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qGoal: Quantify the relationship between phytoplankton pigments and phytoplankton 
assemblages from Field Samples, Field Spectroradiometers, Remote Sensing data

qObjectives –
qMeasure water samples by visible derivative spectroscopy
qMatch spectral pigment assemblages to known signatures for classes of phytoplankton
qCompare pigment assemblages to measures of concentration in the lake (Cell counts, 

pigments, degradation products, genomics).

The Kent State Approach
Monitoring Algal Production in Akron Water Supply Reservoirs in Northeastern Ohio Using Satellite Imagery 

                      Mandy Razzano1,2, Joseph Ortiz1, Donna Witter1,3 and Darren Bade4  

Introduction 
Akron Water Supply (AWS) system (Figure 1) has been plagued for years with 
drinking water treatment issues related to nuisance algal growth in their drinking  
water reservoirs, Lake Rockwell and Wendell R. LaDue Reservoir. This study  
evaluated the effectiveness of utilizing satellite imagery to monitor algae 
 concentrations in AWS reservoirs.  

Methods 
Landsat 5 Thematic Mapper (TM) and 7  
Enhanced Thematic Mapper (ETM) images of 
AWS reservoirs were utilized for this study (Figure 
2). Lake water samples were filtered and the color 
reflectance of the filtered particles was analyzed 
on a LabSpec Pro FR spectrophotometer . The  
reflectance spectra from the filters and Landsat 
images  were used to calculate Normalized  
Difference Vegetation Index (NDVI) values (Figure 4) 
and correlated with fluorometric measurements from 
in situ chlorophyll a concentrations. NDVI provides a measure of the chlorophyll a 
content in the water based on a ratio of the reflectance measured in bands 3 and 4 
from Landsat. 

Results 
NDVI values from the spectrophotometer analyzed filters provide statistically  
significant estimates for chlorophyll a concentrations from surface (Figure 5) and 
depth integrated samples (Figure 6) in AWS reservoirs over a wide range of  
chlorophyll a concentrations. Moderate negative correlation coefficients were  
established between Landsat NDVI interpolated pixels (Figure 7) and Landsat NDVI 
actual pixels (Figure 8) when compared with field-collected chlorophyll a  
concentrations.  

Discussion 
Even though Landsat bands were devised to study terrestrial  
features, it has proven to be effective at extracting information 
about algal biomass in aquatic systems. The inverse relationship 
observed between Landsat data and chlorophyll a relative to the 
filtered data may result from an inability to distinguish chlorophyll 
a from other pigments in the filtered samples. Using a satellite 
with a narrower band sensor will allow for collection of more  
detailed spectral data and may be better suited for studies of  
diverse water quality of inland lakes. Despite Landsat broad 
spectral resolution, the spatial resolution of 30 meters makes it 
appropriate for analysis in small inland lakes. Measurement of 
chlorophyll a concentration by reflectance is efficient with quick 
results as opposed to the time often required  for lab analysis. 
This study provides a pathway for more research utilizing satellite 
imagery for predicting chlorophyll a concentrations in AWS  
reservoirs, and ultimately supports AWS in providing safe and 
consistent drinking water.  

Conclusion 
This study establishes a fast, easy and affordable method for 
estimating chlorophyll a concentrations. It provides another 
method for monitoring chlorophyll a that can be used to perfect 
algorithms predicting inland lake biomass production from 
Landsat images.  
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Figure 5.  Correlation  between surface chlorophyll a and  
   Spectrophotometer NDVI from filter samples. 

Figure 6.  Correlation  between depth integrated chlorophyll a and  
   Spectrophotometer NDVI from filter samples. 

Figure 8.  Correlation  between depth integrated chlorophyll a  
   and Landsat NDVI Interpolation 

Figure 7 Correlation  between depth integrated chlorophyll a and  
   Landsat NDVI Actual Pixel 

Figure 2. Lake Rockwell in pseudo color with  
   the corresponding NDVI values. 

Figure 1. Upper Cuyahoga River study area. 

Figure 4. Spectrophotometer spectral reflectance values  
   from filters with Landsat band width and  
   chlorophyll a signature reflectance dip identified.  

Figure 3. Dried filter analyzed for spectrophotometer 
   NDVI values . 
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Lake Erie 9/26/18, Detroit Plume Transect Sampling

Surface Towed Fluoroprobe

J. Ortiz, (2019 NOAA Coast Watch meeting ; jortiz@kent.edu)
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y = 0.8636x + 273.67

R² = 0.8636

p < 5.7 x 10^-12
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2019 HABGrab19 Sentinel 3 OCLI-derived NOAA CI (above) 
compared to leading two KSU VPCA components (left and right)
The NOAA CI represents a mixture of these two components -
and potentially two additional components (not shown) for NOAA 
Threshold of 20K cells/ml.

J. Ortiz, (2019 NASA Glenn HAB Algorithm meeting ; jortiz@kent.edu)



Application to IRL with ORCA

After Judice et al., GeoHealth, 2020



A. Lagunensis
culture ID

§ Spectral fingerprint 
from an A. lagunensis
culture matches field 
and satellite spectra

§ Relative abundance 
from field and satellite 
station data match 

After Judice et al., GeoHealth, 2020



• KSU method 
splits the image 
variance

• Select subset 
of components 
with a pigment 
related Red-
edge response

Chlorophyll a prediction in the Indian River Lagoon

After Judice et al., GeoHealth, 2020



Comparison with 
other Remote 

Sensing methods

VPCA explains twice as 
much variance with one 

third the noise

After Judice et al., GeoHealth, 2020

Published NCDI Calibration
VPCA Calibration



* The extracted daily  
component loadings are stable, 
so the component scores and 
the regression coefficients of 
the average component 
loadings are stable.

* Averaging the component 
loadings gives even cleaner 
transfer functions to cell 
density and biovolume than the 
daily estimates: R2 increases to 
0.96 and 0.94

Comparison of individual daily VPCA Results 
with average VPCA results. 
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Brown Tide Monitoring 
in the Indian River 
Lagoon

After Judice et al., GeoHealth, 2020



VPCA in Google Earth Engine
Lake Erie

Landsat 8 WRS-2 Scene 019 031 
on 20200420



VPCA in Google Earth Engine
Lake Maracaibo

Landsat 8 WRS-2 Scene 007 053 
on 20200416





Lake Valencia RGB 2021-01-12

Lake Valencia RGB 2021-12-15

Recurrent cyanobacterial 
blooms on Lake Valencia

Lake Valencia also has a 
Complex algal community 
including green algae, diatoms 



VPCA 1: 
45.8% variance

VPCA 2: 
32.1% variance

KSU Spectral Decomposition: Leading two components: 78% image variance 

jortiz@kent.edu
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Fall 2020 Biscayne Bay Benthic Cover Nadir views



Sea Grass spectra 

Seagrass? (green)

Hardbottom 
(red yellow)

Mud/sand  (dark blue)

Benthic 
algae?

Reef

Reef

From  Lesneski, 2016





Summary and implications
§ Method can provide a variety of products using NASA and ESA sensors: 

Phytoplankon classes, pigment degradation products, suspended minerals
§ VNIR derivative spectroscopy unmixes and quantifies plant pigment assemblages in 

Optically complex  aquatic systems (e.g. Lake Erie, Indian River Lagoon)
§ Tracks phytoplankton contribution to eutrophication, with implications for harmful 

algal blooms, anoxia, and fisheries
§ KSU VPCA decomposition method has be applied successfully to hyperspectral and 

multispectral lab samples, field-based spectroradiometers, HICO, NASA Glenn HSI2, 
MODIS A/T, Landsat 4-8, Sentinel-3A/B

§ VPCA is in the process of being ported to GEE: Preliminary results are very promising 
§ VPCA is well suited for application to current and the upcoming hyperspectral SBG 

and PACE missions: Makes use of all information present in hyperspectral data
Ortiz et al., (2015 HAB Data meeting; jortiz@kent.edu)
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