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Abstract 

 

Current carbon sequestration technologies are not meeting targets to deliver 

the 2050 global net zero goal. Hence, there is an increase in campaigns for nature-

based solutions (NBS) rather than depending on engineered sequestration 

technologies, which is by far harder to scale up. Though amplifying the NBS that are 

already inherent in the environment is a matter of increased activities, the current 

changing climatic conditions complicates this, such as site-targeted mangrove 

rehabilitation, regenerative forestry, and restorative agriculture. These land-based 

solutions comprise approximately half of the global total carbon sequestered, while the 

other 50% are the materials that naturally sink in the depths of the ocean. 

Harnessing the potential of ocean productivity is a huge leap in the world’s 

carbon sequestration thrust. Not only does this process happen in the natural world, 

but quantification, monitoring, and forecasting activities can aid future policymaking to 

amplify productivity in our ocean–which is also expected to serve as a driver to the 

placement of programs geared toward water quality preservation, conservation, and 

treatment in inland waters. This study focuses on the quantification and forecasting of 

the Biological Pump potential in the Philippine Sea, specifically inside the Exclusive 

Economic Zone (EEZ). Variabilities and disturbances such as increased sea surface 

temperature, and considering the geographic location of the Philippines, receiving high 

frequency of annual typhoons, were investigated to affect ocean productivity. Spatio-

temporal maps were generated to provide visualization for the trends and phenomena 

before, during, and after typhoon occurrence for the years 2019 until 2021. The normal 

scenario for typhoons was reflected in 2019 while both 2020 and 2021 recorded rare 

high-intensity super typhoons Rolly (Goni) and Odette (Rai), respectively. NASA 

Ocean Biology Processing Group (OBPG) Ocean Color data were used to produce 
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spatiotemporal maps for both chlorophyll (CHL) and Sea surface temperature (SST). 

Correlating these maps with typhoon occurrence, and SST, the Biological Pump 

potential annual estimate was generated. 

 

Keywords: image processing, biological pump potential, environmental monitoring, 

remote sensing, forecasting planktons, plankton carbon sequestration 
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I. INTRODUCTION 

 

One of the main challenges of the climate crisis is the available carbon 

sequestration technologies which currently fail to meet targets. Still, the global 

ambition to achieve a net-zero by 2050 is continuously being pushed by different 

sectors throughout the world. However, despite the increase in renewables in the 

global energy mix, it was recorded that just the past decade, the global energy-related 

emissions increased by about 5 percent (1.7 GTCO2) which can be mainly attributed 

to growing energy demand (McKinsey, 2023). Though there are already various 

policies to cut emissions and green economy transition plans which were laid out 

through the Nationally Determined Contributions (NDCs) submitted by each country 

after the Paris Agreement, these are still 0.99 and 2.92 GT CO2 lower than their 

previous pledges for 2025 and 2030 (UNCC, 2021). There is an urgent need to ramp 

up NDCs with new carbon sequestration technologies that are inherent in the 

environment already. However, the huge potential of the ocean’s blue carbon is often 

overlooked.  

 

Background of the Study 

In regulating the atmospheric CO2 concentration, the ocean plays a vital role in 

the Earth’s carbon cycle (Brewin et. al., 2021). There are six (6) ocean biological 

carbon pumps (OBCPs) that comprise the downward pumping of biogenic carbon to 

the deep ocean (Claustre et al., 2021), estimated to be between 5 and 14 Pg C y-1 

(Laws et al., 2000; Najjar and Keeling, 2000). These include the Mixed layer pump, 

the Eddy Subduction pump, the Large-scale Subduction pump, the Ekman pumping, 

and animal mediated pumps, and the vertical migration of zooplankton (Boyd et al., 
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2019). Some animals like fish and jellyfish, which are larger than zooplankton may 

also contribute to these animal-mediated pumps (Pinti et al., 2023). 

Apart from fisheries-related activities, plankton plays an active role in the 

natural carbon sequestration framework by providing primary services to the global 

carbon and nutrient cycle (Behrenfeld et al., 2001). Often called "drifter", plankton 

relates to all organisms inhabiting aquatic environments which are not capable of 

horizontal maneuver in the water column. Specifically, phytoplankton are 

photosynthetic organisms with a large variety of taxa (Merz et al., 2021) which can 

serve as a bioindicator for water quality. Hence, the importance in conducting 

assessments of the plankton composition to forecast potential algal blooms which 

cause huge ecological and economic losses (Huisman et al., 2018) which seems to 

be globally increasing because of climate change (Ho et al., 2019; Chorus and Welker, 

2021). Since ocean warming may fast-track growth and decomposition of 

microorganisms which could lead to direct export of carbon into the atmosphere (Laws 

et al., 2000), it is important to develop advanced carbon cycle satellite methods (Siegel 

et al., 2016), which could be effectively understood with space and time scales. 

Phytoplankton often estimated using chlorophyll-a (CHL-a) photopigment 

(Wright et al., 1991), also serves as a key indicator of at least half of the globally 

photosynthetically carbon comprising the net primary production (NPP) which drives 

the biogeochemical cycle (Falkowski et al., 1998). This productivity that happens near 

the ocean surface exports carbon into the seafloor which is generally considered as 

blue carbon. Interest in the dynamics of NPP in the context of climate change 

(Tagliabue et al., 2021) has brought the focus on monitoring NPP using advanced 

methods such as remote sensing (Kulk et al., 2020).  
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Presently, various techniques have been conducted to monitor and understand 

the dynamics of these processes in space and time, which is also critical in global 

climate processes (Bianchi et al., 2005). In addition, the potential of using remote 

sensing to expand monitoring, as seen in traditional ship-based NPP measurements 

(Carr et al., 2006; Milutinović and Bertino, 2011), from points to the entire surface 

ocean (Brewin et. al., 2021), presents a viable and low-cost option as such in other 

environmental monitoring applications.  

In addition, the frequency of typhoons, such as in the Philippines brought by its 

geographical location, can also have positive effects on biodiversity (Kubota et al., 

2004; Wang et al., 2008). However, the exacerbating effects of climate change are 

driving climate extremes including increased typhoon intensity (27-38% of tropical 

cyclones in 2019-2021 are classified as typhoons, cyclones with wind speed of 118-

184 kph) and lower return period of super typhoons (e.g. Typhoon Yolanda in 2013 

and Rolly in 2020) (PAGASA-DOST, 2023). The effects of this phenomenon under a 

changing climate are yet to be fully understood in order to optimize marine productivity 

monitoring and development efforts.  

 

Significance of the Study 

The ocean carbon sequestration takes off in the primary production as CO2 is 

converted to phytoplankton tissues through photosynthesis. This is the engine of the 

OBCP that occurs in the euphotic zone, the surface ocean that receives light (Field et 

al., 1998), hence the main focus of this study. This study is important to various 

stakeholders and the world in tackling the climate crisis, specifically to the following:  

Academe/Researchers - The insights generated from this study may 

contribute to the present carbon sequestration study gaps.  
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PAGASA-DOST - The insights from this study may open new avenues for the 

research agenda on Blue Carbon and nature-based solutions which may fuel 

the green economy in the Philippines.  

Government/LGUs - The Philippine government may develop new policies 

that may support blue carbon sequestration from the results of this study, 

especially localized community-based interventions. 

Coastal Communities - The activities and projects that may arise from the 

insights of this study may benefit in capacitating local communities to push for 

sustainable practices and overall coastal resilience.  

 

Conceptual Framework 

There have been previous studies that successfully presented sophisticated 

models of marine productivity using Satellite-Derived Phytoplankton Absorption data 

like in the studies of Milutinović and Bertino (2011) and Ma et al. (2014). Despite these 

models, it was well affirmed that Chlorophyll-a reflects the green pigment while 

carotenoids reflect the red pigment in plants (Clementson and Wojtasiewicz, 2019), 

hence CHL-a data still presents a good initial indicator of productivity with less 

complexity. This study utilized NASA Satellite data, machine learning, and image 

processing techniques to produce the spatio-temporal maps and explore NPP 

estimation in the Philippine Sea.  

Figure 1. Conceptual framework. 
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II. REVIEW OF RELATED LITERATURE 

 

This chapter presents a literature review about plankton and remote sensing, 

as well as highlighting the knowledge gaps that need to be addressed in the 

identification of plankton productivity in space and time.  

 

Remote Sensing Plankton 

A global study on hyperspectral remote sensing reflectance groups five 

pigments and were assumed to represent various phytoplankton species such as 

diatoms, dinoflagellates, haptophytes, green algae, and cyanobacteria. It was found 

that the resulting thirteen (13) pigments from the reflectance dataset can be grouped 

into the original five (5) pigment groups. Accordingly, the spectral gap hypothesis that 

phytoplankton signals are useful for characterizing the pigment was affirmed and that 

principal components regression modeling posed as an effective tool to retrieve 

phytoplankton pigment composition from hyperspectral remote sensing data (Kramer 

et al., 2022). 

One study automated in-situ measurements of zooplanktons and phytoplankton 

by incorporating a Dual Scripps Plankton Camera (DSPC). Except for zooplankton 

properties, using a dark-field microscope, data gathered through DSPC were found to 

be similar with data from traditional sampling. Further, it was found that due to the high 

temporal resolution available, this approach performed better in gathering the 

dynamics and demography of heterogeneously distributed zooplanktons. Least-

squares linear regressions were used to correlate the data from DSPC and lab 

measured data (Merz et al., 2021). 

In another study, the impact of the COVID-19 lockdown to the phytoplankton 

development using chlorophyll-a concentrations in Kuwait Bay (Persian Gulf) were 
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assessed using Sentinel data from 2018 to 2020 as compared to in situ data. It was 

also affirmed that the use of remote sensing provided an opportunity for fast analysis 

that could aid decision making processes specifically in times of crisis. However, the 

study pointed out that there shall be a region-specific remote sensing infrastructure 

present to sustain and validate global data models (Polikarpov et al., 2021).  

Another study on the Persian Gulf highlighted the spatio-temporal variability of 

phytoplankton for a period of 23 years. It was found that generally, the wind mixings 

and the stratification of water layers during the summer affects the phytoplankton 

penology. This further puts emphasis on the vulnerability of productivity to global 

warming. Satellite-derived Ocean color chlorophyll-a data from 1998 to 2020 was 

generated and k-means clustering was performed. There were two clusters identified 

at the end of the study, 1) minimum in April-July and maximum in December-February, 

and 2) a minimum in March and maximum in September-October (Zoljoodi et al., 

2022).  

Global ocean net primary production (NPP) a proposed phytoplankton pigment 

absorption aph-based model was derived from satellite data and was later compared 

to existing NPP models which are chlorophyll-based and carbon-based. Surprisingly, 

the proposed model improved the accuracy in describing NPP variation and which is 

more similar with the carbon-based than the chlorophyll-based model (Ma et al., 2014).  

Further, the uncertainties in using the Vertically Generalized Productivity Model 

for NPP quantification were analyzed in another study. A minimal overestimation of 

around 6% of the global NPP was observed. This is highly attributed to the 

physiological state description of phytoplankton and the depth variability of the 

normalized photosynthesis, since the ocean color data is restricted to a limited 
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threshold in the water column, which were highly recommended to improve in future 

work (Milutinović and Bertino, 2011).  

 

Advantages of Remote Sensing Ocean Data 

Remote sensing has the capacity to monitor the global ocean considering 

space and time for years already (Brewin et al., 2021), with at least 30-m (Landsat 8), 

and 10-m (Sentinel 2) at most, available resolutions (NASA, 2012; ESA, 2020), which 

are readily available and free. These sensors collect spectral data from the ocean 

surface and provide characteristics which can be discriminated against water, such as 

the presence of phytoplankton (Kirk, 1994). Literature suggests that the NPP 

quantification based on remote sensing data provides a better representation of space 

and time variability of plankton productivity than interpolating traditional in situ data 

(Friedrichs et al., 2009). In addition, the introduction of Sentinel 2 twin satellites, in 

coordinated orbits, narrows the time gap of revisit, providing more coverage and better 

time scale insight. 

 

Limitations of Remote Sensing Ocean Data 

However, the accuracy of remote sensing data is currently limited to the spatial 

resolution of the sensors available. Since even though there is an increased presence 

of commercial satellite data with higher spatial resolution, such as GeoEye (0.41 m for 

panchromatic data and 1.65 m for 4-band multispectral) (ESA, 2012), NASA and ESA 

products remain to be the widely used data due to its historical coverage and wide 

availability at no cost.  

The use of satellite data is widely used in ocean monitoring. However, regional 

biases might arise depending on the calibration source used for the product data 
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(Franz et al., 2012), in this case CHL and SST. This can be improved with setting up 

a regional ground truth dataset which can be used for localized data calibration.    

 

Synthesis 

Spatio-temporal mapping provides a better visualization of environmental 

phenomena in space and time. This approach was made possible by online 

repositories of time series satellite data which is freely available. There are dynamics 

that can only be visually observed in space and time, such as in this case, the extent 

of typhoon effects on ocean productivity. Hence, the importance of establishing spatio-

temporal maps for qualitative, and later quantitative analyses.  

There are numerous factors affecting PP such as level of pollution, salinity, 

SST, and water quality parameters like Phosphorus (P), Dissolved Oxygen (DO), and 

Nitrogen (N) content (Radwan, 2005). The portion of the Primary Production (PP) 

which sinks to the ocean interior or the Export Production (XP) is critical of the 

variability in annual and interannual seasonality (Berger and Wefer, 1990). 

Accordingly, analysis in space and time is required to identify the carbon fluxes in the 

oceanic setting (Lévy et al., 2013; Omand et al., 2015). In addition, significant increase 

in productivity was theorized to be associated with increased wind and mixing of warm 

surface waters with nutrient-rich deep cold waters during upwelling (Berger and Wefer, 

1990), which is especially higher during pulse upwelling (Boyle and Keigwin, 1987). In 

fact, in an experimental study which simulates pulse upwelling (increased nutrient 

concentrations), the phytoplankton responded immediately with a 50% increase in 

productivity (Ferreira et al., 2020). Since it was observed that there exists a higher 

intermittency in regions above the equator than below, which supported the low CO2 

content in polar ice cores (Neftel et al., 1982; Barnola et al., 1987), hence, the focus 

of this study is in the seasonality more than ocean current processes–due to the high 
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frequency of typhoons in the country which also generates higher upwelling 

occurrences.  

 Moreover, there are numerous studies which developed models for ocean 

productivity estimation. The aim of this study is to provide an alternative labor- and 

cost-effective estimation methodology to initially identify hotspots for future intensive 

management and regenerative OBCP studies.  
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III. STATEMENT OF THE STUDY 

 

The analysis of the recent literature in the domain of marine productivity reveals 

the current knowledge gap in ocean productivity estimation. In addition, the effects of 

local phenomena in ocean productivity, such as high typhoon occurrence, are still yet 

to be understood in different times and spatial scales.  
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IV. OBJECTIVES OF THE STUDY 

 

This study aims to assess the Biological Pump Potential as a long-term natural 

carbon sequestration technology for the Philippines. Specifically, the study will 

address the following: 

1. Establish Spatio-temporal maps of Phytoplankton in the Philippines using 

satellite images for the years 2019, 2020 and 2021. 

2. Compare the Phytoplankton response to different seasonal variability in the 

Philippines specific to pre- and post-typhoon seasons. 

3. Generate potential productivity forecast for the Philippine Biological Pump.  
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V. RATIONALE 

 

There is an urgency to device action plans to reach net-zero targets by 2050, 

and this is mostly shared globally. But, current carbon sequestration efforts, and 

cutting-edge technologies still fail to deliver targets. Therefore, increased 

understanding of natural carbon processes, like the quantification of blue carbon, 

provides a huge potential boost to current carbon sequestration efforts.   
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VI. SCOPE AND LIMITATIONS 

 

Utilizing remote sensing techniques, this work provided ocean productivity 

estimate using CHL and SST satellite data from NASA Ocean Biology Processing 

Group limited to the Philippine Exclusive Economic Zone (EEZ) for the period 2019-

2021. Machine learning was used in data processing using Matlab and python. 

Qualitative analysis was also employed to understand the variability of productivity 

with respect to pre- and post-typhoon seasons.  
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VII. DESCRIPTION OF STUDY AREA 

 

 

The study area covers the marine surface waters inside the Philippine Exclusive 

Economic Zone (EEZ). EEZ covers 200 nautical miles (370.4 km) extending from the 

shoreline of the land territory where a country has jurisdictions for all resources 

(NOOA, 2025). In the context of PH EEZ, this covers part of three seas: 1) Philippine 

Sea, 2) Sulu Sea, and 3) West Philippine Sea. A map showing the Region of Interest 

(ROI) is presented in Figure 4.  
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VIII. METHODOLOGY 

 

Satellite data was extracted to visualize potential phytoplankton productivity in 

the Philippine Sea using Spatio-temporal maps from the NASA Ocean Biology 

Processing Group, an online global ocean data repository such as Chlorophyll-a (CHL) 

abundance, and Sea Surface Temperature (SST). Abundance was compared with 

climate variability specific to pre- and post-typhoon seasons. Only the Philippine 

Exclusive Economic Zone was considered and adjusted during data cleaning. Image 

Processing using Python and Matlab was conducted to generate the Spatio-Temporal 

8-day maps for the years 2019-2021. Machine Learning algorithm k-nearest neighbor 

(KNN) was used to classify the map data and extract both the CHL and SST values 

based on NASA color scale.  

 

NASA CHL & SST Data  

False color representations of satellite data were extracted from the NASA 

Ocean Biology Processing Group (OBPG) Ocean Color website. Specifically, the 

maps used were 8-day data of both CHL and SST from the Level 1 & 2 browser (NASA 

Goddard Space Flight Center, Ocean Ecology Laboratory, Ocean Biology Processing 

Group, 2018). These data were produced under NASA’s Earth Observing System 

Data and Information System (EOSDIS). NASA’s CHL uses an algorithm derived from 

the in-situ measurements of CHL-a and remote sensing reflectance (Rrs) captured by 

satellite sensors using the band range 440 - 670 nm (NASA Goddard Space Flight 

Center, Ocean Ecology Laboratory, Ocean Biology Processing Group, 2018). Shown 

in Figure 2 and 3 the online repository of ocean color satellite data captured by Landsat 

8.  
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Figure 2. Sample global Chlorophyll-a concentration, NASA Ocean Color data 

browser (2019). 

 

While the SST was derived from long-wave infrared (LWIR) bands in MODIS 

and VIIRS sensors with an algorithm based on a modified nonlinear SST algorithm 

developed by Walton et al. (1998) and recently, Kilpatrick et al. (2015) (NASA Goddard 

Space Flight Center, Ocean Ecology Laboratory, Ocean Biology Processing Group, 

2018).  

Figure 3. Sample global sea surface temperature, NASA Ocean Color data browser 

(2019). 

 

 

 



Biological Pump Potential: A Plankton Spatio-Temporal Modeling…17 

A total of 276 images (CHL and SST) for 2019-2021 were downloaded from the 

NASA website. 

 

Image Processing 

In order to harmonize the data capture, the Philippine Map was overlaid all 

through the downloaded false color images. The Region of Interest (ROI) was chosen 

as a square area enclosing the Philippine EEZ, thus the rectangular images were 

cropped. The coordinates of the four (4) transect lines (also representing four 

quadrants, Q1-Q4) were used to extract the RGB data of all PH 75x75 px images for 

both CHL and SST as shown in Figure 4. In addition, the cloud cover, represented by 

black pixels, were all replaced by non-black neighboring pixels, limited to the PH EEZ 

ROI only, as shown in Figure 5. 

 

Figure 4. Map showing the Region of interest (ROI), transect lines, and PH EEZ. 
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Figure 5. Sample 75x75 CHL spatio-temporal map a) original, and b) cleaned cloud 

cover. 

   

(a)     (b) 

These RGB data served as the input data for the KNN classifier which returns 

the nearest CHL and SST values of each RGB combination, based on the NASA 

colorscales. Matlab and Python were used for image processing and machine 

learning. The workflow of the image processing and KNN classification is shown in 

Figure 6.  

 

Figure 6. Image processing and classification workflow. 
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Classifying CHL and SST using KNN 

 The false colors reference maps are already Level 2 and 3 products. These 

representations of satellite data are not directly the data itself, hence the need to use 

KNN to retrieve both CHL and SST values based on the NASA color scales as shown 

in Figure 7.   

 

Figure 7. NASA Ocean Color CHL and SST color scale. 

 

This color bar was used to derive the CHL concentration and SST of the images 

using a KNN classifier coded in python through Google colab notebook. The color bar 

RGB data serves as training data of the KNN model and uses the RGB band 

combination to determine the nearest value of both CHL and SST respectively (for full 

code, check Appendix K). 

In the case of other marine productivity sources like the seagrass, there have 

been quantification efforts using remote sensing utilizing band indices such as the 

Normalized Difference Vegetation Index (NDVI), and Leaf Area Index (LAI) (Dierssen 

et al., 2003). 
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Mapping of Philippine Typhoons for 2019-2021 

To simplify analysis of the plankton productivity the perimeter of the archipelago 

was represented by 4 transect lines (T1-T4) representing four quadrants covering the 

Philippine Sea, West Philippine Sea and Sulu Sea as shown in Figure 4. 

 

Table 1 

Notable Typhoons for 2019-2021 

Year 
Cyclone 

Classification 
Name Period 

Wind Speed 
(Kph) 

2019 T HANNA 8/3/2019 8/9/2019 250 

2019 T LIWAYWAY 9/1/2019 9/5/2019 220 

2019 T TISOY 12/1/2019 12/5/2019 215 

2020 T JULIAN 8/28/2020 8/31/2020 205 

2020 T KRISTINE 8/31/2020 9/5/2020 230 

2020 T QUINTA 10/23/2020 10/27/2020 305 

2020 ST ROLLY 10/27/2020 11/3/2020 315 

2020 T ULYSSES 11/8/2020 11/13/2020 205 

2021 T BISING 4/12/2021 4/24/2021 315 

2021 T KIKO 9/7/2021 9/12/2021 280 

2021 T ODETTE 12/12/2021 12/19/2021 280 

 

Typhoon track maps for years 2019-2021 were created using QGIS Firenze 

version 3.28 from PAGASA-DOST typhoon tracks bulletin (PAGASA-DOST, 2023), 

sample shown in Figure 8.  
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Figure 8. Sample typhoon data, PAGASA-DOST (2023). 

 

 

Relationship of CHL with SST and Typhoon Occurrence  

Spatio-Temporal CHL abundance was compared with SST variability and 

typhoon occurrence (before, during and after) to look for trends, both short- and long-

term periods. CHL and SST linear relationships were also checked for possible 

correlations. Then, the CHL and SST correlations were generated using a linear 

regression data tool in MS Excel.  

 

Validating the NASA CHL product with in-situ data 

 To understand the limitations of utilizing remote sensing for NPP Estimation, 

the NASA CHL product data were compared with in-situ measurements taken in 2011 

from a global CHL in situ dataset (Valente et al., 2022). The search coordinates from 

the global dataset were 25°N 105°E and 1°N, 135°E respectively. Since the sentinel 

mission was not yet commissioned by this time, all Copernicus products are also 

based with the Landsat MODIS and other related missions, hence, other satellite 

product comparisons would be irrelevant.    
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Estimating NPP using CHL, SST and Vertically Generalized Production Model 

(VGPM) 

The Vertically Generalized Production Model (VGPM), a widely used NPP 

model, was utilized to generate the NPP in all four quadrants of the Philippine EEZ 

following the transect assignment. VGPM was first described by (Behrenfeld and 

Falkowski, 1997), and since then, this model was utilized and further improved such 

with the development of carbon-based NPP (Westberry et al., 2008). The NPP model 

used follows the convention of the original VGPM model, represented by equation 1. 

𝑛𝑝𝑝 =  𝑐ℎ𝑙 𝑥 𝑝𝑏_𝑜𝑝𝑡 𝑥 𝑑𝑎𝑦 𝑙𝑒𝑛𝑔𝑡ℎ 𝑥 𝑓(𝑖𝑟𝑟) 𝑥 𝑧_𝑒𝑢              [𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛 1] 

Both the CHL and SST data were already previously generated. The f(irr) is the 

photosynthetically active radiation (PAR) function which was downloaded from the 

Ocean Color website (Ocean Productivity, 2024) while pb_opt is a polynomial of 7th 

order which varies depending on the sea surface temperature (°C) represented by 

equation 2. Z_eu is the euphotic depth.  

𝑝𝑏−𝑜𝑝𝑡  =  −3.27𝑥10−8 ∗ 𝑠𝑠𝑡7  + 3.4132𝑥10−6 ∗ 𝑠𝑠𝑡6   

− 1.348𝑥10−4 ∗ 𝑠𝑠𝑡5 + 2.462𝑥10−3 ∗ 𝑠𝑠𝑡4 

−2.05𝑥10−2 ∗ 𝑠𝑠𝑡3 + 6.17𝑥10−2 ∗ 𝑠𝑠𝑡2 

+ 2.749𝑥10−1 ∗ 𝑠𝑠𝑡 + 1.2956 

[𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛 2] 
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IX. RESULTS 

 

This chapter discusses the findings and summarizes the results of the study, 

providing emphasis on the Spatio-Temporal Maps and its relationship with Typhoon 

tracks and SST. The NPP estimation was also presented.  

 

Spatio-Temporal Maps 

High productivity occurs mainly in the West Philippine Sea, near Palawan and 

in land waters between Mindanao as shown in the sample map in Figure 8 (for 

complete CHL and SST maps, check Appendix B-G).  

 

Figure 9. Sample CHL spatio-temporal map, 2020. 

 

 

Interestingly, in the deeper oceans (Philippine Sea, along Q1 and Q2) with high 

salinity, productivity is less than the shallower oceans (West Philippine Sea, along Q3 

and Q4), though, in the case of the Baltic Sea, there seems to be a coupled upwelling-

downwelling zone just off the coast (Myrberg and Andrejev, 2003). 



Biological Pump Potential: A Plankton Spatio-Temporal Modeling…24 

Typhoon Track Maps 

Shown in Figure 10 and 11 the Philippine Tropical Cycle tracks for the years 

2019-2021. The typhoon season in the Philippines usually begins by June but 

typhoons may occur as early as January, just like in the year 2019. However, in 2020, 

PAGASA started naming local typhoons starting only in the month of May, with high 

intensity typhoons occurring in the last quarter of the year and primarily in Luzon and 

Visayas. The opposite can be said for 2021 with typhoons both for 3rd and 4th quarter 

but mostly in the Visayas and Mindanao area. High intensity Typhoons occur in Luzon 

(2019), Luzon and Visayas (2020) and Visayas and Mindanao (2021) with as fast as 

over 250 kph, 315 kph, and 280 kph respectively. In fact, back in 2020, there was even 

a series of typhoons which hit the Bicol Region in a span of only 3 weeks, led by the 

infamous Super Typhoon Rolly.  

Time series plots for CHL, SST, and Typhoon occurrence 

 Presented in Figure 12, the time series plots showing CHL, SST, and typhoons 

for period 2019-2021 in the four transects (T1-T4). Contextualizing with the Dry and 

Rainy Seasons in the Philippines, peak CHL levels was generally observed in all 

transects in the cool dry season (December-February), decreasing levels during hot 

dry season (March – May), and lowest levels occurred during the rainy season (June 

to November). Variabilities in these trends occurred mostly during the rainy season 

specifically in T3 and T4. A boost in CHL levels was observed in T3 for 2019 during 

the rainy season without a related typhoon occurrence. Which is also similar in T4 for 

2021, also during the rainy season.  

SST levels in T3 and T4 are generally higher than T1 and T2. Lowest levels for 

all transect were observed during the cool dry season, increasing levels during the hot 

dry season, and peak levels during the rainy season in all transects.   
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Figure 10. Philippine tropical cyclone tracks classified by quarter occurrence (2019-

2021). 
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Figure 11. Philippine tropical cyclone tracks classified by maximum wind speed (2019-

2021). 
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Figure 12. Time series plot of CHL, SST and typhoons for all transect lines for 2019–

2021. 

 

 

 

 

Net Primary Production Estimation 

There is a general trend of the high levels of NPP during December-January 

(Q1-Q3), which are rainy and cold months in the Philippines. However, a peak 

anomaly was recorded for July of 2021 (NPPPeak2021=2,235.5 mgC m-2 day-1). There 

is a single downward curve in July-August (Q1-Q3) while a double downward curve 

can be observed May-June, November-December (Q4). Without removing the 

anomaly, NPP annual for 2021 was estimated at approximately 0.34 PgC y-1 (see 

Figure 13). 
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Figure 13. Net primary production estimate for 2019-2021. 

 

 

Linear Relationship of CHL and SST  

The Regression results with varying values of R2 are shown in Table 2 

considering different data groups. Using all the data from 2019-2021 resulted with 

R2=0.42, quite near with the individual annual result for 2019 and 2021.  

 

Table 2 

Regression Results for Different Data Input of CHL and SST (2019-2021) 

Data Year R2 Adj R2 STD Error Data Range Error 

2019 0.497350775 0.485926929 0.010314718 0.172631256 

2020 0.813471554 0.809133683 0.003874051 0.11920158 

2021 0.420219238 0.407042402 0.011789143 0.227809524 

2019-2021 0.423529973 0.419227958 0.010920877 0.171307876 

Results reflect total ungrouped data. 
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Validation of NASA CHL Product 

There were 26 data points inside the Philippine EEZ utilized for in-situ validation 

covering the 8-day NASA CHL data of 2011 (November 25-December 2). Out of these, 

only seven points (about 27%) presented an overestimate of one order of magnitude, 

while the rest provided a correct CHL threshold as shown in Figure 14.  

Figure 14. Comparison of the NASA CHL product with in-situ for the 8-day raster of 

November 25-December 2, 2011. 
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X. ANALYSIS AND DISCUSSION 

 

 

Spatio-Temporal Relationship of CHL and Typhoons in the Philippines 

It was highly evident that when typhoons Goring and Betty (2019), Marce and 

Carina (2020), and Kiko, Jolina, Maring, and Nando (2021) traversed near transect 1, 

the CHL value dropped, as shown in Figure 11. This is also true with Ambo (2020), 

but when Liwayway (2019) and Odette (2021) there was no change in the CHL value, 

even though they are both high intensity typhoons. While it was surprising to observe 

that when typhoons Amang (2019) and Auring (2021) traversed near transect 2, the 

CHL value increased.  

Transect 3 is rather peculiar since the CHL value increased after the occurrence 

of Quiel (2019), and Ofel, Ulysses, and Vicky (2020), while dropping after Lanie 

(2021). There was no observable effect in CHL related to the typhoons crossing 

transect 4 (complete typhoon track maps in Appendices H-J). 

This can be attributed to the ocean mixing brought by the wind-driven upwelling 

(He and Mahadevan, 2021), which presents a potential in harnessing our productivity 

despite the high frequency of typhoon occurrence. Despite that in some studies (Jacox 

and Edwards, 2011; deCastro et al., 2016) this effect was countered by the increase 

in stratification brought by warming oceans, in this study, the high frequency of 

typhoons appears to be affecting productivity, more than the negating effect of SST 

as shown in Figures 12 and 13.  
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Spatio-Temporal Relationship of CHL and SST 

In Transect 1, a steep decrease in CHL was observed with decreasing SST for 

January-March (2019-2021) while a steady decrease in CHL with increasing SST from 

April onwards for 2019-2020 and almost no change in CHL for 2021. 

In Transect 2, with decreasing SST comes an interesting increase and 

decreasing CHL for February-March (2019-2020) and decreasing CHL with increasing 

SST for April onwards. The year 2021 has a different behavior since the decrease in 

SST was observed from January-June with also decreasing CHL while July onwards, 

SST increased with almost no change in the CHL. 

Transect 3 did not show a clear trend between CHL and SST. 

There are three different trends that can be observed in transect 4. In 2019, 

CHL markedly decreased with decreasing SST from February to March, while the 

opposite was observed in 2020, with CHL increasing and decreasing SST. On the 

other hand, in 2021, increasing and decreasing CHL correlated with decreasing SST 

for January–April. However, for the second threshold of the year, increasing SST and 

decreasing CHL went together from April/May onwards (2019–2020). 

Weak Linear Relationship between CHL and SST 

 

The CHL and SST regression results showed a weak linear relationship 

between CHL and SST using all the data from 2019-2021, and individual yearly data 

(true for 2019 and 2021). Yet, it was surprising that a high R2 (R2
2020=0.81) was 

observed in the same year super typhoon Rolly occurred. This may be explained by 

the typhoon passage which only started in May 2020 (around the summer period), 

which avoided the data class imbalance as can be observed for 2019 and 2021 
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(typhoon presence all year round with negating effects), which most machine learning 

algorithms face. 
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XI. RECOMMENDATION AND CONCLUSIONS 

 

Conclusion 

This study presented a low-cost methodology to provide an overview of the 

"where" and "when" of ocean productivity in response to typhoon occurrences in the 

PH, which is one of the hardest hits in the world in terms of cyclones. It is encouraging 

that typhoon frequency is not heavily affecting productivity, as much as SST in the 

Philippine Seas, which were not observed in a recent study with period overlap for the 

year 2020 (Cordero-Bailey et al., 2022). In fact, there are instances that productivity 

increases after typhoon occurrences due to the upwelling effect. A similar observation 

in China was recorded which may be attributed to the nutrient mixing and upwelling 

after typhoon passage (Zeng and Tang, 2007). However, the counter-effect of 

stratification dependent on warming oceans cannot be at all ignored since this also 

has implications on the variations in the upwelling source depth (Lei et al., 2023), 

affecting the nutrient transfer in the euphotic zone.  Also, the possible release of sunk 

CO2 in the atmosphere during ocean mixing needs more understanding and further 

research.   

Interestingly, a strong linear relationship between CHL and SST was observed 

for the year 2020. Since it is the year of the pandemic, it is possible that less 

anthropogenic activities might have minimized the CHL variability. The varying value 

of R2 considering different data groups of CHL and SST suggested that other factors 

may influence CHL variability, such as anthropogenic activities. Moreover, the 

importance of close monitoring in the Quadrant 3 (Sulu Sea), and Quadrant 4 (West 

Philippine Sea) should be prioritized given the relatively high productivity in these 

regions. 
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 Only about 27% of in situ validation data points reflect an overestimate of only 

1 order of magnitude, in the 2011 8-day NASA CHL data which presents a high 

confidence in utilizing this remote sensing data. Current models estimate that 

approximately between 1% and 40% of the primary production is being exported out 

of the euphotic zone, which settles in different areas of the water column, and roughly 

1% sinks to the ocean seafloor (Passow and Carlson, 2012; Turner, 2015). 

 

Recommendations 

Limited to the spatial resolution of the Landsat 8 (30m swath width), the results 

may represent an underestimate or overestimate of the actual phytoplankton 

productivity depending on location. Hence, it is highly recommended to explore the 

use of Sentinel-2 data to improve the spatial resolution in the analysis. Specifically, 

the use of ground truths for future satellite remote sensing is highly recommended. 

Though typhoon occurrence poses no major threat to planktonic productivity, recent 

literature suggests that fast transport of organic compounds typhoon induced urban 

runoff could potentially make the ocean a carbon source (Lao et al., 2023). This 

coupling effect of typhoons is not yet extensively understood (Chen et al., 2023) 

opening more research in this direction. The NPP annual estimate suggests that the 

PH EEZ is providing a carbon sink, however, the NPP VGPM product from the ocean 

productivity website says otherwise (NPPOP2021= -0.64 PgC y-1 based on monthly 

scale) despite using the same model. It would be beneficial to provide an NPP 

validation with ground truths, which was not present in this paper.  

Moreover, the importance of close monitoring in the Transect 3 (West Philippine 

Sea) and Transect 4 (Sulu Sea) should be prioritized given that continued disputes in 

commercial fishing activities in municipal waters persist in both Palawan and 

Zamboanga (Oceana, 2021). Though there is a low probability that NASA data is 
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measuring seagrass in Sulu Sea for CHL instead of phytoplankton due to the 

bathymetric conditions of this area, it is still early to say that this is not the case since 

the spatial coverage of the seagrass mapping in the Philippines is still scarce.  

These uncertainties should be explored in future work including bioindicators 

for stress in the ocean, and potentially activities in the river corridor, to better 

understand micro processes that influence planktonic activity both in the macro and 

microscale. 

Finally, there is a need to better understand upwelling dynamics in order to have 

a system insight about the ocean carbon which is crucial for long-term management 

strategies on nature-based carbon sequestration. Moreover, this paper presents a low-

cost methodology to jumpstart ocean carbon estimation for future intensive ocean 

carbon monitoring.  
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Appendix A. 
Philippine Cyclone List (2019-2021) 

 

YEAR CYCLONE 
CLASSIFI
CATION 

NAME PERIOD WIND SPEED 
(kph) 

2019 TD AMANG 1/19/2019 1/21/2019 55 

2019 TS BETTY 2/28/2019 3/1/2019 195 

2019 TD CHEDENG 3/17/2019 3/19/2019 65 

2019 TD DODONG 6/25/2019 6/26/2019 75 

2019 TD EGAY 6/29/2019 7/1/2019 65 

2019 TS FALCON 7/15/2019 7/18/2019 85 

2019 TD GORING 7/19/2019 7/19/2019 55 

2019 T HANNA 8/3/2019 8/9/2019 250 

2019 STS INENG 8/20/2019 8/24/2019 110 

2019 TS JENNY 8/26/2019 8/28/2019 75 

2019 TD KABAYAN 9/1/2019 9/1/2019 65 

2019 T LIWAYWAY 9/1/2019 9/5/2019 220 

2019 TD MARILYN 9/12/2019 9/14/2019 45 

2019 STS NIMFA 9/17/2019 9/21/2019 115 

2019 T ONYOK 9/28/2019 10/1/2019 165 

2019 T PERLA 10/16/2019 10/20/2019 115 
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YEAR CYCLONE 
CLASSIFI
CATION 

NAME PERIOD WIND SPEED 
(kph) 

2019 T QUIEL 11/5/2019 11/9/2019 120 

2019 T RAMON 11/12/2019 11/20/2019 165 

2019 TS SARAH 11/19/2019 11/23/2019 120 

2019 T TISOY 12/1/2019 12/5/2019 215 

2019 T URSULA 12/23/2019 12/28/2019 195 

2020 T AMBO 5/10/2020 5/17/2020 185 

2020 TS BUTCHOY 6/11/2020 6/12/2020 65 

2020 TD CARINA 7/13/2020 7/14/2020 45 

2020 STS DINDO 7/31/2020 8/3/2020 40 

2020 TS ENTENG 8/8/2020 8/9/2020 75 

2020 TD FERDIE 8/9/2020 8/10/2020 130 

2020 TD GENER 8/13/2020 8/13/2020 45 

2020 TD HELEN 8/17/2020 8/18/2020 40 

2020 STS IGME 8/21/2020 8/22/2020 40 

2020 T JULIAN 8/28/2020 8/31/2020 205 

2020 T KRISTINE 8/31/2020 9/5/2020 230 

2020 TS LEON 9/15/2020 9/17/2020 85 



Biological Pump Potential: A Plankton Spatio-Temporal Modeling…50 

YEAR CYCLONE 
CLASSIFI
CATION 

NAME PERIOD WIND SPEED 
(kph) 

2020 TS MARCE 9/20/2020 9/21/2020 35 

2020 TS NIKA 10/11/2020 10/12/2020 140 

2020 TD OFEL 10/13/2020 10/16/2020 55 

2020 T PEPITO 10/19/2020 10/22/2020 140 

2020 T QUINTA 10/23/2020 10/27/2020 305 

2020 ST ROLLY 10/27/2020 11/3/2020 315 

2020 STS SIONY 10/29/2010 11/6/2020 95 

2020 TS TONYO 11/7/2020 11/9/2020 85 

2020 T ULYSSES 11/8/2020 11/13/2020 205 

2020 TS VICKY 12/18/2020 12/21/2020 45 

2021 STS AURING 2/17/2021 2/22/2021 75 

2021 T BISING 4/12/2021 4/24/2021 315 

2021 TS CRISING 5/13/2021 5/14/2021 65 

2021 TS DANTE 5/29/2021 6/5/2021 85 

2021 TD EMONG 7/4/2021 7/6/2021 45 

2021 T FABIAN 7/16/2021 7/24/2021 175 

2021 TD GORIO 8/4/2021 8/4/2021 45 
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YEAR CYCLONE 
CLASSIFI
CATION 

NAME PERIOD WIND SPEED 
(kph) 

2021 TS HUANING 8/7/2021 8/7/2021 75 

2021 TS ISANG 8/19/2021 8/22/2021 75 

2021 T JOLINA 9/6/2021 9/9/2021 120 

2021 T KIKO 9/7/2021 9/12/2021 280 

2021 TD LANNIE 10/4/2021 10/6/2021 85 

2021 STS MARING 10/7/2021 10/12/2021 110 

2021 TD NANDO 10/8/2021 10/9/2021 45 

2021 T ODETTE 12/12/2021 12/19/2021 280 
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Appendix B. 
Spatio-Temporal Maps of CHL (2019) 
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Appendix C. 
Spatio-Temporal Maps of CHL (2020) 
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Appendix D. 
Spatio-Temporal Maps of CHL (2021) 
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Appendix E. 
Spatio-Temporal Maps of SST (2019) 
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Appendix F. 
Spatio-Temporal Maps of SST (2020) 
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Appendix G. 
Spatio-Temporal Maps of SST (2021) 
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Appendix H. 
PAGASA-DOST Typhoon Tracks 2019 
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Appendix I. 
DOST Typhoon Tracks 2020 
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Appendix J. 
PAGASA-DOST Typhoon Tracks 2021 
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Appendix K. 
Image Processing Code 

 
 

 



Biological Pump Potential: A Plankton Spatio-Temporal Modeling…86 

 



Biological Pump Potential: A Plankton Spatio-Temporal Modeling…87 

 



Biological Pump Potential: A Plankton Spatio-Temporal Modeling…88 

 
  



Biological Pump Potential: A Plankton Spatio-Temporal Modeling…89 

Appendix L. 
Linear Regression Results 
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Appendix M. 
NPP Estimation 
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