean response 

of clouds has not been decided observationally yet, but also varies greatly 

among numerical model simulations. This difficulty in quantifying “cloud 

feedback” occurs generally in observational estimations of the Earth’s 

radiative feedback. In the present dissertation, possible conditions for a 

successful feedback estimation are explored using simulations of an ideal 

energy balance model. As the climate feedback parameter is defined as the 

“response” of global mean TOA radiative flux to changes in global mean 

surface temperature in W m−2 K−1, the variations in TOA radiative flux are 

divided into the “signal” which is dependent on surface temperature, and the 

“noise” which is not. It is suggested that the a feedback estimation may be 

possible with a noise ratio smaller than 5% which is hardly be satisfied in a 

real (>13%) or simulated (11−28%) climate. However, a linear analysis using 

satellite measurements of the TOA longwave radiation reveals that the 

tropical (20°S−20°N) longwave feedback can be diagnosed from 

observations, and the estimated feedback parameter is 3.9 W m−2 K−1 

indicating a strong thermal cooling effect of tropical clouds. 
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The result implies that feedbacks are more likely to be diagnosed in tropics 

due to the strong convective activities allowing enhanced surface effects to 

clouds, and also that the longwave radiation can have a larger feedback signal 

than the shortwave radiation because the radiative transfer of shortwave 

radiation is much more complicated due to its strong dependencies on latitude, 

local time, cloudiness, surface type, and so on. Accordingly, this dissertation 

examines two regional climates which likely to provide opportunities to 

improve the understanding of the longwave cloud feedback: (1) the Pacific 

warm pool region (20°N–20°S, 130°E–170°W) where clouds are known to 

be most sensitive to local sea-surface temperature changes, and (2) the winter 

season Arctic region which experiences polar night so that the cloud radiative 

effect can have only the longwave component. 

The longwave cloud feedback over the Pacific warm pool area are 

examined using the outgoing longwave radiation (OLR) obtained from 

geostationary satellite observations because of the time resolution short 

enough to resolve processes associated with tropical convective clouds. A 

linear regression analysis with the domain-averaged OLR and SST anomalies 

shows that the regression slope can indicate a radiative feedback only with 

SST least-affected by cloud radiative forcing, for which SST needs to be 

obtained as daily average over cloud-free regions. The estimated value of the 

longwave feedback parameter is 15.72 W m−2 K−1, indicating the presence of 

strong longwave radiation in response to surface warming. This atmospheric 
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cooling effect is found to be primarily associated with reduced areal coverage 

of clouds (−14.4% K−1). 

Arctic Ocean has lost significant amount of sea-ice in past decades. This is 

possibly related to the recent increase in the Arctic winter season cloudiness. 

If so, it acts as a longwave cloud feedback to the Arctic surface thus exerts 

further surface warming. Modelling experiments are required for understating 

how the sea-ice change affect winter clouds, however, the accuracy of model 

clouds has not been sufficiently examined especially during Arctic winters 

experiencing polar nights. Accordingly, cloud simulations of the polar-

optimized version of the Weather Research and Forecasting (Polar WRF) 

model are compared with retrievals from active sensor observations from 

satellites and radiation measurements from ground sites. Based on the 

accuracy information of modelled clouds, the model is used to investigate 

how the diminishing winter Arctic sea-ice affects the Arctic clouds. The 

control simulation was run for 10 winters from 2007/08 to 2016/17. Modelled 

responses of clouds are examined in the simulations with increased sea-ice 

concentrations according to the climatological difference to the period 

1979/80 to 1988/89. By keeping the other boundary conditions and initial 

conditions the same with those of the control run, the effects of changes in 

atmospheric and oceanic circulations could be excluded. The experiment 

showed significant cloud responses in the areas that have lost winter sea-ice. 

Over the Barents Sea which has experienced more than 30% reduction of 
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winter sea-ice, the experiment revealed that the sea-ice reduction could result 

in 15% increase in the cloud water content and 10 W m−2 increase in the 

surface radiation. This implies that the sea-ice reduction is essential in 

understanding the winter Arctic cloud changes in the last few decades. 

 

Keyword : Cloud, Climate Change, Longwave Radiation, Feedback 

Student Number : 2005-30157 
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1. Introduction 

 

Clouds are an important radiative element in determining the energy 

balance of the Earth. Usually, their mass is about two orders of magnitudes 

smaller than that of atmospheric water vapor. However, their radiative effects 

at the top-of-atmosphere (TOA) or the surface frequently surpass those of 

atmospheric water vapors (Boucher et al., 2014). While the atmospheric water 

vapor is a powerful greenhouse gas, its radiative response to a climatic forcing 

is somewhat predictable in the future climate projections since the strength of 

combined water vapor and lapse rate feedbacks showed little spread in the 

current climate model experiments (Colman, 2003). On the other hand, large 

discrepancies in the cloud feedback effects are found among the models. For 

carbon dioxide doubling experiments, the simulated response of the global 

mean cloud radiative effect differs greatly among models. The diversity is 

partly due to different mean temperature field and to different radiative 

transfer calculation in the models, nonetheless, it is caused mainly by cloud 

simulation uncertainty itself. 

The generation and growth of cloud particles are highly sensitive to 

dynamical and thermodynamical conditions of the atmosphere in both nature 

and model simulation. Clouds are associated with various weather 

phenomena such as fronts, convective systems, topographic lee waves, etc. 

For them to form and dissipate, physical factors such as condensation aerosols, 
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ambient humidity, etc. are very influential too. Consequently, different 

dynamics/thermodynamics fields in the modelled climate simply lead to 

different cloud fields. In addition, the cloud microphysics scheme which 

governs this cloud processes varies from model to model. 

Geographically, uncertain feedbacks over the tropical oceans are 

particularly important because of its global-scale impact (Roe et al., 2015). 

About half of the inter-model spread of the global climate feedback can be 

explained by the difference in the tropical convective mixing process which 

directly affects simulations of tropical low tropospheric clouds (Sherwood et 

al., 2014). Also, the simulation of the mid-latitude storm track and 

accompanying clouds is still a challenging problem while its location, 

strength, and variability are known to vary greatly with modelling setup 

(Bony et al., 2015). Over the Arctic region, as modelling uncertainties of 

cloud and its local radiative impact are significantly larger than other regions, 

the way Arctic clouds interact with underlying sea-ice remains an open 

question. 

Because not only are the microphysical processes of clouds very 

complicated, but they also occur in short time scales, it has been difficult to 

obtain a process-based observational dataset which is required for narrowing 

the cloud modelling uncertainties. Therefore, numerical representations of 

cloud processes have been often evaluated with indirect measures such as 

surface rain measurements or satellite-retrieved cloud amounts. Relevant 
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information can also be obtained from radiative flux observations because 

clouds can have the largest effect on the temporal and spatial variabilities of 

TOA radiations than any other physical element because a surface-to-

tropopause lapse rate easily exceeds the equator-to-pole temperature gradient. 

A climate feedback is an intensifying or dampening of a radiative forcing 

by adjustments of climate elements. Conventionally, the global feedback 

strength of a climate, either real or simulated one, is defined as the “response” 

of global mean TOA radiative flux to changes in global mean surface 

temperature in W m−2 K−1. The cloud feedback strength, accordingly, is the 

cloud radiative flux response at TOA to a unit change in surface temperature. 

Hence, while clouds depend on many factors other than the surface 

temperature, only the dependence on surface temperature is directly relevant 

to cloud feedback. 

However, it is argued that a reliable flux observation does not necessarily 

lead to an accurate feedback diagnosis (Lindzen and Choi, 2009, 2011; 

Spencer and Braswell, 2008). As this difficulty should be applied generally to 

observed estimates of the global feedback strength under global warming, the 

question of how much the earth’s surface temperature is sensitive to an 

anthropogenic forcing is still hotly debated (Dessler et al., 2018; Gregory et 

al., 2016; Lewis and Curry, 2015). 

The longwave feedback of the earth can be separately defined because it 

involves only the terrestrial thermal outgoing radiation at TOA while the 
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shortwave feedback is related to the reflection of solar radiation. A 

determination of the shortwave component of radiative flux is complicated 

due to its strong dependencies on latitude, local time, cloudiness, surface type, 

and so on. In comparison, longwave radiations are simpler in a radiative 

transfer because its behavior at earth or cloud surfaces can be well 

approximated under a gray-body assumption. As a result, the ratio of “noise” 

to the observed radiative feedback “signal” tends to be significantly smaller 

for the longwave feedback than the shortwave feedback. 

A signal-to-noise ratio in estimating a radiative feedback strength is also 

related to the regional climate. In particular, tropical feedbacks can exhibit 

stronger feedback signals in the relationship between TOA flux and surface 

temperature than the other regions. The warm sea-surface temperature and the 

moist atmosphere increase the convective available potential energy which 

allows a stronger dependence of TOA radiation on surface temperature. 

Further, the weaker vertical wind shear and larger Rossby radius of 

deformation strengthen vertical convective activities so that a surface 

forcing’s effect on the regional TOA radiation can be stronger. This can 

provide an invaluable opportunity for a “physics-oriented” but not stochastic 

estimation of the earth’s feedback strength. Moreover, it might have 

implications for the global climate feedback strength because uncertainties in 

tropical feedback can significantly alter the global surface temperature 

response to a climatic forcing. 
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Another opportunity for an assessment of the cloud feedback can be 

provided for the Arctic atmosphere during the winter seasons. Outside the 

tropics, while regional TOA flux variations can be correlated with 

temperature variations of the underlying surface, they tend to act as a forcing 

not a response to the surface. Also, horizontal advections of atmospheric heat 

or water vapor may reduce the influence of surface temperature to local TOA 

flux. Thus, one must be cautious when inferring regional feedbacks by 

analyzing TOA flux and surface temperature because their relationship hardly 

represents radiative feedbacks. Despite all these limitations, the polar night 

conditions of the Arctic winters can provide a unique environment inhibiting 

most of radiative effects related to the sunlight. Therefore, the radiative 

processes are significant only at thermal wavelengths so that the radiative 

transfer both at TOA and surface is much simpler than it would be in any other 

climate condition. 

Meanwhile, the recent decline in the Arctic sea-ice cover has acted as a 

surface forcing to the atmosphere strong enough to influence clouds. The 

increased extent of open water resulted in enhanced surface turbulent fluxes 

of sensible and latent heats to the atmosphere in favor of increased cloudiness. 

Many advantages can be offered by using the winter sea-ice decrease as a 

forcing agent. First, as the forcing is exerted from the surface, any changes in 

clouds and radiative fluxes should contain components that are originated 

from the surface forcing thus indicate atmospheric feedback signals. Next, 
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during polar nights, there are little shortwave cooling effects by clouds 

offsetting the warming responses by the atmospheric water vapor and cloud. 

Also, due to the large thermal inertia of ice, variations in the forcing may 

operate on time scales long enough for the responses in the cloud and 

atmosphere to be examined. 

Despite these advantages, it is difficult to separate the cloud changes 

originated from the sea-ice decrease in observational datasets because Arctic 

clouds could have been influenced by long-term changes in heat and moisture 

transports from lower latitudes. Numerical experiments using climate model 

simulations with modified sea-ice can be useful to investigate the Earth’s 

responses to a specified sea-ice change. However, the reliability of simulated 

responses can be limited to the uncertainty of global climate models. The 

macro- and microphysical properties of clouds are highly sensitive to mean 

climate which differs greatly among models especially in high-latitudes, so 

that the differences in the surface cloud forcing between models can be larger 

than 15 W m−2 (Karlsson and Svensson, 2013). Alternatively, instead of global 

models, more realistic climatologies of atmospheric variables can be obtained 

by using regional mesoscale models. This is because, unlike global models, a 

regional model’s simulation is constrained by lateral boundary conditions by 

which one can control the momentum and heat fluxes from lower latitudes. 

The objective of the present dissertation is to improve the knowledge of 

clouds’ roles in the recent climate changes. In particular, responses of clouds 
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and their thermal radiative effects to surface forcings are analyzed for two 

representative cases based on the possible opportunities addressed above. In 

Section 3, methodological aspects of feedback estimations with radiative flux 

data are explored using an ideal box model to explain why the estimations are 

necessarily inaccurate when data for the warming climate period is used. 

Based on this understanding, the longwave radiative effects of clouds over 

the Pacific warm pool area (PWP; 20°N–20°S, 130°E–170°W) are examined 

using observations from a geostationary satellite allowing high temporal 

resolution. In Section 4, in order to assess the usefulness of mesoscale model 

for Arctic cloud studies, the polar-optimized version of the Weather Research 

and Forecasting (Polar WRF) model is tested by comparing the simulated 

clouds with satellite retrievals Next, based on the accuracy information of 

modelled clouds, modelled cloud responses to the increased sea-ice 

concentration are examined. The datasets and methods used in this 

dissertation are described in the next section, and concluding remarks are 

provided in Section 5. 
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2. Data and methodology 

 

2.1. Data 

2.1.1. Satellite data 

The radiation flux observations from the Clouds and the Earth's Radiant 

Energy System instruments (CERES; Wielicki et al., 1996) were used in the 

present dissertation. For the radiative feedback estimations, the level-3 

Energy Balanced and Filled (EBAF) Edition 4.1 from March 2000 to June 

2019 were used. The time and spatial resolutions are monthly and 1°, 

respectively. For the evaluation of the Polar WRF simulations, the level-2 

Single Scanner Footprint (SSF) product from Aqua satellite (Edition 4A) 

from 1 December 2015 to 29 February 2016 were used. This product offers 

not only direct measurements of the TOA longwave flux, but also estimates 

of the surface longwave flux produced using radiative transfer calculations. 

The surface flux is parameterized based on a priori information on cloud base 

heights and atmospheric profiles of air temperature, humidity, and ozone 

(Kratz et al., 2010). The mean bias and root-mean-square error of the CERES 

surface longwave flux to the ground observations was about −0.5 and 10.3 W 

m−2, respectively 

(https://ceres.larc.nasa.gov/science_information.php?page=computed-

fluxes). Note that the CERES footprints are 25 km in diameter near nadir. 

DARDAR (raDAR/liDAR) cloud products (Delanoë and Hogan, 2008, 
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2010) are derived from the combined observations from two satellite-borne 

active instruments, namely, the Cloud Profiling Radar (CPR) onboard the 

CloudSat satellite (Stephens et al., 2002) and the Cloud-Aerosol Lidar with 

Orthogonal Polarization (CALIOP) onboard the Cloud-Aerosol Lidar and 

Infrared Pathfinder Satellite Observations (CALIPSO) satellite (Winker et al., 

2009). From DARDAR, a 3-D cloud mask and ice water contents were used 

that are produced for the same horizontal (about 1 km) and vertical (60 m) 

resolutions with the CloudSat observations. The data period used are from 1 

December 2015 to 29 February 2016. 

The window channel (centered at ~11 μm) observations from Japanese 

Multi-functional Transport Satellite (MTSAT-1R) on the geostationary orbit 

centered at 140°E. were used to produce cloud amounts and OLRs over the 

PWP area. The data period used is 1 January 2008 to 30 June 2010. The 

horizontal resolution is about 4 × 4 km2 at nadir. 

 

2.1.2. Reanalysis data 

The National Oceanic and Atmospheric Administration’s 0.25° daily 

optimum interpolation SST version 2, using satellite observations from the 

Advanced Microwave Scanning Radiometer and Advanced Very High 

Resolution Radiometer (Reynolds et al., 2007) were used for feedback 

estimations. 

The Polar WRF simulations were initialized and laterally updated using the 
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National Center for Environmental Prediction (NCEP) Final Operational 

Global Analysis data (NCEP, 2000) and the NCEP Real-Time Global Sea 

Surface Temperature data (Thiébaux et al., 2003) 

 

2.1.3. Surface longwave flux observations 

Direct measurements of the downward longwave radiative flux at six Arctic 

and high-latitudinal ground sites were available within the Baseline Surface 

Radiation Network (BSRN) dataset (Driemel et al., 2018), namely, Cape 

Baranova, Russia (79.27°N, 101.75°E), Ny-Ålesund, Norway (78.93°N, 

11.93°E), Tiksi, Russia (71.59°N, 128.92°E), Barrow, United States of 

America (71.32°N, 156.61°W), Lerwick, United Kingdom, (60.14°N, 

1.18°W), and Tõravere, Estonia (58.25°N, 26.46°E). They were used for 

comparison with the Polar WRF simulations from 1 December 2015 to 29 

February 2016, except for Cape Baranova observations which have only been 

available since 1 January 2016. 

 

2.2. Methodology 

2.2.1. Idealized energy balance model 

The idealized energy balance model in Eq. 1 assumes a hypothetical 

climate system with uniform temperature and heat capacity (Lin et al., 2011; 

Manabe et al., 1990; Schwartz, 2007; Spencer and Braswell, 2010). 
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   (1) 

where Ts is the global surface temperature anomalies, R is the flux 

anomalies of global net radiation (sum of shortwave and longwave radiation 

flux anomalies), Cp is the constant bulk heat capacity of the system, and λ is 

the parameter indicating the feedback strength. Cp determines the overall 

variance of surface temperature in response to a given amount of forcing and 

feedback. Here Cp was set to 14 year W m−2 K−1 equivalent to 110 m of ocean 

water corresponding roughly to the ocean mixed layer (Schwartz, 2007). 

Following Spencer and Braswell (2010) and Lindzen and Choi (2011), 

forcings in Eq. 1 are divided into two terms: radiative (Frad) and non-radiative 

(Fnon) forcings. Frad can be due for example to cloud variations, while Fnon 

may be due for example to stochastic component of heat transfer from ocean 

below the mixed layer. The increasing radiative forcing such as due to 

increasing CO2 that is known to cause another problems in estimating climate 

feedback (Spencer and Braswell, 2010), therefore, it is not considered. Two 

forcing terms (Frad and Fnon) are 9-month low pass filtered series of monthly 

normally distributed random numbers with nearly zero mean, to mimic the 

time scales of variations seen in the climate models and observations (Spencer 

and Braswell, 2011). Frad may partly include forcings by cloud variations that 

are dynamically driven by Fnon. Even in that case where Frad and Fnon are 

strongly correlated, Frad remains to act as a noise source unless the cloud 
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variations are involved in λ. λTs represents radiative feedback effect. λ must 

have a positive value; otherwise the system is unstable. The larger λ is, the 

faster the system is restored to equilibrium. Let λ0 be the Planck response of 

3.3 W m−2 K−1, and then λ values larger (smaller) than λ0 indicate negative 

(positive) feedbacks. In order to show that climate feedback can easily be 

estimated as being positive despite the true feedback being negative, it is 

assumed that the idealized system to have (negative) climate feedback 2.7 W 

m−2 K−1, so λ in Eq. 1 is set to 6 (=2.7 + 3.3) W m−2 K−1. 

 

2.2.2. Retrieval algorithm for outgoing longwave radiation from the 

geostationary satellite 

OLR values on a pixel basis of the MTSAT-1R dataset are obtained as a 

third-order polynomial function of 11-μm radiance (L11; Eq. 2): 

 OLR = 44.95 + 50.97 L11 − 4.02 L11
2 + 0.15 L11

3,  (2) 

where the four constant coefficients of the polynomial function in Eq. 2 are 

obtained by a regression least-square fit of OLRs against L11 simulated by a 

radiative transfer model with various environmental conditions; each of the 

840 simulations incorporates every combination of 7 satellite zenith angles 

(0°–60°, 10° interval), 8 cloud top heights (2–16 km, 2 km interval), and 15 

cloud optical thicknesses (20–48, 2 interval). For the radiative transfer 

simulations, the discrete ordinates radiative transfer (DISORT) model “Santa 

Barbara DISORT Atmospheric Radiative Transfer” (SBDART; Ricchiazzi et 
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al., 1998) is used. The root-mean-square difference between L11-inferred 

OLRs and OLRs measured directly from broadband satellite instruments is 

known to be less than approximately 10 W m2 (Ba et al., 2003; Ohring et al., 

1984). The bias of L11-inferred OLR may stem largely from water vapor 

because L11 does not involve absorption by water vapor, but by cloud particles 

and surface. Therefore, it should be noted that the OLR only represents 

longwave variations induced by cloud and surface properties by excluding the 

other infra-red channels of MTSAT-1R in OLR calculations. Other biases due 

to instrumentation factors, algorithms, etc. are also relevant for estimation of 

feedback, and they may eventually reduce the statistical significance of the 

regression (e.g., coefficient of determination: R2). In many previous studies, 

R2 between SST and OLR was found to be very low in monthly-observed data. 

 

2.2.3. Retrieval algorithm for clear-sky OLR and SST 

A single-channel threshold test using 11-μm channel-brightness 

temperature (BT11) is employed to determine the presence of cloud at each 

pixel in the MTSAT-1R data. As most opaque clouds represented in the 

longwave radiation can be distinguished by this BT11 test (e.g., Choi et al., 

2005; Horváth and Soden, 2008; Rossow and Garder, 1993), many previous 

cloud studies using geostationary observations have employed the single-

channel test for identification of cloudy pixels. Various threshold values for 

BT11 were test nut the major conclusion in this study was found to be robust 
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and remained unchanged, regardless of the threshold values within a certain 

range. 

Daily SST and OLR time series were generated that are area-averaged over 

the PWP, but for selective cases of cloud conditions. The detailed 

methodology for generating the time series is given by Eqs. 3a to 5c:  
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        (5c) 

where i indicates the i-th SST grid; m the m-th MTSAT-1R pixel (with 

spatial resolution of ~4 × 4 km2 at nadir);  the satellite zenith angle; ϕ the 

latitude; ∩ the intersection of two sets. As cos-1  is proportional to the size 

of MTSAT-1R pixel, an hourly cloud fraction of each i-th 0.25° SST grid 

)(iAhour
cloud was calculated via Eq. 3a, using cloudy pixels within the grid. A daily 

cloud fraction of each SST grid, 
)(iAday

cloud   is calculated by simple time 

averages (Eq. 3b). Note that in the results, different threshold values were 

used for ‘cloudy’ pixel detection (BT11 < 270 K) and ‘clear’ pixel detection 

(BT11 ≥ 280 K), so that 
1)()(  iAiA day

clear

day

cloud . Over the PWP, BT11 values 

between 270 K and 280 K are generally regarded as the cloudy-sky signal, 

but the range can be avoided to eliminate ambiguity of cloud masking. During 

the study period, 
)(iAday

cloud varies between 5% and 35% (standard deviation 

4.9%), and 
)(iAday

clear varies between 41% and 86% (standard deviation 7.7%). 

The daily SST and OLR time series are then calculated by Eqs. 4 and 5, 

respectively. 
day

entireSST  is the daily average of SSTs in the PWP (Eq. 4a), while 

day

cloudSST  is the cloud-weighted average of SSTs in the PWP (Eq. 4b). The 

weighting factors in Eqs. 3b and 3c are proportional to the daily cloud and 
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clear coverage, respectively. For instance, in Eq. 3b, the weighting factor 

would be 1 for a grid where all pixels are overcast in a day, and 0.5 where 

half the pixels are overcast in a day. Calculation of 
day

clearSST  values follows 

the consistent rule (Eq. 4c). Cosine values are multiplied with due 

consideration of the size of each MTSAT-1R pixel or SST grid. As the 

temporal resolution of SST data is lower than that of MTSAT-1R OLR, 

temporal degradation of OLR is also unavoidable in order to compare with 

SST data; daily OLR values are averaged from 00:00 UTC to 23:00 UTC (Eq. 

5).  

To remove low-frequency variations whose timescales are considered to be 

longer than that of tropical cloud processes, the daily 
day

xOLR  and 
day

xSST  

(x = entire, cloud, or clear) anomalies (ΔOLRx and ΔSSTx) are calculated by 

subtracting their moving average values with a 90-day centered smoother, 

which effectively isolates short timescale fluctuations (e.g., Zhang et al., 

1995). The smoother also filters out the annual-cycle climatology, which is 

difficult to obtain from data series of less than three years. 90-day is the 

longest length to remove seasonality and not to remove meaningful 1−3 

month fluctuations, which may be associated with the relevant dynamics. At 

least, to the filter length of 30−90 days, the main conclusions are almost 

insensitive. Note that extraction of ΔSSTclear is allowed only using hourly 

clear-sky detection from geostationary satellites, such as the MTSAT-1R data 

used in this study. 
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2.2.4. Polar WRF simulations 

The Polar WRF version 3.7.1 (Skamarock et al., 2008) applying a polar 

stereographic projection with the center at the North Pole was used with 30 

vertical terrain-following sigma levels from the earth’s surface to 50 hPa. The 

vertical resolution is ∼50 m near the surface, increasing to ~500 m at 3 km 

height, and to ~1 km near the tropopause. A domain of 300 × 300 grids with 

a 24-km resolution encompassed the area with latitudes higher than 56.5° 

North. Successive 48-hour simulations were performed beginning at 00 UTC 

every day from 1 December to 1 March next year. With a series of 2-day 

simulations, outputs except for the initial 24-hour spin-up segments were used 

for the analysis following Wilson et al. (2012), and Hines and Bromwich 

(2017). The domain average times series of precipitation, precipitable water, 

and radiative fluxes were examined to make sure that the 24-hour spin-up is 

long enough for the model to reach a stable state. 

In order to assess the importance of varying processes on the Arctic clouds, 

two cloud microphysics schemes that are widely used in Arctic applications, 

namely the Morrison double moment scheme (Morrison et al., 2005) and the 

WRF single-moment 6-class scheme (Hong and Lim, 2006), were tested. The 

choice of other physics schemes in the WRF simulations were as follows: 

rapid radiative transfer model for the longwave radiative transfer (Mlawer et 

al., 1997), Goddard shortwave scheme for the shortwave radiative transfer 
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(Chou et al., 1998), Mellor–Yamada–Janjić scheme for the planetary 

boundary layer (Janjić, 1994), Unified Noah model for land surfaces (Tewari 

et al., 2004), Grell–Devenyi ensemble scheme for cumulus parameterizations 

(Grell and Devenyi, 2002), and the Eta similarity scheme for the surface layer 

(Janjić, 1994). 

In order to simulate winter Arctic cloud responses to the recent sea-ice 

reduction, the control experiment was run for the ten winters (December to 

February) for the period from 2007/08 to 2016/17 initialized everyday at 00 

UTC. The simulations were run for 48 hours and the initial 24-hour outputs 

were discarded for spin-up. The “high-ice” run is identical with the control 

run except for the increased sea-ice concentrations according to the 

climatological difference to the period 1979/80 to 1988/89. The Morrison 

double moment scheme was used for the cloud microphysics. 
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3. Cloud feedback estimations 

 

In this section, possible uncertainties in the observed estimations of 

the Earth’s radiative feedback strength is investigated especially when 

the time series of TOA radiative flux observations from satellites. Whi

le the global radiative feedback is uncertain, it is suggested that the l

ongwave feedback of the tropics can have a cooling effect on the warming 

climate. 

 

3.1. Uncertainty in the observed estimates of radiative 

feedbacks 

Recent studies have attempted to determine climate feedback from satellite 

retrievals (Forster and Gregory, 2006; Lindzen and Choi, 2009, 2011; Spencer 

and Braswell, 2010, 2011). The previous results, however, have shown acute 

contradiction between the likelihood of positive and negative climate 

feedbacks. High total positive climate feedback brings in fundamentally more 

uncertainties in climate sensitivity than negative climate feedback does 

(Lindzen and Choi 2011; Roe and Baker, 2007). Thus, currently, the huge 

error range of the estimated magnitude of high climate sensitivity includes all 

of the values found in current climate models that represent total positive 

climate feedback (Colman, 2003; Knutti and Hegerl, 2008; Soden and Held, 

2006). 
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Climate feedback processes essentially yield the change in outgoing 

radiation flux in response to the change in global surface temperature through 

the changes of cloud, water vapor, etc. Thus the recent observational feedback 

studies were based mostly on simple linear regression between global surface 

temperature anomalies (Ts) and the flux anomalies of global net radiation 

(R; sum of shortwave and longwave radiation flux anomalies). The basis of 

examining the relation between R and Ts to estimate a feedback strength is 

that radiative flux is controlled by temperature over a given time in feedback. 

Most theoretical and empirical experiments showed that the exact value of 

feedback appears as the regression slope R/Ts at zero time-lag, when the 

feedback between the two variables dominates over the system (Frankignoul, 

1999; Frankignoul et al., 1998). More importantly, this should be followed by 

significant correlation at zero lag. The total climate feedbacks estimated by 

this way were usually positive. 

However, recent observations show that correlation between R and Ts at 

zero lag is very weak, and moreover is often located between the opposite 

signs at negative and positive month lags (Lindzen and Choi, 2011). The weak 

correlation between the two variables implied that in observations many 

unknown radiative processes that are not feedbacks to SST (e.g., random 

cloud variations) exist, and that they strongly confuse the feedback strength 

in the R-Ts relation. This may also be the case of feedbacks taking several 

weeks to fully develop; e.g., cirrus detrainment from tropical cumulonimbus. 



33 

However, as assumed in most of previous feedback studies, this study rules 

out such a delayed feedback process. This naturally casts a question about 

reliability of the feedback estimates from the zero lag simple regression of 

observational time series. 

 

3.1.1. Definition of the non-feedback variations 

In order to resolve the problems associated with the simple regression 

method, improved methods have been suggested by Lindzen and Choi (2009, 

2011) and Spencer and Braswell (2010). All these studies have argued the 

likelihood of negative feedback, by applying different methods that may 

better isolate the feedbacks from the effects of continuous equilibration or 

long-term (i.e., several decades) trend. Lindzen and Choi (2009, 2011) used 

short (few-month) segments in which the increase (or decrease) in R and 

Ts occurred. Spencer and Braswell (2010) tracked sequential R and Ts, 

and found feedback processes are presented by thin stripes in the R-Ts chart. 

Both methods aim to isolate feedbacks from the confounding factors of 

equilibration or long-term trend more appropriately than does the simple 

regression of the whole observed time series. However, these alternatives 

have also been subject to criticism (Chung et al., 2010; Murphy, 2010; 

Trenberth et al., 2010). 
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Figure 1. The lagged linear correlation coefficient (a) and regression slope 

(b) of ΔR versus ΔTs for shortwave (blue) and longwave (red) radiation; The 

thick solid line indicates global data, and the thick dashed line indicates 

20°S−20°N. Positive signs are used for upward fluxes. 

 

Of course uncertainties in the previous feedback estimates were 

acknowledged (Spencer and Braswell, 2011), but the reason for the 
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uncertainties remains unclear. Not-knowing clearly the reason prevents the 

improved determination of the feedback strength. As will be shown here, the 

main reason turns out to be significant influence of natural variations of 

radiation that are not related to feedback processes (called ‘non-feedback’ 

variations or noise in this study). They are in fact hardly isolated from the 

observed flux anomalies R in which both feedback and non-feedback 

variations are blended, even by many currently known methods (including 

two alternative methods by Spencer and Braswell, 2010 and Lindzen and 

Choi, 2011). 

In order to avoid spurious contribution of the non-feedback variations to 

feedback, the use of a ‘lagged covariance’ has been suggested (Frankignoul, 

1999; Frankignoul et al., 1998). This is because the cause and effect of the 

change in outgoing radiation fluxes can be identified from lagged covariances. 

However, only in the case when Ts is mostly remotely generated in time is 

it likely that the atmospheric response can reflect the true atmospheric 

feedback in the stochastic determination (Frankignoul, 1999). The influence 

of non-feedback variations, with the lagged correlation analysis between 

observed sequential R and Ts will be discussed next. 

 

3.1.2. Cross-correlation between radiation flux and SST 

SST instead of global surface temperature was used in the present analysis 

because land surface temperature is highly variable in observations, providing 
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large uncertainty in determination of climate feedbacks. The analysis period 

is from March 2000 to June 2011 (136 months). Both SST and radiative flux 

data were deseasonalized by monthly climatological means to produce the 

anomalies of global (both land and ocean) outgoing fluxes and SST, R and 

Ts. Then the (lagged) cross-correlation analysis is applied to the two 

anomalies; the correlations and the regression slopes are shown in Figs. 1a 

and 1b, respectively. 

The cross-correlation results with respect to time lag are shown for 

longwave (LW, red line) and shortwave (SW, blue line) radiation fluxes (Fig. 

1a). The thick solid line indicates global average, and the thick dashed line 

indicates tropical average (20°S−20°N). Negative lags indicate that R 

precedes Ts, whereas positive lags indicate that Ts precedes R. The reason 

for using Ts as the abscissa is because feedbacks are usually defined and 

reckoned with respect to changes in surface temperature. As a whole, fairly 

variable correlation coefficients (r) are found according to time lags. 

Interestingly, only LW in the tropics (20°S−20°N) shows a distinctively 

highest correlation at zero lag (thick dashed red line in Fig. 1a). 

At the approximate emission temperature of the earth of 255 K and 

assuming that the emission temperature is linearly related with the surface 

temperature, the effective Planck longwave cooling is known to be 3.3 W m−2 

K−1 for small perturbations of the surface temperature (e.g., Lin et al., 2011; 

Lindzen and Choi, 2011; Spencer and Braswell, 2008; Trenberth et al., 2010). 
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This is so-called Planck response that is proportional to SST, and exclusion 

of which from LW flux is displayed by thin lines in Fig. 1a. Characteristically, 

in Fig. 1a, in LW where Planck response is excluded, the sign of correlation 

around zero lag is very different from LW where Planck response is originally 

included. Especially for the tropics, when Planck response was excluded from 

the LW flux anomalies, the convex-shaped correlation (i.e., a maximum at 

zero lag and lower values at nonzero lags) disappeared. This represents that 

the Planck response plays a crucial role in stabilizing the lagged correlation 

to have a highest value at zero lag. However, it should be noted that, for 

obtaining LW climate feedback associated with specific variables like water 

vapor or clouds, exclusion of Planck response from LW flux is 

methodologically unavoidable. 

The distorted (usually S-shaped) correlation curves in Fig. 1a shows that 

the negative correlation at zero lag actually comes from R preceding Ts 

(i.e., negative lag) and that the correlation changes from negative to positive 

as R follows Ts (i.e., positive lag). This pattern is also very similar to the 

regression R/Ts slopes in Fig. 1b. Eventually, this opposite sign clearly 

limits statistical significance of regression slopes at zero lag, although the 

regression slope is highly fluctuating in the range of –2 to 4 W m−2 K−1 (Fig. 

1b). For example, the coefficient of determination r2 is only 2% at zero lag 

for globally averaged SW flux (blue solid line in Fig. 1a); the corresponding 

R/Ts value to this (approximately –1 W m−2 K−1 in Fig. 1b) is indeed too 
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uncertain to represent a general feature of nature, or even to test climate 

models with the estimated climate feedback from the observation, given that 

model climate sensitivity is so sensitive to small uncertainty in climate 

feedbacks (Roe and Baker, 2007). This weak significance at zero lag indicates 

that the estimation of SW feedback is essentially more difficult than LW 

feedback. 

Figure 1 also clearly compares global averages and tropical averages. The 

distortion seems more intensified for global averages than tropical averages. 

The tropical LW data excluding Planck response was much more convexly 

shaped than the global LW data excluding Planck response (red lines in Figs. 

1a and 1b). These results imply that the estimation of global feedback is more 

difficult than tropical feedback. This is probably associated with major factors 

inducing R that are mostly the non-feedback cloud changes commonly 

found to be more frequent in the extratropics and over land. 

 

3.1.3. Distinguishing feedback from non-feedback noise 

Only the dependence on surface temperature Ts, however, is directly 

relevant to cloud feedback. The other factors shall be referred to as ‘noise’ for 

the sake of distinguishing them from the feedback ‘signal’ in the outgoing 

radiation flux, though these factors are often more important to cloud 

formation and composition (note that optical properties of clouds can change 

– not just cloud amount, Choi et al., 2010). The noise is also called effective 
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radiative forcing elsewhere, defined as all the instantaneous radiative forcing 

including fast atmospheric adjustments occurring independently of Ts 

(Gregory and Webb, 2008). To be clear, the atmospheric factors like water 

vapor and temperature profiles are directly changed by Ts and in turn 

indirectly changing clouds are not noise, but are the feedback processes. Note 

that these too have already been included in the R-Ts analyses. 

A key issue here is that the factors occurring independently of Ts (i.e., noise) 

must be excluded in the estimation of feedback from the R-Ts analysis. 

This is because doing otherwise generally leads to the distorted lagged 

correlation with low statistical significance (see Fig. 1). How this noise effect 

actually works on distorting the correlation is explained in the following. 

Based on the analysis separating LW and SW, the total R directly observed 

from the CERES is much more strongly correlated with SW anomalies 

(coefficient of determination, r2 = ~60%) than LW anomalies (r2 = ~30%), so 

it is likely that the total R is primarily associated with SW radiation. Simply 

focusing on SW, for example, instantaneously increased cloud (independently 

of Ts) would reflect more sunlight (positive R) and thereby cool the surface 

(negative Ts), which of necessity is a non-feedback contributions to R. This 

case leads, of course, to negative R/Ts, overestimating positive cloud 

feedback from the R-Ts analysis. 

In order to distinguish such spurious contributions to feedback from actual 
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feedbacks, it is necessary to distinguish changes in R that lead changes in 

Ts (shown as negative lags) from those that lag (shown as positive lags). 

Only the latter should be considered to be feedbacks. To confirm the necessity 

of the lagged covariances in the present climate feedback problem, an 

idealized energy balance model is used here (Eq. 1). Though the model is too 

simple to simulate the earth’s true climate, this model contains enough of the 

essential nature of climate to determine if the estimation of feedbacks is 

methodologically appropriate. The nature of climate in the model can be 

inferred from the known magnitudes and the time scales of climate responses 

to forcings, without reference to the detailed physical processes that are 

implemented in complex climate models. The simple model focuses just on 

the relationship of time series of Ts and R, which is essential for the 

estimation of feedbacks. By keeping simplicity at the cost of quantitative 

accuracy, the following simple model provides useful insight without the 

difficulties associated with complex climate models. 

With monthly varying F and constant Cp and λ, it is now possible to 

simulate time series of temperature anomaly, Ts from Eq. 1. Finite difference 

integrations of Eq. 1 were carried out for 10 years on monthly time scale (Choi 

and Song 2012). The radiative forcing plus the feedback process in the model 

runs appears as the total outgoing radiative flux at the top of the atmosphere 

RTOA. To correspond to what the CERES instrument actually measures, 

instrumental or sampling errors (ε) should also be included in RTOA: 
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  sradTOA TFR .    (6a) 

Subtracting the Planck response to surface temperature (λ0Ts) from RTOA, 

the residual finally indicates outgoing flux anomaly without the Planck 

response as shown in Fig. 1. 

  )()()()( s0srads0TOA tTtTtFtTRR
 .

        (6b) 

It is widely accepted that R is largely associated with cloud variation. 

However, the extraction of cloud-associated radiation introduces many other 

problems beyond those considered here. In order to extract cloud forcing from 

TOA fluxes, one may use information from analyzed data obtained from 

sophisticated 3-D climate models. Such models are already influenced by the 

model treatment of clouds which is generally held to be unreliable. The 

present paper does not attempt to extract cloud forcing. Rather, it is better to 

use the radiation flux R that is just the total outgoing radiation in which only 

the Planck response is removed to focus on feedbacks. Moreover, only the 

methodological problems associated with the use of simple regression are 

addressed here. 
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Figure 2. The lagged linear correlation coefficient and regression slope of 

ΔR versus ΔTs from the zero-dimensional energy balance model 

simulations. The blue shaded area indicates the range of the simulated 

values from 1,000 simulated realizations, and the red dashed line indicates 

their average. The assumed climate feedback 2.7 W m−2 K−1 is 

superimposed by the blue dashed line in the lagged slope graph. The thin 

solid lines are 30 randomly selected examples. The forcings are purely (a) 

radiative and (b) non-radiative, respectively [From Choi et al. (2014)]. 
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Figure 3. Same as Fig. 2 but for coexisting radiative and non-radiative 

forcings with σ(Frad)/σ(Fnon) = 0.05 (a), 0.14 (b), and 2.33 (c) [From Choi et 

al. (2014)]. 

 

Now one can inquire how the R-Ts lagged correlation is changed by 

noise. As explained above, both forcings (Fnon and Frad) in Eq. 1 are basically 

randomly generated Gaussian numbers with nearly zero mean, but their 

standard deviations are changed depending on the experiments in Figs. 2 and 

3. Figure 2a shows R-Ts correlations with respect to the lagged month of 

R behind Ts (the abscissa). The blue shaded area is the range of the 1,000 

repeated results by the simple model (10 years for each run), and the lines are 
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neglected, assuming that all the climatic forcing is purely radiative (observed 
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at TOA) (i.e., Fnon = 0 and Frad ≠ 0); thus, Ts is changed by noise (like cooling 

effects of randomly-formed clouds) as well as the feedback process. 

Randomly generated Gaussian noise is in Frad. The standard deviation of the 

forcing σ(Frad) is set to 1 W m−2. As will be estimated from observations in 

the next, the present setting of σ(Fnon) turns out to be quite reasonable. In 

these extensive runs in Fig. 2a, the maxima and minima of correlation 

coefficients (and regression slopes) were present within finite lead and lag 

months for most simulations. The detailed shape of the curve varies with 

randomly generated forcing, but the S-shaped curve is the most common if 

the forcing is purely radiative. 

On the contrary, if the forcing is purely non-radiative (i.e., Frad = 0 and Fnon 

≠ 0), most of the results of lagged analyses are similar to Fig. 2b. The standard 

deviation of the forcing σ(Fnon) is set to 5 W m−2. At larger or smaller lags, 

correlations are more variable and lower. Correlation was highest and 

constant at zero lag, resulting in that maxima of regression slopes at zero lag 

(i.e., the simultaneous regression) is the same as the true feedback 2.7 W m−2 

K−1. Results in Figs. 2a and 2b are completely different. Note that this 

difference stems from the fact that RTOA in the case of Fig. 2b is determined 

mainly by feedback processes (λTs), whereas RTOA in the case of Fig. 2a is 

determined by both feedback processes and radiative forcing (–Frad + λTs) 

(see Eq. 6a). 

In more realistic conditions that both Fnon and Frad are contributing as 
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climatic forcings (Fig. 3), the characteristics of R-Ts correlation should be 

in between the two extreme cases (Figs. 2a, b). Figure 3 shows examples of 

the lagged correlation (and regression slope) results for various σ(Frad)/σ(Fnon) 

= 0.05 (a), 0.14 (b), and 2.33 (c); these are the values assumed by Dessler 

(2011), Lindzen and Choi (2011), and Spencer and Braswell (2011), 

respectively. Here the ε-value is set to zero. Figure 3a shows generally the 

upward convex shape with highest correlations and slopes around zero lag. 

Correlations and slopes are, however, more variable and lower than those in 

Fig. 2b (the extreme case of σ(Frad)/σ(Fnon) = 0). Figure 3b shows similar 

correlations and slopes at all lags or some distorted shape of the lagged 

correlation and slope. Figure 3c shows mostly the distorted shape, which 

resembles Fig. 2a. All three cases indicate that σ(Frad)/σ(Fnon) smaller than 0.2 

can distort the upward convex shape, and complicate the estimation of 

feedback. 

Figure 4 shows more quantitatively the errors in the estimation of feedback 

with respect to the ratio σ(Frad)/σ(Fnon) as well as σ(ε). The error is calculated 

by the difference between the regression slope at zero lag and the prescribed 

true feedback parameter (λ). It should be noted that the bar in Fig. 4 represents 

only the standard deviation of extensive model runs (100 repetitions), which 

is much smaller than the actual maximal error. Also, the average of the error 

should not be emphasized too much since it should approach basically to zero 

if the error distribution is symmetrical. Results clearly demonstrate that the 



46 

error increases with increase in the ratio σ(Frad)/σ(Fnon) for the same λ. The 

error also significantly increases with the increase in sampling error (ε). More 

importantly, the error is considerable even for very small σ(Frad)/σ(Fnon) ~ 

0.05, particularly in the presence of σ(ε) (Fig. 4a). For smaller σ(Frad)/σ(Fnon), 

the ε-value also plays an important role in increasing the error. Comparing 

Figs. 4a, 4b, and 4c, the error increases with the increase in λ if all other 

factors are equal. Interestingly, the error is slightly biased upward for the 

system with positive feedback (λ = 1 W m−2 K−1), whereas more greatly 

downward for the system with negative feedback (λ = 6 W m−2 K−1). That is 

to say, feedbacks (positive or negative) tend to be underestimated; more 

greatly for negative feedback than for positive feedback. 

The above simulations clearly show that non-feedback radiative variations 

strongly affect the lagged covariance between the two observed quantities. 

The lag serves to determine whether the observed data favors the estimation 

of feedback or not. It is therefore essential to consider R’s that lead and lag 

Ts’s; only the top of the upward convex shape according to the lag should 

be identified with feedbacks. 
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Figure 4. The mean and standard deviation of the errors in estimated 

feedback parameter (λ) from 100 simulations of the energy balance model. 

The abscissa indicates the ratio, σ(Frad)/σ(Fnon). The pre-described feedback 

parameter is 1.0 W m−2 K−1 (a), 3.3 W m−2 K−1 (b), and 6.0 W m−2 K−1 (c) 

[From Choi et al. (2014)]. 
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3.1.4. Observational assessment of non-feedback variations 

The simple model simulations imply that the slope at zero lag cannot be 

correctly indicative of the climate feedback in the CERES observations if the 

lagged correlation is distorted according to the lag. This was the case when 

the temperature change is largely induced by non-feedback radiative 

variations (or simply noise). To clarify the effect of noise in the currently 

available data, Frad and Fnon are calculated. These values can be obtained 

systematically from the observations in the framework of the simple model. 

By separating Frad and Fnon in Eq. 1 into two independent equations, 

TOAsrad )()( RtTtF   ,    (7a) 

TOA
s

pnon )( R
dt

Td
CtF 







 


,
    (7b) 

where RTOA and Ts are the same observational data as used in Fig. 1; 

both are globally averaged monthly anomalous values deseasonalized against 

the monthly mean for the first 5-year (March 2000−February 2005). Thus Frad 

and Fnon are also anomalies relative to the first 5-year means as they are 

derived from the anomaly data of RTOA and Ts. RTOA is used instead of R 

for the calculation of Frad and Fnon, since RTOA is directly measured. Frad is 

calculated by Eq. 7a for a specified λ. Fnon is calculated by Eq. 7b 

independently of λ. 

Because RTOA contributes to the calculation of both Frad and Fnon in Eq. 7, 
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there is a correlation between Frad and Fnon, that is dependent on λ: r = −0.04 

for λ = 0 W m−2 K−1 to −0.19 for λ = 8 W m−2 K−1 when using globally 

averaged CERES RTOA data (solid line in Fig. 5); the stronger the negative 

feedback (larger λ), the stronger the negative correlation between Frad and Fnon. 

In addition, in the case of using RTOA averaged over the ocean only (blue 

dotted line in Fig. 5), Frad and Fnon have slightly stronger negative correlation 

(r = −0.11 for λ = 0 W m−2 K−1 to −0.23 for λ = 8 W m−2 K−1). However, in 

the case of using RTOA averaged over the land only (red dotted line in Fig. 

5), the correlation is similar to or slightly weaker than that for globally 

averaged RTOA. In order to compare the observationally based estimates with 

climate models, Eq. 7 was also applied to the CMIP (Coupled Model 

Intercomparison Project) runs in IPCC AR4 (2007) (Lindzen and Choi, 2011); 

λ-values correspond to IPCC AR4 (2007). In terms of correlation between Frad 

and Fnon, climate models (plus marks in Fig. 5) have enormously different 

characteristics from the observation (the solid line in Fig. 5). 

As documented previously, variations of Frad and Fnon indicate the noise 

effects on estimating climate feedback. Figure 6 shows the estimated 

magnitudes of σ(Frad) and σ(Frad)/σ(Fnon). While not shown explicitly in the 

figure, σ(Fnon) is found to be 5.27 for globally averaged RTOA (5.32 for the 

ocean-averaged RTOA) in the observation, while CMIP models have a wide 

range of σ(Fnon) (3 to 9 in Table 1). From the observation in Fig. 6a, σ(Frad) 

with an increase in λ between 0.7 and 0.9 W m−2. Only a few CMIP models 
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show values comparable to these observational values. Dependence on RTOA 

should also be mentioned; σ(Frad) for λ = 3.3 W m−2 K−1 is 0.74 for globally 

averaged RTOA, 0.80 for the ocean-averaged RTOA, and 1.13 W m−2 for the 

land-averaged RTOA. Thus land includes larger non-feedback noise than the 

ocean or the globe. This supports the earlier finding that the estimation of 

global feedback is more difficult than the estimation of tropical feedback as 

seen in Fig. 1. 

 

Figure 5. The correlation coefficient (r) between estimated Frad and Fnon 

with respect to feedback parameter λ. from the CERES and SST 

observations (solid line for globally averaged RTOA, blue dotted line for the 

ocean-averaged RTOA, red dotted line for the land-averaged RTOA), and 

from 11 CMIP climate models (plus marks) with the estimated values of λ 

by CO2-doubling equilibrium experiments (IPCC, 2007) [From Choi et al. 

(2014)]. 
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Figure 6. Same as Figure 5 but for σ(Frad) (a) and σ(Frad)/σ(Fnon) (b) not r. 

The ratio, σ(Frad)/σ(Fnon) from observations is larger than 4 models, and 

smaller than 6 models [From Choi et al. (2014)]. 
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Table 1. The estimated σ(Fnon) values for 11 CMIP climate models [From 

Choi et al. (2014)]. 

Models σ(Fnon) (W m−2) 

GFDL-CM2.1 8.78 

GISS-ER 3.12 

FGOALS-g1.0 5.42 

INM-CM3.0 5.36 

IPSL-CM4 4.04 

MIROC3.2(hires) 4.51 

MIROC3.2(medres) 3.75 

ECHAM5/MPI-OM 6.36 

MRI-CGCM2.3.2 8.31 

CCSM3 6.03 

UKMO-HadGEM1 6.68 

 

σ(Frad)/σ(Fnon) is calculated to be approximately from 0.13 to 0.18 for the 

global and ocean RTOA (black dashed and blue dotted lines), within the 

possible range of λ in the observations (Fig. 6b). For the land-averaged RTOA 

(red dotted line), the σ(Frad)/σ(Fnon) value is much larger than that for the 

global and ocean RTOA . More detailed results on dependence on Cp and λ 

from the observation are summarized in Table 2. Figure 6b also shows that 

σ(Frad)/σ(Fnon) from CMIP models varies from 0.11 to 0.28, for λ around 1 W 

m−2 K−1. This is perhaps the reason why the CMIP models also yield the S-

shaped curve in the lagged analyses (Lindzen and Choi, 2011). On the other 

hand, it is possible that the Cp values used here (14 year W m−2 K−1) might be 

too large for the ocean mixed layer of the observed climate or the CMIP 
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models, especially in monthly time scale. In the present estimations, the 

dependency of Fnon on Cp is almost linear, therefore σ(Frad)/σ(Fnon) is almost 

proportional to Cp
−1. For instance, when Cp is set to 10 year W m−2 K−1, the 

values in Fig. 6b increase by a factor of nearly 1.4 (= 14/10); σ(Frad)/σ(Fnon) 

is approximately from 0.19 to 0.22 in the observations, and from 0.15 to 0.38 

in the CMIP models. 

Table 2. The estimated σ(Frad)/σ(Fnon) values associated with different 

choices for the bulk heat capacity of the Earth’s climate system Cp, and 

feedback function λ. Globally averaged, the ocean-averaged, and the land-

averaged ΔR values are used [From Choi et al. (2014)]. 

Area Cp 
(yr W m-2 K−1) 

σ(Fnon) 
(W m−2) 

σ(Frad)/σ(Fnon) 

 (λ = 1.0 

W m−2 K−1) 

(λ = 3.3 

W m−2 K−1) 

(λ = 6.0 

W m−2 K−1) 

Global 10 3.78 18.7% 19.6% 21.9% 

 14 5.27 13.4% 14.1% 15.7% 

 21 7.90 9.0% 9.4% 10.5% 

 28 10.54 6.7% 7.0% 7.8% 

Ocean 10 3.83 20.5% 21.0% 22.7% 

 14 5.32 14.7% 15.1% 16.4% 

 21 7.95 9.9% 10.1% 11.0% 

 28 10.58 7.4% 7.6% 8.2% 

Land 10 3.77 28.8% 29.9% 32.1% 

 14 5.24 20.7% 21.5% 23.1% 

 21 7.85 13.8% 14.4% 15.4% 

 28 10.47 10.4% 10.8% 115% 
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3.2. Longwave cloud feedback over the Pacific warm pool 

Based on the understanding of the radiative feedback processes, outgoing 

longwave radiation (OLR) responses to changes in sea surface temperature 

(SST) over the Pacific warm pool area (20°N–20°S, 130°E–170°W) are 

investigated. OLR values were obtained from recent (January 2008–June 

2010) geostationary window channel imagery at hourly resolution, which 

resolves processes associated with tropical convective clouds. 

 

3.2.1. Characteristics of clouds over the Pacific warm pool 

In response to anomalous radiative forcing, changes in the global mean 

surface temperature depend largely on the strength of various radiative 

feedbacks. It is widely accepted that some of the most important, but highly 

uncertain feedbacks in the global climate system are those involving clouds. 

Clouds effectively regulate the Earth’s top-of-atmosphere (TOA) radiation 

budget by reflecting solar insolation and trapping planetary infrared 

emissions; therefore, their response to surface temperature is of primary 

interest. Previous observational studies of cloud longwave (LW) influences 

on global warming varied widely (e.g., Lindzen et al., 2001; Rondanelli and 

Lindzen, 2008; Stephens, 2005; Zelinka and Hartmann, 2010). 

One of major reasons for this uncertainty is that the cloud feedback “signal” 

is not strong enough to be distinguished from the “noise” due to cloud 

variation in the present observational data. In this context, cloud noise refers 
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to the variations that occur that are not feedbacks to surface temperature 

change. Over a short timescale, this noise tends to act as considerable 

radiative forcing, randomly changing surface temperature, whereas the cloud 

feedback signal is due to the radiative response of cloud to change in surface 

temperature. Obviously, this noise effect may bias estimations of the cloud 

feedback, and yet cannot be eliminated by usual mathematical filtering. 

As the cloud’s non-feedback noise effect is mixed with cloud feedback 

processes in the observed records, this study attempts to separate the sea 

surface temperature (SST) variations caused by clouds and those that change 

clouds. Only the latter should be categorized as a cloud response to SST 

change. It will be shown that it may be possible to minimize the noise effect 

that exists in temporal variations in SST, by using cloud fraction information 

from high temporal resolution geostationary satellite data. Following 

previous studies on tropical cloud response to local SST changes (e.g., 

Horváth and Soden, 2008; Ramanathan and Collins, 1991; Rondanelli and 

Lindzen, 2008), the analysis are limited to the Pacific warm pool region (PWP; 

20°N–20°S, 130°E–170°W). The clouds over the PWP are known to be the 

most sensitive to local SST change through convective processes (e.g., Zhang, 

1993). 

Compared to detailed cloud property retrievals from satellites, radiative 

flux data are more directly associated with the issue of determining “radiative” 

feedback processes. Moreover, the large differences among the previous 
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results on tropical cloud feedback may be related to highly uncertain cloud 

retrievals (e.g., Choi et al., 2005; Choi and Ho, 2009; Ohring et al., 2005). 

For these reasons, The TOA longwave radiative fluxes that are calculated 

from satellite-observed radiances were used, as shown below. 

Estimation of cloud response to SST change should be supported by 

observations with a timescale that is short enough to resolve the cloud 

processes in the atmosphere. For the PWP analysis region, the lifetime of 

cloud process associated with cumulonimbus is known to range from hours 

to days. It is difficult to observe fast cloud processes from monthly data for 

SST and radiative flux. Thus, short-term variations at a timescale of less than 

a few days will be analyzed. 

 

3.2.2. Observed response of OLR and cloudiness to SST change over the 

Pacific warm pool 

Cloud variations in the PWP have been monitored hourly by the MTSAT-

1R on the geostationary orbit centered at 140°E. The window channel 

(centered at 11 μm) imagery of MTSAT-1R is useful to capture longwave 

variations due to changes in both clouds and surface temperature, because the 

effects of other factors, such as column-integrated water vapor and vertical 

structure of atmospheric temperature, barely interfere with radiance at that 

wavelength. Linear regression slopes (ΔOLR/ΔSST) are calculated for each 

set of anomalous ΔOLR and ΔSST time series. To overcome the limitation of 
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linear regression slope in determining causality between OLR and SST, The 

cross-correlation coefficients for different time lags between ΔOLR and ΔSST 

were also examined. For comparison with results from daily data, the 

monthly-mean ΔOLRx and ΔSSTx values are also calculated by simple time-

averaging. 

Initially, the instantaneous (coincident) relationship between ΔOLRentire and 

ΔSSTentire was calculated on daily and monthly timescales. The linear 

regression slope (ΔOLRentire/ΔSSTentire) from monthly data was 4.20  5.84 W 

m2 K1 (mean  standard error). As the regression slope is greater than the 

Planck response of longwave emission (3.3 W m2 K1), the obtained slope 

may imply that the Earth’s climate has a slight longwave cooling effect for 

increased SST. This result is consistent with most previous studies using 

monthly-mean data (e.g., Lindzen and Choi, 2009), but raises concerns about 

the wide uncertainty range of the slope, mostly owing to the small sample 

size. Interestingly, using daily-mean data, it is found that much higher 

regression slope (ΔOLRentire/ΔSSTentire = 8.31  1.76 W m2 K1), implying 

strong release of longwave radiation for increased SST. 

The positive correlation between ΔOLRentire and ΔSSTentire would not only 

be a consequence of SST-induced OLR change, but also of OLR-induced SST 

change. That is to say, it is feasible that the strong positive correlation would 

be induced solely by SST contaminated by non-feedback cloud noise. For 

instance, it is natural that the decrease in cloud fraction leads to the increase 
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in SST by allowing greater solar heating of the surface; at the same time, OLR 

would increase owing to warmer emission temperature (i.e., more infrared 

emission from the surface). Hence, the process finally gives positive 

correlation between OLR and SST. However, as mentioned, unless the 

increased SST eventually affects clouds, this does not represent feedbacks 

between SST and cloud. 

 

Figure 7. Lagged linear correlations (a) and regression slopes (b) between 

OLRentire and SST. Positive abscissa value indicates that SST leads OLR. 

SSTs are averaged over the entire domain of analysis (thin solid), cloudy 

area (dashed), and clear-sky area (thick solid) [From Cho et al. (2012)]. 
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Figure 8. Lagged linear correlations (a) and regression slopes (b) between 

AREAcloud and SSTclear. Positive abscissa value indicates that SSTclear leads 

AREAcloud. SSTclear is averaged over the cloud-free area, and AREAcloud is 

relative cloud coverage [From Cho et al. (2012)]. 

 

The non-feedback cloud process may often occur over the PWP region, and 

may readily prevent appropriate interpretation of the regression slope relevant 

to the radiative feedback strength. Therefore, it is necessary to investigate 

how the cross-correlation coefficient changes according to the time lag 

between OLR and SST, in order to get a better idea of whether the regression 

slope at zero lag is representative of radiative feedback strength, i.e., OLR 

change induced solely by SST change. Figure 7 shows the cross-regression 

between daily-mean ΔOLR and ΔSST, where negative lag indicates that OLR 

leads SST; positive lag indicates that SST leads OLR. It is known that, in the 
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case that OLR leads SST, the maximum R2 tends to appear at negative lag, 

and R2 at zero lag tends to be non-significant (Spencer and Braswell, 2010). 

This case is seen in Fig. 7a; the maximum R2 between ΔOLRentire and 

ΔSSTentire (thin solid line) is observed for a lag of approximately minus-5 days, 

and the value of R2 decreases with increasing time lag, indicating that 

longwave radiative forcing affects SST. This effect is more evident for the 

further analysis with ΔSSTcloud, which is expected to be more strongly 

influenced than ΔSSTentire by cloud radiative forcing. The corresponding 

cross-correlation coefficient between ΔOLRentire and ΔSSTcloud is represented 

by the dashed line in Fig. 7a, showing that the OLR–SST relationship is 

almost uncorrelated at around zero lag, similarly to the case with ΔSSTentire. 

However, OLR variations in response to SST are revealed by comparison 

of ΔSST with preceding (or at least coincident) ΔOLR (i.e., at zero or positive 

lags). Interestingly, unlike the analysis with ΔOLRentire and ΔSSTcloud, the 

maximum R2 between ΔOLRentire and ΔSSTclear at zero lag appears as the top 

of the convex shape in the graph (thick solid line in Fig. 7a). The value of 

ΔOLRentire/ΔSSTclear at zero lag is 15.72  1.02 W m2 K1 (thick solid line in 

Fig. 7b). It is known that this convex shape in the lead–lag relationship gives 

the desired signal of the cloud response to SST change from the regression 

slope at “zero” lag (e.g., Frankignoul et al., 1998; Lindzen and Choi, 2011) 

once ignoring the possibility that the feedback effect can be delayed by 

ocean/atmosphere processes. This convex shape, however, would not occur 
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with strong cloud contamination of the SST variation data (Lindzen and Choi, 

2011). It is noted that, for monthly data, the results (ΔOLRentire/ΔSSTclear) do 

not show the convex shape. This may be because monthly ΔOLRentire/ΔSSTclear 

allows various processes at different timescales that may contaminate the 

signal of the exact cloud response to SST change. 

It is also worth examining whether SSTclear is physically meaningful in 

relation to tropical cloud processes. Strong correlation between 
day

clearSST  and 

SST entire
day

  (correlation coefficient is 0.90) assures that ΔSSTclear can also 

represent essentially the SST variability over PWP. Despite this strong 

correlation, however, ΔSSTentire and ΔSSTclear (as well as ΔSSTcloud and 

ΔSSTclear) have remarkably different lead–lag relationships with ΔOLRentire. 

This provides an important reason why the slope ΔOLRentire/ΔSSTclear is not 

an artifact of uneven horizontal distribution of SST field over the PWP. If the 

slopes were artifacts from the SST field, then the lead–lag relationship 

between ΔOLRentire-ΔSSTcloud would be similar to that of ΔOLRentire-ΔSSTclear 

because SSTclear and SSTcloud would only reflect the variations in cloud 

coverage. Thus, SSTclear as the noise-reduced SST can correctly indicate the 

magnitude of forcing that changes clouds. 

Physically, the high correlation between 
day

clearSST   and SST entire
day

  may 

reflect the role of dynamics to reduce horizontal variations in SST. 

Convection, by contrast, increases horizontal variations in SST, causing de-
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correlation between SSTclear and SSTentire. The correlation coefficient between 

90-day smoothed 
day

clearSST  and SST entire
day

 is higher (R = 0.95) than that of the 

shorter time scale ΔSSTclear and ΔSSTentire (R = 0.73). This confirms that, over 

the PWP, the time scales for the dynamics longer than the time scales for 

convection. 

In order to examine how clouds are involved in OLR variations, the OLR 

variability were analyzed in association with clouds by separation of cloudy-

sky OLR and clear-sky OLR. The OLR variations are regulated mostly by the 

longwave emission, especially from clouds and the earth’s surface, because 

the OLR is inferred from 11 m radiation only. Beside the contribution of the 

surface to the variation in OLR via the Planck response, the variation in OLR 

is regarded as a function of (1) cloud-top temperature (Tcloud), and (2) 

horizontal coverage of clouds (Acloud). The Tcloud mainly determines OLRcloud 

which calculation is confined within cloudy-sky area only, while both Tcloud 

and Acloud determine OLRentire. The cross-correlation analysis between 

ΔOLRcloud and ΔSSTclear indicates that cloud thermal emission associated with 

Tcloud is uncorrelated with the variation in SST (not shown in the figure). This 

potentially supports the hypothesis that the cloud top temperature is 

insensitive to SST (Hartmann and Larson, 2002). 

More importantly, ΔAcloud and ΔSSTclear had significant negative correlation 

with its minimum peak of cross-correlation coefficient at zero lag (thick solid 

line in Fig. 8a); the corresponding regression slope, ΔAcloud/ΔSSTclear is −14.4 
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 1.0% K1 (thick solid line in Fig. 8b). In this case, the convex shape with a 

peak at zero lag is revealed, confirming the validity of the slope. Of course, 

this shape does not appear when using cloud-affected SST anomalies, 

ΔSSTentire and ΔSSTcloud. ΔAcloud/ΔSSTentire (and ΔAcloud/ΔSSTcloud) is negative 

at negative lag, and becomes positive at positive lag. This probably results 

because increased Acloud cools the SST owing to the cloud dimming effect. 

Consequently, the result of ΔAcloud (Fig. 8) is very consistent with that of 

ΔOLRentire (Fig. 7). 

As mentioned previously, these results are based on the BT11 threshold 

value of 280 K for clear-sky pixel detection. To check the dependence of the 

result on the choice of the threshold, various threshold values were applied 

between 270 K and 290 K for clear-sky pixel detection. Irrespective of the 

selected threshold, the convex shape of the correlation with respect to time 

lag was maintained. If this threshold is less than 270 K (allowing excessively 

larger clear-sky area), the maximum R2 between ΔOLRentire and ΔSSTclear 

shifts to negative lags, implying that the influence of OLR on SSTclear becomes 

important. The slopes at zero lag for the thresholds of 270, 280, and 290 K 

are shown in Table 3. It is shown that, for more rigorous threshold for clear-

sky detection, the value of ΔOLRentire/ΔSSTclear is lower. This may result from 

less sampling of clear-sky SSTs, as well as from excluding more of the 

influence of cloud on SST. 

On the other hand, for thermally colder clouds with BT11 < 260 K, 
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ΔAcloud/ΔSSTclear was smaller by ~3% K−1 compared to the cloud with BT11 < 

270 K, irrespective of clear-sky SST. This implies that relatively thin clouds 

(corresponding to BT11 between 260 K and 270 K) would decrease by ~3% 

K−1. Table 3 also shows the results from the reduced major axis (RMA) 

method (the numbers in parentheses), which is known to be more appropriate 

for relating two co-dependent variables, or for an independent variable that 

includes errors (Smith, 2009). Note that a slope from simple linear regression 

may bias toward zero value, in comparison to the RMA method. Although 

this RMA gives more intensified slopes without changing the sign, the 

different slopes obtained from different statistical approaches is an issue to be 

addressed; however, this is beyond the scope of the present study. 

Table 3. The value  standard errors of ΔOLRentire/ΔSSTclear and 

ΔAcloud/ΔSSTclear from simple linear regression with different BT11 thresholds 

for clear-sky/cloudy pixel detection; all the anomaly values are daily means. 

The results from the reduced major axis method are shown in parentheses 

[From Cho et al. (2012)]. 

Variables Clear-sky detection test 

 BT11 ≥ 270 K BT11 ≥ 280 K BT11 ≥ 290 K 

ΔOLRentire/ΔSSTclear 

(W m2 K1) 

16.63  1.19 

(39.37  1.14) 

15.72  1.02 

(34.53  1.00) 

11.76  0.77 

(25.80  0.74) 

ΔAcloud (BT11 < 270 K)/ΔSSTclear 

(% K1) 

−15.1  1.2 

(−38.7  1.1) 

−14.4  1.0 

(−34.0  1.0) 

−11.0  0.8 

(−25.4  0.7) 

ΔAcloud (BT11 < 260 K)/ΔSSTclear 

(% K1) 

−12.3  0.9 

(−30.2  0.9) 

−11.6  0.8 

(−26.4  0.8) 

−8.8  0.6 

(−19.8  0.6) 

 

Lindzen et al. (2001) also used geostationary satellite observations, and 



65 

demonstrated significant reduction in cloud coverage with increasing SST 

over the similar analysis region. It is noted that Lindzen et al. hypothesized 

that proper estimation of the cloud feedback essentially requires 

normalization by “cumulus area” to distinguish changes in the amount of 

convection from changes in detrainment per unit convection. The cumulus 

area, as defined by Lindzen et al., can be extracted by BT11 < 220 K. Based 

on this definition, the response of the cumulus area to SST change (i.e., ΔAcloud 

(BT11 < 220 K)/ΔSSTclear) was also examined; but significant changes in 

cumulus area were not found, therefore, it was not possible to determine a 

robust quantity owing to the distorted shape of cross-correlation. This is 

possibly because examining the area of cumulus (BT11 < 220 K) against a 90-

day filtered SST should not give a very clear signal, since cumulus area 

depends on the absolute value of the SST. It is likely that almost of the PWP 

is occupied by convection, and the amount of convection remains relatively 

constant with little influence of moisture convergence into or out of the PWP. 

Despite all these uncertainties, the cloud shrinkage is evident in this study 

without any normalization procedure (e.g., Lindzen et al., 2001; Rapp et al., 

2005). Beside the issue of the normalization effect, this study suggests that 

the analysis by Lindzen et al. (2001) and subsequent studies (e.g., Choi et al., 

2005; Lin et al., 2002; etc.) would remain unsatisfactory, in that they have 

examined only coincident relations between cloud and SST. Moreover, their 

cloud-weighted SST is similar to SSTcloud defined in this study, which, as 
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demonstrated, can bring about differing interpretation of cloud response to 

SST change. 
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4. Longwave effects of Arctic clouds 

 

The recent decline in the Arctic sea-ice cover can facilitate an opportunity 

for an assessment of the cloud feedback because it has acted as a strong 

surface forcing to the atmosphere enough to influence clouds. In this section, 

the performance of the Polar WRF model in simulating Arctic winter clouds 

is tested, and then the modelled cloud responses to the sea-ice reduction are 

investigated. 

 

4.1. Arctic winter clouds in Polar WRF simulations 

Recent Arctic observations have revealed large cloud amounts in the lower 

troposphere throughout the year (Cesana et al., 2012). This is important 

because the thermal forcing at the surface is more influenced by low-level 

clouds than by high-level clouds (Kay et al., 2016). The surface downward 

longwave radiation (DLR) is known to have a large influence on the Arctic 

surface climate. The influence is enough to account for half of the winter-

mean sea-ice variations that are heavily dependent on the vertical structure of 

the clouds (Park et al., 2015). On the other hand, the cloud's influence on the 

sea-ice can feedback to the cloud itself because the horizontal extent of the 

sea-ice determines the potential amount of surface evaporation from the open 

ocean that regulates the amount of Arctic cloud water. This two-way 

interaction between the clouds and the sea-ice constitutes a feedback process 
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(Klaus et al., 2016). Understanding how this feedback operates is required for 

a better understanding of the Arctic weather and climate (Curry et al., 1996; 

Goosse et al., 2018; Overland et al., 2016). 

Recently, the winter season has attracted more attention from Arctic 

researchers due to the accelerated wintertime surface warming since the late 

1990s along with the decline of sea-ice concentrations especially over the 

Atlantic sector of the Arctic Ocean (Comiso, 2006; Francis and Hunter, 2007). 

Numerous studies have shown that the Arctic sea-ice concentration over the 

Barents Sea has potential predictability for the near-surface temperatures over 

the Eurasian continent during the winter season (Kim et al., 2014; Kug et al., 

2015). Given the large influence of clouds on the underlying surface radiative 

budget (Graversen et al., 2008), the characteristics of Arctic winter clouds and 

their recent changes (Jun et al., 2016; Liu et al., 2007) should be examined in 

detail. However, relatively few winter Arctic cloud studies have been reported 

compared to other seasons. This is due to the difficulty in obtaining 

wintertime Arctic observations owing to the harsh weather conditions, lack of 

visibility, as well as the sea-ice that covers most of the Arctic Ocean (Arctic 

Climate Impact Assessment, 2005; Karlsson and Svensson, 2011). Even for a 

satellite-borne instrument like the Moderate Resolution Imaging 

Spectroradiometer (MODIS), cloud detection can be less accurate (Chan and 

Comiso, 2013) and the retrievals of cloud optical properties (such as optical 

thickness or droplet effective radius) based on solar techniques are impossible 



69 

in regions that experience polar night. 

 

4.1.1. Observation and simulation of Arctic winter cloud 

Model-based Arctic research has been hampered by the scarcity of 

observations (Kay et al., 2016). In the polar regions, climate model 

simulations have larger across-model spread than other regions, and the 

disagreement is largest during the winter season (Chernokulsky and Mokhov, 

2012; Intergovernmental Panel on Climate Change, 2013; Karlsson and 

Svensson, 2011, 2013). However, the uncertainty of the global climate model 

in simulating the Arctic winter can be reduced by utilizing a regional model. 

Regional models are better for representations of the surface climate, as well 

as the cloud characteristics, due to additional constraints given by prescribing 

lateral boundary conditions. Further, as they usually allow for a higher spatial 

resolution, a more accurate simulation might be expected (Jung et al., 2006; 

Pope and Stratton, 2002). The polar-optimized version of the Weather 

Research and Forecasting (Polar WRF) model has been used for studies on 

clouds in polar regions to reveal the cloud's role in the Arctic climate and its 

interaction with the recent sea-ice changes (Barton and Veron, 2012). The 

accuracy of cloud properties simulated by the Polar WRF has increased due 

to the growing coverage of Arctic ground stations and a number of field 

observation campaigns providing better data for initializing models and 

process-based understanding required for parameterization development. In 
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addition, newly developed and improved cloud microphysics schemes make 

a substantial contribution to the improved simulation (Listowski and Lachlan-

Cope, 2017). Still, winter season clouds have yet to be sufficiently examined 

in either observational or modeling studies. 

 

Figure 9. Model domain used for the Polar WRF simulations. The domain 

consisted of 300 × 300 grid points with a 24-km horizontal resolution. 

Crosses indicate the locations of the ground sites used for radiation 

observations. 

 

Active instruments can provide invaluable Arctic cloud observations 
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during the winter season because their observations are not restricted by solar 

light conditions. In addition, vertically resolved cloud structures can be 

obtained using these observations. This study utilizes cloud observations from 

two satellite-borne active instruments, namely, the CPR onboard the CloudSat 

satellite and the CALIOP onboard the CALIPSO satellite. Launched in 2006, 

these two instruments were placed into the Afternoon Constellation orbit, the 

so-called “A-train”. By comparing with the cloud observations from MODIS 

onboard the Aqua satellite that is also a member of the A-train, the benefits of 

cloud retrievals from the CPR and CALIOP (Chan and Comiso, 2011, 2013; 

Liu et al., 2012) in detecting wintertime low-level arctic clouds can be shown 

since MODIS has trouble distinguishing them from underlying sea-ice (Chan 

and Comiso, 2013). 

DARDAR (raDAR/liDAR) cloud products are derived from the 

combination of CloudSat radar and CALIPSO lidar observations (Delanoë 

and Hogan, 2008, 2010). This combination is more synergistic for observing 

winter Arctic clouds with small water contents and large low-level fractions, 

although the accuracy of the products has not been tested by comparison with 

independent cloud observations. As active instruments, both CPR and 

CALIOP, are the best ways to retrieve cloud microphysical variables over 

regions that experience polar night. The optical thickness of Arctic clouds is 

expected to be less during the winter season than other seasons because the 

amount of cloud water is limited by the extremely cold air temperatures and 
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there would be less fetch from the frozen ocean surface. Thus, CALIOP’s 

lidar observations can help detect clouds with small droplet sizes that are not 

well detected by the CPR’s radar. On the other hand, low-level cloud 

observations from CALIOP can be blocked by thick clouds above due to the 

lidar signal attenuation. Thus, any information on these low-level clouds 

detected by the CPR is beneficial. This complementary retrieval is valuable 

considering that the vertically contiguous clouds that extend from the lower 

troposphere to the upper troposphere are frequent during wintertime in the 

Arctic regions (Oreopoulos et al., 2017). In this study, a 3-D cloud mask and 

ice water contents were used that are produced for the same horizontal (about 

1 km) and vertical (60 m) resolutions with the CloudSat observations. These 

scales are much smaller than the resolution of the model simulations. 

Although the comparison might be affected by the discrepancy in scale 

between the satellite observations and the model simulations, it can provide 

useful information for future Polar WRF applications with similar 

configurations. In addition, the sensitivity of clouds to model resolution is 

known to be mostly related to convection processes (e.g., Bryan and Morrison, 

2012) which are less significant in the Arctic environment. 

 

4.1.2. Macrophysical Properties 

The winter of 20152016 that was characterized by a strong Arctic storm 

season with an above-average number of organized snow storms (McCarthy 
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et al., 2016) was simulated. As such, a variety of cloud features were obtained, 

not only ubiquitous low-level stratus near the surface, but also Arctic storms 

that extended to the tropopause. During this period, the entry of a strong 

windstorm into the Arctic Ocean, known to trigger the abrupt shift of the 

Arctic Oscillation from a positive to a negative phase, occurred around early 

January 2016 (Kim et al., 2017). This, as a result, allows the evaluation of 

model performance under a wide variety of environmental conditions. 

The statistical comparisons between the satellite observations with the 

model simulations were mostly performed using the level-2 observations 

from each satellite. Each satellite observation point was assigned to the WRF 

grid that enclosed it. Because the grid size of the WRF simulation is larger 

than the footprint sizes of the satellite observations, a simple average of the 

satellite observations was compared to the value for the WRF grid that 

enclosed it. Further, from the hourly WRF outputs, the simulation that was 

nearest in time to the satellite observation was chosen. Thus, any element of 

the WRF-satellite-matched datasets was always within at least 12 km in space 

and 30 min in time. During the two-month period, 125,318 WRF grids were 

collocated with the DARDAR dataset and 362,306 WRF grids were 

collocated with the CERES dataset. 

The satellite cloud properties are fundamentally different from model-

simulated clouds because they are based on retrievals. To enable a more direct 

comparison between satellite-observed clouds and model-simulated clouds, 
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the radar simulator (Haynes et al., 2007) and the lidar simulator (Chepfer et 

al., 2008) integrated into the Cloud Feedback Model Inter-comparison Project 

Observational Simulator Package (COSP; Bodas-Salcedo et al., 2011) version 

1.4 were used. The simulators were applied to the Polar WRF output to mimic 

satellite-like radar or lidar signals so they could be directly compared to the 

CloudSat and CALIPSO observations, following the offline calculation 

approach by Diaz et al. (2015). 

Table 4. Mean heights of cloud top in the DARDAR (raDAR/liDAR) cloud 

data (combined cloud retrievals using CloudSat and CALIPSO) and in the 

Polar WRF simulations. The values in parentheses denote the correlation 

coefficients between the DARDAR cloud heights and the modelled cloud 

heights. The Morrison scheme and the WSM6 scheme were used for the 

cloud microphysics in the simulations. 

 DARDAR 
P-WRF 

(Morrison) 

P-WRF 

(WSM6) 

Cloud Top Height 

(Correlation with DARDAR) 

5,590 m 

(-) 

5,880 m 

(0.72) 

5,230 m 

(0.69) 

 

The macrophysical properties of clouds in the Polar WRF simulations are 

compared to those of the DARDAR cloud mask in Table 4. The values were 

obtained for all areas under the satellite paths including cloud-free areas. Note 

that the existence of a modelled cloud is defined when the total mixing ratio 

of all cloud hydrometeors exceeds 10−9 kg kg−1. In the collocation dataset that 

combines the Polar WRF simulation and the DARDAR cloud mask (Table 4), 

the top height of the cloud was higher by 290 m on average when the Morrison 

double moment scheme was used to represent the cloud microphysics. This is 
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smaller than the vertical resolution of the model simulations which is larger 

than 500 m above a 3-km height from the surface. The mean bias was also 

small using the WSM6 scheme as the cloud top height was lower than the 

DARDAR dataset by 360 m. The correlation coefficient between the 

DARDAR’s cloud top height and the Polar WRF cloud top height was 0.72 

with the Morrison scheme and 0.69 with the WSM6 scheme assuring the 

model processes were correctly producing the cloud-top heights. When the 

CALIPSO cloud mask was used instead of the DARDAR dataset, the 

correlation coefficients were similar but the modelled cloud top was lower 

than the CALIPSO retrievals by 90 m and 720 m for the Morrison scheme 

and the WSM6 scheme, respectively. Van Weverberg et al. (2013) found that, 

with the WSM6 scheme, the fall speed of ice particles in the upper 

troposphere is faster than with the Morrison scheme, which likely contributes 

to the higher cloud top with the Morrison scheme. 

Cloud amounts were defined differently in Figs. 10a and 10b. In Fig. 10a, 

“cloud occurrence” is defined as 0 or 1 when a WRF grid is cloud-free or 

cloudy, respectively. For DARDAR, it is 0 if there is no cloud in the satellite 

observations within the collocated WRF grid; otherwise, it is 1. In Fig. 10b, 

the “cloud fraction” for the Polar WRF simulation is the model output 

variable with the same name diagnosed by the WRF’s radiation code. For 

DARDAR, it is the ratio of the number of cloudy observations to the number 

of total observations within the collocated WRF grid. The geometric height 
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given in the DARDAR for the vertical coordinate was converted into the 

vertical coordinate of the WRF simulation for the comparisons. At the bottom 

level, clouds were found at about 60 to 65% of the total collocated grid points 

in the model simulations (Fig. 10a), similar to the 65% coverage reported by 

Karlsson and Svensson (2013) and Kay et al. (2016). Figure 10a reveals that 

clouds are very likely to exist at the model’s bottom level, consistent with the 

appearance of many low-level boundary clouds in the Arctic. Therefore, 

temporal or spatial variations in the base height of modelled clouds can be too 

small to quantify. The discrepancy at levels below 2 km between the satellite 

retrievals and the model is likely due to the different vertical coordinate 

between the satellite data and the model simulations. Also, there are 

possibilities that small cloud particles in low-level clouds cannot be detected 

by the CloudSat radar, especially when they are located below thick clouds 

with large particle sizes. Further, the uncertainty of CloudSat radar 

observations tends to be larger below 1-km height owing to signal reflections 

from the surface. Note that the “cloud occurrence”, by definition, may 

increase with grid size, which is the 24-km grid resolution of WRF in this 

case, not the footprint resolution of the satellite observations. With the WSM6 

scheme, the mean cloud amount is smaller than that of the Morrison scheme 

at every level, for both measures, showing small cloud fractions (Fig. 10b) 

less than 20% throughout the troposphere, even near the surface. 
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Figure 10. Mean vertical structures of the cloud amounts in the DARDAR 

cloud data (solid) and the collocated Polar-WRF simulations (dashed). 

Different definitions of the cloud amount were used. They were defined as 1 

if cloud existed in a WRF grid (a), or as the ratio of cloudy pixels within a 

collocated WRF grid for the DARDAR, and the “cloud fraction” value 

provided by the model output (b). Black dashed lines represent the Polar 

WRF simulations with the Morrison scheme and red dashed lines for the 

WSM6 scheme. 

 

 

Figure 11. Mean vertical structures of the ice water content in the DARDAR 

cloud data (solid) and the cloud water content for each hydrometeor in the 

collocated Polar-WRF simulations (dashed). The Morrison scheme (a) and 

the WSM6 scheme (b) were used for the cloud microphysics in the Polar-

WRF simulations. 
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4.1.3. Optical properties 

Figure 11 shows the vertical structures of the mean cloud water content in 

the DARDAR cloud dataset (solid line) and the Polar WRF simulations 

(dashed line). The entire collocated dataset including the data over cloud-free 

areas was used to quantify the mean structure. Note that only ice-phase cloud 

particles are considered in the DARDAR retrievals (Delanoë and Hogan, 

2008, 2010). The cloud water contents of each hydrometeor in the Polar WRF 

simulations are illustrated with colored dashed lines; blue for liquid, green for 

ice, yellow for rain, red for snow, and purple for graupel; the Morrison scheme 

is shown in Fig. 11a and the WSM6 scheme is shown in Fig. 11b. The 

magnitude of the total cloud water contents in the Polar WRF simulation 

shows good agreement with the satellite observations, especially when the 

Morrison scheme was used. However, the magnitude was slightly smaller 

above 2 km and larger below 2 km. The major hydrometeor categories in the 

Polar WRF simulations were ice, snow, and liquid. Despite the cold air 

temperature, it was noted that liquid-phase clouds were the most dominant 

type beneath about 1.5 km. Supercooled- or mixed-phase clouds are 

frequently found in the scene type retrievals in the DARDAR datasets, as 

many modelling and observational studies have noted the existence of liquid-

phase Arctic clouds in the form of a mixed-phase or supercooled liquid water 

(McFarquhar et al., 2007; Morrison et al., 2003; Pinto, 1998; Shupe et al., 

2006). The larger cloud water contents in the Polar WRF simulations than in 
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the satellite retrievals below 2 km (black solid lines in Figs. 11a and 11b) may 

be partly because only the ice-phase clouds are considered in the DARDAR 

retrieval algorithm. While both the ice and the snow are frozen hydrometeors, 

snow is the dominant category when the Morrison scheme is used (red dashed 

line in Fig. 11a) and the ice cloud is dominant when the WSM6 scheme is 

used (green dashed line in Fig. 11b). 

 

 

Figure 12. Cloud water content of snow (a), ice (b), liquid (c), and for all 

hydrometeors (d) from the Polar WRF simulation with the Morrison 

scheme, and the ice water content from the DARDAR cloud data (e) along 

an A-train track around 10 UTC, December 25, 2015. The color scale is the 

log10 of the cloud water content. 
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Figure 13. Same as Figure 12 but for the WSM6. 

 

The overall characteristics of the cloud water contents for each 

hydrometeor can be more closely revealed by examining a representative case. 

Figures 12 and 13 show the vertical structure of cloud water contents along 

the satellite track around 10 UTC, December 25, 2015, compared to the 

collocated Polar WRF simulations with the Morrison scheme (Fig. 12) and 

the WSM6 scheme (Fig. 13). The upper three sub-figures show the most 

dominant hydrometeors; snow, ice, and liquid (Figs. 12a12c and Figs. 

13a13c). The fourth is the summed cloud water content in the Polar WRF 

simulation (Figs. 12d and 13d) and the last one is the ice water content 
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retrievals from the DARDAR cloud dataset (Figs. 12e and 13e). The white-

to-blue color gradient shows the cloud water contents where clouds are 

detected. Gray and dark brown colors correspond to cloud-free and surface 

areas, respectively. Along the entire track, near-surface stratus clouds were 

found for both the DARDAR observations and the WRF simulation. In the 

DARDAR observations, the ice water contents of the stratus clouds were very 

small (white areas) up to the south of around 65° North, as shown in the mean 

vertical profile in Fig. 11 (black lines below 1 km). This was also true for the 

WRF simulation showing that the clouds over that area mostly consisted of 

liquid-phase water (Figs. 12c and 13c). In the vertically extended cloud 

around 70° North, near-surface level clouds were in liquid-phase (Figs. 12c 

and 13c), and above that, the deep clouds consist mostly of ice for the 

Morrison scheme (Fig. 12b) and of snow for the WSM6 scheme (Fig. 13b). 

The deep clouds around 85° North showed a similar structure but without the 

near-surface liquid-phase layers. In the low-level clouds around 75° North, 

the Morrison scheme simulated larger liquid water contents at the tops of the 

clouds than below (Fig. 12c). This mixed- or supercooled-phase cloud layer 

on top of the ice-phase cloud is an observed feature of Arctic clouds (e.g., 

McFarquhar et al., 2007) that is also found in the cloud phase retrievals in the 

DARDAR dataset (figure not shown). 

The different cloud characteristics of the WSM6 scheme compared to the 

Morrison scheme in Fig. 11 can also be seen by comparing Figs. 12 and 13. 
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Unlike with the Morrison scheme, the water content of the ice cloud in the 

WSM6 scheme is larger than that of snow in most of the clouds along the 

satellite track (Figs. 13a and 13b). Liquid-phase water in the WSM6 scheme 

(Fig. 13c) is not as dominant as with the Morrison scheme in the surface-level 

stratus and the liquid-phase cloud layer on top of the ice-phase cloud at around 

75° North was not simulated in the WSM6 scheme. The high-level ice clouds 

at a 10-km altitude around 60° North have large horizontal extensions. These 

cover larger areas with the Morrison scheme (Fig. 12d) than the DARDAR 

cloud retrievals (Fig. 12e), but are smaller with the WSM6 scheme (Fig. 13d). 

This difference in high cloud coverage may contribute to the differences in 

the cloud top height among them. Morrison has the highest, followed by 

DARDAR, and WSM6 was the lowest (Table 4). In the cloud fraction at the 

upper troposphere above 4 km, The Morrison scheme was also the largest, 

followed by DARDAR, and the WSM6 scheme was the smallest (Figs. 10a 

and 10b). 
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Figure 14. Number of points for each thermodynamic phase of clouds 

(liquid- or rain-phase: red, frozen-phase: blue, and mixed-phase: black). The 

dataset is binned into the air temperature intervals of 2 °C. The numbers are 

counted for each WRF horizontal grids and are scaled to correspond to the 

60-m height resolution of the DARDAR retrievals. 

 

Information on the particle phase of clouds is illustrated in Fig. 14. As the 

DARDAR cloud dataset assigns a cloud at each level as one of “ice”, 

“ice+supercooled”, “liquid warm”, and “supercooled” cloud categories, the 

number of levels for each category was summed. The “MIXED” in the figure 
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means the number of observation points of the “ice+supercooled” category. 

“LIQUID” means the total number of observation points of the “liquid warm” 

and “supercooled” categories (Fig. 14a). For the Polar WRF simulations (Figs. 

14b and 14c), a WRF grid at each level is counted as “LIQUID” if it contains 

only liquid or rain particles, and as “ICE” if it has only frozen particles. 

“MIXED” means it contains both clouds phases. Considering the vertical 

resolution of the simulations, the counts of WRF points are scaled to 

correspond to the DARDAR height resolution. Using the air temperature 

compiled in the DARDAR dataset and that from the WRF simulations, the 

data were binned into air temperature intervals of 2 °C. In the DARDAR 

cloud retrievals, “LIQUID” or “MIXED” phase clouds (red and black lines in 

Fig. 14a) were frequently detected and they account for about 40% of cloud 

observations at –20 °C. Arctic liquid-phase clouds are known to exist at 

temperatures greater than –40 °C, mostly below 3 km altitude (Shupe, 2011). 

The Morrison scheme (Fig. 14b) simulated more liquid-phase clouds than the 

WSM6 scheme (Fig. 14c) which is consistent with the mean cloud water 

contents profile of each hydrometeor in Fig. 11. For the Morrison scheme, as 

the temperature increases above –10 °C, the amount of mixed-phase clouds 

become significant, which is the case for the WSM6 scheme only over the 

warm atmosphere with a temperature above 0 °C. On the other hand, at 

temperatures below –20 °C, both the Morrison scheme and WSM6 scheme 

produced a significantly smaller amount of liquid or rain particles than frozen 
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particles. 

 

 

Figure 15. Joint probability density function (PDF) of the CloudSat radar 

reflectivity and height (a). Polar WRF simulations with the Morrison 

scheme (b) and the WSM6 scheme (c) were converted to “satellite-like” 

radar reflectivity using the COSP package to obtain the joint PDF. The color 

scale is the log10 of the joint PDF. 

 

 

Figure 16. Joint PDF of the CALIPSO lidar scattering ratio and height (a). 

Polar WRF simulations with the Morrison scheme (b) and the WSM6 

scheme (c) were converted to “satellite-like” lidar scattering radio using the 

COSP package to obtain the joint PDF. The color scale is the log10 of the 

joint PDF. 
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Figure 15a shows the joint histogram of the CloudSat radar reflectivity and 

height. Figures 15b and 15c were obtained in the same manner, but for the 

simulated satellite-like radar reflectivity based on the Polar WRF model 

simulations using the Morrison scheme and the WSM6 scheme, respectively. 

The simulated radar signals were produced by the radar simulator compiled 

in the COSP package (Bodas-Salcedo et al., 2011). The observed CloudSat 

signal histogram (Fig. 15a) shows a monotonic decrease in the reflectivity 

with altitude that implies that the clouds are thick near the surface and 

gradually get thinner above. On the other hand, in the COSP simulation results 

(Figs. 15b and 15c), the occurrence of relatively strong radar signals at about 

1 to 3 km also appears near the ground. A notable difference between 

CloudSat and the Polar WRF is that, below 5 km, strong reflectivity signals 

larger than 10 dBZ are frequently observed from CloudSat (Fig. 15a), while 

the radar simulator results based on the Polar WRF simulations are clustered 

mostly at much weaker reflectivity (Figs. 15b and 15c). When the satellite 

retrievals of cloud water contents were directly compared to the modelled 

cloud water contents (Fig. 11), both the Morrison scheme and WSM6 scheme 

resulted in underestimations of cloud water contents near the surface below 

about 1 km. This further suggests that the small cloud water content retrievals 

from CloudSat near the surface could be unreliable, thus Polar WRF’s 

overestimation of cloud water contents below 1 km may not be large as Fig. 

11 showed. 
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The joint histogram of the lidar scattering ratio and height (Fig. 16) 

highlights the discrepancy between the observation and the Polar WRF 

simulation. The lidar signal below 5 km is much more prominent in the lidar 

simulations based on the Polar WRF output than in the CALIPSO 

observations. For the CALIPSO observations (Fig. 16a), the high occurrence 

cluster of the joint histogram is centered on the weaker signal at the low-level 

and the stronger signal at the upper-level. This was not the case for the Polar 

WRF model simulations where the strong lidar scatterings were simulated 

near the surface level using both cloud microphysics schemes. The weak low-

level signal in the CALIPSO observations occurs because the lidar signal is 

easily attenuated by the large droplets between the target and the sensor. Since 

it is highly probable that thick low-level cloud accompanies a thick mid- to 

high-level cloud (Oreopoulos et al., 2017), the occurrence of strong lidar 

scattering near the surface tends to be less frequent. In contrast, a stronger 

near-surface lidar scattering is expected from the Polar WRF simulations 

(Figs. 16b and 16c). It seems that, unlike the CALIPSO observations, the 

modelled upper-tropospheric clouds were not thick enough to block out the 

near-surface signals. Similar characteristics were observed in the vertical 

structure of the modelled cloud water content (Fig. 11) that is smaller than the 

satellite retrievals above 9 km for the Morrison scheme by about 1 g m−3, and 

above 5 km for the WSM6 scheme by about 5 g m−3. Therefore, the satellite 

lidar may have more opportunity to observe the low-level clouds without the 
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signals being attenuated. Moreover, near the surface, the cloud water content 

of the Polar WRF is an order of magnitude larger than that of the satellite 

retrievals. With the Morrison scheme, strong lidar scattering signals above 8 

km were more frequently simulated, and the vertical extension of the strong 

lidar scattering signal near the surface was higher than with the WSM6 

scheme. 

 

 

Figure 17. The mean vertical structures of water contents of liquid (red), ice 

(blue), and snow (black) clouds with the Morrison scheme (a, b, and c) and 

WSM6 scheme (d, e, and f) at 1 hour and 6 hours Polar WRF model 

integrations initialized at 00 UTC, 24 December 2015. The areas with 

latitudes higher than 70° N were used, and divided into land surface (a, d), 

open water (b, e), and sea-ice area (c, f). 
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4.1.4. Microphysical processes 

In order to examine which microphysical processes are responsible for the 

differences in the vertical profiles of cloud condensate between the Morrison 

and WSM6 schemes, the initial developments of the microphysical properties 

were investigated. Figure 17 displays the mean vertical profiles of cloud water 

contents for liquid (red), ice (blue), and snow (black) at 1 hour and 6 hours 

after the model was initialized at 00 UTC, 24 December 2015. Because a 

cloud data assimilation was not used for the initial conditions, all cloud 

variables are initialized as zero. As it took about 4 to 5 hours for the surface 

precipitation to reach a stable value, 6 hours was deemed sufficient to 

examine the outcome of the initial development and short enough to minimize 

the effects of changing weather conditions. A marked difference between the 

two schemes is that the Morrison scheme (Figs. 17a–17c) shows significant 

changes in the hydrometeor composition during the initial 6-hour integration, 

while the WSM6 scheme (Figs. 17a–17c) maintains the characteristics of the 

very early stage with the ice condensate being the dominant category. For the 

Morrison scheme, liquid clouds quickly developed below about 3 km and 

continued to build up over open ocean areas (Fig. 17b) but diminished with 

time over sea-ice areas (Fig. 17c). While ice condensates show small 

increases (blue lines in Figs. 17a and 17c), snow condensates increased 

greatly (black lines in Figs. 17a–17c), becoming the dominant category in the 

lower troposphere. In addition, only over open sea areas (Fig. 17e), the 
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WSM6 scheme produced enough liquid-phase clouds in the lower 

troposphere to have cloud water contents comparable with frozen-phase 

clouds. 

 

Figure 18. The mean vertical structures of major cloud microphysics process 

rate terms at 1 hour and 6 hours Polar WRF model integrations initialized at 

00 UTC, 24 December 2015 when the Morrison scheme (a, b, and c) and 

WSM6 scheme (d, e, and f) are used. All the other terms not listed in the 

legend are plotted in gray lines. The areas with latitudes higher than 70° N 

were used, and divided into land surface (a, d), open water (b, e), and sea-

ice area (c, f). 

 

Figure 18 depicts the process rate terms in the cloud microphysics schemes 

which contribute to the tendency terms of each hydrometeor. The analyses 

were done with the same simulation set used for Fig. 17. With the Morrison 
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scheme (Figs. 18a–18c), the shapes of process terms at 1-hour integration are 

not similar to those at the 6-hour integration, while the WSM6 scheme (Figs. 

18d–18f) maintains features of the early stage during the first 6 hours. This is 

consistent with the vertical profiles of cloud condensate compositions in Fig. 

17. In the mean sense, at the time after 1-hour model integration, the cloud 

mixing ratio below 1 km is larger with the WSM6 scheme than that with the 

Morrison scheme (left-sides of Figs. 17a–17f). Then, due to the stronger 

sedimentation of the WSM6 (thin dashed lines in Figs. 18d–18f), the cloud 

mixing ratios become smaller than with the Morrison scheme (right-sides of 

Figs. 17a–17f). 

The most dominant processes for cloud particle growth are associated with 

the atmospheric water vapor. Note that the vertical velocity differences are 

very small between the simulations with the two cloud microphysics schemes. 

For the Morrison scheme over the land surface and sea-ice, the deposition of 

water vapor by ice/snow particles (thick blue/black lines in Figs. 18a and 18c) 

dominates the process at 6-hour integrations. This explains the abundance of 

frozen particles in the lower- and mid-level troposphere (blue/black lines in 

Figs. 17a and 17c). As the Morrison scheme shows large liquid water contents 

at about 1 km height over the open ocean area (red line in Fig. 17b), the 

condensation of water vapor to form liquid clouds shows a strong production 

rate at the same level (red line in Fig. 18b). At levels near the surface, the 

growth of ice and snow condensates over land surface and open ocean areas 
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is due mainly to the sedimentations of ice and snow particles (dashed 

blue/black lines in Figs. 18a, 18b, 18d, and 18e), probably originating from 

upper levels. On the other hand, over the sea-ice, the water vapor deposition 

process is strong even at near-surface levels (thick blue line in Fig. 18c), 

which is not the case for the WSM6 scheme (Fig. 18f). The simulations with 

the WSM6 shows simple vertical structures of cloud water content for all 

surface types: the ice category dominates in most situations (Figs. 17d–17f). 

They showed a strong deposition process, similar to the Morrison scheme, 

except that it is the deposition by ice condensate in this case (red lines in Figs. 

18d–18f). Another notable feature of the WSM6 scheme is the strong 

aggregation of ice by snow particles at levels below about 3 km (thick black 

dashed lines in Figs. 18d–18f), while the production of low-level snow 

particles in the Morrison scheme originates mainly by sedimentations from 

upper-levels. Below about 1 to 2 km, sedimentations from upper-levels 

evaporate to influence the atmospheric humidity which, as a result, is slightly 

(about 1 to 2%) larger with the Morrison scheme (figure not shown). Although 

small, this might further amplify the differences in the cloud hydrometeor 

masses between the microphysics schemes even in 48-hour simulations. In 

addition, at the upper-level troposphere over land surface and sea-ice areas, 

the WSM6 scheme’s ice/snow sedimentations were stronger than the 

deposition processes, which is not the case with the Morrison scheme. The 

strong sedimentations seem to contribute to the lower cloud-top heights with 
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the WSM6 scheme than the Morrison scheme. The changed ice sedimentation 

may be due to the modified ice process proposed by Hong et al. (2004) which 

is also implemented in the WSM6 scheme. 

 

Figure 19. Time series of the daily mean surface evaporation (black), 

precipitation (red), and precipitable water (blue) from the Polar WRF 

simulations. The Morrison scheme (marked thin lines) and the WSM6 

scheme (thick lines) were used for the cloud microphysics in the 

simulations. The values were obtained by averaging over the entire 

simulation domain. 

 

4.1.5. Atmospheric water budget 

Because the two Polar WRF simulation setups were identical except only 

for the cloud microphysics scheme, the differences in the outgoing longwave 

radiation at the TOA (OLR) and the DLR at the surface should be somewhat 

related water processes. The water budget within a finite domain is a balance 

between the water flux at boundaries and surface precipitation once the 

tendency in the domain can be ignored. Figure 19 shows the time series of the 
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daily mean surface evaporation (black lines), surface precipitation (red lines), 

and precipitable water in the atmosphere (blue lines) for the Morrison scheme 

(marked thin lines) and for the WSM6 scheme (thick lines). The values were 

obtained by averaging over the entire simulation domain. While the surface 

evaporation, even when the surface temperature is prescribed, can be different 

between the two schemes due to the differences in the near-surface humidity 

or wind speed, the difference turned out to be negligible (black lines in Fig. 

19). On the other hand, the domain-averaged precipitation at the surface (red 

lines in Fig. 19) was significantly stronger with the WSM6 scheme by about 

10% of the total precipitation. The blue lines in Fig. 19 are the times series of 

the domain-averaged total precipitable water. It shows a more humid 

atmosphere with the Morrison scheme than with the WSM6 scheme. This, 

along with the larger cloud water contents (Figs. 11, 12, and 13), gave rise to 

a thicker atmospheric thermal emissivity with the Morrison scheme than with 

the WSM6 scheme. Intuitively, the stronger precipitation processes in the 

WSM6 scheme seem to result in a drier atmosphere and less cloudy sky. 

In addition, the surface turbulent latent heat flux was slightly larger with 

the Morrison scheme than with the WSM6, only over the ice-free Atlantic 

Ocean. This is related to the slightly more humid near-surface atmosphere 

with the WSM6 over the same region when compared to with the Morrison 

scheme. The smaller relative humidity from the Morrison scheme may be a 

result of the warmer near-surface air temperature due to larger surface 



95 

warming effects from thicker clouds with the Morrison scheme than with the 

WSM6 scheme. Similarly, the stronger surface warming effect by the thicker 

clouds from the Morrison scheme results in the larger turbulent sensible heat 

flux from the surface than that with the WSM6 scheme. However, over the 

open-ocean areas, the WSM6 scheme produces slightly larger surface 

sensible heat flux than the Morrison scheme because the sea surface 

temperature was predefined as a surface boundary condition so it does not 

respond to forcings. 

 

4.1.6. Longwave flux 

The cloud influence can be exerted most effectively by altering radiative 

fluxes at the TOA or the surface, especially during the wintertime over the 

Arctic region where the effects of convection or the precipitation are smaller 

than any other regions or seasons. Furthermore, the clouds have the largest 

effect on the temporal and spatial variabilities of the radiative flux at the TOA 

than any other physical element because the surface-to-tropopause lapse rate 

easily exceeds the equator-to-pole temperature gradient. Figure 20a shows the 

averaged OLR field of the CERES observations during the two-month period. 

Within the Polar WRF simulation domain, the Greenland region exhibited the 

smallest OLR. The Arctic Ocean area that was covered with sea-ice and the 

northern part of East Siberia had OLRs smaller than 180 W m−2. There were 

sharp contrasts in the OLRs along the sea-ice edge north of the Barents-Kara 
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Seas and north of the Chukchi Sea where the warm water intrusions from the 

Atlantic Ocean and the Pacific Ocean occur. 

 

Figure 20. Mean outgoing longwave radiation at the top-of-atmosphere 

(OLR) from the CERES observations (a), and the mean differences in the 

OLR between the Polar WRF simulations and the CERES observation. The 

Morrison scheme (b) and the WSM6 scheme (c) were used for the cloud 

microphysics in the simulations. 

 

 

Figure 21. Mean downward longwave radiation (DLR) at the surface from 

the CERES dataset (a), and the mean differences in the OLR between the 

Polar WRF simulations and the CERES dataset. The Morrison scheme (b) 

and the WSM6 scheme (c) were used for the cloud microphysics in the 

simulations. 

 

Figures 20b and 20c indicate the simulated mean OLR bias fields to the 

CERES observations (Fig. 20a) when the Morrison scheme (Fig. 20b) and the 
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WSM6 (Fig. 20c) was used. The remarkable difference is that, with the 

Morrison scheme, the OLR exhibited a negative bias almost everywhere in 

the simulation domain that would act to warm the Earth’s atmosphere and 

surface. Since WRF’s sea surface temperature is prescribed as an observed 

value, a larger cloud thickness, a higher cloud top height, and/or a more humid 

atmosphere than the observations are expected in the simulation with the 

Morrison scheme. Note that the modelled dynamics fields did not show 

significant differences between the simulations with the two schemes that 

might cause the differences in the cloud or radiative flux. The bias was largest 

over the open ocean areas of the Atlantic and Pacific Oceans where the 

surface is warmer and the atmosphere is more humid containing more cloud 

water. On the other hand, with the WSM6 scheme, the overall OLR bias was 

a lot less than with the Morrison scheme. Like the case of the Morrison 

scheme, the OLR over the Arctic sea-ice region showed negative bias to 

observations, but with a smaller magnitude. However, it showed a positive 

bias over the Atlantic sector of the Arctic Ocean where the Morrison scheme 

gave rise to a strong negative bias. The region’s large OLR difference 

between the two schemes’ simulations is due to the warm surface temperature 

over the Atlantic open sea that can create large changes in the OLR by 

relatively small differences in the cloud and/or atmospheric water vapor. 

Other than that, the mean difference in the OLR between the two schemes 

was spatially systematic with about a 10 W m−2 weaker thermal out-going 
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radiation in the Morrison scheme. This is consistent with the result that the 

Morrison scheme produced a more humid atmosphere and clouds with larger 

thickness and higher cloud top than the WSM6 scheme. 

The DLR at the surface is more relevant to the surface weather and climate 

of the Arctic Ocean and it is directly involved in the cloud radiative effects to 

the sea-ice variability. Having only the downwelling component, the DLR is 

determined by the vertical profiles of atmospheric temperature and thermal 

emissivity which is a strong function of cloud and atmospheric water vapor. 

Because radiative flux at the Earth’s surface cannot be measured from 

satellites, it is typically parameterized using radiative transfer calculations 

and available information on the atmospheric profiles. The procedure and 

accuracy of the longwave model in the CERES SSF surface dataset are 

reported in Kratz et al. (2010). For both the Morrison and the WSM6 schemes, 

the simulated DLR was stronger than the CERES parameterization except for 

the weaker DLR over the Arctic Ocean areas with large sea-ice concentrations 

(Fig. 21). Figures 21b and 21c show the mean bias fields to the estimated 

DLR in the CERES dataset (Fig. 21a) when the Morrison scheme (Fig. 21b) 

and the WSM6 scheme (Fig. 21c) was used. The positive bias in the DLR 

over the Atlantic sector of the Arctic Ocean is important, especially over the 

Barents and Kara Seas. This acted to enhance the surface temperature gradient 

across the sea-ice edge. As the CERES dataset reveals, the mean DLR is larger 

over the open ocean and smaller over the sea-ice, which reflects that the 
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different climates of the regions: a warmer and more humid atmosphere with 

thicker clouds over the open ocean than over the sea-ice. This gradient across 

the sea-ice edge seems to be overestimated in the model simulations with the 

two cloud microphysics schemes. Note that the mean DLRs were 

systematically stronger with the Morrison scheme than with the WSM6 

scheme everywhere within the simulation domain, but the magnitude of the 

difference was smaller over the open ocean but larger over the sea-ice or land 

surfaces. 

 

Figure 22. Time series of the daily mean OLR (black) and DLR (red) from 

the CERES dataset (thick solid lines), and the Polar WRF simulations with 

the Morrison scheme (dashed lines) and the WSM6 scheme (thin solid 

lines). Only values of the Polar WRF at nadir points of the CERES satellite 

were used. 

 

Figure 22 depicts the time series of the daily mean OLR (black) and DLR 

(red) from the CERES satellite dataset (thick solid lines), and the Polar WRF 
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simulations with the Morrison scheme (dashed lines) and the WSM6 scheme 

(thin solid lines). Only values of the Polar WRF grid at nadir points of the 

CERES satellite were used. While the intra-seasonal variation of the observed 

longwave flux was well captured in the simulations, the day-to-day variation 

of the DLR seemed to be muted with the WSM6 scheme, showing a smaller 

correlation coefficient with the observation than that with the Morrison 

scheme (Table 5). This suggests an under-estimation in the cloud variations 

by the WSM6 scheme. On the other hand, the amounts of both the OLR and 

DLR from the WSM6 scheme were remarkably close to the observations than 

those of the Morrison scheme (Table 5), making it difficult to determine 

which scheme best matched observations. It is noted that the mean DLR 

changes are larger than 7 W m−2 with only the cloud microphysics scheme 

switched. Karlsson and Svensson (2013) reported the inter-model spread in 

the radiative effect of Arctic clouds among current coupled climate models, 

and during the winter season, the differences in the surface cloud forcing 

between models did not exceed 20 W m−2. The results suggest that a 

significant portion of the climate model uncertainty in simulating the Arctic 

winter climate could originate from the different cloud representations. 

 

 

 



101 

Table 5. Correlation coefficients and mean differences (simulation minus 

satellite retrieval) in the outgoing longwave radiation at the top-of-

atmosphere (OLR) and downward longwave radiation at the surface (DLR) 

between the Polar WRF simulations and the CERES satellite dataset. The 

Morrison scheme and WSM6 were used for the cloud microphysics in the 

simulations. 

  
P-WRF 

(Morrison) 

P-WRF 

(WSM6) 

OLR 

Correlation 

Coefficient 
0.79 0.87 

Mean Difference −11.7 W m−2 −0.4 W m−2 

DLR 

Correlation 

Coefficient 
0.73 0.67 

Mean Difference 9.0 W m−2 1.9 W m−2 

 

The DLR measurements from ground sites were compared to the simulated 

DLR (Fig. 23). Figure 23 shows the daily mean DLR time series of the 

observations from the six BSRN sites and of the Polar WRF simulations. Each 

station’s measurement was compared to the time series of the grid where the 

station is located (Fig. 9). Although the BSRN flux data is a direct observation 

unlike the estimated values of the CERES DLR, their spatial 

representativeness should be limited to the location of the station. All stations 

were located near the coast except for the Toravere station. Generally, 

simulations near coastal regions are expected to be under the strong influence 

of the sea surface temperature boundary condition. Also, a strong gradient 

effect can occur on scales smaller than the grid size, especially at coastlines 

bordering open seas. With the Morrison scheme, the simulated DLR by the 

Polar WRF tended to be stronger than the observation of each station. 
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However, the mean biases to the ground observations were smaller than those 

to the CERES estimations. On the other hand, when the WSM6 scheme was 

used, the DLR values were smaller than the ground observations except at the 

Lerwick and Barrow stations. This contrasts with the fact that the DLR was 

consistently larger than the CERES estimation everywhere except over the 

ice-covered sea surfaces. Nevertheless, similar to the mean bias fields of the 

DLR simulations to the CERES dataset, the DLR values were significantly 

larger with the Morrison scheme than with the WSM6 scheme at all stations. 

Note that, at the four of the six stations that are located near the coast 

bordering the ice-covered Arctic Ocean, the mean DLR bias to the CERES 

estimation changes from positive to negative (Figs. 21b and 21c). Therefore, 

it is challenging to judge the reliability of the estimation by the CERES 

dataset or the representativeness of the ground station observations. However, 

at the Lerwick station that is surrounded by the open ocean, the DLR values 

were significantly larger than both the ground observations and the CERES 

estimations. Considering the strong effect of the sea surface temperature 

boundary condition at the near-surface level, the bias is likely in part due to 

an overestimated cloud thickness and the related cloud radiative forcing. 

The fact that the OLR was weaker and the DLR was stronger with the 

Morrison scheme than with the WSM6 scheme over most of the domain 

implies that the thermal emissivity of the atmosphere is thicker with the 

Morrison scheme. Not only the larger mixing ratio of clouds (Fig. 11) but also 
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the increased amount of liquid-phase particles contribute to the different 

emissivity between the two schemes’ simulations. This results in warming 

effects on the Earth system by both reducing the out-going radiation at the 

TOA and increasing downwelling flux to the surface. The domain averaged 

differences in the OLR and the DLR between the two schemes were about –

11 W m–2 and 7 W m–2, respectively, and the magnitudes did not change much 

throughout the entire simulation period. However, over open ocean areas, 

while the magnitude of the OLR difference was larger, the magnitude of the 

DLR difference was smaller than over the sea-ice or land surface. Considering 

that the cloud cover is climatologically smaller over open ocean areas than 

over sea-ice or land surface areas, the effects of changes in the cloud and/or 

humidity can be amplified in the OLR and rather muted in the DLR. This is 

because the OLR responds more sensitively to changes in the clouds over the 

open ocean where the surface temperature is significantly larger, and the near-

surface air surface temperature that strongly affects the DLR is bound to the 

prescribed sea surface temperature over open ocean areas, while this not the 

case over sea-ice or land surface areas. 
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Figure 23. Daily mean time series of the observed DLR (gray) at six BSRN 

stations: Tiksi (a), Cape Baranova (b), Ny-Å lesund (c), Barrow (d), Lerwick 

(e), and Tõravere (f); and the simulated DLR with the Morrison scheme 

(red) and the WSM6 scheme (blue) at the grid where each station was 

located. 
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4.2. Cloud responses to the recent Arctic sea-ice change 

Based on the accuracy information of modelled clouds, the model is used 

to investigate how the diminishing winter Arctic sea-ice affects the Arctic 

clouds. The control simulation was run for 10 winters from 2007/08 to 

2016/17. Modelled responses of clouds are examined in the simulations with 

increased sea-ice concentrations according to the climatological difference to 

the period 1979/80 to 1988/89. 

 

4.2.1. Recent changes in the Arctic winter season 

One of the key differences of the Arctic winter season to other regional 

climates in the planet is that it experiences polar nights. The lack of solar 

radiation let the cloud radiative effect have only the longwave warming 

component (reemitting the terrestrial radiation) but not the shortwave cooling 

component (scattering solar radiation) both at TOA and surface. Therefore, 

while the net cloud radiative effect usually has a neutral to a cooling effect to 

the surface, it can have a surface warming effect during the Arctic winter 

seasons. The information of cloud can be limited by an availability of sunlight 

which is necessary for the retrievals of cloud optical properties. Moreover, in 

situ measurements of cloud particles are rare and expensive during polar night 

with harsh Arctic environments. 

The Arctic surface is warming at a rate more than twice that of the global 

average (Cohen, 2016; Cohen et al., 2014; Serreze and Barry, 2011; Serreze 
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et al., 2009). However at least for the Northern Hemisphere winter season 

(December–February), the Arctic warming is more recent phenomenon: The 

Arctic winter mean surface temperature has not shown a significant linear 

trend until the late 1990s, then it started to have a steep warming trend 

(Comiso, 2012; Comiso et al., 2008; Jun et al., 2016). This is also true for the 

Arctic sea ice extent which is closely correlated with the surface temperature. 

From the 1980s through the late 1990s, the Arctic sea ice extent showed a 

weak increasing or nearly neutral trend, then it began to decline. Similar 

significant shift also occurred in the long-term trend of Arctic winter 

cloudiness (Jun et al., 2016), beginning to increase since the late 1990s. 

Not only the Arctic sea-ice, but many physical processes involving large-

scale atmospheric and oceanic circulations also have experienced significant 

changes in recent decades. Because of the complex interactions and 

competitions among these processes, it is difficult to determine how much a 

physical process is responsible for the cloudiness change. The variations in 

Arctic sea-ice, oceanic circulations, and atmospheric heat and moisture 

transports from lower latitudes might affect the winter Arctic clouds, however, 

their effects can hardly be separated in observational analysis (Kim et al., 

2019). 
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Figure 24. Mean sea-ice concentration during ten winters (December to 

February) for the period from 2007/08 to 2016/17 (blue shades) and the 

climatological difference to the period 1979/80 to 1988/89 (contours). 

 

4.2.2. Application of Polar WRF to Arctic cloud research 

Numerical model experiments can help to understand the effect from a 

certain forcing element separately. Simulations with different sea-ice extent 

information on how the modelled clouds respond to a specific sea-ice change. 

However, the reliability of a modelling approach can be limited by the 

model’s fidelity in simulating the mean climate especially for problems 
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involving clouds. Small errors in temperature of surface and atmosphere may 

result in an unrealistic cloud field because the formation, growth, and 

thermodynamic phase of clouds are strongly influenced by the altitude of 

freezing point and the static stability of atmosphere. Uncertainties of cloud 

simulations by current climate models are known to be larger in polar regions 

than elsewhere, and the disagreement is largest during the winter season 

(Chernokulsky and Mokhov, 2012; Karlsson and Svensson, 2011, 2013). This 

also results in the significant discrepancy of surface longwave radiation 

among models. 

In this part of the dissertation, the Polar WRF model is used to study how 

the surface forcings that are caused by the recent sea-ice changes affect the 

Arctic cloud. The same simulation setup with that in Section 4.1 is used which 

is beneficial because more realistic climatologies of atmospheric variables are 

expected compared to global model simulations. The control experiment was 

run for the ten winters (December to February) for the period from 2007/08 

to 2016/17 initialized everyday at 00 UTC. The simulations were run for 48 

hours and the initial 24-hour outputs were discarded for spin-up. The “high-

ice” run is identical with the control run except for the increased sea-ice 

concentrations according to the climatological difference to the period 

1979/80 to 1988/89. In this way, the intraseasonal variabilities in the initial 

and boundary conditions (including sea-ice) are same for the two experiments 

so that only the climatological difference in the winter Arctic sea-ice can be 
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extracted. 

4.2.3. Cloud and radiation responses to sea-ice forcing 

The “cloud fraction” or “cloud amount” can vary significantly among 

dataset. Different definitions are used for each satellite, reanalysis, or model 

dataset. The cloud fraction in models is a diagnostic variable for the purpose 

of the radiation calculation, thus can be inappropriate for evaluating the 

model’s performance in comparison with satellite or reanalysis data. 

Therefore, the column-integrated cloud water content or radiative flux fields 

are used in the present comparisons. Fig. 25(a) shows the difference in winter 

mean cloud water path between the periods 1979/80–1988/89 and 2007/08–

2016/17 in ERA5 reanalysis. Significant increases in cloud water path are 

observed in the Arctic Ocean including Barents Sea and Kara Sea, and in 

high-latitudinal Atlantic Ocean and Pacific Ocean regions namely, Barents 

Sea, Greenland Sea, Baffin Bay, Hudson Bay, Bering Sea, Okhotsk Sea, and 

etc. The cloud water has increased most significantly over the area shown 

large sea-ice reductions such as, Barents Sea, Kara Sea, Greenland Sea, and 

Okhotsk Sea. Note that in the oceanic regions, a decrease in cloud water path 

was observed only over the Labrador Sea. Over large areas of Siberia and 

Alaska, the cloud water has been decreased. 
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Figure 25. Differences in winter mean cloud water path between the periods 

1979/801988/89 and 2007/082016/17 in ERA5 reanalysis (a), and 

between control run and “hice ice” run in the Polar WRF’s winter 

simulations (b). Green contour denotes the area that mean sea-ice amount 

difference is larger than 30% over the Barents Sea. 

 

 

Figure 26. Same as Figure 25 but for the differences in cloud longwave 

effect at surface. 

 

The cloud water path difference between the control run and high-ice run 

is shown in Fig. 25(b). The responses of clouds were significant over the 

regions with large sea-ice changes. Over the Barents Sea that lost more than 

30% of sea-ice (green contours in Fig. 24), the mean difference between two 
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simulations is about 21 g m−2 which is 19 g m−2 for the difference between 

two periods in reanalysis field. It is interesting that the small changes in sea-

ice (~ 10%) over the Labrador Sea and Okhotsk Sea resulted in significantly 

increased local cloud water paths. Unlike the differences in reanalysis field, 

an increase of cloud water was not simulated. Also, cloud responses were 

found only over the oceanic areas. This should be noted because 48-hour 

simulations can be long enough for an well-developed cyclones or Arctic 

snow storms can travel longer than several hundreds kilometers. Although 

this kind of storms were frequently found during the simulation period, the 

sea-ice effect on the clouds seem to remain confined to the sea-ice forcing 

area. 
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Figure 27. Histograms of column-integrated cloud water path over the 

Barents sea for the control simulations (black lines) and the high-ice runs 

(blue lines), when the surface pressure is smaller than 990 hPa (a) and larger 

than 1025 hPa (b). 

 

Figure 26 depicts the differences in cloud radiative effect at surface. In the 

reanalysis fields (Fig. 26a), Significant cloud effect changes are found mostly 

over oceanic areas. The strongest changes are located over the Barents Sea 

extending further northward. Clouds’ surface warming effect has increased 

over the most of sea-ice covered Arctic Ocean regions. In these areas, clouds 
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are climatologically thin due to the extremely cold ice surfaces allowing small 

amount of atmospheric water vapor. Therefore, it seems that the small cloud 

differences could make large changes in surface longwave radiation. On the 

other hand, over the Labrador Sea and Okhotsk Sea which have 

climatological small sea-ice amount and thus large cloud amount, cloud water 

seems to be sensitive to the underlying sea-ice, however, it did not lead to an 

large cloud effect change. This is because surface radiative forcing of the 

thick clouds are already saturated at the thermal wavelengths. Similar 

responses in cloud radiative effects can be found in the Polar WRF 

experiments (Fig. 26b), showing stronger differences between the two 

simulations than between reanalysis fields of two periods. Also, similar to the 

responses in cloud water path, the strong responses in the cloud radiative 

effect are also limited near the areas with strong sea-ice changes. 
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Figure 28. Histograms of column-integrated cloud water path over the 

Barents sea in ERA5 reanalysis for the period 1979/80–1988/89 (blue lines) 

and 2007/08–2016/17 (black lines), when the surface pressure is smaller 

than 990 hPa (a) and larger than 1025 hPa (b). 

 

A closer look into the cloud response to sea-ice change was taken by 

analyzing time series of area mean values over the Barents Sea area with large 

sea-ice change (> 30%). Recent observations from the satellite with active 

sensor reported that (1) low-level clouds and (2) vertically contiguous clouds 

that extend from the lower troposphere to the upper troposphere are most 
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frequently observed over the Arctic regions. This is also true for the winter 

season. The top of low cloud usually located below 1 km from surface. 

Vertically contiguous clouds show peaks of cloud water contents at about 5 

to 7 km and at surface. They also frequently accompanies thin cirrus clouds 

at about 10 km altitude. The two types of clouds can represent the different 

surface weather conditions. The low clouds can be observed mostly when the 

surface is cold and the static stability is large. In contrast, vertically 

contiguous clouds usually carries warm and moist air from lower latitudes. 

Therefore, the time series can be decomposed according to surface pressure. 

Figure 27 depicts the histograms of column-integrated cloud water paths over 

the Barents sea for the control simulations (black lines) and the high-ice runs 

(blue lines). When the surface pressure falls (Fig. 27a), clouds tend to extend 

from the surface to upper-troposphere and the cloud water path is usually 

large. On the other hand, clouds are located at lower-troposphere and they 

have smaller amount of water when the surface pressure is high (Fig. 27b). 

Deep clouds of synoptic-scale storms with low surface pressure showed small 

responses to the sea-ice changes, while the near-surface clouds with high 

surface pressure became significantly thinner with the increased sea-ice. It 

should be noted that the mass of the low-levels clouds are substantially 

smaller than the vertically contiguous clouds, however, their radiative 

responses to sea-ice changes are even larger than the vertically contiguous 

clouds. 
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The similar analysis with reanalysis data over the Barents Sea is 

demonstrated in Fig. 28. The cloud differences between the two periods seem 

to be consistent with those of the modelling experiments. Clouds of low-

pressure systems (Fig. 28a) show an increase in cloud water but with a 

significantly smaller amount than the low-level clouds of high surface 

pressure conditions (Fig. 28b). Note that the differences in the reanalysis 

fields between the periods are results of multi-decadal changes in the 

atmospheric circulation, Atlantic Ocean circulation, and also Arctic sea-ice. 

On the other hand, although the differences between the two simulations are 

caused only by sea-ice difference, similar responses in the clouds and their 

radiative effects were obtained. This implies that the sea-ice reduction is 

essential in understanding the winter Arctic cloud changes in the last few 

decades. 
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5. Concluding remarks 

 

Cloud is one of the largest uncertainty sources in the future climate 

projection, however, cloud’s behavior in response to a changing climate has 

not been fully understood yet. In the present dissertation, the problems on the 

cloud feedback were explored. It was demonstrated that, using observations 

as well as various simulations of the simple energy balance model, the present 

level of “non-feedback noise” in radiative flux is high enough to prevent 

reliable estimations of the global radiative feedback. However, a linear 

analysis of observations revealed that a noise level can be lower in tropics 

than elsewhere, and that the variations in longwave flux have a larger 

feedback signal than those in shortwave flux. 

Accordingly, longwave radiative flux variations were analyzed over the 

Pacific warm pool region where the strong convective activities allow an 

increased radiative feedback signal in OLR variations. As a result, a strong 

longwave cooling effect of atmosphere was found which is primarily 

associated with reduced areal coverage of clouds. It should be noted that the 

longwave feedback in the PWP do not directly indicate climate sensitivity or 

total cloud feedback on the global scale. As to climate sensitivity, the strong 

cooling effects of clouds over this region may be reduced once scaled globally. 

As to total cloud feedback, possible longer-term feedbacks may be present in 

association with other meteorological elements and large-scale dynamics with 
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long-term persistence. However, this result can be an observational guideline 

for the modelling studies of tropical convective clouds. 

Another opportunity of understanding regional cloud feedback can be 

provided by the Arctic polar night condition permitting the clouds have only 

the longwave warming effect. Although the recent sea-ice decrease has acted 

as a strong surface forcing, a model experiment is needed for the effect can 

be separated from others. The performance of the Polar WRF model in 

simulating Arctic winter cloud was tested in comparison with observat

ions from satellites and ground stations. It was concluded that the Polar 

WRF can be useful for studying cloud effects on the winter Arctic surface 

climate as the temporal variation in the simulated surface radiation showed 

good agreement with surface observations. Accordingly, modelled responses 

of clouds were examined in the simulations with increased sea-ice 

concentrations, and it showed significant cloud responses in the areas that 

have lost winter sea-ice. Also, the responses in the surface longwave flux 

were large enough to further melt the underlying sea-ice. Because the surface 

flux entirely feeds back to surface, this has significant implications for 

understanding and simulating the recent Arctic sea-ice loss. In addition, the 

mesoscale model approach proposed and evaluated in the dissertation will be 

an useful tool for climate scale studies on cloud especially when realistic 

climatologies are necessary. 
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국문 초록 

 

구름은 대기 상부와 지구 표면에서의 복사량을 조절하여 지구의 

온도를 크게 변화시킬 수 있다. 지구가 온난화를 겪는 과정에서 

구름이 어떤 식으로 변화하고 있는지를 아는 것은 미래 기후 예측

에 매우 중요하지만, 관측 자료 및 수치 모델링을 통해 이를 파악

하기에는 어려움이 있다. 구름 되먹임으로 일컬어지는 이 물리 과

정은 관측 자료를 통해 그것의 정량적 규모를 판단하기가 쉽지 않

다. 이 학위 논문에서는 대기 상부 복사량의 위성 관측 자료를 이

용하여 이러한 되먹임 작용의 규모를 추정할 수 있는지를 살펴보

았다. 되먹임 지수는 지구 평균 기온의 변화에 대한 대기 상부 복

사량의 반응으로 정의되는데, 대기 상부 복사량의 시간적 변화 속

에는 이러한 되먹임 작용으로 인한 반응 뿐 아니라 잡음 역시 포

함되어 있다. 다양한 조건에서의 개념 모델 실험 결과, 복사량 시

계열에서의 잡음 비율이 표준편차 기준으로 약 5% 미만이라면 시

계열 분석을 통한 되먹임 지수의 정량 추정이 가능하다고 여겨진

다. 하지만 위성 관측에서 나타난 전지구 평균 대기 상부 복사량

의 시계열에서 잡음 비율은 약 13%를 상회하는 것으로 드러났다. 

반면 전지구 평균이 아니라 북위 20도와 남위 20도 사이의 열대 
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지역의 복사량, 특히 지구가 방출하는 장파복사량의 시계열을 사

용하는 경우에는 되먹임값 정량 추정의 가능성을 보였으며 그 값

은 3.9 W m−2 K−1으로 추정되었다. 이는 대기의 연직 대류 활동이 

매우 활발한 열대 지역에서는 해수면 온도의 변화가 구름 및 수증

기의 변화를 유도하여 해당 지역에서의 복사량 반응을 끌어낼 수 

있음을 의미한다. 또한 태양광의 반사에 해당하는 단파복사에 비

해 지구가 방출하는 장파복사의 경우, 되먹임 작용의 신호 대 잡

음비가 커서 복사 되먹임 작용의 정량 추정 가능성이 높음을 의미

한다. 이러한 이해를 바탕으로, 구름의 장파복사 되먹임을 정량 진

단할 수 있을 것으로 기대되는 두 가지 지역 기후를 대상으로 연

구를 진행하였다. 첫 번째는 열대 서태평양(20°N–20°S, 130°E–

170°W)으로, 구름이 해수면 온도의 변화에 가장 민감한 것으로 알

려진 지역이다. 두 번째는 겨울철의 북극해 지역인데, 이때는 태양

광이 존재하지 않는 극야 기간이므로 구름의 복사 효과가 장파복

사 효과 만을 가질 수 있다. 열대 서태평양의 구름 장파복사 되먹

임을 진단하기 위해 정지궤도위성의 관측자료를 이용하였는데, 정

지궤도위성은 높은 시간 및 공간 분해능의 관측을 제공하므로 열

대 지역 대기의 대류 활동을 관측하기에 적합하다. 결과적으로 이 

지역 구름의 장파복사 되먹임 지수는 15.72 W m−2 K−1으로 추정되었



134 

는데, 이는 해수면 온도가 증가/감소할 때 구름을 통한 장파복사 

방출이 큰 폭으로 증가/감소되어 본래의 온도 평형 상태를 빠르게 

회복하려는 효과가 존재함을 의미한다. 이러한 효과는 해수면 온

도가 증가할 때 구름의 수평 면적이 감소하고, 해수면 온도가 감

소할 때 구름의 수평 면적이 증가하는 과정을 통해 (−14.4% K−1) 

이루어지고 있음을 확인할 수 있었다. 

최근 북극 및 주변 지역의 겨울철 운량은 증가하는 추세인데 지

난 몇 세기 동안의 북극해 해빙 감소가 이에 영향을 끼쳤을 수 있

다. 만약 그렇다면, 증가한 운량은 지면으로의 장파복사를 강하게 

하여 해빙을 더욱 감소시키는 양의 되먹임 효과를 가진다. 그러나 

해빙 면적 뿐 아니라 해수면 온도 및 대기 순환의 변화 역시 운량

에 영향을 줄 수 있으므로, 해빙의 변화가 구름에 끼치는 영향 만

을 분리하기 위해서는 수치 모델 실험이 필요하다. 이 학위 연구

에서는 보다 현실에 가까운 구름을 모의하기 위해 중규모 모델을 

이용하였고, 위성 구름 관측과의 비교를 통해 이 모델이 북극의 

겨울철 구름을 잘 모의하고 있는지를 우선 검증하였다. 다른 모든 

조건을 동일하게 하고 해빙 면적 만을 감소시켰을 때, 북극해의 

운량 및 구름의 질량은 해빙이 줄어든 영역을 중심으로 증가하였

는데, 재분석 자료에서 나타난 지난 40년 간의 구름 변화와 유사
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성을 보이고 있어서, 이 변화의 많은 부분을 해빙 감소로 설명할 

수 있음을 시사한다. 특히 30% 이상의 겨울철 해빙 감소를 보이는 

바렌츠해의 경우, 구름의 질량이 15%, 지구표면 하향 복사량이 10 

W m−2 증가하는 실험 결과를 보임으로써 최근 수 세기 동안의 북

극해 지역의 겨울철 운량 증가에 해빙의 변화가 결정적 역할을 하

였음을, 또한 구름의 되먹임 작용이 해빙 변화의 중요한 요소임을 

알 수 있다. 

이 학위 연구는 관측을 통해 지구 규모의 구름 되먹임 작용을 

진단할 때 생기는 불확실성의 원인을 밝히는 동시에 지역 규모에

서 구름 장파복사 되먹임 작용의 진단 가능성을 시사한다. 결과적

으로 구름은 장파복사 효과를 통해 열대 지역의 온난화를 완화하

고, 겨울철 북극해 지역의 온난화를 강화하고 있음이 밝혀졌다. 구

름 되먹임 작용에 대한 이러한 이해가 미래 기후의 변화 양상을 

예측하는데 도움을 줄 것으로 기대한다. 
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