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Determining an oceanographic parameter on regular grid positions, using a set of data at random locations both in space and time, is the most sought after typical problem since long in the Beld of
oceanography. This is usually called the gridding problem, and the outcome is useful for many applications such as data analysis, graphical display, forcing or initialization of models, etc. In the present study
temperature and salinity proBles data obtained from Argo proBling Coats were used, and data on regular
grids were generated. Data-interpolating variational analysis (DIVA) method was chosen for generating
the gridded product. Extensive analysis was done to obtain correct choices of correlation length (L) and
signal-to-noise ratio (k), which results in an optimal gridded product. The gridded data obtained for
different choices of L and k were later validated with datasets deliberately set aside before performing the
analyses. For each combination of L and k, the resultant gridded data was also validated with subsurface
data from OMNI buoys. Based on the statistics of comparison with OMNI, the best-Bt choice for L and k
was concluded. Later, a comparative analysis was performed with the obtained gridded products from
DIVA against the gridded product obtained from objective analysis (OA) to demonstrate the method’s
reliability. The resultant optimal combination of L and k will be used for generating Argo gridded data,
which will be subsequently used for generating value-added products like mixed layer depth, ocean heat
content, D20, etc., and will be made available on INCOIS Live Access Server.
Keywords. Argo; Indian Ocean; data interpolating variational analysis (DIVA); moored buoy OMNI;
objective analysis (OA); INCOIS-LAS.

1. Introduction
Argo is a globally renowned observational program
to measure temperature and salinity proBles which
is one of the major components of the Global Ocean
Observation System (GOOS). Argo Coats deployment began in the year 1999 and subsequently
became one of the most reliable sources of the

global subsurface datasets of temperature and
salinity, for assimilation into ocean models and for
performing scientiBc analyses. Prior to Argo program, the ocean subsurface data was sparse and
was available only along selected shipping routes
and or obtained through limited planned scientiBc
cruises. The beginning of the Argo program Blled
this vacuum, as real-time data with quality control

Supplementary material pertaining to this article is available on the Journal of Earth System Science website (http://www.ias.ac.
in/Journals/Journal˙of˙Earth˙System˙Science).
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were made available to users within 24 hrs. This
real-time data helped scientiBc innovation, services
and improved the knowledge of the world ocean
community. At present more than 3000 Argo Coats
are active throughout the global ocean (excluding
the marginal seas) providing more than 100,000
temperature/salinity measurements per year at an
average spacing of 3-degree (Freeland et al. 2010).
These observations are important to understand
the ocean state, to provide input to models for
forecasting (Smith et al. 2007), and to analyze the
eAect of monsoons for the Indian Ocean region
(Udaya Bhaskar et al. 2006), in particular.
The oceanographic community is heavily
dependent on the gridded Belds (temperature,
salinity, etc.) for the quantitative analysis of ocean
general circulation. For instance, gridded products
are used to provide initial and boundary conditions
for numerical ocean modelling. However, the data
is usually not available at every desired location
which is a fundamental problem encountered by
every oceanographer. Many gridding schemes were
proposed in the past for generating data onto a
regular grid. The objective analysis scheme is one
such, which is based on the minimization of statistical error estimation. Kessler and McCreary
(1993) proposed the objective analysis (OA)
method which is being used at INCOIS to construct
a gridded data product for the Indian Ocean region
using Argo datasets (Udaya Bhaskar et al. 2007).
This method was easy to implement and often used
to estimate grid-point values from observations
existing within a radius of inCuence.
Gandin (1965) came up with a generalized least
square method and obtained the multivariate OI
(optimal interpolation) based on observations and
background Belds and applied them to objective
analysis. Optimal interpolation is commonly
deBned as the interpolation which produces the
minimum variance solution (Daley 1991). Brankart
and Brasseur (1996) have proposed an improved
optimal data analysis scheme based on statistical
cross-validation. Menemenlis et al. (1997) have
further come up with a new highly eDcient multiscale optimal interpolation approach to map a
sizeable marine dataset. However, if the datasets
are too sparse, the method does not guarantee the
optimality (Rixen et al. 2000). Kriging is an
equivalent tool for interpolation in geoscience as
explained by Krige (1951) and is applied by
Kambhamettu et al. (2011).
Data interpolating variational analysis (DIVA)
is a fast and improved tool (Troupin et al. 2012) to
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generate analyzed Belds similar to those obtained
with OI, but without formally expressing the
covariance functions. It is based on the variational
inverse method (Brasseur et al. 1996), which consists of the minimization of a cost function measuring the reliability of data analysis and the
regularity (or roughness) of the reconstructed Beld.
DIVA tool is based on the Bnite-element solver,
which acts as a speciBc algorithm that performs OI
more eDciently and for particular forms of
covariance functions, a natural way to handle the
topography and other dynamic constraints. While
in OI, the covariance functions are generally
parameterized, the covariances in DIVA are not
known explicitly, except in some particular cases.
This can lead to error Belds that are not consistent
with the true state. DIVA accesses the real
covariance function and improves the error Beld
which is better than those obtained from OI.
In this paper, we state the formulation of DIVA
and computed the gridded product from the Argo
observations for the representative months of a
sample year 2016, in the Indian Ocean. The dataset
mainly comprises temperature and salinity proBles,
obtained from Argo proBling Coats. Different
combinations of DIVA parameters, correlation
length (L), and signal-to-noise ratio (k) were formulated to arrive at the best combination for the
generation of gridded products. The resultant
gridded product was validated using subsurface
temperature and salinity proBles from OMNI
moored buoys deployed and maintained at various
locations in the Indian Ocean.
Statistical metrics such as BIAS, RMSE, and
correlation coefBcient were computed to visualize
and assess the reliability of the resultant gridded
datasets. The computational time for all the test
cases were also compared to understand the optimal pair of the parameters. Objective analysis
(OA) is a popular and old method, and has been
established as a base for newer methods. There are
some inherent problems with the gridded product
generated using OA which need to be manually
handled. Therefore, to understand the eAectiveness
of the proposed solutions with DIVA, a comparative analysis was taken up between the Argo
gridded products obtained using DIVA against the
gridded products from OA (Bhaskar et al. 2007).
DIVA has an inbuilt mechanism for automatic
outlier and coastline detection which will assist in
the removal of spurious data and eliminate overlap
on land. It is proposed to generate Argo gridded
datasets using DIVA, once the optimal estimates of
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L and k are obtained. These gridded datasets would
be used to produce other derived parameters like
mixed layer depth, heat content, geostrophic currents, and make them available on INCOIS Live
Access Server.
2. Data
2.1 Data input: Argo
The subsurface temperature and salinity proBles
are considered as primary information on the state
of the ocean and are valuable for model initialization and validation. INCOIS is the central repository for marine data in India. It receives
voluminous oceanographic data in real-time
through various in-situ sources, and one of the
major means is Argo (Udaya Bhaskar et al. 2007).
Figure 1 shows total Argo observations of temperature and salinity in the tropical Indian Ocean
(TIO) for the month of January 2016. The dots in
Bgure 1 represent the location of Argo observations
in the region and its parameter range is given by
the colour bar. Before performing the analysis, 10%

spatially random raw datasets from the total Argo
observations were kept aside to be used for independent validation. Argo gridded products of
temperature and salinity are generated at 14
standard depths starting from 5 m up to the depth
of 500 m, so as to match the depths of moored
buoys used for validation purposes. Four months
January, April, July, and October of the year 2016
were chosen as representations of Spring, Summer
Monsoon, Fall, and Winter monsoon. These four
months have been chosen based on the seasonal
importance of the Indian Ocean. Approximately
20,000 raw data points have been observed for all
the months used for the analysis in the Indian
Ocean region. Data availability and representation
for the months of April, July, and September are
provided in the supplementary Ble. DIVA method
was used for generating the gridded products of the
Argo data for each of these representative months.
2.2 Data statistics
As mentioned above, 10% of spatially random
unused datasets were kept aside for independent

Figure 1. (a) Temperature (°C) and (b) salinity (psu) observations from Argo proBling Coats used to perform the analysis for a
sample month of January 2016. Each dot represents the data availability in the region. Colour of each observation represents the
parameter range as represented by the colour bar.
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validation and the rest of the 90% datasets were
used for obtaining gridded products. For the 90%
datasets used for January, temperature values
ranged from a minimum of 6.83°C to a maximum of
31.02°C, whereas the salinity values are observed
to be varying between 18.94 and 40.37 psu. The
mean and standard deviation for temperature is
observed to be 20.29° and 6.29°C, respectively
while the mean and standard deviation for salinity
is observed to be 36.32 and 0.72 psu. Once the
gridded products are generated, statistical estimates such as BIAS, RMSE, correlation coefBcient,
along with the computational time were computed
to assess the gridded products consistency and
eDciency. These statistical measures would help to
establish a platform in achieving the optimal values amongst the parameters.
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3. Methodology and implementation
3.1 DIVA formulation
Consider the datasets of N anomalies (i.e., a reference or background Beld subtracted from the
data points prior to the analysis) as di at the
locations ðxi ; yi Þ. The objective is to get the value of
u sufBciently close to the observation such that
variation can be minimized. Mathematically, the
method consists of Bnding u which minimizes the
cost function over the domain X
J ½u ¼

N
X

li ½di  uðxi ; yi Þ2

i¼1

þ

Z

ðrru : rru þ a1 ru  ru þ a0 u2 ÞdX

X

ð1Þ
2.3 OMNI Data
For further validation of the gridded product,
intercomparison with Ocean Moored Network for
the northern Indian Ocean (OMNI) buoy datasets
has been planned (Bgure 2). OMNI program
evolved as a comprehensive ocean observation
network program, which can profoundly be a vital
source to receive continuous real-time data on
subsurface temperature, salinity, and currents
(Mathew et al. 2016). For our analysis, we used
data from OMNI buoys moored at four speciBc
locations in the Bay of Bengal (BoB) and two
speciBc locations in the Arabian Sea (AS). We
obtained temperature and salinity proBles of these
six locations up to the depth of 500 m. While
NIOT, Chennai, is handling OMNI buoys’
deployment, INCOIS, Hyderabad acts as a repository of such datasets and disseminates it through
the Ocean Data and Information System (ODIS)
(Shesu et al. 2013) after due quality assessment.

Figure 2. Location of OMNI buoys with IDs (longitude,
latitude) in the Indian Ocean used for validation of Argo
gridded products obtained using DIVA.

where r is the gradient operator and rru : rru
is the square of Laplacian operator of the Beld u,
i.e.,
r2 u ¼

o2 u o2 u
þ
ox 2 oy 2

is the two dimensional Laplace operator and ‘:’
represents double summation. Laplacian operators
yield a smoother property and act as a very
important and useful differential operator in many
branches of science and engineering (Jha et al.
2018). Further, the values of these parameters a0 ,
a1 , and li can be obtained through the data inputs
as explained in Brasseur et al. (1996). The coefBcient a0 Bx the length scale L for which the Brst and
the last term of the integral in equation (1) have
similar importance. Spatial variability like gradients, curvatures, and the values can be measured
from the Brst term of the equation (1) of the analyzed Beld and identiBed as the smoothness constraints, whereas the second term is identiBed as
the observation constraint which tends to minimize
the difference between the analyzed Beld and the
observations and is a weighted sum of data analysis
reliabilities. Once all the parameters are determined, the analyzed Beld uðx; y Þ can be obtained as
the balance between observation and smoothness
constraints, detailed information can be found in
Troupin et al. (2012) and Beckers et al. (2014).
Oceanographic observations are generally found
in discrete form, and it is also possible to have
uneven spatial coverage in a geophysical region. In
such cases, we seek the best interpolation approach
to minimize the error while constructing the
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gridded products out of it. If we apply the linear
interpolation approach, the noise of the observation can be enhanced along the courser and
boundary region. Data products could not be
smoother along the boundaries as it does not
facilitate the coastline. This creates problems in
identifying the smaller variability within the generated products. DIVA has an eDcient way to
handle the noise in the observations, while processing the analysis. Further, DIVA uses a Bnite
element approach that provides triangular mesh
through the region and has features to make a
coarser grid near the boundary. DIVA Blters the
noise from the observation before generating
parameters and takes account of the coastline and
isobath accurately. Though sophisticated ensemble
data assimilation methods are available with ocean
general circulation models, this formulation of
DIVA utilizing observational data alone provides a
good platform for oceanographic data interpolation
and gridded product generation over other existing
standard methods like OA and OI. Owing to its
enormous advantages, DIVA is embraced by the
Seadatanet group, European Union. Seeing the
distinct advantage of the DIVA method, it is
included in the latest version of Ocean Data Viewer
(ODV) software which is widely used by oceanographers for gridding, analysis and visualization.
DIVA, however, possesses few limitations. DIVA
requires large memory to execute the analysis
particularly for Bner grid resolutions. Also, the
time taken to produce output would be largely
based on the choice of error estimates.
3.2 Construction of parameters
A preliminary step to solve the equation (1) is to
non-dimensionalise it. After non-dimensionalization, the problem of equation (1) is reduced to
three important pillars, the relative weights wi that
is attributed to each observation di , the correlation
length L, and the signal-to-noise ratio k as:
a0 ¼

1
;
L4

a1 ¼

2
;
L2

li ¼

4pkwi
;
L2

N
X
1
¼ N:
wi
1

With this formulation, the equation is reduced
to the two parameters, the correlation length L
and the signal-to-noise ratio k. Hence by merely
knowing these two parameter values, we can get
the values of all the required unknown a0 , a1 , and
li in order to minimize the cost function (Troupin
et al. 2012). DIVA is a tool, based on Bnite element

techniques; it discretise the domain of equation (1)
on a triangular grid and also helps to achieve the
Cexibility to represent an intricate coastline and
isobath accurately. Correlation length and signalto-noise ratio are a priori based estimates made
using the observations (Brasseur et al. 1996).
Correlation length (L), measures the distance
over which a data point inCuences its neighbours.
The signal-to-noise ratio (k) infers the conBdence
one has with the measurements. Correlation length
can be provided a priori, or determined using the
data distribution itself. Once the correlation length
is set, the signal-to-noise ratio can be estimated.
These two parameters can be established based on
the Bessel function with a maximum value of 0.5
(Troupin et al. 2013).

3.3 DIVA implementation
As mentioned above, for DIVA analysis, correlation length (L) and the signal-to-noise ratio (k) are
the two major parameters that need to be determined. Diva provides additional tools designed for
parameter adjustment, quality control, and application of physical constraints on the analysis. Even
if primary quality controlled data is used, DIVA
has a feature for automatic outliers detection
and elimination. Notably, we aim to Bnd the best
optimal combinations of these two parameters
(L, k) to generate the gridded product with precision. To begin with DIVA analysis, we need to
process the input Ble with all the observed data at
the beginning and the parameter Bles consist of
different combinations of the component L and k
(Troupin et al. 2013). In this work, we have used
many different pairs of L and k in the parameter
Ble. The process of selecting these parameters may
be done randomly. Here the parameters are chosen
to represent low and high values for both L and k as
there can be many different combinations. The too
low value would generate high resolution mesh and
computation time would be too long. Hence optimally low value was started at 2 for L and 5 for k.
Based on the analysis and output, the user can
revise some parameters of the analysis (Barth et al.
2010). If the region for which gridded products
need to be generated is small, the user has the
option to test with low values of L and k.
As the region of interest here in this work is the
Indian Ocean which is comparatively big, we have
taken six random pairs of test cases of correlation
length and signal-to-noise ratio, creating a total of
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36 cases. Different combinations of the values of
L and k are provided in table 1. Using these combinations of L and k value, gridded products of
resolution of 1° 9 1° (90 9 60 grid points) for the
tropical Indian Ocean (TIO) extending from
30°–120°E and 30°–30°N, for the representative
months of January, April, July and October were
generated. Extensive analysis using both the
parameters L and k are performed, and details are
given in the following section.

formulation uses the set of parameter values (L, k)
as provided in table 1, to generate the gridded
products. Further different data statistics (mean
and standard deviation) for each case are estimated
to check the goodness of the gridded product.
(b) Differences between the independent validation
dataset (10% random raw datasets taken aside
before analysis) and the reconstructed values at
these locations are computed and referred to as
reliability. Statistical metrics such as BIAS,
RMSE, and correlation coefBcient were evaluated
to analyze the correctness of the resultant product.
The minor differences between the random independent datasets and the gridded products can be
used for arriving at the optimal pair of (L, k).

4. Results

4.1 DIVA analysis for the month of January

With the above-described formulation, out of many
possible combinations of both the parameters correlation length (L), and signal-to-noise ratio (k), we
have Bnalized a total of six distinct combinations
comprising both lower and higher values (refer
table 1) of (L, k) and their Diva analysis has been
computed for all the four representative months,
i.e., January, April, July, and October of the
sample year 2016 for both the temperature and
salinity proBles. As the analysis method is similar,
results for April, July, and September are provided
in the supplementary sections and a full description
is given for the month of January alone in the rest
of the paper. DIVA gridded products are available
in contour plots with their means and standard
deviations. Such formulations led to identifying the
stability of the products varying with the test
cases. Resultant gridded datasets obtained with
different choices of L and k were Brst validated
with 10% randomly separated datasets before
gridding. This process has been executed with the
values extract based on the locations of raw datasets to the resultant gridded datasets. BIAS,
RMSE, and correlation coefBcients have been
computed for all the cases for both temperature
and salinity proBles. For simplicity, we only show
the analysis of the gridded products at a 5-m depth
level for all combinations of (L, k). Further, the
gridded data at all 14 depths was also validated
with the data obtained from OMNI buoys. All the
results are presented in the following sections.
The assessment of the gridded product is based
on two factors; an analyzed Beld with statistics
and reliability for all six cases. (a) The DIVA

While all the Brst Bve parameter choices for L and
k of Case 1–Case 5 (Bgures 3–7) demonstrated
above were taken randomly, the last parameter
choice (Case 6) was based on Bessel’s functions
based routines (built in) for gridding ocean data
using DIVA. Brankart and Brasseur (1996) and
Brasseur et al. (1996) have proposed various estimations of the parameters based on cross-validation. This choice of L and k in Case 6 (Bgure 8), has
significant merits with better statistics compared
to other cases. However, to generate the gridded
product it took more computational time. Thus
DIVA provides a simple yet much faster method to
estimate the parameters.
Based on Argo gridded products generated for
temperature and salinity proBles of January at 5-m
depth using different combinations of L and k.
The following assessments have been observed.
(a) Analysis Beld with product statistics: Both the
analyzed Beld for temperature and salinity
appeared to represent features pertaining to the
month of January, which implies the regularization
constraint dominates the inCuence of the data.
Smaller variability was observed for the low-valued
pairs of (L, k) than larger pairs as obtained in
analyzed Belds during trials. Mean and standard
deviation obtained from the resultant gridded
product datasets inferred the stability of the
products against the original measurements for
both the temperature and salinity proBles. Values
obtained did not vary significantly; standard
deviations are observed to be conBned within 2 and
the mean values were observed to be similar in all
cases, which tell about the stability of the gridded

Table 1. List of sample parameters of L and k used for generating gridded output.
L (°)
k

2
5

3
10

5
30

20
100

50
300

6.15
13.30
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Figure 3. (a) Analyzed Beld of temperature (°C) (left), difference between analyzed and observed data (right) of temperature
(°C), based on 10% random dataset aside for validation. (b) Analyzed Beld of salinity (psu) (left), difference between analyzed
and observed data (right) of salinity (psu), based on 10% random dataset aside for validation.

Figure 4. (a) Analyzed Beld of temperature (°C) (left), difference between analyzed and observed data (right) of temperature
(°C), based on 10% random dataset aside for validation. (b) Analyzed Beld of salinity (psu) (left), difference between analyzed
and observed data (right) of salinity (psu), based on 10% random dataset aside for validation.

product. Both these values are in well agreement
with the original datasets. (b) Reliability: Statistical metrics such as BIAS, RMSE, and correlation

well describe the reliability of the data and follow
up the basis for the consistency of the method
throughout the different test cases. Not much
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Figure 5. (a) Analyzed Beld of temperature (°C) (left), difference between analyzed and observed data (right) of temperature
(°C), based on 10% random dataset aside for validation. (b) Analyzed Beld of salinity (psu) (left), difference between analyzed
and observed data (right) of salinity (psu), based on 10% random dataset aside for validation.

Figure 6. (a) Analyzed Beld of temperature (°C) (left), difference between analyzed and observed data (right) of temperature
(°C), based on 10% random dataset aside for validation. (b) Analyzed Beld of salinity (psu) (left), difference between analyzed
and observed data (right) of salinity (psu), based on 10% random dataset aside for validation.

Cuctuation was observed between different cases,
which clearly indicates the gridded product reliability. Similar lines of analysis were performed for

April (supplementary section 1), July (supplementary section 2), and September (supplementary section 3).
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Figure 7. (a) Analyzed Beld of temperature (°C) (left), difference between analyzed and observed data (right) of temperature
(°C), based on 10% random dataset aside for validation. (b) Analyzed Beld of salinity (psu) (left), difference between analyzed
and observed data (right) of salinity (psu), based on 10% random dataset aside for validation.

Figure 8. (a) Analyzed Beld of temperature (°C) (left), difference between analyzed and observed data (right) of temperature
(°C), based on 10% random dataset aside for validation. (b) Analyzed Beld of salinity (psu) (left), difference between analyzed
and observed data (right) of salinity (psu), based on 10% random dataset aside for validation.
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4.2 Intercomparison with OMNI
As the above assessment was done for the entire
spatial region of the Indian Ocean for 5 m depth,
further assessment of the gridded product intercomparison was done with the moored buoy datasets (OMNI). OMNI provides real-time data, and
these data are well processed with quality control
at INCOIS (Pattabhi et al. 2018). For simplicity,
we have taken three locations of the OMNI proBle
(Bgure 2) as a combination of both the Arabian Sea
and Bay of Bengal to assist the analysis of the
gridded products. ProBle intercomparison is done
by extracting proBles from the gridded product,
corresponding to the location of OMNI buoys. All
the proBles extracted from gridded products of
January month were compared with January
OMNI proBles. The number of depth levels of Argo
is more than OMNI, and its impact on the result
can be viewed in Bgure 9. In particular, slight differences in the agreement between Argo gridded
products against OMNI are noticeable between the
depth of 5–50 m, and between the depth of 200–500
m. In Bgure 9, the blue colour represents the OMNI
depth proBles, and the rest of the colours represent
all the pairs of correlation length and signal-tonoise ratio of test cases. Overall, our proposed
results are found to be agreeing very well and
support the quality of generated ARGO gridded
products. Similar intercomparison for other

J. Earth Syst. Sci. (2021)130:170
months, i.e., April, July and October are available
in the supplementary sections.
5. Products assessment through objective
analysis
Objective analysis (OA) stood out as one of the
commonly used gridding methods in many Belds of
geoscience, oceanography, and meteorology (Gandin 1965; Bhaskar et al. 2007). As gridded product
and value added products are generated based on
OA currently at INCOIS, to assess the reliability of
DIVA gridded product, a comparative approach
was adopted using OA. We have presented the
statistical estimates of the proposed results against
the objective analysis. We have used the OA
gridded products for the respective months (viz.,
January, April, July, and October) of 2016 for
temperature and salinity proBles. The proBles
corresponding to the OMNI locations were
extracted both from DIVA and OA gridded products for all the depth levels and comparative
analysis was done. The details of statistical estimates arrived at by comparing DIVA and OA
gridded products with OMNI buoy data are presented in table 2.
The statistical estimates provided in table 2(a
and b) clearly indicate a slight advantage of DIVA
based products compared to one obtained by OA.

Figure 9. Intercomparison of proBles obtained from DIVA gridded products and OMNI buoys (top) temperature (°C) and
(bottom) salinity (psu). AD and BD indicate OMNI in Arabian Sea and Bay of Bengal, respectively.
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Table 2. A comparative analysis between OA and DIVA estimates of temperature (°C) and salinity
(psu) for the month of January.
Proposed DIVA analysis
Depth (m)

BIAS

(a) Temperature
5
–0.89
10
0.17
20
–0.20
30
–0.25
50
–0.19
75
0.14
100
0.42
200
0.34
500
0.17
(b) Salinity
5
–0.43
10
–0.32
20
–0.21
30
–0.25
50
–0.34
75
0.05
100
–0.13
200
0.05
500
0.00

Objective analysis

RMSE

CORR

BIAS

RMSE

CORR

0.17
0.09
0.18
0.10
0.07
0.58
0.59
0.20
0.08

0.97
0.99
0.77
0.88
0.68
0.42
0.36
0.92
0.99

–1.12
0.19
–0.13
–0.33
–0.17
–0.40
0.12
0.43
0.19

0.38
0.10
0.14
0.15
0.08
0.54
0.56
0.22
0.08

0.86
0.99
0.87
0.75
0.35
0.51
0.29
0.93
0.99

0.55
0.28
0.20
0.14
0.18
0.08
0.10
0.04
0.01

0.99
0.96
0.97
0.99
0.97
0.99
0.95
0.97
0.99

–0.50
–0.49
–0.24
–0.38
–0.36
0.05
–0.11
0.06
0.00

0.63
0.27
0.12
0.14
0.18
0.06
0.06
0.04
0.01

0.99
0.98
0.98
0.99
0.96
0.99
0.96
0.97
0.99

.

Results for other months are provided in the supplementary sections. As INCOIS is generating
value added products based on OA and making this
available to users via Live Access Server (I-LAS),
with the proven statistics for DIVA, the gridding
method will be shifted to DIVA and all the future
value added products and gridded data will be produced using DIVA. This new product will be regenerated and will be made available on I-LAS for users.

6. Discussion
EfBciency is an essential aspect of scientiBc computation, and hence it becomes equally important
to note the computational time taken during
analysis when large amounts of data have to be
processed. To proceed, we have calculated the
computational time of all the six cases with all the
statistics that have been obtained during the DIVA
analysis and represented in Bgure 10. Here, we seek
one more step to identify the possible optimal
parameter for correlation length (L) and signal-tonoise ratio (k) amongst all the six cases taken
during the analysis. After performing all the analyses, Bgure 10(a) infers that as we reduce the values of the parameters (L, k), the computation time

of the analysis increases in most of the cases. As the
parameter values reduce, the DIVA which has the
Bnite element solver resulting in the triangular
meshes become Bner and subsequently the number
of iterations increases by many folds resulting in
increased computing time. We have taken two
larger pairs of parameters as well to understand
how the analysis varies concerning its smoothness,
eDciency, and stability. The computational time
for Case 4 is observed to be low (Bgure 10a), but
the resulting gridded Beld is observed to have difBculty in identifying smaller variations. The BIAS
for Case 4 is also observed to be better than other
cases, RMSE of Case 3 is observed to be lowest,
correlation coefBcient for Case 2 is highest and the
computational time of Case 4 is least for the given
Argo proBles. Moreover, it has a higher RMSE
value compared with all the lesser values of the
parameter L and k. Though in Case 2, all the
statistics are better compared to others and the
computational time is much higher than other test
cases. From Bgure 10(b), we observe that BIAS of
Case 2 is lowest, but its RMSE and computation
time is higher than others. RMSE of Case 6 is
observed to be least amongst all the cases along
with higher correlation coefBcient and lesser computation time. In the entire process of arriving at
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Figure 10. Statistical metrics like Bias (°C), RMSE (°C) and coefBcient of correlation along with the computational time for all
test cases (a) for temperature data and (b) for salinity data in the Indian Ocean. Colour indicates different statistics.

optimal values of L and k, we are seeking a moderate
statistical value that is comparable or better than
others and has lesser computing time, which can
save a significant amount of time for more extensive
analysis with large datasets and larger domains.
Hence, amongst all the test cases taken for the
analysis, the pair obtained based on Bessel function
built in DIVA method, i.e., Case 6 is observed to be
more eDcient and stable compared to other test
cases. Also, to boost the reliability of the proposed
method, a comparative analysis was done between
gridded products obtained using DIVA and OA
with OMNI. All the statistical measurements
shown in table 2(a and b) showed that the DIVA
method has advantage compared to that obtained
from OA. Overall, we conclude that the parameters
obtained based on Bessel function, i.e., L = 6.15
and k = 13.30, is the best solution with a lower
computation time and comparatively good statistics. However, this might change for a different
month and the type of data used for gridding. Since
values are obtained automatically based on the
data using the inbuilt Bessel functions, we conclude
to go ahead with the choice of automatic calculation of L and k to generate the value added products of chosen datasets.

7. Summary and conclusion
Data-interpolating variational analysis (DIVA)
has been used to generate the monthly analyzed
and error Beld for temperature and salinity proBles
obtained from Argo proBling Coats. Argo gridded
products have been formulated for the different
sets of parameter values of correlation length
(L) and signal-to-noise ratio (k) to identify the best
possible combination for generating the gridded
product. A total of six combinations of L and k
have been taken for the analysis, out of which Bve
cases were taken by choice and one is based on the
inbuilt Bessel function provided by DIVA. Statistical results obtained by comparing the analyzed
Belds with in-situ data (BIAS, mean, RMSE, correlation and standard deviation) proved the eDciency of the DIVA method for generating reliable
gridded products. Using extensive analysis, gridded
data obtained with different choices of L and k was
validated with a set of hidden datasets (10% randomly taken and kept aside) that were not used for
gridding. Further intercomparison was done with
OMNI subsurface datasets. In the end, we conclude
that the values of L and k estimation based on the
Bessel function is found to be more eDcient while
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maintaining the stability and smoothness amongst
all the test cases. Further, we also performed a
comparative analysis with OMNI proBles between
the gridded products obtained using objective
analysis (OA) and DIVA by computing statistical
estimates, viz., BIAS, RMSE, and correlation.
Results showed that DIVA based products are
better than those obtained from OA. As a future
scope of our work, it would be interesting to outlook intercomparison with the output from other
gridding methods. Based on the above analyses and
the statistical results, it is concluded that the
inbuilt Bessel function should be used to arrive at
the best combination of L and k for generating
gridded products using the Argo temperaturesalinity data. Argo gridded datasets would be
produced from 2004 to present will be made
available on the INCOIS Live Access Server.
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