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Silicate is a significant prerequisite for the growth and development of primary producers, mainly in diatoms, it remains 
a prevalent contributor. Satellite ocean colour sensors data are broadly utilized for the identification, mapping and 
monitoring the phytoplankton characteristics, spatial and temporal. In this study, an empirical algorithm was developed for 
mapping the silicate concentration an important nutrient for planktonic diatoms depending on the relationship between 
chlorophyll-a, Sea Surface Temperature (SST) and silicate at a high spatio-temporal resolution. Three dimensional 
polynomial functions, such as plane, paraboloid, Gaussian and Lorentzian functions were used to correlate SST, 
chlorophyll-a and silicate. Among these the paraboloid function provided significant relationship between the variables with 
an R2 value of 0.828. Validation of Visible Infrared Imaging Radiometer Suite (VIIRS) derived SST (R2 = 0.634, Mean 
Normalized Bias (MNB) = 0.006, Root Mean Square Error (RMSE) = 0.280 and Standard Error of Estimation (SEE) = ±0.227) 
and chlorophyll-a (R2 = 0.523, MNB = 0.369, RMSE = 0.846, and SEE = ±0.632) observed better synchronization with  
in situ measurements of SST and chlorophyll-a, respectively. The VIIRS-derived silicate algorithm provided better 
agreements with in situ silicate concentration (R2 = 0.784, MNB = -0.001, RMSE = 1.394 and SEE = ±0.839) along the 
Southwest Bay of Bengal. 

[Keywords: Bay of Bengal, Diatoms, Silicate algorithm, SNPP VIIRS, Chlorophyll-a, Sea surface temperature]  

Introduction 
Nutrients play an important role in the 

development and diversity of phytoplankton, which 
may in turn reflect the ecological conditions of the 
marine environment1. The estimation of nutrient 
fluxes in the surface oceanic waters and their 
subsequent consumption by marine phytoplankton 
remains major challenge for oceanographers2. These 
nutrients such as nitrate, phosphate, silicate and trace 
metals are utilized by phytoplankton during 
photosynthesis3. The upwelling associated nutrient-
rich cold water stimulates intense phytoplankton 
blooms mainly driven by diatoms. In the Bay of 
Bengal, the enrichment of silicate is higher compared 
to other micronutrients such as nitrate, nitrite, 
phosphate etc.4. The riverine input is the most 
important and potential source of nutrients in the 
Southwest (SW) Bay of Bengal (BoB). In contrast to 
other phytoplankton, diatoms which are abundant in 
tropical seas require silicate in large amounts for their 
growth5. Therefore, the extent of diatom blooms and 
their impact on primary production are influenced by 
the quantum of silicic acid carried to the euphotic 
zone during upwelling. 

Diatoms are the major contributors to 
biosilicification and global carbon fixation1. In the 
euphotic zone, offshore upwelling system tends to 
obtain silicate-limited through differential export of 
deep water1. Zooplankton, which feeds upon diatoms 
prompts greater regeneration of nitrate than silicate. 
In the marine systems, silicate plays a vital role in the 
development of phytoplankton bloom6 and diatoms 
have an absolute prerequisite for silicon5 i.e. for the 
formation of cell valves and completing the cell 
cycle2,4. 

In Bay of Bengal, phytoplankton diversity and 
species succession depend greatly on the seasonal 
variations associated with fluctuations in temperature 
and nutrient concentration7,8. As the fundamental 
correlations between temperature, nutrients, and 
chlorophyll are not highly stable, a combined data 
from multiple years is required to generate a single set 
of regression equations that can depict surface nitrate 
and silicate concentrations for each sub-region9. 
Hence, clear understanding on spatio-temporal 
changes in the silicate concentration along the SW 
BoB will provide important information on diatom 
productivity. 
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Henson et al.9 utilized satellite data-based 
assessments of nitrate and silicate concentrations to 
investigate the timing of nutrient depletion and infer 
its impacts on species succession. In addition, the 
utilization of satellite imagery to forecast and simulate 
ocean productivity has gained increasing importance 
and acceptance in the recent years, as satellite sensors 
in the visible and infrared regions of the 
electromagnetic spectrum provide large spatial 
coverage and temporal repeatability2. 

Several studies have been conducted on the 
seasonal variations of physico-chemical parameters 
and nutrients in the BoB7,10,11. Earlier investigations in 
the SW BoB have focused on developing algorithms 
for mapping nitrate as the major limiting nutrient 
through remote sensing2,12,13. However, the present 
study is mainly focused on i) the development of a 
silicate map to clarify the timing of silicate depletion 
and diatom dominance in the SW BoB, ii) to evaluate 
the validation of in situ Sea Surface Temperature 
(SST) and chlorophyll-a (chl-a) using the Visible 
Infrared Imaging Radiometer Suite (VIIRS), and  
iii) to validate the silicate map with in situ silicate 
measurements for accuracy. 

 
Materials and Methods 

The surface water samples were collected monthly 
from the SW BoB over a period of five years (2013 to 
2017) using 5-L Niskin water sampler at four 
sampling stations viz. Chennai (80°24'52.8'' E; 
13°54'14.4'' N), Pondicherry (79°53'6'' E; 11°24'7.2'' N), 
Parangipettai (79°51'50.4'' E; 11°54'7.2'' N), and 
Nagapattinam (80°12'23.64'' E; 10°46'35.76'' N) at a 
distance of 1, 2, 3, 4 and 5 km from the coast at each 
sampling station in Figure 1. 

 
In situ data 

In situ Sea Surface Temperature (SST) was 
measured using a digital multi-sensor with an 
accuracy of ±0.01 °C (Merck Millipore-Multi 3420). 
The silicate concentration was determined by the 
molybdate method using an ultraviolet-visible 
spectrophotometer (Shimadzu-UV 2480)14. Chlorophyll-
a was filtered using a 47 mm GF/F filter, extricated 
using 90 % acetone and determined with a Shimadzu 
UV 2480 spectrophotometer (Shimadzu, Inc., Tokyo)14. 

 
Satellite data 

The Visible Infrared Imaging Radiometer Suite 
(VIIRS) of the Suomi National Polar-orbiting 
Partnership (SNPP) satellite obtained a 1 km SST and 

chlorophyll-a images for 31st January 2017, which 
were obtained from the Ocean Color Web. The 
satellite-derived images were interpreted and analyzed 
using SeaDAS 7.4 software.  

 
Silicate retrieval algorithm 

An empirical algorithm was developed by 
regressing SST, chl-a and silicate to create a satellite-
based silicate map. To collect in situ data, monthly 
samples were collected from the four sampling 
stations along SW BoB from 2013 to 2017. The  
in situ SST and chl-a datasets were regressed with the 
silicate in 3-dimensions for four distinct functions, 
such as plane, paraboloid, Gaussian and Lorentzian 
functions. In the entire regression analysis, the 
paraboloid function was found to perform better fit 
than the other functions and showed good relationship 
between the variables. The algorithm implies the 
following equation. 

Silicate = 173.6620 - 9.6481 × SST + 2.8716 × chl + 
0.1383 × SST2 - 0.0276 × chl2 

Where, SST is Sea Surface Temperature and chl is 
chlorophyll-a concentration 

 
Results and Discussion 

During the present study, SST (Fig. 2a) was 
observed  to  be  high  in  the  summer  season,  with a  

 
 

Fig. 1 — Study area map showing sampling stations in the SW 
Bay of Bengal water 
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Fig. 2 — Seasonal and inter-annual variation of physico-chemical parameters in the Southwest Bay of Bengal from January 2013 to 
March 2017 during study period: a) Sea Surface Temperature (SST), b) chlorophyll-a, and c) silicate concentration 
 
highest of 33.2 °C at Chennai in the month of May, 
2015 and a lowest of 26.0 °C at Cuddalore in the 
month of December, 2015 i.e. in the monsoon season, 
as the water in the SW BoB is warm in summer and 
cooled in monsoon. In contrast, the chl-a 
concentration (Fig. 2b) was maximum at Parangipettai 
region in November, 2015 (13.87 µg/l) i.e. in the 
monsoon season and was minimum (0.27 µg/l) in 
Nagapattinam region in May, 2015 i.e. in the summer 

season. Similarly, the silicate concentration ranged 
from 5.55 to 37.78 µM (Fig. 2c) with highest 
concentration recorded in the monsoon season 
(December, 2015) and lowest concentration in the 
summer season (May, 2016). The increase in chl-a 
concentration coincides with the increased silicate 
content, implying a positive correlation between chl-a 
and silicate. The presence of adequate UV radiation, 
river runoff, nutrients, and the consumption of silicate 
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by diatoms which are enhanced by river flow during 
the monsoon could all be the contributing factors to 
the increased level of chlorophyll-a concentration 
during the monsoon season15-16. The seasonal 
variations in the magnitude of the solar radiation and 
surface winds are causes for the SST fluctuations. 
Since, weaker winds prevail in the SW BoB in 
summer and sunlight exposure is stronger owing to 
the absence of clouds, SST is enhanced over the 
region16. In contrast, the SW BoB experiences cooling 
in monsoon i.e. during the monsoon season due to the 
strong northeasterly winds, cold sea surface, and 
cloud cover caused by the northeast monsoon. The 
correlation study revealed an inverse relationship  
(r = - 0.088, P < 0.05) among chlorophyll and SST, as 
reported by Shanthi et al.17. This is due to the fact that 
higher SST and light intensity tend to decrease 
phytoplankton populations, as per the evidence 
discussed by Hossain et al.18. Enhancing light 
condition and high stratification caused by raised 
surface warming and decreased wind stress during 
summer affect nutrient delivery to surface water and 
reduce biological productivity18-19. The relationship 
between chlorophyll concentration and SST are 
therefore inverse.  

However, an inverse relationship between chl-a 
and SST was found to affect phytoplankton biomass9 
resulting in a significant negative correlation with 
silicate. Nagamani et al.20 have found an inverse 
relationship between temperature and nutrients21-22 
and also described an inverse correlation between 
SST and silicate, which is the best fit. These 
relationships occur, as nutrient-rich cold water present 
during monsoon mixing becomes gradually warmer 
with time and as nutrients are taken up by 
phytoplankton for their growth and development9. 

Dugdale & Wilerson1 have explained the 
significance of understanding the silicate cycling in 
open-ocean systems and abundant research is 
underway. The current study, showed a strong 
positive relationship between silicate and chl-a. This 
technique provided a new solution to determine the 
distribution of silicate concentration using satellite 
images such as VIIRS chlorophyll and SST for water 
bodies. 

The silicate concentration is greater than that of any 
other nutrients in the BoB, as reported by  
Chavez et al.23. This may be mainly due to the massive 
influx of monsoonal water. In coastal waters, the 
spatio-temporal variation of silicate can be strongly 

influenced by a variety of factors, including the 
physical mixing of freshwater and seawater, chemical 
reaction with clay minerals, co-precipitation with 
organic substances, etc. The reactive silicate is 
adsorbed from the suspended sedimentary particles and 
then biologically removed by phytoplankton, which 
includes silicoflagellates and diatoms7. Diatoms are 
predominant in the phytoplankton biomass24-25. The 
growth rates of diatoms are determined by the silicate 
supply26. Diatoms stoichiometrically consume silica in 
the Redfield ratios of 1:1 atomic ratio with nitrate. For 
silicates, diatoms are Si-limited at Si:N ratios of 1:1, 
but N-limited at nitrate (Si:N) supply ratios of  
< 1:1(ref. 27). In this context, BoB is a nitrate limited 
region4,28. Silicate and nitrates are essential for diatom 
development and growth. Moreover, biogenic silicon 
content was determined based on the diatom 
percentage within the phytoplankton community and 
its associated chlorophyll-a concentration, under the 
assumption of similar range of chlorophyll-a levels 
across all phytoplankton groups29. To measure the 
biogenic silicate content from diatoms, the chl-a of the 
diatoms was transformed to carbon (C) units utilizing 
the C:chl-a ratio of 50:1(ref. 30) and then transformed to 
Si moles using the Redfield ratio (C:Si, 106:16)31. 
However, an in-depth understanding of the relationship 
between silicate concentration and chl-a is an essential 
prerequisite for evaluating the importance of 
temperature and for developing scientifically sound 
strategies for creating the silicate algorithm. 

The empirical silicate algorithm in the present 
study was generated using in situ observations of 
SST, chl-a and silicate. The regression analysis was 
performed in three dimensions for plane, paraboloid, 
Gaussian and Lorentzian functions with regression 
plots as shown in Figure 3. To facilitate filtering and 
extrapolation of the data, a best-fit curve for silicate 
as a function of temperature was defined for each 
region. Most of the scatter plots showed a non-linear 
relationship at low temperatures and a linear 
relationship approaching zero at higher temperatures. 
The outliers remaining in the dataset were removed as 
the developed algorithm may adequately reduce the 
influence of the outlier to obtain better, higher and 
more accurate values with the Root Mean Square 
Error (RMSE). The analysis resulted in the following 
algorithms. 

 
Silicate = 54.3791 - 1.5261 × SST +  
2.9837 × chl … Plane 
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Silicate = 173.6620 - 9.6481 × SST + 2.8716 × chl + 
0.1383 × SST2 - 0.0276 × chl2                     … Paraboloid 
 
𝑆𝑖𝑙𝑖𝑐𝑎𝑡𝑒 = 222.1788 

× 𝑒𝑥𝑝
ቈି.ହቂ
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  … Gaussian 
 

𝑆𝑖𝑙𝑖𝑐𝑎𝑡𝑒

=
40.5762

൤1 +
(𝑆𝑆𝑇 − 23.0380)

−8.2228
൨

ଶ

× ቂ1 +
𝐶ℎ𝑙 − 7.3927

6.3327
ቃ

ଶ
 

 … Lorentizian 
 

Where, SST is Sea Surface Temperature and chl is 
chlorophyll-a concentration. All the models 

performed well, especially the paraboloid function has 
obtained better regression (R2 = 0.828, N = 849). Of 
these functions, no separate validation was performed 
for the current study, and the mapped silicate 
concentrations were directly incorporated into the 
paraboloid model as shown in Figure 4. Similar to 
current study, a high relationship between chl-a, SST 
and silicates in the sea surface region was found in the 
China Sea32. Furthermore, Fu et al.33 reported a linear 
relationship between in situ measured chl-a and 
silicate concentration with an R2 of 0.781 from East 
China Sea. Zhang et al.34 also observed a high 
correlation between chl-a and silicates, with a 
correlation coefficient of 0.808. While comparing 
Pearson's correlation coefficient between SST and 

 

Fig. 3 — Three-dimensionally modeled regression plots for in situ SST, chlorophyll-a and silicate datasets during 2013 – 17: (a) Plane, 
(b) Paraboloid, (c) Gaussian, and (d) Lorentzian functions 
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chlorophyll-a concentration (-0.322), it revealed that 
SST has a more significant impact on nutrient 
concentration than on phytoplankton growth. However, 
an inverse correlation between SST and silicates (-0.63) 
was reported by Tu et al.35. Similar to previous studies, 
results of present study showed a high relationship 
between chl-a, SST and silicate concentrations in the 
SW BoB. Moreover, the silicate algorithm in the region 
was retrieved with chl-a and SST. It was difficult to 
obtain consecutive cloud free data for SW BoB, hence 
the validation of VIIRS data was conducted with 
limited accessible datasets on 31st January 2017.  

 
Validation of VIIRS derived SST 

The validation of the VIIRS-SST with the in situ 
SST (Fig. 5a) showed a good correlation coefficient 
(R2 = 0.634; SEE = ±0.227), indicating better retrieval 
of SST by the VIIRS in the SW BoB. Previously,  
Tu et al.35 validated VIIRS with eight different kinds 
of in situ SST from five different sources that 
matched VIIRS SST within ±1 h and ±0.05° of 
latitude and longitude. The results of the present study 
found high relationships with VIIRS SST, except for 
Coral Reef Watch (CRW) buoy and an RMSE of  
≤ 0.4 °C for both day and nighttime. Further, the 
comparison of the in situ SST with the VIIRS SST 
(Fig. 5b) showed an 80 % underestimation and 20 % 
overestimation of the in situ SST range above the 1:1 
line (mean Normalized Bias (MNB) = 0.006 and 
RMSE = 0.280), with data points falling above or 
below the 95 % confidence interval. This indicates 
that the values observed are lower or higher than they 

would be in marine waters36 suggesting a stratification 
in the surface marine layer combined with weak wind 
conditions < 6 m/s which might prompt slip-up in the 
measurements of SST. While, when the wind speed 
reduces under 6 m/s at the surface of the ocean, the 
SST estimated by the satellite sensors increases13,35-36 
leading to positive bias SST13. 

 
Validation of VIIRS derived chlorophyll-a 

The chlorophyll-a determined with VIIRS showed 
a better agreement with the in situ chl-a with a 
correlation coefficient (Fig. 6a) of R2 = 0.523 with 
SEE = ±0.634, MNB = 0.369, and RMSE = 0.846. 
Comparison of the in situ chl-a with VIIRS derived 
chlorophyll-a estimates shows 40 % overestimation 
and 60 % underestimation of data points distributed 
around the 1:1 line (Fig. 6b). In comparison to 
MODIS, VIIRS demonstrated better geographical 
coverage and detection accuracy. After enhancing the 
coefficient, VIIRS shown a 53 % accuracy rate in chl-a 
prediction37. The water leaving radiance between  
in situ and VIIRs data was found to have excellent 
matching, as validated by an inter-comparison of the 
VIIRS ocean colour products with in situ 
observations38. Hlaing39 also included preliminary 
assessments of the performance of the VIIRS sensor 
for obtaining ocean colour information of typical 
coastal water by performing initial time series and 
qualitative and quantitative correlation studies 
between in situ and satellite-based ocean colour 
information. An important component of the entire 
strategy for the validation and calibration of satellite 

 
 

Fig. 4 — (a) VIIRS derived SST, (b) VIIRS derived chlorophyll-a, and (c) Modeled silicate image, around SW Bay of Bengal 
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imagery (VIIRS) is the confirmation that the image 
data is appropriate for efficient operational 
application40. 

 
Validation of SST and chlorophyll-a based silicate algorithm 

The assessments of the output of the silicate 
algorithm was based on the statistical parameters of 
the comparison of the satellite-derived silicate values 
with the in situ silicate values. The silicate map 

derived from the algorithm provides a better retrieval 
of silicate in the SW BoB with a correlation 
coefficient (Fig. 7a) of R2 = 0.784 with in situ silicate. 
The developed silicate algorithm tested using the  
in situ values showed a quite small systematic error, 
with a calculated value of MNB = -0.008. However, 
there was considerable scatter in the matching points. 
The RMSE, which is a measure of dispersion, was 
1.394 and SEE was ±0.893. The comparison plot  

 
 

Fig. 5 — (a) Regression, and (b) comparison plot of in situ vs VIIRS derived SST 
 

 
Fig. 6 — (a) Regression, and (b) comparison plot of in situ vs VIIRS derived chlorophyll-a 

 

 
Fig. 7 — (a) Regression, and (b) comparison analysis of in situ silicate vs modeled silicate 
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(Fig. 7b) shows the uniform distribution of the points 
around the 1:1 line without distinct trends of either 
under or overestimation of VIIRS retrieved silicate 
with in situ silicate estimates that portray 47 % 
overestimation and 53 % underestimation. The 
validation of the empirical silicate algorithm found 
statistically significant while comparing silicate with 
in situ VIIRS derived SST and chl-a. Many more 
measurements of SST, chl-a and silicate by collecting 
more global ocean data would help to further improve 
the algorithm and future predictions. 
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