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Abstract The precipitation by Relaxed Arakawa–Schubert

cumulus parameterization in a General Circulation Model

(GCM) is sensitive to the choice of relaxation parameter or

specified cloud adjustment time scale. In the present study, we

examine sensitivity of simulated precipitation to the choice of

cloud adjustment time scale (sadj) over different parts of the

tropics using National Center for Environmental Prediction

(NCEP) Seasonal Forecast Model (SFM) during June–Sep-

tember. The results show that a single specified value of sadj

performs best only over a particular region and different val-

ues are preferred over different parts of the world. To find a

relation between sadj and cloud depth (convective activity) we

choose six regions over the tropics. Based on the observed

relation between outgoing long-wave radiation and sadj, we

propose a linear cloud-type dependent relaxation parameter to

be used in the model. The simulations over most parts of the

tropics show improved results due to this newly formulated

cloud-type dependent relaxation parameter.

Keywords RAS convection scheme � General Circulation

Model � Cloud adjustment time scale � Monsoon

precipitation

1 Introduction

Parameterization of interaction between various components

of the climate system has significant impact on the uncertainty

of weather and climate prediction from daily to decadal time

scales (Tebaldi and Knutti 2007). One of the most important

variables in weather prediction, the precipitation, results from

various types of clouds and moist convection process. The east

Asian and Indian monsoon areas are the regions of most active

convection on earth (Ratnam et al. 2009; Das et al. 2001), and

intensity variations of convection at intraseasonal time scales

can produce droughts and floods over these regions (Bhanu

Kumar et al. 2010). The simulation of precipitation in

these regions by any numerical weather prediction (NWP)

model depends on the cumulus parameterization scheme and

various parameters that govern different processes in these

schemes (Pattanaik 2004; Tiedtke et al. 1988; Zhang and

McFarlane 1995; Sperber and Palmer 1996; Martin and

Soman 2000; Rajendran et al. 2002; Ratnam and Kumar 2005).

One of the most significant work in the field of cumulus

parameterization was done by Arakawa and Schubert

(1974) (in developing the Arakawa–Schubert convection

scheme; AS hereafter), and Anthes (1977) and Krishnam-

urti et al. (1980) (development and modification of the Kuo

convection scheme). However, the implementations of

original ideas of AS (Lord and Arakawa 1980) was com-

putationally expensive. Simple implementation of AS

parameterization, such as Relaxed Arakawa Schubert

(RAS) by Moorthi and Suarez (1992) (hereafter MS) and

Simple Arakawa–Schubert (SAS) developed by Grell

(1993) and Pan and Wu (1995), were subsequently pro-

posed. There are many parameters in RAS such as

re-evaporation ratio, critical cloud work function and con-

vective adjustment time scale (sadj) that govern the precipi-

tation process. Pattanaik (2004) studied the impact of

specifying different values for critical cloud work function

and re-evaporation ratio in RAS using Center for Ocean–

Land–Atmosphere (COLA) studies GCM. The excessive

rainfall over the Bay of Bengal (BoB) decreased by
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modifying the values of cloud work function and revapo-

ration ratio.

Studies by Mishra and Srinivasan (2010) and Lee et al.

(2009) suggest that the choice of sadj has major impact on the

simulations of precipitation. Mishra and Srinivasan (2010)

examined the sensitivity of simulated precipitation to the

choice of convective relaxation time in Zhang and McFar-

lane (1995) cumulus parameterization using Community

Atmospheric Model version 3 in an aqua-planet configura-

tion. They found that increasing the value of sadj decreased

the deep convective precipitation which led to the accumu-

lation of moisture content in the atmosphere. This led to the

increase in shallow convective and large-scale precipitation

which acted to cap the accumulated convective instability.

They showed that setting sadj to 8 h, instead of convention-

ally used value of 1–2 h, produced better simulations.

In RAS, the effect of sadj is taken into account using a

relaxation parameter. MS presented results for the evolu-

tion of cloud work-function, total precipitation, entrain-

ment parameter and precipitation rate for different fixed

values of relaxation parameters in their 9-layer model.

They found that the process of adjustment to equilibrium

state is sensitive to the choice of relaxation parameter.

Increased number of iterations (and hence more clouds)

were needed to adjust the environment to equilibrium state

when a smaller relaxation parameter was selected. Fur-

thermore, a smaller relaxation parameter gave lower pre-

cipitation rates. MS also showed that the rate of change of

entrainment parameter could be neglected in kernel cal-

culation if a smaller relaxation parameter was selected. MS

compared the evolution of precipitation rate, vertical

heating and drying profiles by RAS with GARP (Global

Atmospheric Research Program) Atlantic Tropical Exper-

iment (GATE) phase III data using semi-prognostic and

prognostic tests. Although MS emphasized a cloud-type-

dependent relaxation parameter, they used only one fixed

value of relaxation parameter for all cloud types.

In the present study, we examine the effect of relaxation

parameter on the spatial distribution of simulated precipi-

tation by a GCM. The next section describes the model

used for the experiment. In Sect. 3, we discuss the role of

relaxation parameter in RAS in controlling the grid scale

precipitation. Section 4 provides the experimental details.

The observational data sets used for validating the results

are discussed in Sect. 5. Section 6 discusses our results of

this study followed by summary of our conclusions.

2 Model description

The NCEP’s Seasonal Forecast Model (SFM) is used for

the present study at T62L28 resolution. The corresponding

horizontal resolution near the Equator is about 1.875� in

both longitude and latitude directions. It has 28 unequally

spaced vertical sigma levels. The model uses reduced grid

near the poles for uniform resolution throughout. The

short-wave radiation parameterization is based on Chou

(1992). The long-wave parameterization is based on Chou

and Suarez (1994). Cloud fraction is determined using the

scheme of Slingo (1987). Planetary boundary layer

parameterization is by Hong and Pan (1996). Mountain-

induced gravity wave drag parameterization by Alpert

et al. 1988 and land process parameterization by Pan and

Mahrt (1987) is used in the model. The orography is

smoothed mean and ozone is given using climatology. The

cumulus scheme is based on Moorthi and Suarez (1992).

Model dynamics is based on semi-implicit time integration

scheme. More details about the model can be found in

Kanamitsu et al. (2002).

3 Relaxed Arakawa–Schubert parameterization

The RAS used in the present study is based on the theory of

Moorthi and Suarez (1992). In this scheme, a cloud type is

distinguished by the height at which it detrains. It is

assumed that all the liquid water is carried to the cloud top

and then a fraction is precipitated and remainder is evap-

orated in the environment.

3.1 Role of relaxation parameter in controlling

precipitation rate

In this section, we briefly discuss the role of relaxation

parameter in controlling precipitation rate in RAS. The

major simplifications made by MS include that rather than

the final state be balanced (quasi-equilibrium in AS sense),

the environment is relaxed towards quasi-equilibrium

every time the parameterization is called. Multiple cloud

types are called for a single time step, one after the other

and each cloud type relaxes the environmental state

towards quasi-equilibrium. The amount of relaxation

depends on the iteration time step, the prescribed time scale

(MS) and the frequency with which each cloud type is

called. If Dt is the iteration time step and sadj is the cloud

adjustment time scale (103–104 s according to AS), then

the relaxation parameter is given by (Moorthi and Suarez

1992)

a ¼ Mt=sadj: ð1Þ

The cloud adjustment time scale is cloud type dependent

and hence the relaxation parameter (a) is cloud-type-

dependent.

In RAS, the environmental potential temperature h and

specific humidity q are the prognostic variables. According

to MS, a cloud type is identified by the level at which it
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detrains. In a K-layer model, suppose a cloud type detrains

at the ith level, then it is the ith cloud type. The rate of

change in the potential temperature (h) and specific

humidity (q), due to ith cloud sub-ensemble is calculated as

oh
ot

� �
c

¼ a
mBðkiÞMki

cpP
CsðPÞ; ð2Þ

and

oq

ot

� �
c

¼ a
1

L
mBðkiÞMki½ChðPÞ � CsðPÞ�; ð3Þ

and the liquid–water mixing ratio at the top of the

detrainment level is given by

lðPDÞ ¼ lc
kðPDÞ

¼ 1

gkðPDÞ
qðPBÞ þ

cp

g
k
Z PB

PD

hqðPÞdP

� �
� q�ðPDÞ

ð4Þ

where, l(PD) is the liquid–water mixing ratio of the cloud air

detraining at pressure level PD of the ith cloud type, gk(PD) is

the normalized mass flux in the cloud at PD normalized by

the value at the cloud base, q(PB) is specific humidity at the

cloud base, k is the fractional entrainment rate, q*(PD) is the

saturation specific humidity at PD. ChðPÞ and CsðPÞ are

the tendencies of the environmental moist static energy h

and dry static energy s per unit cloud base mass flux given by

Equations 27 and 28 in Moorthi and Suarez (1992).

The precipitation is parameterized as

Ri ¼ mBðiÞrili ð5Þ

where, Ri is precipitation, mB is the cloud base mass flux, li
is liquid–water mixing ratio due to ith cloud type, and ri is

cloud-type-dependent parameter given by

ri ¼ 1:0; if pi\500 ð6Þ

ri ¼ 0:80þ 800� pi

1500
; if 500\pi\800 ð7Þ

ri ¼ 0:80 if pi [ 800 ð8Þ

where, p is pressure in hPa.

As it is seen from Eqs. (2), (3) and (4), the choice of

relaxation parameter affects the rate of change of q and h
and hence liquid–water mixing ratio l(PD) during each

iteration. The term inside the integral in Eq. (4) makes the

relation between l(PD) and a a nonlinear one. Hence, it can

be inferred from Eq. (5) that Ri varies as a is varied in a

nonlinear fashion.

4 Experimental details

We have used a time step of 30 min for our experiments. In

the default configuration of the model a is 0.30,

corresponding to cloud relaxation time of the order of

100 min. We call this case (a = 0.30) the control experi-

ment. Further simulations were performed for different

values of a and a cloud-type-dependent a. Brankovic and

Palmer (1997) suggested that an ensemble size of 5–10

assures high-potential predictability for seasonal precipi-

tation over the Indian region and hence ensemble simula-

tions were performed with the model. The model

integrations were performed for 5 initial conditions starting

from 27 to 31 March, each day corresponding to 1 initial

condition. The model was integrated till 30 September. The

results shown in the following sections are mean of five

ensembles. SST (monthly mean) are specified from Rey-

nolds and Smith (1994) and the values are interpolated

linearly to model the time step. Initial conditions are taken

from NCEP. The focus of the present study is to test the

sensitivity of simulated precipitation over the tropics dur-

ing Indian summer monsoon (ISM) season (June–Septem-

ber). We choose a year with near normal rainfall over

Indian land during the same period. According to Indian

Meteorological Department, rainfall over Indian land was

near normal (98% of climatological mean) for the period

from June to September, 2008 and hence year 2008 is

selected for the experiment. For the experiment, the model

output is saved as a daily average.

5 Data sets

Precipitation over Indian land and southeast Asia is max-

imum during June–September of every year. To compare

precipitation over Indian land, rain gauge data provided by

Indian Meteorological Department (IMD) is sufficient.

However, IMD’s data is available only over the Indian

landmass and therefore to validate results over the tropics,

global data sets such as TRMM 3B42 and GPCP (gauge

and satellite merged) are used here. 3B42 is a level three

data available at a horizontal resolution of 0.25� 9 0.25�,

has a temporal resolution of 3 h available from 1998

onwards and a geographic coverage between 50� S–50� N.

3B42 rainfall product (e.g., see Kummerow et al. 1998;

Adler and Huffman 2000; Huffman and Adler 2007) is an

optimal combination of various high-quality microwave

estimates to adjust infrared estimates from high-frequency

geostationary observations. For making comparisons, the

data are regridded to the model’s T62 resolution, and is

averaged over a day. GPCP’s satellite-gauge combined

data is available at a horizontal resolution of 2.5� 9 2.5�.

GPCP version 2.1 combined precipitation data is available

as long-term monthly mean and has temporal coverage

from January 1979 to September 2009. It has a resolution

coarser than that of the model grid and covers the entire

globe. Figure 1 shows the spatial correlation (SC) between
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TRMM and IMD climatology (Fig. 1: right panel) and

between GPCP and IMD climatology (Fig. 1: middle panel)

for the period of June–September, 1998–2008. The SC

between the two patterns of rainfall is calculated as

SC ¼
P

i;jðxi;j � xÞðyi;j � yÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
i;jðxi;j � xÞ2ðyi;j � yÞ2

q ð9Þ

where, x and y refer to the variable in the first and the

second data set, i and j represent the grid point index of the

region under consideration, x and y are the spatial averages

of first and the second data set respectively. For calcula-

tions, we only consider those points where IMD’s data is

available (Fig. 1). It is clear that TRMM (SC = 0.91) is

closer to IMD when compared to GPCP (SC = 0.78). Based

on this analysis, we choose TRMM estimated precipitation

as the observed data set to compare model outputs in this

paper.

6 Results

6.1 Mean spatial patterns of precipitation in control

simulation

The comparison between the spatial patterns of climatol-

ogy of JJAS mean precipitation over the tropics during the

period 1998–2008 in model and observation respectively,

is presented in Fig. 2. The model simulates a distinct

intertropical convergence zone (ITCZ) north of the equator

over eastern Pacific and dry subtropical regions over the

Sahara deserts. The mean SC between simulated tropical

rainfall (30� N–30� S,0� E–360� E) and observations

(GPCP and TRMM) is greater than 0.7, which is appre-

ciable considering the fact that the SC between the two

observational data sets (GPCP and TRMM) is 0.85. The

root mean square error (RMSE) mentioned in Fig. 2 is

calculated with respect to TRMM as

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX
i;j

ðXi;j � Oi;jÞ2

N

vuut ð10Þ

where, O and X refer to the variable in observed data set

and model respectively, i and j represents the grid point

index of the region under consideration. N is the total

number of grid points under consideration. RMSE is

3.24 mm day-1 between model and observation which is

significantly high.

Figure 3 gives climatology mean values of precipitation

over different parts of tropics during June–September. The

precipitation is overestimated over the Western Pacific

(WP), American tropics, Bay of Bengal (BoB), Indian

landmass and central Africa. However, over the equatorial

Indian Ocean (EIO), the model underestimates precipita-

tion. The intercomparision of simulated precipitation

between ten GCMs over the northern hemisphere summer

by Kang et al. (2002) showed that several models with

Fig. 1 Climatology mean of

precipitation from three data

sets over Indian region for the

period of June– September,

1998–2008. For calculation of

the spatial correlation (SC) and

mean precipitation, data from

TRMM and GPCP are regridded

to IMD resolution and is

considered only over the points

where IMD shows positive

precipitation

(a)

(b)

Fig. 2 Precipitation climatology (mm day-1) during June–September

of 1998–2008 from TRMM estimates and model control simulation.

The spatial correlation (SC) and root mean square error (RMSE) are

calculated for the region 30�S–30�N, 0�E–360�E

4 D. K. Jain et al.
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various convection schemes produced excessive rainfall

over southeast Asian and Indian region. SFM also over-

estimates the precipitation over these regions.

6.2 Simulations with different values of relaxation

parameter

It was seen in Sect. 3 that the choice of value of relaxation

parameter (a) is critical in determining the precipitation

rate in the RAS convection scheme. To understand its

impact, we investigate the sensitivity of simulated rainfall

with relaxation parameter values 0.10, 0.20, 0.40, and

0.50. Since the model time step is 30 min, these values

correspond to cloud relaxation time of 300, 150, 75, and

60 min.

Figure 4 shows the comparison between mean spatial

patterns of JJAS precipitation over the tropics with dif-

ferent relaxation parameter values. Irrespective of the value

of the relaxation parameter, a narrow precipitation belt

along the ITCZ is realistically simulated over the Pacific in

all cases. SC is highest for a = 0.30 and RMSE is least for

a = 0.20. The simulated precipitation over central Africa,

WP, southeast Asia, India, BoB, EIO and Amazon is sen-

sitive to the choice of the relaxation parameter. Over

central African and Indian landmasses, the spatial coverage

and magnitude of precipitation increases as a decreases.

The magnitude of precipitation decreases over BoB,

southeast Asia and WP as a decreases. Over the American

tropics, the spatial pattern of precipitation is less affected

by the choice of relaxation parameter. However, its mag-

nitude increases (especially over Amazon) as a decreases.

It can be inferred from Fig. 4 that the choice of a has

maximum impact on the magnitude of precipitation over

India, southeast Asia, and WP. Since maximum precipita-

tion occurs in India and southeast Asia during JJAS, we

analyze the effect of a over these regions. Over the Indian

landmass (8� N–28� N,70� E–90� E), the choice of a has

significant effect on the variation of precipitation with

time. Figure 5 shows the observed (TRMM) and model

simulated time series of mean precipitation over the Indian

landmass during JJAS, 2008. The observed TRMM pre-

cipitation shows active and break spells during JJAS.

However, these spells could be absent in the model results

due to ensemble averaging. Chakraborty et al. (2002)

defined the onset of Indian summer monsoon as the day

when the mean precipitation over the Indian landmass

exceeds threshold of 3.5 mm day-1 and persist above the

threshold for at least one pentad. In the present study, we

use the same criteria to define the onset of monsoon over

the Indian landmass. According to TRMM, the onset

occurs on 1 June. For a = 0.10, the onset occurs one day in

advance (31 May). For a = 0.20, the onset is delayed by 2

days (3 June). The control value of relaxation parameter,

a = 0.30, gives onset on 31 May even though the precip-

itation does not really escalate to the higher values

observed in TRMM till as late as 16 June. For values of a
of 0.40 and 0.50, the onset occurs on 7 and 21 June,

Tropics India(land) BoB WP America Africa EIO
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Fig. 3 Area mean climatology of the precipitation during June–

September of 1998–2008 over different parts of the tropics from

TRMM estimates and model control simulation

(a)

(b)

(c)

(d)

(e)

(f)

Fig. 4 Precipitation during June–September 2008 from TRMM

estimates and model simulation with different relaxation parameters.

The spatial correlation (SC) and root mean square error (RMSE) are

indicated at the top of respective panels

On the role of cloud adjustment 5

123



respectively. This shows that the onset date is very sensi-

tive to values of a higher than 0.30 and not very sensitive to

values of a less than 0.30. Furthermore, for a = 0.50, the

mean precipitation never exceeds 8 mm day-1 during the

season and oscillates around the threshold (3.5 mm day-1)

which is far from observation (TRMM).

Ensemble mean latitude versus time plot of precipitation

averaged over 80� E–90� E during JJAS 2008 is shown in

Fig. 6. In observations, we see the active and break spells

of precipitation bands. Only for a = 0.10, these bands are

simulated in the model over the region and precipitation

decreases after 10 August as seen in observations. The

northward extent of precipitation is also sensitive to the

choice of a. The entire region receives precipitation of

more than 5 mm day-1 when a is less than 0.30. The

precipitation north of 20� N is less than 5 mm day-1 for

a = 0.40 and 0.50 throughout the season.

Over the Indian landmass, monsoon begins across the

southern peninsula in early June causing heavy precipitation.

The northward propagation of the monsoon is due to a large

scale transition of deep convection from equatorial to con-

tinental regions. The northwest extent of precipitation over

India during JJAS is an important factor determining the

overall agricultural production of the country. The mean

JJAS precipitation decreases along the northwest direction

and it would be worthwhile to compare the simulated

northwest precipitation with observation for different

relaxation parameters along the line (see Fig. 7). For com-

parisons, a bi-linear interpolation was performed to increase

the number of points along the northwest. The magnitude of

precipitation along the northwest direction over Indian

landmass show a remarkable trend as a varies (Fig. 7). For

values of a = 0.40 and 0.50, the precipitation decreases

much more rapidly along the direction than for the lower

values. The slope of the simulated curve is the nearest to

observation when a = 0.10.

Figure 8 shows RMSE calculated over Indian and

southeast Asian land and ocean as a function of a. The

RMSE is least for a = 0.10 and increases as a increases,

over land and ocean. This is because the overestimation of

precipitation over the region increases as a increases.

Hence, it can be said that in terms of RMSE, the model

Fig. 5 Time series of precipitation over Indian land mass (70�–90�E,

8�–28�N) from TRMM estimates and model simulations with

different relaxation parameters. Also indicated, by vertical lines, are

the onset dates of all-India monsoon (criteria defined in text)

Fig. 6 Observed and model simulated latitude-time plot of precip-

itation (mm day-1) averaged between 80�–90�E

6 D. K. Jain et al.
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performs the best over these regions when a is set to 0.10.

Its noteworthy to see that the RMSE is more over land

when compared to ocean.

To get the precipitation ranges in which a particular

value of relaxation parameter performs better over India

and southeast Asia, two statistical scores, bias score and

Equitable Threat Score (ETS) of precipitation, are plotted

in Fig. 9. These scores are plotted in terms of monthly

mean of June, July, August, and September of precipitation

events to evaluate the subseasonal skill in the model sim-

ulation. The bias score is defined as

BIAS ¼ F

O
ð11Þ

where, F and O are the number of grid points over which

forecast and observed precipitation exceed a specified

threshold respectively. Bias signifies how well the frequency

of simulated events compare to the observed frequency of

those events. Bias varies from 0 to1; 1 representing a perfect

score. ETS is defined as

Fig. 7 Northwest extent of

precipitation over Indian land

along the line shown in the inset

figure. Bi-linear interpolation

was performed to obtain

precipitation values along this

line from regular angle grid.

Precipitation for a = 0.20 was

not shown here for clarity (the

curve for a = 0.20 lies between

that for 0.10 and 0.30)

Fig. 8 RMS error in precipitation as a function of relaxation

parameter (a) over India and southeast Asia

Fig. 9 Equitable threat score and bias score for different relaxation parameters (a) over India and southeast Asia

On the role of cloud adjustment 7
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ETS ¼ H � E

F þ O� H � E
; ð12Þ

H is the number of grids points that correctly forecast more

than the specified threshold (also termed as a hit);

E = F*OT, T being the total number of grids points over

the region. While in general a higher ETS signifies a better

skill, it is not always true. Mesinger (2008) and Brill (2009)

have shown that it is possible to obtain a higher ETS by

artificially increasing the error.

It can be seen in Fig. 9 that for very low-precipitation

events (less than 2 mm day-1), the simulated precipitation

is not sensitive to a. In terms of ETS, the control experi-

ment value of a(0.30) performs better for mid-range pre-

cipitation events (2–14 mm day-1), while bias remains

almost the same. In higher precipitation ranges (more than

14 mm day-1), a = 0.10 outperforms every other value by

a significant margin. Hence, while lower values of a (less

than 0.30) do not have significant effect over other regions

of the tropics where the precipitation events mostly falls in

the middle range, it performs better over highly precipi-

tating regions like India and southeast Asia.

The zonal mean precipitation averaged over 60� E–100�
E during JJAS, 2008 is shown in Fig. 10. It can be easily

seen that, the simulation with a = 0.10 comes closest to

observation. The model is able to produce the observed

local maxima and minima for a = 0.10 and is the closest to

observation. The RMSE between the simulated precipita-

tion pattern and observation is least (1.6 mm day-1) for

a = 0.10. The values of a greater than 0.20 produces a

overestimation of precipitation at 10�N.

Based on the analysis till now, we can say that a = 0.10

performs best over India and southeast Asia. However, to

find out how the model performs with different values of a
over different parts of tropics we choose six different regions

indicated in Fig. 2. Figure 11 gives the magnitude of mean

JJAS precipitation over these regions due to different values

of a. The mean precipitation over tropics is largely unaf-

fected by the choice of a. Over predominantly continental

regions, viz India and central Africa, a lower a gives higher

precipitation and it decreases with increasing a. Over oceanic

regions, viz BoB and WP, the trend reverses and a increase in

a increases precipitation. In terms of spatial mean precipi-

tation, the simulation with a = 0.10 comes closest to

observation over the Indian landmass and BoB. a = 0.30

gives the closest values for WP and American tropics, while

a = 0.50 comes closest for African tropics and EIO.

Fig. 10 Model simulated (solid line) zonal mean precipitation along 60�–100�E during JJAS 2008 (mm day-1) as a function of latitude with

different relaxation parameters compared to TRMM (dashed line)

8 D. K. Jain et al.
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In Fig. 11, we saw that the trend of precipitation with a
was opposite over land and ocean. To ensure that this is

true over the entire tropics, precipitation error is plotted

separately over land and ocean as a function of a in Fig. 12.

It can be seen that the error over land decreases and that

over ocean increases monotonically as a increases. Hence,

the simulated value of mean precipitation over land is

closest to observation when a is largest while the opposite

is true over oceans. Oceans act as a source of moisture and

generally result in deeper clouds with higher convective

activity (CAPE) when compared to land and this difference

in intensity of convective activity over oceans and land is

what we believe is the reason for this behavior. Going back

to the definition of relaxation parameter (Eq. 1), we find

that a cloud which takes longer time to adjust to the con-

vective instability, should be represented by a lower value

of relaxation parameter. If we assume that a deeper cloud

takes longer time to adjust the environment, then a lower

value of relaxation parameter would represent that cloud

better in the model. Clouds over ocean are comparatively

deeper than the clouds over land and hence we see the trend

of precipitation in Fig. 12. This calls for a modification in

the RAS scheme that takes into account the life time of the

cloud in selecting relaxation parameter.

6.3 Cloud-type-dependent relaxation parameter

OLR is low in high-precipitation regions over the tropics

and it represents regions of high convective activity. For

the present study, we take the average of OLR for JJAS,

2008 over different parts of the tropics. On the days when

there were no clouds and no precipitation, the clear sky

OLR (which is very high compared to cloud top OLR over

the tropics) was not considered while averaging. This

method of averaging provides the seasonal mean OLR only

during precipitation. Based on precipitation, six most

convectively active regions over the tropics, viz Indian

land, BoB, EIO, WP, American tropics, and African tropics

were chosen for the study. The presence of precipitation on

a particular day implies presence of clouds. We took a

particular region and averaged the observed daily OLR

over that region when model precipitation was greater than

0.10 mm day-1 for a particular day. We then compared the

performance of the model simulated precipitation due to

different relaxation parameters over these regions with

observation (TRMM), taking RMSE as the basis.

Figure 13 shows the mean OLR over different regions

with the corresponding values of a that gave least RMSE

over that region. It can be seen that as the OLR increases,

larger relaxation parameter is favored to represent the

cloud adjustment time. In the model, multiple clouds are

called and the effect of these clouds is averaged at each

time step. Only the dominant cloud has maximum effect in

the chosen region. This can be easily seen over the BoB

(Fig. 13) where the deep convection is dominant during

JJAS. Although shallow clouds are also present, the dom-

inant clouds are the deep clouds. In effect, a lower relax-

ation parameter performs better. In RAS, a cloud type is

distinguished by the level at which it detrains and not the

fractional entrainment rate (or entrainment parameter k
defined in Arakawa and Schubert 1974). The deeper clouds

have lesser entrainment (k) than the shallower clouds and

hence, lesser dilution from environmental air. Thus, the

lifetime (or the adjustment time) of a deeper cloud is more

than that of a shallower cloud. Following this argument and

the result of Fig. 13, we assume a linear relation between

cloud depth and relaxation parameter.

In the experiment, the cloud base was assumed to be at

the second lowest layer in the model for all cloud types. A
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particular cloud can detrain at any level above its base.

From Fig. 13, we find that over the six regions, the a with

least RMSE varies between 0.10 and 0.60. Hence, here we

assume a linear relation with boundary condition of

a = 0.10 for the deepest cloud and a = 0.60 for the shal-

lowest one, given by

aðhÞ ¼ aþ b � h ð13Þ

where, h is the height index (in reverse order in the model,

i.e., in a K-layer model, h = K for the surface and it is 1 for

the topmost layer). The relaxation parameter, a(h), is

cloud-type-dependent. For a 28-layer model, when we fix

a(26) as 0.60 and a(1) as 0.10, a and b takes the value of

0.08 and 0.02, respectively. In the model, whenever a cloud

type is selected randomly for iteration, a corresponding a is

selected for relaxing the environment.

Figure 14 shows model precipitation over the tropics

after implementing the linear relaxation parameter. The

RMSE due to a linear a is lowest when compared to the

corresponding values of the fixed a cases that we tested

shown in Fig. 4. The SC decreased from 0.70 in control

experiment (a = 0.30) to 0.64 which is an intermediate

value between the lowest (0.61) and highest (0.70) values

corresponding to a = 0.10 and 0.30, respectively.

The mean simulated precipitation over tropics is

4.21 mm day-1 over land, 3.97 mm day-1 over oceans,

and 4 mm day-1 over land and oceans combined. These

values are still large compared to corresponding TRMM

values of 2.76, 2.96 and 2.91 mm day-1. The model values

are between simulated precipitation using the lowest

(a = 0.10) and highest (a = 0.50) fixed values of relaxa-

tion parameter. The major impact of using a linear relax-

ation parameter is seen over Indian, southeast Asian and

WP regions (Fig. 14).

Figure 15 shows the RMSE results over the 6 selected

regions after implementing linear relaxation parameter. In

4 out of the 6 regions, viz BoB, Indian land, EIO and WP,

the simulations are better than the control experiment

(a = 0.30). We see that using linear a, the simulations over

BoB, EIO, and WP are better than the simulations with the

best fixed a (with least RMSE) over the corresponding

regions. However, over American and African tropics, the

simulations give higher RMSE compared to control

experiment. Hence, in terms of RMSE, a linear a improved

the precipitation simulations over most parts of the tropics

and hence improved performance over tropics as a whole.

The zonal mean of precipitation over India and southeast

Asia during JJAS, 2008 is given in Fig. 16. The distribu-

tion is very close to observation (TRMM). The RMSE

between the observed and simulated pattern is 1.8 mm

day-1 which is slightly more than when a was set to 0.10

(Fig. 10) and substantially less than RMSE due to any

other value of a. Furthermore, the simulated and observed

distribution almost coincide over the region from 10�S to
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5�N for linear a. The onset of monsoon over Indian land-

mass due to linear a, (precipitation more than 3.5 mm

day-1 persisting at least 1 pentad) as seen in Fig. 17,

occurs on 7 June which is 7 days after the actual onset and

8 days after that of the control experiment. In Indian

summer monsoon season, the rainfall peaks in the months

of July and August. This pattern is simulated better by the

model when using a linear a than for values of a = 0.30

and above (see Fig. 5).

6.4 Precipitation-SST relationship

Gadgil et al. (1984) identified sea surface temperature

(SST) as the most important factor controlling the gener-

ation and maintenance of large-scale and synoptic-scale

cloudiness in the tropics. We have plotted precipitation as a

function of SST over the tropics in Fig. 18 for different

values of a. Below 25.25�C, all the curves nearly coincide

and the precipitation remains insensitive to a. After

26.75�C, however, the precipitation increases strongly with

SST and peaks in the range of 28–30�C. The observed peak

occurs at 29.75�C with the peak value of 6.8 mm day-1.

The peak values for a = 0.10, 0.20 and 0.30 are 7.9, 8.63,

9.67 mm day-1 at 28.75�C and 11 and 11.8 mm day-1

for a = 0.40 and 0.50 at 29.75�C, respectively. Hence,

a = 0.10 comes closest in simulating peak precipitation for

a given SST, though the peak occurs earlier at 28.75�C.

The precipitation as a function of SST due to linear a in

Fig. 18 over tropics show that the simulated functional

dependence over the region is better than the curves by any

fixed a values above 27�C and comes closest to the

observation. Whereas, with a = 0.10, the precipitation

starts decreasing rapidly after 28.75� C, the decrease is not

as steep as that for linear a and the slope above 29.75�C is

almost same as that in observation.

7 Conclusions

In the present study, we tested the sensitivity of precipi-

tation simulation by SFM on the choice of relaxation

parameter value. We found that simulations are highly

sensitive over most parts of the tropics. We started by

looking at the effect of different spatially fixed values for

relaxation parameter on the precipitation simulations. It

was found that in the control simulation with a = 0.30, the

model was over-estimating the precipitation over most

parts of the tropics, especially over Indian landmass, BoB,

southeast Asia, WP, and American tropics. We varied a
from 0.10 to 0.50 in steps of 0.10 and simulated the pre-

cipitation for JJAS, 2008. It was seen that over tropics, the

RMSE decreased as a was decreased from 0.50 to 0.20 and

then increased for 0.10. The best SC of 0.70 was obtained

with a = 0.30. The SC also decreased when a was

decreased. Of all the fixed values of a, 0.10 produced least

Fig. 16 Zonally averaged precipitation along 60�–100�E during JJAS

2008

Fig. 17 Top: Zonally averaged precipitation (80�E–90�E) as a

function of time with linear a; Bottom: time series of precipitation

over Indian land (8�–28�N, 70�–90�E)
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RMSE over India and southeast Asia. It also produced the

spatial coverage of precipitation over India most realisti-

cally. The skill matrices like ETS and bias score over India

and southeast Asia showed that for the simulation of pre-

cipitation events in the range 2–14 mm day-1, a = 0.30

performed better than the other values of a, while for the

higher precipitation ranges of more than 14 mm day-1,

a = 0.10 performed best.

Simulated precipitation with a = 0.10 came closest to

TRMM over India and southeast Asia compared to any

other fixed value of a for the zonally averaged precipita-

tion. The relaxation parameter value, a = 0.10, also sim-

ulated the maxima and minima of precipitation over this

region closest to the observation. In terms of RMSE,

a = 0.10 gives the best result (least RMSE). Due to

improvement in precipitation, the variables in the model

which are derived from precipitation, such as cloud fraction

(Slingo 1987) also showed improvement. As the focus of

the present study was the effect of a on precipitation alone,

the discussion of results for other variables derived from

precipitation will be presented in a separate study.

The choice of a had a very significant effect on the

precipitation–SST relationship over the tropics. The pre-

cipitation–SST relationship for a = 0.10 came closest to

the observed relation and the maximum of rainfall was also

closest to observations. The peak precipitation increased

when a was increased. It was also seen that the mean

tropical precipitation over land decreased and that over

ocean increased when a was increased from 0.10 to 0.50.

We believe the difference in intensity of convective

activity to be the reason for this behavior. To understand

this behaviour, we examined the definition of relaxation

parameter closely. We selected six convectively active

regions over the tropics, viz African tropics, West Pacific,

Indian land, Bay of Bengal, equatorial Indian ocean and

American tropics. Based on the RMSE, it was found that

there is no one universal value of a which performed better

than the other over different parts of the tropics and dif-

ferent values performed well over different parts of the

tropics. We also found that the regions where the OLR was

low (representing deeper clouds), a lower value of relax-

ation parameter gave better results in terms of RMSE. As

OLR can be used as a proxy for cloud depth, we proposed a

linear relation between a and the cloud depth. Imple-

menting this cloud type dependent a in the model improved

the model performance over the tropics in terms of mean

RMSE. Four out of the selected six regions showed lower

RMSE than the least obtained from any fixed value of a.

The major improvement was seen over Indian and Asian

region where the model showed precipitation closest to

TRMM.

The new cloud-type-dependent linear relaxation para-

meter also produced one of the best distribution of zonally

averaged precipitation over India and southeast Asia sec-

ond only to a = 0.10. The precipitation–SST relationship

over the tropics was one of the best with linear relaxation

parameter. Furthermore, a cloud-type-dependent relaxation

parameter is physically more realistic than a fixed value for

all cloud types and should be preferred over a fixed value

for all cloud types in the model.

The partitioning of total precipitation between convec-

tive and stratiform components was found insensitive to the

choice of relaxation parameter. Convective precipitation

component contributed more than 80% of the total pre-

cipitation irrespective of the value of the relaxation

parameter. In the present study, we empirically assumed a

linear cloud type dependent relaxation parameter. At this

point, we emphasize a need for a better functional depen-

dence based on observations and experiments which can

improve short time to seasonal prediction during Indian

summer monsoon.
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