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Comparison of chlorophyll data of three sets of CMIP5 models for RCP 4.5 (MPI-ESM-MR, HadGEM2ES and GFDL-ESM2M) and RCP 6.0 (IPSL-CM5A-LR, HadGEM2-ES and GFDL-ESM2M) were done
with satellite derived data (OC-CCI) for the period of 1998–2017 along four Indian coastal regions. The
monthly, yearly and zone-wise seasonal comparison between model and satellite data were carried out.
Analysis of monthly variations of chlorophyll during 1998–2017 reveals that the satellite data show
maximum value of 0.53 mg/m3 in September, whereas all other models show maximum in August. Yearly
analysis indicates maximum satellite data in the year 2004, while minimum was observed in 2015.
HadGEM2-ES exhibited maximum model value and the lowest was found for IPSL-CM5A-LR. It was
observed that the maximum chlorophyll value of 2.56 mg/m3 for satellite data was in the monsoon season
and the lowest value of 0.14 mg/m3 was in the pre-monsoon. Seasonal analysis reveals no clear match
among model and satellite values in any of the coastal regions. In northwest and northeast regions, the
satellite values were found higher than the model values in most of the years, whereas in other regions, the
model values were found Cuctuating with the satellite values. Owing to the mismatch of the model and the
satellite values, the work cautions to apply biases or corrections on usage of RCP model data for regional
marine climate change research.
Keywords. Chlorophyll; CMIP5; Indian Ocean; climate change; Indian coastal regions; RCP scenarios.

1. Introduction
Climate change has significant impacts on marine
ecosystems (IPCC 2001; Hoegh-Guldberg and
Bruno 2010; Brennan et al. 2016; Hoegh-Galbraith
et al. 2017; BindoA et al. 2019), as well as induces
changes in the abundance and distribution of
commercial Bsh species (Doney et al. 2011). Ocean
climate plays key role in the sustenance of marine
productivity, nutrient availability, survival of
marine organisms (Herr and Galland 2009) and the

pattern of marine species richness (Macpherson
2002; Vivekanandan 2011). The mounting eAect on
coastal Bsheries poses serious concern (Zacharia
et al. 2016; Barange et al. 2018; Palomares and
Pauly 2019), which warrants scientiBc interventions to monitor and project the oceanographic
variable changes. A decline of around 8.6% of ocean
primary productivity due to climate change by the
end of this century was forecasted (Bopp et al.
2013). Changes in the chlorophyll (Chl) pattern of
global ocean was reported by Gregg et al. (2017),
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while several regional studies report the impacts of
chlorophyll variations on marine Bsh resources
(Bhaskar et al. 2016; Sajna et al. 2019; Bharti et al.
2020). ScientiBc community widely uses the Coupled Model Intercomparison Project 5 (CMIP5)
(Taylor et al. 2012) for global and regional climate
related studies. The climate change projections of
Indian Ocean based on CMIP5 model under Representative Concentration Pathways (RCPs) scenarios were reported for sea surface temperature,
sea surface salinity, sea level rise, precipitation and
pH (Akhiljith et al. 2019). Regional climatic projection data are used to unravel the eAect of
chlorophyll on commercial Bsh species (Sajna et al.
2019).
Representative concentration pathways (RCPs)
represent classes of mitigation scenarios that produce emission pathways following various assumed
policy decisions which would inCuence the time
evolution of the future emissions of GHGs, aerosols, ozone, and land use/land cover. The four RCP
scenarios (RCP 2.6, RCP 4.5, RCP 6.0 and RCP
8.5) are based on the change in radiative forcing at
the tropopause by 2100 relative to pre-industrial
levels. RCP 4.5 and RCP 6.0 are considered as
stabilization scenario, while RCP 2.6 is considered
as ideal and RCP 8.5 as uncontrolled changes
(Taylor et al. 2012). CMIP5 includes different climate models, and it follows identical forcing
pathways for historical and projections. Difference
between models may arise due to variations in
model structure, complexity, spatial resolution and
initial conditions. The resolution of models developed by each institutes may also vary.
India is the second largest country in global Bsh
production (Hand book on Bsheries statistics 2018)
and a total Bsh production of 12.59 metric tonnes
was recorded during the period of 2017–2018. The
impacts of climate change on Indian marine Bsheries sector create more ripples in the national
economy owing to the livelihood dependency on
this sector. It is imperative to safeguard the Indian
marine Bsheries sector from the wrath of oceanographic variations.
ScientiBc reports are available on the paucities,
biases and the shortcomings of the climate model
simulations and projections upon which IPCC
depends. The General Circulation Models (GCM)
inherit uncertainty (Olesen et al. 2007) and model
the earth process in a coarse scale, which are
insufBcient for precise agricultural studies. The
performance variations of several GCMs of CMIP5
have also been reported (Gu et al. 2015; Khan et al.
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2018), which imply the necessity to validate the
model outputs with real or observed values of the
region so as to improve the suitability and accuracy
of projections. Liu et al. (2013) compared Bve
CMIP5 models and satellite observations for
chlorophyll data of global and Indian Ocean, and
further identiBed that the performance of the
selected CMIP5 models shows maximum Chl concentration in western part of Arabian Sea and
western side of Bay of Bengal. Significant amplitude diversity among models during the reproduction of chlorophyll concentrations over the
regions was further reported. Many of the CMIP5
models fail to represent spatial variability of IO
mainly in the western region which is a robust
(coastal and open ocean) upwelling zone (Roxy
et al. 2016). The downscaling (Seguı et al. 2010)
and bias correction (Hawkins et al. 2013) methods
(Jalota et al. 2018) are commonly used to reduce
the model variations in regional scales and to
derive more localized realistic model outputs.
Misrepresentation of local physical process is one
among the reasons for model biases (Wang et al.
2014), which is of concern in coast-wise marine
research. Cyclones, upwelling, ENSO are among
the localized ocean related phenomena that may
cause bias to the models. Bias corrections focus to
make climate model outputs more realistic
(Navarro-Racines et al. 2020) by the application of
any of the methods such as statistical techniques
(Ehret et al. 2012; Hawkins et al. 2013), incorporation of change factor derived from GCM onto
the historical observations (Hawkins et al. 2013;
Gebrechorkos et al. 2019), representation of
nudging factor to the climate model output (Seguı
et al. 2010; Jakob Themeßl et al. 2011), or by
quantile mapping of climate model outputs onto
observations (Seguı et al. 2010; Jakob Themeßl
et al. 2011).
Investigations on the spatial and temporal pattern changes of the oceanographic variables help to
frame the region-speciBc habitat and resource
management plans. As successful simulation of
particular region does not essentially represent a
good model for another region (Schneider et al.
2008; Anav et al. 2013), validation of the model
dataset with observed or real-time values is necessary to elucidate the variations and biases in
regional downscaling. Indian coastal zone based
time series analysis of model and satellite values
were done for sea surface temperature (Dhanya
et al. 2019) and the present paper compares the
satellite data of chlorophyll variations in the
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northern Indian Ocean with CMIP5 global climate
model projections.

2. Data and methodology
The seasonal and region-wise satellite derived data
(SDD) of chlorophyll taken from European Space
Agency’s Ocean Colour-Climate Change Initiative
(OC-CCI) (Sathyendranath et al. 2019) were
compared with six CMIP5 model derived data
(MDD) pertaining to 1998–2017. The OC-CCI
satellite data is of 4 km resolution. Based on the
region-wise characteristic variations in Indian
Ocean, the region bounded by 50°–100°E longitude
and 5°S–30°N latitude were selected as study area.
The region was further subdivided into two regions
in eastern part of India as southeast (SE 1°S–15°N;
75°–87°E) and northeast (NE 14°–25°N; 80°–90°E)
and other two regions from western side of the
country as southwest (SW 1°S–15°N; 65°–76°E)
and northwest (NW 14°–25°N; 63°–73°E). The
spatial and temporal analysis of chlorophyll variations in the four coastal regions in three different
seasons of pre-monsoon (February–May), monsoon
(June–September) and post-monsoon (October–
January) were done. The chosen time period for all
analysis were categorized as historical RCP (during 1998–2005) and projected RCP (during
2006–2017). Multiple climatic projection models
are available for different RCPs (Moss et al. 2010;
Van Vuuren et al. 2011) under the CMIP5 (Van
Vuuren et al. 2011; Taylor et al. 2012) experiment
(http://cmip-pcmdi.llnl.gov/cmip5data˙portal.
html). Two intermediate emission scenarios of
RCP 4.5 and RCP 6.0 were used for comparison of
historical RCP and projected RCP of selected
models. The selected six models used in this study
for the two RCP scenarios are as mentioned in
table 1 and analysis were also done with the
ensemble mean. Two ensemble means, EM1 and
EM2 were created as the average value of three
models from both RCP scenarios. In CMIP5
project, ensemble members are named in the ripnomenclature, where r represents realization,
i represents initialization and p signiBes physics
followed by integers (Taylor et al. 2009) and all
the selected models in this study have ensemble
characteristics of r1i1p1. For uniformity in comparison, each of the selected models was interpolated to one degree resolution and further time
series analysis of satellite data with each models
were done.
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3. Results and discussions
The comparative study of 20 years of chlorophyll
data of six different models unravelled the variations of CMIP5 model values with satellite value.
The inter-annual, seasonal and regional analyses in
spatial and temporal scale inferences are presented
in the following sections.

3.1 Spatial variations of Chl during 1998–2017
As shown in Bgure 1, EM1 and EM2 were selected
instead of comparing each model with SDD. As per
SDD, Chl distribution is more in coastal regions,
whereas for both model ensemble means, the
coastal regions do not exhibit much data as that of
SDD values with exception in Oman coast, which
shows data points for the ensemble mean of historical and projected models. Chlorophyll distribution is the variation of chlorophyll concentration
within a selected geographical location. It implies
spatial variation within the selected region
(50°–100°E and 5°S–30°N) as represented in
Bgures 1 and 2. In the spatial plot of satellite, the
chlorophyll concentrations are clearly observed in
coastal regions, whereas the ensemble mean of two
set of models EM1 and EM2 for historical and
projected does not clearly exhibit chlorophyll
presence. In other words, the values of ensemble
mean were found lower than that of satellite data
for the region. The coastal region of Oman shows
higher values of chlorophyll during 1998–2005 than
2006–2017. The study of satellite and model predictions by Roxy et al. (2016) indicates the
reduction of marine productivity in western Arabian Sea due to the upper ocean warming. However, it is worthy to note the contrary assumption
reported by Praveen et al. (2016) as per which the
net upwelling increases in the next century, due to
the eAect of northward shift in the monsoon lowlevel jet under RCP 8.5, which may cause the
coastal wind to angle against the Oman coast.
Therefore, the possibility of increased marine productivity in the next century could not be ruled
out. Chlorophyll variations of Arabian Sea mainly
depend on the southwest and northeast monsoon
seasons (Banse and English 2000; Marra and
Barber 2005; Sarma et al. 2012). Liu et al. (2013)
report that the maximum chlorophyll regions and
the seasonal variations are simulated by CMIP5,
but the simulated chlorophyll concentration from
each individual model are quite different. The
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Table 1. Details of CMIP5 climate model datasets from RCP 4.5 and RCP 6.0 used in the present study (https://portal.enes.org/
data/enes-model-data/cmip5/resolution).
Sl. no.

Model id

1

MPI-ESM-MR

2
3
4
5
6

HadGEM2-ES
GFDL-ESM2M
GFDL-ESM2M
HadGEM2-ES
IPSL-CM5A-LR

Expansion

Selected scenario

Spatial resolution

Ensemble mean

Max Planck Institute for Meteorology
(MPI-ESM-MR-M)
Met ODce Hadley Centre
Geophysical Fluid Dynamics Laboratory
Geophysical Fluid Dynamics Laboratory
Met ODce Hadley Centre
Institute Pierre-Simon Laplace

RCP 4.5

1.875 9 1.85

EM1

RCP
RCP
RCP
RCP
RCP

1.875 9 1.25
2.5 9 2.0
2.5 9 2.0
1.875 9 1.25
3.75 9 1.875

EM2

4.5
4.5
6.0
6.0
6.0

Figure 1. The annual average of Chl for satellite and model ensembles of two RCP scenarios. (a) Annual average of satellite data
during 1998–2005. (b) Annual average of historical EM1. (c) Annual average of historical EM2. (d) Annual average of satellite
during 2006–2017. (e) Annual average of projected EM1 and (f) Annual average of projected EM2.

present work also reports that though the maximum chlorophyll regions could be identiBed in
CMIP5 models, differences in chlorophyll concentration values were observed among individual
models. The spatial pattern of all six MDD used in
this comparison study are represented in Bgure 2,
in which (a, b and c) represent the variations in
three models of historical RCP 4.5 and (d, e and f)
represent the variations in three models for historical RCP 6.0.
Historical RCP 4.5 of GFDL-ESM2M model
shows chlorophyll variations (0.27–0.29 mg/m3) in
the study region of Indian Ocean, whereas other
two models exhibit variations in the range of
0.63–0.69 mg/m3 for HadGEM2-ES and the range
for MPI-ESM-MR was 0.42–0.48 mg/m3. It could
be further inferred that among the three models,
MPI-ESM-MR is relatively better as it has good

simulated values and data availability, followed by
HadGEM2-ES and GFDL-ESM2M. In case of historical RCP 6.0, the GFDL-ESM2M model data is
not available in the eastern side, and the model
exhibits no significant chlorophyll variations in the
western coast of India, whereas the IPSLCM5A-LR
model has low data values (0.04–0.05 mg/m3). The
HadGEM2-ES exhibits data variations on western
and eastern regions of India. In case of projected
data under RCP 4.5 scenario, the GFDL-ESM2M
model does not have data for eastern side, and the
model exhibits variations ranging from 0.26 to
0.29 mg/m3 for western side, whereas MPI-ESMMR could be seen as better (0.42–0.48 mg/m3)
among the three models followed by HadGEM2-ES
with values ranging from 0.59 to 0.66 mg/m3. Due
to unavailability of MPI-ESM-MR model in RCP
6.0, the IPSL-CM5A-LR model was chosen, which
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Figure 2. Spatial pattern of historical and projected RCPs of selected models of CMIP5 of Indian Ocean (50°–100°E and
5°S–30°N). Left panel (a, d, g, j) represents the GFDL-ESM2M. Middle panel (b, e, h, k) shows HadGEM2-ES. Right panel
shows (c, i) MPI-ESM-MR of RCP 4.5 and (f, l) IPSL-CM5A-LR of RCP 6.0.

shows very low values (0.04–0.05 mg/m3) as compared to other MDD values with no significant
variations in the study regions. The HadGEM2-ES
model is found to be comparatively better
(0.59–0.66 mg/m3) than other two models for RCP
6.0. The projected data are as shown in Bgure 2, in
which (g, h and i) represent RCP 4.5, while (j, k
and l) for RCP 6.0. The mismatch between the
models and observed data arise due to several
reasons such as variations in model structure,
complexity, spatial resolution and initial conditions. Possibility exist that CMIP5 models can
underestimate multi-decadal variations in the true
response of the climate system to external forcing
or misrepresent the forcing (Booth et al. 2012;
Murphy et al. 2017).
3.2 Temporal variations of Chl
during 1998–2017
Figure 3 represents the inter-annual variations of
Chl distributions and is elusive that the SDD shows

increase since 2001 with maximum value (0.47 mg/
m3) in 2004, followed by relative decrease till 2012.
The EM1 is higher than SDD of OC-CCI, whereas
EM2 is less than SDD during 2001–2012 and higher
in other years. Estimation of each MDD shows no
significant yearly variations (0.04–0.05 mg/m3) for
IPSL-CM5A-LR model, whereas the two models of
HadGEM2-ES from each scenario shows similar
values (0.59–0.69 mg/m3) higher than the SDD.
The two models of GFDL-ESM2M from each scenario show lesser values (0.24–0.29 mg/m3 for
RCP 4.5 and 0.26–0.29 mg/m3 for RCP 6.0) than
satellite data.
Monthly variation of historical and projected
mean chlorophyll values during 1998–2017 is as
shown in Bgure 4. SDD and the MDD exhibited
similar trend of variations during the historical
period of 1998–2005 as shown in Bgure 4a. The
maximum value of SDD (0.56 mg/m3) was
observed in September, whereas all MDD exhibited
maximum in August. Among the six models, IPSLCM5A-LR exhibited very low chlorophyll values,
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Figure 3. Inter-annual variations of chlorophyll during 1998–2017.

Figure 4. Monthly variations of Chl during (a) 1998–2005 and (b) 2006–2017.

while the two models of HadGEM2-ES under RCP
4.5 and RCP 6.0 exhibited identical values. GFDLESM2M models from two RCPs show almost similar variations with identical values for February–July as well as for September, but small
deviations in values were observed for other
months.
Historical value of MPI-ESM-MR of RCP 4.5
exactly matches with EM1 simulations for July and
September, while other months show deviations.
Similarly, MPI-ESM-MR shows uniform variations
with SDD for February–May as well as for October
and November, while the MDD was higher than
SDD for other months. Figure 4b represents
the monthly variations of chlorophyll during

2006–2017 and the IPSL-CM5A-LR model shows
very low values compared to other models and
SDD. The maximum value of SDD (0.49 mg/m3)
was observed in September, whereas all MDD
exhibited maximum in August. The satellite as
well as model data exhibited similar trend. As the
projected datasets are from different RCP scenarios, minor deviations were observed for HadGEM2ES and GFDL-ESM2M models. In comparison
with the SDD values, the two models of HadGEM2-ES were found to be higher, whereas the
two GFDL-ESM2M model data were observed as
lower. The MPI-ESM-MR data match with SDD
during February–April and exhibit higher value
than the SDD, and reaches the maximum
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(0.83 mg/m3) in August; and further decrease in
trend was observed. The EM1 data show higher
values (0.29–0.74 mg/m3) than SDD for all
months, whereas the EM2 correctly matches with
SDD for June to August as well as for December,
while for other months the EM2 values were found
to be lower than satellite values. Models are scenario dependent with possibilities of over-estimation and under-estimation. The plot shows that
ensemble means are good choice than the individual models. The IPSL-CM5A-LR exhibited very
low values for each year, while MPI-ESM-MR of
RCP 4.5 model is relatively better. It has been
reported that the IPSL-CM5A-LR simulations
model exhibits many biases considered as long
standing systematic biases of many coupled
ocean–atmosphere models (Dufresne et al. 2013),
while MPI-ESM-MR has been reported to simulate
the mean climatology of chlorophyll concentrations
with a relatively lower bias and realistic spatial
distribution in the Indian Ocean (Roxy et al. 2016).
3.3 Seasonal variations of chlorophyll in four
coastal zones
SDD shows higher variations and values in northern regions during 1998–2017 for pre-monsoon
season as shown in Bgure 5. In NW region, SDD
was observed to be higher than MDD with minimum value recorded as 0.71 mg/m3 in 2016 and
maximum value recorded as 1.15 mg/m3 in 2008.
The chlorophyll variations of SDD for NE region
were within the range of 0.28–0.74 mg/m3, whereas
the MDD exhibited the maximum at 0.50 mg/m3
for HadGEM2-ES. Lower values for SDD were
observed in 2013 (0.29 mg/m3) and 2016 (0.28 mg/
m3). The SDD of SW region was observed within
the range of 0.20–0.37 mg/m3 with maximum
value recorded in 2003, and further decrease in
trend was observed. Very low SDD were found for
SE region with exception to IPSL-CM5A-LR
model. For all regions, the IPSL-CM5A-LR model
values were found to be very much lower than SDD
as well as other MDDs.
For monsoon season, as shown in Bgure 6, the
SDD shows higher values than MDD in northern
regions and southwest region, whereas for southeast region, the MDD of two HadGEM2-ES models, MPI-ESM-MR and EM1 were found to be
higher than the SDD. During 1998–2017, the
northwest region exhibited the maximum value of
2.56 mg/m3 for SDD in the year 2008. Significant
inter-annual variations (0.47–2.56 mg/m3) were
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found for SDD of NW region, while the MDD and
ensemble means exhibit lower variations.
In NE region the SDD, MPI-ESM-MR model
and EM1 shows significant variations annually,
with highest annual values recorded as 0.96 mg/m3
(2006), 1.03 mg/m3 (2008) and 0.73 mg/m3 (2008),
respectively, above an arbitrary value of 0.4 mg/
m3. In SW region, the MPI-ESM-MR and EM1
show significant annual variations in line with the
SDD, whereas other MDD exhibit relatively lesser
variations. Maximum SDD was recorded as
2.09 mg/m3 in 2013, whereas for MDD, the highest
was recorded as 1.13 mg/m3 in 2011 for MPI-ESMMR. In SE region, the satellite chlorophyll values
are relatively lesser than other regions and the
maximum of 0.55 mg/m3 was recorded in 2016. In
SW region of India, which is considered as a productive region globally (Madhupratap et al. 1996;
Sarangi et al. 2008), a noteworthy change
(0.26–0.43 mg/m3) in the value of the IPSLCM5A-LR model is observed during the southwest
monsoon season. However, IPSL-CM5A-LR model
shows no significant variations in the pre-monsoon
and the post-monsoon seasons.
The NW region, as shown in Bgure 7, record
higher chlorophyll values for SDD during postmonsoon season with maximum as 1.21 mg/m3 in
2005, and further decrease in trend was observed.
Annual variations of the MDD were relatively
much lower than the SDD values of the region. In
northeast region, the SDD mostly shows higher
values than MDD with highest value of 0.72 mg/
m3 recorded in 2007 and further shows decreasing
trend. The HadGEM2-ES model data of the region
records highest of 0.63 mg/m3 in 2007 for both
RCP scenarios. IPSL-CM5A-LR model also exhibits the noticeable data variations (0.07–0.14 mg/
m3) in the NE region. Satellite-derived data shows
significant variations in the SW region and shows
mostly higher values than MDD with maximum
recorded value as 0.82 mg/m3 in 2016. In the SE
region, SDD shows very low values (0.21–0.34 mg/
m3) than MDD except for IPSL-CM5A-LR. The
GFDL-ESM2M models are relatively closer to the
SDD, while HadGEM2-ES models exhibit higher
values for the region. Figures 6 and 7 represent
chlorophyll distribution in monsoon and postmonsoon seasons and hence the change. In both the
seasons, the chlorophyll distribution are more in
the selected region, especially in western and SE
region of India. The IPSL-CM5A-LR model was
found to respond and simulate only in case of
highest chlorophyll concentration.

153

Page 8 of 12

J. Earth Syst. Sci. (2021)130:153

Figure 5. Annual mean of chlorophyll distribution of six models, EM1, EM2, and satellite observations are shown in four regions
(SW, NW, SE and NE) during 1998–2017 for pre-monsoon.

Figure 6. Annual mean of chlorophyll distribution of six models, EM1, EM2, and satellite observations are shown in four regions
(SW, NW, SE and NE) during 1998–2017 for monsoon.

Higher chlorophyll concentrations were observed
in the study area during monsoon (JJAS) and postmonsoon season (ONDJ) with maximum concentration for MDD and SDD in monsoon season. The
higher chlorophyll values and variations were
observed in the NW region consisting of Kutch,
Narmada and Mahi delta and Gulf of Cambay. The
SW region exhibited variations in the range of
0.81–2.09 mg/m3, while the NE region of India

shows Chl variations in the range of 0.43–0.96 mg/
m3. The lowest variations were observed as
0.26–0.28 mg/m3 in the SE region. Seasonal and
regional chlorophyll variations were also reported
in several studies (Sarangi et al. 2008; Bhushan
et al. 2018; L
evy et al. 2007). The regional and
seasonal variations of chlorophyll concentrations
could be attributed to the variations in the
oceanographic parameters (Nieto and M
elin 2017;
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Figure 7. Annual mean of chlorophyll distribution of six models, EM1, EM2, and satellite observations are shown in four regions
(SW, NW, SE and NE) during 1998–2017 for post-monsoon.

Dunstan et al. 2018) as one among the contributing
factors. Comparison of satellite data with EM1,
EM2 and six individual model values reveals the
SDD as higher than MDD in all seasons for
northern regions and the MDD shows only minor
difference among them for pre-monsoon season. In
southern region, the SDD and MDD shows similar
trend, though not a close match.
Several studies have been reported on the deviations of models from observations (Qian et al. 2016;
Dhanya et al. 2019) and climate model projections
are commonly associated with uncertainties and
biases (Taylor et al. 2012; Lupo et al. 2013). Kravtsov (2017) suggested the possibility of differences in
the climate models due to the misrepresentation of
CMIP5 models, attributed to the variations in the
internal climate system dynamics. Internal variability of ocean is also an important concept to have
substantial inCuence on the particular region (Cheung et al. 2017). Hogan and Sriver (2019) reported
that the difference between the two models shows
uncertainty due to the internal variability of the
ocean. Spatio-temporal analysis of SDD and CMIP5
model data of chlorophyll elucidates the inconsistency among them, specifically for regional scale,
which could be attributed to the multiple factors
such as data resolution, unavailability of data,
regional and seasonal climatological forcing frequencies, inCuences of regional oceanographic processes and biases or errors in the preliminary

development stage of global models (L
evy et al.
2007; Nieto and M
elin 2017; Dunstan 2018). The
model simulations have limitations to reCect the
regional climatic variabilities, and may be a contributing factor to the deviations in global to regional downscaling process. This paper could establish
the chlorophyll deviations of satellite and CMIP5
models, for Indian coastal zones, which could be
further quantiBed by marine researchers as per the
scope of concerned studies. Region-speciBc models
with validations are needed to accurately depict the
regional level chlorophyll variations. Climate
change projections related research essentially
should incorporate model corrections, to attain
accurate zone-wise chlorophyll model value
predictions.

4. Conclusions
The spatio-temporal analysis of chlorophyll variations specifically for the coastal regions of India
reveals the regional and seasonal distributional
variations of chlorophyll during 1998–2017. The
significant chlorophyll variations were mainly distinguishable in coastal regions than open Ocean,
with satellite-derived data indicating significant
variations and values in northern coasts than
southern coasts. The inter-annual variation depicts
the maximum chlorophyll values, obtained for
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satellite and model data in different years. The
analysis unravels the chlorophyll maximum values
for satellite data in September, whereas the maximum values for models were found in August.
Comparison of the 20 years of satellite data with
six CMIP5 data reveals that the maximum
chlorophyll values and variations are in the
northwest region of India. The discrepancies
between satellite and CMIP5 models of RCP 4.5
and RCP 6.0 were established, which cautions to
apply model corrections for regional forecast studies.
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