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Abstract
We analyse the bias present in the Indian Summer Monsoon Rainfall (ISMR), as simulated by Climate Forecast System
Model 2 (CFSv2), the operational model used for monsoon forecasts in India. In the simulations, the precipitation intensity
is redistributed within the ITCZ band with southward shifts of precipitation maxima. We observe weakening of maximum
intensity of precipitation over the region between 20°N and 14°N. In the simulations by CFSv2, there exists two rain bands:
the northern one located slightly southward compared to reanalysis dataset and the southern one over the equator with intensified precipitation. This results in dry bias over land and wet bias over the ocean. We use a Dynamic Recycling Model, based
on Lagrangian approach, to investigate the role of various moisture sources in generating these biases. We find that, the dry
bias during June exists due to the delayed monsoon onset and reduced moisture flow from the Arabian Sea. As the monsoon
progresses, deficiency in the simulated contributions from South Indian Ocean becomes the key source of bias. The reduced
supply of moisture from oceanic sources is primarily attributed to the weaker northward transport of moisture flux from
the Southern Ocean, associated with a weaker southward energy flux. Inefficiency of the model in simulating the heating in
Tibetan plateau during the pre-monsoon period leads to this reduced cross equatorial energy flow. We also find that, towards
the end of monsoon season, moisture contributions from land sources namely, Ganga Basin and North-Eastern forests become
significant and underestimations of the same in the simulations by CFSv2 result into biases over Central and Eastern India.

1 Introduction
The GDP of India is significantly shaped by the agricultural output (Gadgil and Gadgil 2006) and about 60% of
agriculture in the country is rain fed (Gopinath and Bhat
2012). Approximately 80% of the total annual precipitation
comes from the summer monsoon (Jain and Kumar 2012).
Therefore, the prediction of Summer Monsoon is of utmost
socio-economic importance. Numerous empirical models
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have been developed, using global and local parameters that
correlate with Indian Summer Monsoon (ISM), for monsoon
prediction (Shukla and Mooley 1987; Gowarikar et al. 1989;
Sahai et al. 2003). However, these models often fail during
surplus monsoon years and drought years (Goswami and
Xavier 2005). Empirical techniques combined with statistical analysis is a very popular approach for the prediction of
seasonal precipitation and this approach had been used for
many years for the prediction of ISMR (Rajeevan 2001).
This approach limits the predictability due to interdecadal
variation of correlations between predictors and monsoon
rainfall (Kumar et al. 1999; Krishnamurthy and Goswami
2000). Dynamical prediction using Atmospheric General
Circulation Models (AGCMs) are free from such issues and
therefore were expected to give better monsoon predictions.
However, despite the huge progress in model development
throughout these years, most of the AGCMs and even coupled GCMs have very low skill in simulating interannual
variability and spatial pattern of seasonal mean precipitation (Kang et al. 2004; Krishnamurti et al. 2002; Palmer
et al. 2004; Wang et al. 2015). The CMIP3 GCMs and even
the state-of-the-art GCMs, CMIP5 models, underestimate
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the summer monsoon precipitation over India (Sperber et al.
2013; Sabeerali et al. 2014; Kim et al. 2008; Shashikanth
et al. 2013; Wang et al. 2015). Evidently, the highly complex Indian monsoon system, where land, atmospheric and
oceanic processes interact with one another, demands an
advanced coupled dynamic model for its simulation. Only a
fully coupled model with a fine resolution can be expected
to simulate the complex monsoon features, which are modulated by land-atmosphere-ocean feed backs (Kang et al.
2002; Wang et al. 2005).
The Climate Forecast System Version 2 (CFSv2), developed by the National Centre for Environmental Prediction
(NCEP), is the state-of-the-art fully coupled land-atmosphere-ocean model, and has been providing predictions at
different time scales for the entire globe from April 2011
(Saha et al. 2014). Multiple studies have been conducted
to evaluate its performance in predicting various climatic
variables and processes at global and regional scales. CFSv2
performs well in simulating the spatial pattern of sea surface
temperature related to the Eastern Pacific ENSO and Central
Pacific ENSO, but with bias (Yang and Jiang 2014). However, the influence of ENSO on Asian Summer monsoon is
exaggerated (Kim et al. 2012a; Narapusetty et al. 2017) in
the simulations by CFSv2. The simulated Pacific SST by
CFSv2, also has high biases during the Northern Winter
(Yang and Jiang 2014; Kim et al. 2012b). In case of Atlantic
SST, the simulations of CFSv2 show higher skills in the high
latitudes and tropical North Atlantic region. Lower skills are
observed in the mid-latitude of Western North Atlantic (Hu
et al. 2012). The current version 2 of CFS simulates better
the Madden-Julian oscillation, which is the primary mode
of tropical intraseasonal climate variability, as compared to
its older version. However, the model prediction skill is not
good enough in MJO initiation, amplitude and propagation
speed (Wang et al. 2013; Jones et al. 2015).
Precipitation is the most sought-after output from any
climate model and hence multiple studies have focused on
the model’s predictive skill of precipitation over different
regions and seasons. CFSv2 serves as a good prediction
model for North American and Indo-Pacific summer monsoons (Zuo et al. 2013), Southeast Asian monsoon and large
scale Asian summer monsoon (Jiang et al. 2013a; Shukla
et al. 2017). The model also gives reasonable predictions
of South-Eastern China rainfall (Zuo et al. 2011) and East
Asian winter monsoon (Jiang et al. 2013b). Lately, for the
weather forecasts, intra-seasonal and seasonal predictions
and for the climate change projections of ISMR, India Meteorological Department (IMD) has adopted the CFSv2 model
as an operational model, which is expected to have adequate
efficiency and robustness.
Multiple studies have been performed to evaluate the skill
of CFSv2 in simulating Indian summer monsoon precipitation, and associated variables and processes. The spatial
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pattern of seasonal rainfall, wind circulations, northward
propagation of intraseasonal oscillation and ENSO-ISM
anti-correlation are simulated well by CFSv2 (Chaudhari
et al. 2012; Shukla and Huang 2016; George et al. 2016).
Over the Indian Ocean, the model exhibits reasonable skill
in simulating the northward propagating monsoon intraseasonal oscillations (MISO), generally consistent with
observed characteristics (Roxy et al. 2013; Sharmila et al.
2013). However, a systematic bias in the model simulated
ocean mixed layer depth results in biases in the amplitude
of MISO and also the local SST-rainfall relationship (Wu
et al. 2008). ISM seasonal prediction is characterised by a
severe dry bias over central India, a cold SST bias over the
Indian Ocean and a remarkably cooler tropospheric temperature over the sub-continent (Roxy et al. 2013; Sharmila
et al. 2013; Chaudhari et al. 2012). Thus, ISM simulation
by CFSv2 is realistic, qualitatively, but not free from biases.
Recently, few studies have come up with possible mechanisms to improve the ISM precipitation during June to September (JJAS) over Indian subcontinent. Poor representation of Indian Ocean coupled dynamics, cold bias in tropical
IO SST, enhanced Ekman pumping in the South-West IO,
delayed northward migration of Inter tropical convergence
zone (ITCZ), weakening of Findlater jet and a deeper thermocline in the eastern IO (Narapusetty et al. 2016) are
found to be responsible for the dry bias in the simulations
by CFSv2.
The present study is directed towards evaluating the skill
of CFSv2 in simulating the moisture transport associated
with ISM, as atmospheric moisture transport can have the
most direct impact on rainfall. Only a handful of studies
had been conducted to identify the moisture sources of ISM
and their corresponding sinks to understand the importance
of moisture transport. Gimeno et al. (2010) identified the
Indian Ocean, the Arabian Sea, the Zanzibar Current, the
Agulhas Current, Western Africa, and the Red Sea as the
six major moisture sources for the ISM. Van der Ent et al.
(2010) stated the role of terrestrial moisture sources in sustaining the monsoon rainfall during the month of July, using
a water accounting model. Pathak et al. (2014) also demonstrated the importance of land sources in monsoon moisture supply. While the Arabian Sea and the Indian Ocean
load the Somali low-level jet with moisture; North-Western,
Western and Southern parts of the subcontinent add to the
monsoon moisture by evapotranspiration (Ordóñez et al.
2012). Mei et al. (2015) studied the moisture transport from
Arabian Sea, land regions, Bay of Bengal and other remote
sources. Pathak et al. (2017) performed an elaborate analysis
on the atmospheric moisture transport during ISM, using a
Lagrangian based approach. They explained the role of the
atmospheric moisture transport from different evaporative
sources to the sink over India in generating the interannual
variability, onset and withdrawal and evolution of ISM. As
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moisture availability is the key factor modulating the monsoon, a seasonal prediction model can accurately predict the
ISM precipitation with its seasonal variability only if it is
capable of simulating the relative contribution from the key
moisture sources with reasonable accuracy. In this study, we
attempt to dissect the precipitation biases in CFSv2 based
on the model’s ability to simulate the atmospheric moisture
transport from various sources, which has never been looked
over so far.
ISM is characterised by its intraseasonal variability and
spatial heterogeneity. The intraseasonal variability is perceived as the variations in precipitation across the season.
Information about the distribution of precipitation across
the season is vital as it is inevitable in agricultural planning,
water resource management and tackling flood or drought
conditions. The moisture required for maintaining the summer monsoon precipitation over Indian land mass comes
from various oceanic as well as land sources. However, the
relative contribution from these sources are not uniform
across the season with maximum oceanic contribution during the initial phase and maximum land contribution during
the latter half of the monsoon (Pathak et al. 2017). Similarly,
precipitation bias also need not be uniform across the season. Therefore, we examine the impact of moisture transport
on precipitation biases for each monsoon month separately,
unlike previous studies on analysing the dry bias in CFSv2
simulations of seasonal sum. Relative contributions of moisture from different sources are not same towards different
zones within the ISM region, which results in the unique
spatial precipitation pattern. Hence the amount of bias
observed over each zone, resulting from each source, need
to be fixed separately in order to better represent the spatial
heterogeneity. Here, we focus our study on the climatology
of Indian monsoon as the ability of a model to simulate the
climatological mean is an indication of its prediction skill
(DelSole and Shukla 2002).

2 Data used
The present analysis evaluates the skill of CFSv2 model in
simulating the climatological mean of summer monsoon
precipitation across the monsoon months and the moisture
contribution from the identified major sources. CFSv2 is
the second and latest version of Climate Forecast System,
which was the first quasi-global, fully coupled atmosphereocean-land model used at NCEP for seasonal prediction
(Saha et al. 2006). The atmospheric model is the NCEP’s
Global Forecast System (GFS), which has a spectral triangular truncation of 126 waves (T126) in the horizontal and
a finite differencing in the vertical with 64 sigma-pressure
hybrid layers. The atmospheric model is coupled to the oceanic component, Modular Ocean Model version 4 (MOM4)

(Griffies et al. 2004), from the Geophysical Fluid Dynamics
Laboratory (GFDL). The land surface is represented by the
4-level Noah land surface model (Ek et al. 2003) with interactive vegetation. In this study, last 37 years of daily data
from the 55 years of CFSv2 free simulations, initialized on
1 December 2009, is used. Monthly mean values and JJAS
mean values are computed from this daily data (Supplementary Table S1). As we have used free simulations, we focus
our evaluation on the climatology of monsoon precipitation
and associated processes.
We use the IMD gridded daily rainfall data at 1° × 1° to
evaluate precipitation over the landmass of Indian subcontinent. The mean monthly precipitation over the land and
ocean region over the tropics is obtained from the Global
Precipitation Climatology Project (GPCP) monthly precipitation dataset for the period 1979 to 2015.
The daily scale ERA-interim (ERAI) reanalysis data (Dee
et al. 2011) for 37 years from 1979 to 2015 is used as the
proxy to the observed data for meteorological variables.
ERAI has least residual in atmospheric moisture budget and
hence it is preferred over other reanalysis data sets (Sebastian et al. 2016). Resolution of ERAI data, used in this study,
is 1° × 1°. Daily winds and specific humidity at 1000, 925,
850, 700, 600, 500, 400 and 300 hPa pressure levels are
used for the moisture recycling analysis. Other ERAI variables used are daily precipitation rate, latent heat flux and
precipitable water. The tropospheric temperature estimates
used in this analysis are based on the mean average temperature over the pressure levels ranging from 700 to 200 hPa.
The resolutions of all the data sets are summarised in supplementary table S1.

3 Results and discussions
3.1 Precipitation biases in CFSv2
Biases in the precipitation simulated by CFSv2 over different parts of the tropics have been reported in many studies.
These biases are suspected to be the manifestation of a shift
in the ITCZ rather than localised misrepresentation of precipitation. This is true for many climate models, listed in
CMIP5 (Li and Xie 2014; Zhang et al. 2015). The biases
in ITCZ, in the model simulations, result from inaccurate
atmospheric energy budget scheme (Adam et al. 2016). Generally, the distribution of tropical precipitation defines the
ITCZ structure and position. Here, we employ two indices
(defined by Adam et al. 2016) based on the distribution of
tropical precipitation to depict the bias in the ITCZ position,
simulated by model. Tropical precipitation asymmetry index
(Ap) gives the hemispherically anti-symmetric component
of the tropical precipitation distribution.
(
)/
Ap = P0−20◦ N − P20◦ S−0 P20◦ S−20◦ N .
(1)
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Ap value is minimum when the tropical precipitation
is symmetric around the equator and its absolute value
increases as the precipitation distribution become asymmetric. For ERAI and GPCP tropical precipitation, Ap
value averaged over the entire latitudes is 0.19 because of
higher annual precipitation in the North. CFSv2 model has
a more symmetric tropical precipitation distribution with
a lower value of Ap = 0.04, which could be resulting from
an over-estimation of precipitation in the Southern tropics
or an under estimation in the northern tropics.
The hemispherically symmetric component of the tropical precipitation distribution is computed using Equatorial
precipitation index (Ep).

Ep =

P2◦ S−2◦ N
− 1.
P20◦ S−20◦ N

(2)

Ep tends to its minimum value of −1, when the equatorial precipitation is comparatively less and the ITCZ straddles the equator. Ep becomes 0 if the tropical precipitation
distribution is uniform over the tropical belt. The value
of Ep becomes positive if the equatorial precipitation is
relatively more intense compared to overall tropical belt.
Annual Ep, averaged over the entire equatorial belt has
positive values, 0.17 in ERAI and 0.18 in GPCP since the
tropical precipitation is peaked near the equator. In CFSv2,
annual Ep value is 0.05, which is nearly zero, indicating
the non-existence of a relatively intense precipitation at
the equator, in the model. The estimated annual Ap value
in CFSv2 indicates an overestimation of precipitation in
the Southern tropics over the globe and annual Ep value
indicates underestimation of equatorial precipitation spatially averaged over the entire latitude. Thus, the annual
Ap and Ep values in the model hints towards a southward

shift of the ITCZ globally in CFSv2 simulations. We also
compute the E
 P value for Asian summer monsoon region
(over the longitudes from 700E to 950E) during JJAS.
The E P values are 0.18 for GPCP data and 0.33 for the
simulations from CFSv2, clearly showing southward shift
of precipitation band with intensification of precipitation
over the equatorial region, in the simulations by CFSv2
during JJAS.
While looking at the Ep value over the ASM region and
the Ap values at each longitude separately (Supplementary
Figure S1), we see, the bias in ITCZ position is not uniform across the tropics and hence, there is not a generalized
mechanism responsible for the observed precipitation biases
in different parts of the tropics. Since the focus of this study
is on the biases in the simulations of ISM precipitation, we
confine the analysis of ITCZ to the ISM region and compute
Ap values for the period, JJAS (Supplementary Figure S2).
We observe that ISM region is one of the regions wherein
the model simulated Ap is less compared to the observed
values (Boxed region in Supplementary Figure S1). Comparing the annual north–south migration of ITCZ over the ISM
domain in CFSv2 and ERAI, it is observed that during the
monsoon months of JJAS, the position of ITCZ band in the
model does not have a noticeable shift. However, the redistribution of precipitation within ITCZ is quite prominent,
with lesser precipitation in the North and more precipitation in the South (Fig. 1). In order to see the robustness of
the observed changes in ITCZ, the climatology is also estimated as the sum of annual mean and first three harmonics
and we find that the observations on ITCZ from Fig. 1 are
insensitive to the method of estimation of climatology (not
shown). To quantify the changes in distribution of precipitation within the ITCZ band over ISM region, we define the

Fig. 1  Annual north–south migration of ITCZ. Precipitation rate is averaged over the ISM region from 70°E to 95°E for a ERA interim and b
CFSv2
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Indian Summer Monsoon Precipitation Index (IMPI). IMPI
at any latitude Ø is

IMPI� =

P(�+2)−(�−2)
P30N−10S

,

(3)

where P is the mean JJAS precipitation averaged between
latitudes (Ø+2) to (Ø−2) and longitudes 70°E to 95°E. IMPI
is estimated for latitudes (Ø) from 28°N to 8°S. Relatively
higher value of IMPI at a location implies higher precipitation intensity over that zone of latitudes. Figure 2 is a comparison of distribution of IMPI values between 30N to 10S

Fig. 2  Distribution of precipitation intensity across the Indian Summer Monsoon latitudes from 30N to 10S in GPCP (a) and CFSv2 (b).
The zone of maximum precipitation is shifted southwards to 4°N in

in GPCP and CFSv2. We see that in the simulations from
CFSv2, the location of maximum precipitation shifts from
20°N to 4°N. Distribution of precipitation in ERAI, the reanalysis data used for further analysis, is similar to that of
GPCP (Supplementary Figure S3). CFSv2 has positive value
of IMPI in the north and negative IMPI in the south. This
indicates that the location of ITCZ in CFSv2 simulations
results in dry precipitation bias over the Northern land and
wet bias over the Southern Ocean in the ISM region.
Difference in JJAS climatological mean for 37 years
(Fig. 3) shows that the dry bias in the north is over the core
monsoon region and the wet bias in the south is over the

CFSv2 while the observed (GPCP) maximum precipitation occurs at
around 20°N

Fig. 3  Bias in JJAS climatological mean for a period of 37 years in CFSv2 in comparison with GPCP (a) and ERAI (b) data. Over the key beneficiaries of South West monsoon, Indian sub-continent and South-East Asia, CFSv2 model has a prominent dry bias
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northern and eastern Indian Ocean. Monsoon precipitation
over the core monsoon zone is primarily strengthened by
moisture coming from the ocean. In CFSv2 simulations,
the monsoon moisture flux is weakened and this results in
the dry bias over the land (Fig. 4a). Additionally, the net
evapotranspiration (ET), which is under estimated over land
and overestimated over ocean, is supposedly adding to the
precipitation biases in CFSv2 simulations (Fig. 4b). Lesser
recycling of moisture from land by means of ET results in
reduced contribution towards precipitable water over the
land region. Thus, we see that moisture contribution for
developing and sustaining the summer monsoon precipitation is not properly simulated in CFSv2 and this make the
model incapable of predicting the seasonal mean as well as
spatial pattern of monsoon precipitation. This work attempts
to find the relative role of biases in moisture contribution
from various oceanic and land regions towards the biases in
precipitation, simulated by CFSv2 model. Hence, we perform a moisture transport analysis, which is detailed in the
following section.

3.2 Moisture transport analysis
The biases in simulated precipitation can be traced back to
erroneous representation of moisture sources and atmospheric moisture transport in the model. The first step towards
this is to evaluate the skill of model in simulating the atmospheric moisture transport from various sources to the South
Asian Monsoon region. The study area confines the ISM
domain from 30E to 135E and 55N to 40S. The oceanic and
land moisture sources are selected following Pathak et al.
(2017). Within the ISM domain, we consider two terrestrial

and three oceanic regions, which have been reported as the
significant moisture sources for ISM (Pathak et al. 2017).
The three oceanic sources are Western Indian Ocean (WIO),
Upper Indian Ocean (UIO) and Southern Indian Ocean
(SIO), and the terrestrial sources are Ganga Basin (GB) and
North-East India (NE). Though Ganga basin is of smaller
size compared to the domain considered, the land atmosphere is interaction is very high over the region (Koster et al.
2004). This attributes to high agricultural activities and irrigation. Recent studies (Pathak et al. 2014, 2017) show very
high recycled precipitation over this region. Figure 4b shows
very high bias in ET over the same region. Hence, we have
considered this region separately. The larger domain selected
for Fig. 4b is to present not only the negative bias in simulated ET over the GB region, but also the positive bias in the
simulated ET over the oceanic region. Entire study region
and source regions are shown in Fig. 5. The terrestrial region
is subdivided on the basis of uniform climate subtype as per
Köppen climate classification (Kottek et al. 2006) and also
on the basis of percentage forest cover (Hansen et al. 2013).
The oceanic region is subdivided based on moisture flux
convergence (Pathak et al. 2017).
To estimate the percentage moisture contribution to each
grid from each source region, we use a modified Dynamic
Recycling Model (DRM) developed by Martinez and
Dominguez (2014). This is an extended version of the DRM
by Dominguez et al. (2006), which is derived formally from
the equation of conservation of atmospheric water vapour. The
basic DRM (Dominguez et al. 2006) is capable of computing
precipitation recycling even at daily scale as it incorporates
the change in moisture storage, which is an improvement over
other analytical models discussed in Bosilovich and Schubert

Fig. 4  The net evapo-transpiration is underestimated and overestimated over land and ocean, respectively (a) and the simulated monsoon circulation is weaker (b). In CFSv2 simulations anomalous moisture generation and its circulation lead to precipitation biases
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Fig. 6  Sample domain with four source regions S1, S2, S3 and S4
and trajectory of moisture towards region S1
Fig. 5  Key moisture sources of ISM
�

(2002), Burde and Zangvil (2001a, b) and Brubaker et al.
(1993). They solved the equation of conservation of the total
column water vapour by means of Lagrangian approach to
find the fraction of atmospheric moisture collected by an air
column along its trajectory (traced backwards) within a region.
The moisture fraction is computed as
�

⎡ 𝜏
⎤
𝜀(x, y, 𝜏) ⎥
R(x, y, 𝜏) = 1 − exp⎢−
𝜕𝜏 ,
⎢ ∫ 𝜔(x, y, 𝜏) ⎥
⎣ 0
⎦

(4)

where R is the moisture fraction collected between time
τ’and zero along the trajectory, ε is the evaporation and ω is
the total column water (precipitable water) along the same
trajectory. Based on the above model, the modified DRM
(Martinez and Dominguez 2014) was developed in order to
estimate the moisture fraction collected from various sources
towards a particular sink. Pathak et al. (2017) employed this
modified DRM to study the moisture transport associated
with ISM and the same modified DRM is used in this paper
to evaluate the moisture transport. Here we present a brief
description of the DRM model used in this analysis.
Consider a domain with four source regions S1, S2, S3 and
S4 (Fig. 6). Let S1 be the sink region, the moisture wherein
has to be traced back. The trajectory of the air parcel carrying
the moisture has four segments. The fraction of moisture (fr)
coming to the sink from jth segment, S is
[i=j−1
]
∏
fs (x, y, t) =
𝛼i (x, y, 𝜏) Rs (x, y, 𝜏) where,
(5)
i=1

𝛼i (x, y, 𝜏) = 1 − Ri (x, y, 𝜏) and

(6)

⎡ 𝜏
⎤
𝜀(x, y, 𝜏) ⎥
Rs (x, y, 𝜏) = 1 − exp⎢−
𝜕𝜏 .
⎢ ∫ 𝜔(x, y, 𝜏) ⎥
⎣ 0
⎦

(7)

And when there are multiple numbers of segments in the
same region, total contribution from that source region (SR)
is
∑
fSR (x, y, t) =
fs (x, y, 𝜏).
(8)
s𝜖SR

Multiplying the fraction fSR with total precipitation at
location (x,y) and time t gives the amount of precipitation
occurring at the sink region as a result of evaporation from
the source SR.
With the above defined model, we estimate the moisture
contribution to each grid in the ISM domain from each of
the six source regions (Fig. 5) in CFSv2 simulations. DRM
analysis is done with ERAI data as well, which serves as the
observed standard to evaluate the skill of CFSv2. This work
focuses on investigating the limitations of CFSv2 in simulating the mean monsoon climatology of moisture transport
that results in precipitation biases. The biases in simulated
atmospheric moisture transport are quantified as the differences (CFSv2-observed/reanalysis value) in climatological
mean of percentage contributions from various sources to
the ISM region. The model simulated and observed climatology is the mean for 37 years from 1979 to 2015. Comparing
the climatological mean of 37 years of seasonal precipitation averaged over India as simulated by CFSv2 and IMD
rainfall, we see that the precipitation bias is not uniform
across the ISM season (Fig. 7). CFSv2 cannot simulate the
mean monsoon climatology. During the month of June, there
is minimum bias in precipitation and the intensity of precipitation gradually increases through the month, similar to
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Fig. 7  Climatological mean of precipitation over India shows that the
dry bias over land is not uniform across the season

observed climatology. However, by mid-July, rainfall intensity suddenly drops in the model, in contrary to the observed
climatology, where monsoon peaks during this time, resulting in a large bias in precipitation. Similar to July, August
rain is also highly underestimated. During September, the

simulated mean precipitation gradually drops following the
observed climatology, but with a prominent negative bias.
With different magnitude of biases in climatological mean
precipitation during different stages of the monsoon, the
moisture transport anomalies contributed by each source
region during JJAS is analysed separately for each month.
Moisture transport analysis with ERAI data shows that
the Western Indian Ocean (WIO) is the major source of
moisture throughout the monsoon period. South-westerly
monsoon winds carry with them huge amount of moisture
to the Indian subcontinent. In CFSv2, this major moisture
transport is weakened throughout the monsoon season
resulting in a dry bias over the land. However, the nature of
bias is different during different months of the season. The
spatial pattern of biases also changes across the season. In
the simulations by CFSv2, during the initial phase, moisture
from WIO is getting precipitated over the AS at the expense
of precipitation over land (Fig. 8a). However, the contrasting biases between land and ocean are not observed during
the subsequent period, where the wet bias over the WIO

Fig. 8  Differences (CFSv2 minus ERA interim) in the moisture contributions from three major oceanic sources namely, Western Indian Ocean
(a–d), Upper Indian Ocean (e–h) and South Indian Ocean (i–l) to the summer monsoon region (55N–40S and 30E–135E) across JJAS
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disappears (Fig. 8b–d). It is interesting to observe that Upper
Indian Ocean does not play a significant role in causing
the dry bias over India, though its moisture supply during
monsoon is not properly simulated (Fig. 8e–h). In CFSv2,
higher amount of moisture from UIO moves eastwards making south-east Asia wet and south-eastern part of India dry.
We find that biases in the moisture transported from South
Indian Ocean (SIO) plays a crucial role in generating the dry
bias over the land. Though the bias present in the moisture
supplied by the SIO towards the land is consistent throughout the season, it is most dominant during the months of July
and August (Fig. 8i–l).
In addition to the oceanic sources, the land sources also
play their part in contributing towards the dry bias in simulated summer monsoon rainfall. Ganga basin and NorthEastern forests are good sources of moisture towards the
end of the monsoon season (Pathak et al. 2017). These land
sources recycle the moisture received during the initial phase
of monsoon and aid in maintaining the precipitation intensity towards the end of monsoon, when the oceanic sources
weaken. We find that in CFSv2 simulations, the precipitation
recycling from the land sources is under estimated and this
enhances the dry bias. Reduced moisture recycling over GB
and NE forests adds to dry bias over Central and Eastern
India, from the month of July. Percentage of moisture supply from land sources increases towards the end of monsoon. Consistently, intensity of dry bias resulting from these
sources also strengthens towards September (Fig. 9). Over

GB and NE India, naturally, there should be profound evapotranspiration (ET) from the thick vegetation and saturated
soil during monsoon. This process recycles moisture back
to the monsoon system. We find a statistically significant
correlation of 0.6 between ET and GB contribution during
JJAS, using the reanalysis data. We find that in the model,
JJAS evapotranspiration is highly underestimated (Fig. 10).
Thus, the model’s inability to simulate ET, particularly over
the Indian subcontinent, is the potential cause for the reduction in land source moisture contribution.
With this DRM analysis, we find that percentage contribution to dry bias from Western Indian Ocean is predominant throughout the monsoon. By July, post the onset phase,
precipitation bias resulting from reduced moisture transport
from SIO increases. Dry bias over Eastern India due to lack
of moisture from Ganga Basin becomes significant during
the second half of monsoon. Tables 1 and 2 give the relative
contribution of each source towards the dry bias in monsoon
precipitation over Central India and Ganga Basin, respectively, for June, July, August and September.
The highest percentage of bias due to underestimated
moisture contribution from Arabian Sea (WIO) is observed
during initial period of monsoon (June–July). This could
be due to some delay in the monsoon onset, in addition to the weakened moisture transport. We estimate the
onset of monsoon by means of the Hydrologic Onset and
Withdrawal Index (HOWI) defined by Fasullo and Webster (2003). HOWI is based on the Vertically Integrated

Fig. 9  Differences (CFSv2 minus ERA interim) in the moisture contribution from land sources namely, Ganga Basin (a–d) and North-East (e–h)
to the summer monsoon region (55N–40S and 30E–135E) across JJAS
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Fig. 10  Difference (CFSv2-ERAI) in mean JJAS evapotranspiration rate. Underestimation of ET over the land by CFSv2 leads to
lesser availability of moisture supply to strengthen the latter half of

the monsoon. Negative bias in the rate of evaporation increases from
June through September resulting in lesser moisture generation over
the SIO

Table 1  Percentage bias over Central India

June
July
August
September

WIO

SIO

UIO

GB

NE

54.5
55
44
35

13.5
19.5
16.6
10.2

0
0
1.7
1.7

0
0
2.3
5.9

0.2
0.3
0.1
0.3

Table 2  Percentage bias over Ganga Basin

June
July
August
September

WIO

SIO

UIO

GB

NE

36
35
28
20

7
10
10
6

2.7
2.5
3.5
2.6

1.7
3
5.7
11

1
1
1.5
2.1

Percentage bias Precipitation bias from each source/total bias

Moisture Transport (VIMT) averaged over the Arabian Sea
from 5°N–20°N and 45°E–80°E (shaded area in Fig. 11a).
VIMT is defined as:
300 mb

∫

VIMT =

qUdp,

(9)

surface

where q is specific humidity and U is wind vector. VIMT
averaged over the AS is normalized by the following transformation to get HOWI.
{[
( )] / [
( )
( )] }
𝜒̄ = 2 × 𝜒 − min X̄
max X̄ − min X̄
− 1,
(10)
̄
where X is the mean annual cycle and 𝜒̄ is the normalized
time series, such that the climatological annual cycle ranges
from − 1 to 1. Monsoon onset is defined as the day when
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Fig. 11  Mean VIMT (b) and HOWI (c) for ERAI and CFSv2. VIMT
over AS is much less in CFSv2 resulting in late onset of monsoon
over the Indian sub-continent. VIMT is averaged over the shaded
region shown in a

HOWI turns positive. Since the HOWI is based on large
scale monsoon circulation and the moisture availability
over the ocean, this can truly represent the onset of summer
monsoon and is resilient to bogus onsets (Fasullo and Webster 2003). Additionally, HOWI is ideal for determination
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of monsoon onset in models as it is not based on rainfall
values, which is a poorly simulated variable, in most of the
models. In addition, HOWI onset dates show statistically
significant correlation with the IMD onset dates and hence
HOWI is considered as a reliable onset index (Sahana et al.
2015). Comparing the climatological mean of VIMT over
AS in ERAI and simulations from CFSv2 (Fig. 11b), we
find that the strengthening of moisture flux over AS prior
to monsoon is weak in CFSv2. This results into a bias in
the HOWI annual cycle leading to a delay in the monsoon
onset (Fig. 11c). There is a delay of almost two weeks in the
mean monsoon onset. Studies show that a weaker or slower
development of easterly vertical shear over the AS region
can delay the monsoon onset (Sahana et al. 2015). When
the vertical shear in the northern hemisphere turns easterly
(negative), northward propagation of Intraseasonal Oscillations (ISVs) get enhanced (Jiang et al. 2004). These ISVs
cause atmospheric instability and convection leading to the
initiation and propagation of monsoon precipitation (Zhou
and Murtugudde 2014). As anticipated, we see that easterly
vertical shear over the South-West ocean is under-estimated
in CFSv2 (Fig. 12). Thus, the observed delay in monsoon
onset in CFSv2 can be attributed to the weaker easterly vertical shear over the AS region.
Underestimation of South-Westerly monsoon flux from
the WIO and easterly vertical shear over ISM region in
CFSv2 can be linked to a weaker tropospheric temperature
gradient. Reversal of tropospheric temperature (TT) gradient between the north and south of the tropics initiates the
summer monsoon circulation (Meehl 1997). As the meridional TT contrast increases, the South-Westerlies intensify.
A negative bias in TT over the north or a positive bias in
TT over South can change the TT gradient in the model.
We see that the mean TT during the pre-monsoon months
of March–April–May (MAM) is underestimated in CFSv2

over the entire ISM domain and all over the globe (Fig. 13).
However, it is to be noted that the negative bias in TT over
Tibetan plateau, which is one of the major sources of heat
in the north, is remarkably higher compared to the oceanic
region in the ISM domain. This can lead to a weaker TT
gradient in the model. Importance of pre-monsoon Tibetan
plateau heating in establishing the TT gradient has been
highlighted in many previous studies. The reversal of TT in
summer occurs due to increase in temperature in the north
centered over the Tibetan plateau without much change over
the Indian Ocean during the pre-monsoon months (Yanai
et al. 1992; Liu and Yanai 2001). Using ERAI reanalysis
data, we establish the influence of TT gradient on WIO
moisture flux. We find that land-sea temperature contrast,
modulated by Tibetan plateau tropospheric heating/cooling during MAM, is directly associated with the reduced
moisture flux towards the land during JJAS. The correlation
coefficient between mean MAM tropospheric temperature
difference [TT over Tibet-TT over IO (Red boxed region
in Fig. 12)] and WIO moisture contribution is found to be
0.46 during June and 0.35 during entire JJAS, where both
correlations are statistically significant. This implies that dry
bias in precipitation during the initial phase of monsoon, due
to the misrepresentation of moisture flux from WIO, can be
significantly affected by underestimation of Tibetan plateau
heating. The significant correlation of 0.35 between TT difference and seasonal mean WIO contribution suggests that
the Tibetan plateau heating effect is not confined to the onset
phase alone, but modulates the monsoon flux for the rest
of the season as well. Therefore, the mechanism by which
Tibetan plateau heating modulates the moisture generation
from ocean is further explored.
Underestimation of Tibetan plateau heat energy can
result in reduced cross equatorial energy flow to the south
in model. The energy flow across equator is quantified as

Fig. 12  A negative easterly
vertical shear enhances the
monsoon ISOs in the northern
hemisphere. The easterly vertical shear difference (CFSv2ERAI) map shows that in
CFSv2 easterly vertical shear
is weaker over the Arabian Sea
region resulting in delayed onset
of monsoon
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Fig. 13  Difference in mean
tropospheric temperature
(CFSv2-ERAI) for the premonsoon period. Anomalous
cooling of the Tibetan plateau
in CFSv2 results in a weaker
North–South temperature gradient, essential for the evolution
of monsoon circulation

the divergence in the moist static energy. In the simulations
by CFSv2, we observe that, the divergence of moist static
energy during JJAS is underestimated over the northern tropics, centered over the Indian subcontinent (Supplementary
Figure S4). This reduces the overall energy flow within the
monsoon system and weakens the monsoon circulation. A
weakened southward energy flux also reduces the intensity
of northward moisture transport, while maintaining the
energy and water balance in the model. Reduced percentage contribution of moisture from oceanic sources to the
monsoon system, results from reduced convection from
ocean. The process by which a weaker monsoon circulation
is affecting the oceanic convection can be explained by vertical shear mechanism. Vertical shear that turns easterly during monsoon, favours convection from ocean by enhancing
and destabilising the westward propagating Rossby waves
(Wang and Xie 1996; Xie and Wang 1996). The strong and
instable westward propagating Rossby wave starts to slow
down and decay at the Arabian sea region as it is blocked
by the dry air descending over North Africa (Wang and Xie
1997). A decaying Rossby wave triggers convection from
the ocean and loads the south westerlies with moisture. In
CFSv2 model, the underdeveloped easterly vertical shear
weakens the propagating Rossby waves leading to reduced
equatorial convection.

4 Summary and conclusions
In this study, we analyse the nature and characteristics of
biases in climatological mean precipitation of NCEP CFSv2
free runs. We find that biases detected in precipitation over
different parts of the tropics are part of hemispherically
symmetric and anti-symmetric biases associated with the
simulation of ITCZ in the model. By analysing the ITCZ
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in the model, we find that in CFSv2, southern hemisphere
precipitation is relatively over-estimated and the tropical belt
of precipitation is more dispersed. We suggest that biases
in precipitation simulated by CFSv2 over different parts of
the tropics need to be addressed individually as they could
be due to distinct problems in the simulation of regional
processes. Over ISM region, we find that within the tropical band of ITCZ, the zone of maximum precipitation is
located at 4°N in the model as compared to 20°N in ERAI
and GPCP.
A modified dynamic recycling model based on Lagrangian solution is used to estimate the amount of moisture
supplied by various moisture sources during JJAS over
the ISM region. The major source regions include WIO,
UIO, SIO, GB and NE India, as per Pathak et al. (2017).
From the moisture transport analysis, we find that WIO is
the prominent contributor towards the dry precipitation
bias followed by SIO, whereas UIO has little effect on the
precipitation biases over core monsoon zone. We highlight that the dry bias in the simulated precipitation over
the Indian subcontinent has remarkable spatial variability.
Further, the spatial pattern and magnitude of biases vary
across the season. Previous studies on dry bias in CFSv2
forecasts attributed the ISM dry bias to land–ocean competition (Narapusetty et al. 2016). Here, using CFSv2 simulations, we find that such a land–ocean competition occurs
only during June, and for the rest of the season ocean also
receives lesser rain than observed (Fig. 8). This signifies
the importance of evaluating model skill and improving
the outputs, at least, at a monthly scale instead of focusing on seasonal means. Another important finding from
this study is the role of land sources in modulating the
precipitation biases. Improper simulation of evapotranspiration leads to weaker precipitation recycling in the Ganga
Basin and contributes to about 7% of the total dry bias in
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Central India and 11% in Ganga Basin during September.
Therefore, improvement of the land surface processes is
inevitable in improving model’s forecast skill.
We find that delay in the onset of monsoon reduces the
contributions from WIO in June. Weaker easterly vertical
shear slows down the northward propagation of ISVs delaying the onset and leads to more precipitation over the ocean.
We argue that poor simulation of Tibetan plateau heating
during the pre-monsoon period has resulted in the development of a weak TT gradient, essential for the strengthening
of monsoon circulation. The sensible heat flux from the surface is the major source of heating on the Tibetan Plateau
during summer (Yanai et al. 1992; Li et al. 2015). Therefore, calibrating the land surface model of CFSv2 to better
simulate the sensible heat fluxes over the Tibetan plateau
can improve the overall energy and water cycle within the
ISM region. As we see that biases in monthly climatological
mean precipitation over different parts of the ISM domain
can be linked to biases in moisture transport from specific
sources, improving precipitation biases based on moisture
supply from the identified sources could be very effective.
A similar DRM analysis will be effective in investigating the
biases associated with interannual variability.
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