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Abstract

The extent of cyanobacterial blooms has been mapped using different satellite sensors from weather satellites to
synthetic aperture radars. Quantitative detection of chlorophyll in cyanobacterial blooms by remote sensing, however,
has been less successful. The first civilian hyperspectral sensor in space, Hyperion, acquired an image of cyano-
bacterial bloom in the western part of the Gulf of Finland on 14 July 2002. A chlorophyll concentration map was
produced from this image using a spectral library that was created by running a bio-optical model with variable
concentrations of chlorophyll. The results show that chlorophyll concentrations in the bloom area were much higher
than reported by conventional water-monitoring programs, ships-of-opportunity, and satellite measurements. The
reason why both in situ and satellite methods underestimate the amount of phytoplankton during cyanobacterial
blooms is vertical and horizontal distribution of cyanobacteria, because cyanobacteria can regulate their buoyancy
and are not uniformly distributed within the top mixed layer of water column in calm weather conditions. Aggre-
gations of cyanobacteria form dense subsurface blooms and surface scums during extensive blooms. This study
demonstrates that it is difficult to collect representative water samples from research vessels using standard methods
because ships and water samplers destroy the natural distribution of cyanobacteria in the sampling process. Flow-
through systems take water samples from the depths at which the concentration of cyanobacteria is not correlated
with the amount of phytoplankton that remote sensing instruments detect. The chlorophyll estimation accuracy in
cyanobacterial blooms by many satellites is limited because of spatial resolution, as significant changes in chloro-
phyll concentration occur even at a smaller spatial scale than 30 m.

It has been shown (Rantgjarvi et al. 1998) that spatial and
temporal frequencies of conventional water-sampling pro-
grams are not adequate to report changes in phytoplankton
biomass, especially during bloom conditions, when spatial
and temporal variability in phytoplankton density is partic-
ularly high. Reliable quantitative monitoring of cyanobac-
terial blooms is even more complicated. This is caused by
the nature of cyanobacterial blooms, in which the algae, ca-
pable of regulating their buoyancy, can be located in the top
layer of water or at the water surface instead of being uni-
formly mixed in the water column (Paerl and Ustach 1982;
Sellner 1997). Knowledge about the amount of phytoplank-
ton has important implications for primary production and
carbon cycle models as well as for monitoring the state of
water bodies. A large uncertainty in detection of the amount
of chlorophyll occurs during cyanobacterial blooms. Reliable
mapping of the amount of cyanobacteria is especially im-
portant in the case of the Baltic Sea, where the cyanobac-
terial blooms may cover an area of more than 100,000 km?
(Kahru 1997), affecting recreation, ecosystem integrity, and
human and animal health.

The use of unattended flow-through systems on ships-of-
opportunity (Leppanen et al. 1995; Rantgjarvi et al. 1998)
and airborne (Dekker et al. 1992; Jupp et a. 1994) and sat-
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ellite remote sensing (Kahru et al. 1993, 2000; Kahru 1997)
have been recommended to provide more reliable informa-
tion about the extent of the cyanobacterial blooms than the
conventional monitoring programs can provide. However,
standard algorithms developed for MODIS or SeaWiFS
overestimate chlorophyll concentrations in the Baltic Sea by
150-200% even in nonbloom conditions (Darecki and
Stramski 2004).

Some success in the quantitative mapping of cyanobac-
teria has been achieved using airborne remote sensing (Dek-
ker et a. 1992). In this work the amount of cyanobacteria
was detected through the amount of pigments unique to cy-
anobacteria—cyanophycoerythrin (CPE) and cyanophyco-
cyanin (CPC). For example, a band ratio 624/648 nm was
recommended to estimate concentration of CPC from CASI
data. In Dekker (1993), a more sophisticated CPC absorption
algorithm was developed and applied to hyperspectral air-
borne imagery of lakes in The Netherlands. The algorithm
was parameterized using an analytical model using specific
inherent optical properties and a CPC-specific absorption co-
efficient. Hyperion (and MERIS) have sufficient spectral res-
olution to enable mapping of phycocyanin from space. The
spatial resolution of Hyperion should also be adequate for
that purpose, as Vincent et al. (2004) have shown that Land-
sat, which has similar spatial resolution, can be used for
mapping of phycocyanin (despite the fact that the phyco-
cyanin absorption feature is located between Landsat bands).
The problem is that CPE and CPC are not routinely mea-
sured from water samples, and there is no information avail-
able about the CPE and CPC concentrations in the Baltic
Sea cyanobacteria. Therefore, it would be desirable to map
the amount of cyanobacteria through chlorophyll concentra-
tion, as the concentration of chlorophyll a is often used as
a proxy of algal biomass in water.
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The autonomous flow-through systems on ships-of-oppor-
tunity only map chlorophyll content along their routes.
Moreover, they take water from a fixed depth. It is assumed
that the top water layer is well mixed and that the concen-
tration of chlorophyll is constant in the upper mixed layer.
This assumption is true in the case of ““normal conditions,”
when agae that cannot control their vertical movement dom-
inate the waters. Cyanobacteria, however, can regulate their
buoyancy and in calm weather tend to keep themselves close
to the water surface, quite often forming very dense accu-
mulations just below the water surface and surface scums.

Accumulation of aggregations of cyanobacterial cells just
below the water surface and surface scums are so distinct
that the extent of the blooms can be mapped using almost
any remote sensing instrument. For example, broadband sen-
sors like AVHRR (Kahru et al. 1993; Hakanson and Moberg
1994), multispectral sensors such as CZCS (Siegel et al.
1999) and SeaWiFS (Joint and Groom 2000; Siegel and
Gerth 2000), and synthetic aperture radars (Svejkovsky and
Shandley 2001) have been used to map the extent of cyano-
bacterial blooms.

A single broad band of AVHRR (often used for mapping
the extent of algal blooms) in the visible part of the spectrum
does not allow discrimination between a bloom of cyano-
bacteria, a bloom of other algae species, increased turbidity
due to suspended particulate inorganic matter, and surface
pollution. The detection of cyanobacteria using AVHRR has
been mainly done based on logical deduction. An increased
water-leaving signal in the middle of the Baltic Sea cannot
be caused by resuspension of sediments or increased river
inflow, as most of the particles sink before reaching the mid-
dle of the sea. It is known that cyanobacteria are the dom-
inating species in the Baltic Sea during summer months.
Thus, the main cause for increased radiance detected by the
AVHRR was probably a cyanobacterial bloom. The amount
of in situ data to verify the presence of cyanobacteriais often
lacking, or the number of in situ sampling stations is inad-
equate to develop algorithms for quantitative mapping of
cyanobacteria in the bloom. The same logic has been used
in interpreting radar data. The radar beam cannot penetrate
water deeper than afew millimeters, giving only information
about surface roughness. Increased roughness in summer
months is attributed to cyanobacterial blooms.

This study clarifies why the current remote sensing meth-
ods have failed in quantitative monitoring of chlorophyll
during cyanobacterial blooms, especialy in the cases in
which extensive subsurface accumulations and surface
scums occur; it is also the study’s goal to roughly assess the
extent of chlorophyll concentrations in the bloom. High
spectral and spatial resolution satellite data provide new op-
portunities in studying cyanobacterial blooms, and a novel
approach for water bodies is proposed to make better use of
the hyperspectral information available.

Methods

Remote sensing instruments—Hyperion and Advanced
Land Imager (ALI) images of the northwestern part of the
Gulf of Finland were acquired on 14 July 2002. Hyperion is
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the first civilian hyperspectral imager in space (Pearlman et
al. 2003). Both the Hyperion and ALI instruments are part
of NASA's New Millennium Program (NMP) and are on-
board EO-1 satellite (http://eol.gsfc.nasa.org), which was
launched on 21 November 2000. NMP is an initiative to
demonstrate advanced technologies for future space mis-
sions. New data acquisition requests of EO-1 data can be
made through the U.S. Geologica Survey web page (http://
eol.usgs.gov).

Hyperion is a pushbroom-type imaging spectrometer that
provides radiometrically calibrated data. It is capable of re-
solving 196 spectral bands in the 400—2,500-nm region with
a 30-m spatial resolution. Each spectral band is 10 nm wide,
and band spacing is about 11 nm. Thus, Hyperion provides
spectrally continuous data for the visible and short-wave in-
frared part of the spectrum instead of the discrete (and some-
times broad) bands of current imagers (Landsat ETM, SPOT,
IKONOS, SeaWiFS, MODIS, and MERIS). The instrument
can image a 7.65 X 185-km area, has 16-bit radiometric
resolution, and its signal-to-noise ratio is between 140 and
192 (in wavelength range, 550 and 700 nm), according to
the on-orbit calibration.

ALl is a prototype of the next-generation Landsat sensor
with improved spectral and radiometric resolution and sub-
stantial mass, volume, and cost savings. Its spectral bands
in the visible part of the spectrum are practicaly identical
to other multispectral sensors like Landsat and IKONOS.
ALI has 10 bands: a panchromatic (480—690 nm) with 10-
m spatial resolution and nine spectral bands (see http://
eol.usgs.gov/instru/ali.asp) with 30-m spatial resolution. Its
signal-to-noise ratio is 250:1. The ALI footprint is 37 X
185 km. ALI and Hyperion footprints overlap, and a Hy-
perion image covers approximately one fourth of the ALI
footprint. EO-1 is in the same orbit with Landsat 7 ETM,
imaging the same area 1 min later. The EO-1 sensors are
pointable, thus allowing shorter revisiting times than are al-
lowed by the Landsat 16-d cycle.

Atmospheric correction—Atmospheric correction of the
Hyperion image was performed using the Fast Line-of-Sight
Atmospheric Analysis of Spectral Hypercubes (FLAASH)
software package in ENVI (by Research Systems). The
FLAASH module was developed by Spectral Sciences under
the sponsorship of the U.S. Air Force Research Laboratory
(Adler-Golden et al. 1999). FLAASH is designed for atmo-
spheric correction of hyperspectral data. It incorporates
MODTRAN 4 radiation transfer code with al MODTRAN
atmosphere and aerosol types to calculate a unique solution
for each image. FLAASH also includes a correction for the
“adjacency effect,” provides an option to compute a scene-
average visibility (aerosol/haze amount), and utilizes the
most advanced techniques for handling particularly stressing
atmospheric conditions (such as clouds). FLAASH output is
scaled radiance reflectance that equals to irradiance reflec-
tance in the case of Lambertian surfaces. A mid-latitude
summer atmosphere parameter (water vapor 2.92 g cm—?)
and marine aerosols together with automatic aerosol retrieval
were used in FLAASH to correct the Hyperion image.

As ALl is a multispectral sensor, we could not use this
version of FLAASH for atmospheric correction. Therefore,
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the empirical line method (Moran et al. 2001 and references
within the article) was used to derive an atmospheric cor-
rection of the ALI image. The empirical line method requires
knowledge about reflectance of at least one target within an
image (Moran et al. 2001). This target reflectance may be
measured during image acquisition or estimated from his-
torical data. We made use of the atmospherically corrected
Hyperion image. We assumed that the reflectance spectra
obtained from the Hyperion image are real reflectances of
different objects. Targets with different reflectance (lakes,
sea, a turbid bay, cyanobacterial bloom at sea, fields, road,
forest) were selected to cover the whole range in reflectance
values available in the image (excluding clouds). Average
radiance spectra for each target were compared to corre-
sponding average reflectance spectra from the atmospheri-
cally corrected Hyperion image. Hyperion continuous spec-
tral data was recalculated to simulate discrete ALI bands,
and empirical algorithms were derived for each ALI band
that enable us to predict apparent pixel reflectance spectra
from the top of the atmosphere radiance values.

Bio-optical modeling—Gordon et al. (1975), in their Mon-
te Carlo study, were able to fit the irradiance reflectance just
beneath the water surface with a polynomial function of ab-
sorption and backscattering coefficients. By ignoring all
terms other than the dominant first one, the polynomia equa-
tion can be simplified to

by(A)

RO =S + b

)

where b,(A) is the total backscattering coefficient, a(A) isthe
total absorption coefficient, and where the value of C de-
pends on the solar zenith angle (for sun at the zenith, C =
0.32; Gordon et al. 1975). It is obvious that an expression
such as that seen in Eqg. 1 contains assumptions regarding
the light field and the average shape of the volume-scattering
function.

Further Monte-Carlo studies (Kirk 1984) have found the
coefficient C to be a function of solar atitude that is rea-
sonably well expressed as a linear function of w,, the cosine
of the zenith angle of the refracted photons:

C(ug) = —0.629u, + 0.975 @)

For sun at zenith, this relationship predicts C = 0.346 (Kirk
1984) and C = 0.440 in our case, in which u, = 0.85 (the
solar zenith angle during the EO-1 overpass was 42.6°).
From Egs. 1 and 2, it follows that the irradiance reflectance
just below the water surface can be calculated by

b,(A)

R(0-, 4) = (0629, + 0.978) =5

©)

As the light passes through the water—air interface, it un-
dergoes refraction that increases its angle to the vertical.
Combining these effects with the effect of internal reflection,
Austin (1980) proposed the factor of 0.544 for relating ra-
diance just above the surface with radiance just below the
surface. Thus, we can calculate the diffuse component of
remote sensing reflectance just above the water surface thus:
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The total absorption and backscattering coefficients are ad-
ditive over the constituents of the medium by the definition
of inherent optical properties (which requires the absence of
multiple interactions). We assume that there are three opti-
cally active components in the water: phytoplankton, colored
dissolved organic matter (CDOM), and suspended matter.
Under these conditions, the total spectral absorption coeffi-
cient, a(A), is described by

a(d) = a,(A) + as(A)Cey + acpom(A) + a&(A)Coy  (5)

where a,, is the absorption coefficient of pure water, a5,(\)
is the chlorophyll-specific spectral absorption coefficient of
phytoplankton, acpou(A) IS the spectral absorption coefficient
of CDOM, and a5,(A) is the specific absorption coefficient
of suspended matter. C.,, and Cg, are concentrations of chlo-
rophyll a and total suspended matter.

The total spectral backscattering coefficient b,(A) can be
described thus:

b,(A) = 0.5b,(A) + B5e(V)Cen + bysu(A)Css (6)

where b,, is the scattering coefficient of pure water and where
it is assumed that the backscattering probability is 50% in
pure water. by, is chlorophyll-specific backscattering coef-
ficient of phytoplankton and byg, is the suspended sediment—
specific spectral backscattering coefficient of suspended mat-
ter.

ro(A) = 0.544(—0.629, + 0.975)

Model parameters—Models, similar to that described
above, are proposed by a number of authors (see list of mod-
els in Dekker et al. 2001a). The main differences between
the models lie in the number of optically active components
and the specific absorption and backscattering coefficients
used. In the present study we assume that there are three
optically active substances in the water: phytoplankton, sus-
pended matter, and CDOM. The amount of CDOM, as well
as absorption and backscattering due to suspended matter,
are often expressed through empirical functions of C,. This
is acceptable in the case of oceanic waters but not in the
case of coastal and inland waters, where concentrations of
optically active substances are not correlated with chloro-
phyll a concentration.

In our model the values of absorption and scattering co-
efficients of pure water were taken from Smith and Baker
(1981). The absorption by CDOM s expressed as a function
of the absorption coefficient of filtered water sample at
wavelength 400 nm, a,,(400), and slope factor, S, by fol-
lowing formula:

Acpom(A) = Acpom(400)exp[—S(A — 400)] (7)

According to estimations by Maekivi and Arst (1996), S =
0.017 gives the best result in the case of the Baltic Sea and
the Estonian and Finnish lakes. The specific absorption co-
efficient of suspended matter was taken from Kutser (1997),
and specific scattering coefficients of suspended matter, as
well as backscattering probabilities (backscattering to scat-
tering ratio), were taken from a study by Kutser et al. (2001).

The bloom in the Gulf of Finland was dominated by non-
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toxic Aphanizomenon flos-aquae in the first haf of July,
when the subsurface accumulations of algae started to build
up (Alg@line monitoring results, www.helcom.fi/
environment/algalblooms.html), but the fraction of toxic No-
dularia spumigena increased in the phytoplankton flora and
grew more abundant in the open-water areas, where they
dominated during the second half of July. Chlorophyll-spe-
cific absorption and scattering coefficients of A. flos-aquae
cultures (Strombeck and Jonasson pers. comm.) were used
in the model. It would have been desirable to use a model
similar to that of Dekker et al. (2001a), in which phycocy-
anin is included as a separate component. Unfortunately,
there is not enough data available about bio-optical proper-
ties and the concentration range of phycocyanin in the Baltic
Sea cyanobacteria species. Phycocyanin absorption is in-
cluded in the A. flos-aquae—specific absorption coefficient
spectrum used in the modeling, but its concentration is un-
known. Therefore, the amount of phycocyanin is covarying
with changes in chlorophyll.

The backscattering probability of phytoplankton is highly
variable (Stramski et al. 2001). The backscattering proba-
bility of cyanobacteria varies between 0.5% (Ahn et al.
1992) and 1.7% (Dekker 1993). A backscattering probability
of 1.5% was used in the present study. It is often assumed
that the backscattering probability is constant over the visi-
ble part of spectrum. However, the results by Ahn et al.
(1992) indicate that the cyanobacteria have backscattering
probability spectrathat differ from that of other algae. There-
fore, a mean backscattering probability spectrum of cyano-
bacteria, normalized to 560 nm, as calculated from data pub-
lished by Ahn et a. (1992), was used. The absorption and
backscattering coefficients of the optically active substances,
used in the model, are shown in Fig. 1.

Concentrations of nonchlorophyllous suspended matter
and a-5,,(400) were fixed in the model simulations and were
chosen to be similar to the values observed during field mea-
surements in the southwestern part of the Gulf of Finland
(Sipelgas pers. comm.), carried out at the same time with
the Hyperion and ALI image acquisition. It was assumed
that the concentration of suspended matter is the sum of
nonchlorophyllous and organic particles and the relationship
by Gons et a. (1992), where 1 mg m~3 chlorophyll is ap-
proximately equal to 0.07 mg L-* of suspended matter, was
used to estimate the Cg,. The nonchlorophyllous suspended
matter concentration was taken to be 2 mg L%, and acpom
(400) = 0.7 m*,

The aim of this study was not to give chlorophyll esti-
mations that were as accurate as possible but rather to study
the potential extent of variability in chlorophyll values dur-
ing cyanobacterial blooms. Therefore, a large range of chlo-
rophyll concentrations was chosen for the model simula-
tions. Concentrations of chlorophyll used in the model
simulations were 1, 2, 4, 8, 16, 32, 64, 128, 256, 512, and
1,024 mg m—3. Some of the Hyperion spectra from the most
dense bloom areas were similar to reflectance spectra of ter-
restrial vegetation. Therefore, a model run was made where
absorption and scattering due to water molecul es was turned
off. The modeled spectra were collected into a spectral li-
brary that was used for mapping chlorophyll concentration
in the Gulf of Finland from the Hyperion image. Some of
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Fig. 1. Spectra of absorption () and backscattering coefficients
(b) used in the model. a,, is the absorption coefficient of pure water
(m~%; Smith and Baker 1981); a0y IS the absorption coefficient of
colored dissolved organic matter (m-*; Eq. 7); as, is the specific
absorption coefficient of suspended matter (m? mg=*; Kutser 1997);
ag, is the chlorophyll-specific absorption coefficient of cyanobac-
terium Anabaena flos-aquae (m? pg*;, Strombeck and Jonasson
pers. comm.); b, is the backscattering by pure water (m-1, calcu-
lated from Smith and Baker [1981]); by, is the specific backscat-
tering coefficient of suspended matter (m? mg-*; Kutser et al. 2001);
and by, is the chlorophyll-specific backscattering coefficient of
cyanobacterium A. flos-aquae (m? ug*) calculated from scattering
spectra provided by Strombeck and Jonasson (pers. comm.), mean
normalized backscattering probability spectra from Ahn et al.
(1992), and a 1.5% backscattering probability.

the modeled spectra used in image classification are shown
in Fig. 2.

Image classification—Modern image processing software
packages (such as Research Systems ENVI) include several
procedures to produce classification maps given a spectral
library of end-members—or “‘pure”’ examples are available.
It is also possible in some packages to derive end-members
for a spectra library directly from the image. However, the
number, relevance, and “‘quality” of such end-members is
variable and image specific. For example, the quality of im-
age-derived end-members depends on the illumination con-
dition during image acquisition and atmospheric correction
of the image. Therefore, it is preferable to use measured (in
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Fig. 2. Part of the spectra from the modeled reflectance spectral
library used in mapping chlorophyll in the Hyperion image. Con-
centrations of chlorophyll in the legend are in mg m=2. “Dry"" in-
dicates that the spectra were modeled by turning off the absorption
and scattering of water molecules.

situ or in laboratory) end-member spectra or modeled spec-
tral libraries. The latter was used in this study, as there is
not enough data available on optical properties of cyanobac-
terial blooms.

In this article we have used the Spectral Angle Mapper
(SAM) with the modeled spectral library to produce a chlo-
rophyll concentration map from the Hyperion image. SAM
(Kruse et al. 1993) is a spectral classification that uses an n-
dimensional angle to match pixels to reference spectra. The
algorithm determines the spectral similarity between two
spectra by calculating the angle between the spectra, treating
them as vectors in a space with dimensionality equal to the
number of bands. This technique, when used on calibrated
reflectance data, is relatively insensitive to illumination and
albedo effects, since it is invariant to multiplication of sig-
natures by a constant. In operation, SAM compares the angle
between the end-member spectrum vector and each pixel
vector in n-dimensional space and selects the end-members
with minimum angle. Smaller angles represent closer match-
es to the reference spectrum. Pixels further away than a spec-
ified maximum angle threshold in radians are not classified.
The suitability of different maximum angles was tested in
the chlorophyll classification process.

Discussion

Image data and processing—Neither Hyperion nor ALI
was designed for awater environment. However, Brando and
Dekker (2003) have shown that Hyperion can be used to
map optical water quality (concentrations of chlorophyll,
CDOM, and suspended matter) in complex estuarine and
coastal systems. It has also been shown (Kutser et a. 2002)
that Hyperion can be used to map shallow-water benthic
habitat. Intensity of the signal in the bloom areas was more
similar to that of shallow-water habitats or even terrestrial
vegetation than to coastal waters. Thus, the Hyperion data
quality was higher and atmospheric correction of the image
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easier than it would have been in the case of clear oceanic
waters or CDOM-rich lakes, in which the water-leaving ra-
diance is low. Hyperion water reflectance spectra obtained
after atmospheric correction by FLAASH were similar to
those observed by different authors (Arst et al. 1996; Kutser
et al. 1997, 1998, 2001; Kallio et al. 2001) in the same study
area (the Gulf of Finland, Finnish and Estonian lakes) or by
other authors in optically similar water bodies (Dekker et al.
2001a,b; Pierson and Strombeck 2001). It alows us to as-
sume that the atmospheric correction was successful. It must
be noted that FLAASH is designed for land surfaces. There-
fore, the obtained water reflectance values may also contain
a certain amount of Fresnel reflectance. Nevertheless, the
water reflectance spectra obtained from the Hyperion image
using FLAASH were redlistic in shape and magnitude.

Atmospheric correction of the ALI image was performed
using atmospherically corrected Hyperion data and the em-
pirical line method. The first four ALI bands (450-515 nm,
525-605 nm, 630—690 nm, and 775-805 nm) were correct-
ed. It is generally assumed that water-leaving radiance is
zero in the near-infrared part of spectrum because of strong
absorption by water molecules. This makes the use of ALI
band 4 questionable in water remote sensing, as the reflec-
tance values in this band must be zero in case of water pixels
(excluding the Fresnel skylight reflectance). However, the
band 4 reflectance values contain useful information about
the surface scum, as will be shown later.

Different angles were used while classifying the Hyperion
image with SAM and the modeled spectral library. The angle
of 0.5 rad proved to be optimal, as some of the image areas
remained unclassified in the case of smaller angles, and the
classification results became noisy when larger angles were
used.

Soectral signatures of the cyanobacterial bloom—Some
reflectance spectra collected from the bloom area in the Hy-
perion image are shown in Fig. 3. The spectra are similar to
those measured in cyanobacteria cultures (Quibell 1992;
Richardson 1996) and in natural blooms from aboard a boat
(Jupp et al. 1994; Kutser et a. 1997; Schalles et al. 1998)
or using airborne spectrometers (Dekker et al. 1992; Jupp et
al. 1994).

Cyanobacterial blooms can be divided into three states
from the optical and remote sensing point of view. First of
al there is a state in which single cells or aggregations of
the cells are distributed relatively uniformly within the top
mixed layer of the water body. This state is the easiest to
handle from the remote sensing and water-sampling point of
view, as the flow-through systems on ships-of-opportunity
and water sampling from research vessels give adequate
chlorophyll concentrations. In calm weather conditions, the
aggregations of cyanobacteria floating near the water surface
form a dense souplike mixture. The subsurface blooms are
optically similar to those of submerged vegetation (Dekker
et al. 2001a), tidal mats (Paterson et a. 1998), or even dif-
ferent coral reef benthic habitats (Kutser et al. 2003). Typical
features in the reflectance spectra of waters dominated by
cyanobacteria are an absorption feature near 630 nm, caused
by phycocyanin (Dekker et al. 1992; Richardson 1996), a
peak near 650 nm, and high reflectance values near 700 nm.
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Fig. 3. Reflectance spectra of some pixels taken from the at-
mospherically corrected Hyperion image. The numbers in the leg-
end indicate concentrations of chlorophyll (mg m-3), as were clas-
sified by Spectral Angle Mapper and the modeled spectral library.
Reflectance values for the classes **1,024" and ‘‘Dry” are givenin
the right axis. *'Dry”” means that the Hyperion reflectance spectrum
is similar to the spectral library spectrum, which was modeled with-
out the absorption and backscattering by water molecules.

The later feature is also common in reflectance spectra of
other algee if they are present in very high quantities (>60
mg m~3; Quibell 1992). The peak near 700 nm, its height,
and its width are caused by the combined effect of high
backscattering and fluorescence from the algae in the red and
near-infrared part of the spectrum and exponentially increas-
ing absorption of light by water itself in the same spectral
region. Location and width of the peak are often used (Gi-
telson 1992; Dekker 1993; Jupp et al. 1994; Kallio et al.
2001, 2003) to estimate chlorophyll concentration in water.
Measured reflectance data (Quibell 1992; Kutser et al.
1997) and the Hyperion spectra (Fig. 3) show that there is
no peak near 650 nm in the reflectance spectra of cyano-
bacteria in the case in which concentration of chlorophyll is
less than 10 mg m~2 (reported maximum in the middle of
the Gulf of Finland during the 2002 bloom). The same mea-
surements have also shown that the peak becomes clearly
seen when the concentration of chlorophyll is between 30
mg m-2 and 50 mg m~3. Hyperion spectra are in agreement
with those results. Laboratory and in situ measurements
(Quibell 1992) with waters in which concentration of chlo-
rophyll is higher than 100 mg m~3 showed that in such cases,
the reflectance spectra were still typical for subsurface
blooms (peaks near 650 nm and 700 nm) but not for surface
scums (high reflectance aso beyond 730 nm). Schalles et al.
(1998) have found that reflectance spectra of an Anabaena
bloom, in which chlorophyll concentrations were between
120 and 280 mg m~3, were till typical to the subsurface
bloom and were similar to the Hyperion spectra that were
classified as waters in which the C,, values were up to 256
mg m-2. Thus, the shapes of Hyperion spectra are in agree-
ment with spectra measured by other authors, and the esti-
mations of Cg, are in the same concentration range with
laboratory data for concentrations up to 256 mg m-2.
Reflectance values remain high in the infrared part of the
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spectrum when the surface scums occur since the algae cover
the water surface and absorption by water molecules does
not play a significant role in the spectra detected by aremote
sensing instrument. Reflectance spectra of such scums have
been measured in the laboratory (Quibell 1992; Richardson
1996) and in the case of natural blooms (Quibell 1992; Jupp
et a. 1994). Similar reflectance spectra have been retrieved
from the Hyperion image (Fig. 3). This indicates that the
surface scum areas with high reflectance values in the infra-
red part of the spectrum can be separated from the subsur-
face bloom areas, in which reflectance values decrease with
increasing wavelength beyond 700-710 nm.

The scum is optically opaque. This means that remote
sensing sensors cannot get any information about water
properties below the scum. It is also quite difficult to esti-
mate chlorophyll content in the scum. Optical properties of
the scum are more similar to those of terrestrial vegetation
than that of water bodies. Vegetation indices, such as the
NDVI used in terrestrial remote sensing, or methods similar
to the spectral library approach, proposed in the current ar-
ticle for estimating chlorophyll concentration in the water,
can be used in an attempt to estimate chlorophyll, phyco-
cyanin, or particulate organic carbon concentrations in the
scum. However, more detailed knowledge about the bio-op-
tical properties of surface scums is needed.

Chlorophyll values measured in surface scums for which
reflectance spectra have been published vary between 350
mg m~2 (Jupp et al. 1994) and 894 mg m~2 (Quibell 1992).
Galat and Verdin (1989) have studied surface scums of No-
dularia in Pyramid Lake, Nevada, where they measured
chlorophyll concentrations of up to 9,790 mg m—23 (average
468 mg m~23) and cell densities of up to 3.5 X 10° cellsml 2.
Thus, the chlorophyll values in surface scums may be an
order of magnitude higher than the highest concentration
used in the present study. Unfortunately, Galat and Verdin
(1989) did not publish their reflectance data.

Optical properties of the scums may vary depending on
age of the scum as a result of photo-oxidation, heat, and the
rate of healthy versus decaying cells in the scum (Sellner
1997). Thus, the amount of chlorophyll in the surface scums
may vary dramatically depending on the age of the bloom.
Detailed analyses of optical properties of the surface scums
have to be carried out simultaneously with studies on the
development of the bloom before conclusions can be made
about the limits of remote sensing in quantitative mapping
of chlorophyll (phycocyanin, particulate organic carbon)
concentrations in surface scums. However, a similarity in the
reflectance spectra of surface scums detected by Hyperion
and in those measured by Jupp et a. (1994) and Quibell
(1992) indicate that concentration of chlorophyll in the Gulf
of Finland (in the areas where the surface scums occurred)
was at least approximately 300 mg m=3, rather than maxi-
mally 6-8 mg m~3, as was reported by autonomous measur-
ing systems on the ships-of-opportunity (Jaanus pers.
comm.) at the time of Hyperion image acquisition.

Our modeling results indicate that the area covered with
surface scums was relatively small compared to the areas in
which the cyanobacteria were below the water surface at the
time of the image acquisition. We aso estimated surface
scum areas in the ALI image using band 4 (775-805 nm).
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Fig. 4. A part (37.6 X 57.2 km) of a true color image of Ad-
vanced Land Imager (ALI) acquired on 14 July 2002 in the north-
western part of the Gulf of Finland. Areas in which presence of
surface scums was estimated using band 4 (775-805 nm) reflectance
values are shown in red. The Hyperion footprint seen in Fig. 5 is
indicated with the frame.

Potential surface scum areas (in which the band 4 reflectance
was higher than 5%) are indicated in red in Fig. 4. Visual
observations of the Hyperion and ALI images indicate that
the surface scum areas are actually larger. One of the reasons
for this is that the chlorophyll classes of 512 and 1,024 mg
m-3 were used as separate classes during the classification
process. Reflectance spectra of those two classes, however,
are similar to reflectance spectrum of the “DRY’’ class we
defined as surface scum. Data available with regard to sur-
face scums (Galat and Verdin 1989; Quibell 1992; Jupp et
al. 1994) also indicate that such high chlorophyll values oc-
cur only in surface scums. Thus, the actual area of surface
scums can be described by the sum of three classes: 512,
1,024," and ““Dry.” Another reason why part of surface
scum areas is not identified in the ALI and Hyperion images
is because of the spatial resolution of the satellites. For ex-
ample, the comblike structures that occur in both images are
most likely stripes of surface scum blown away from the
area in which the algae first surfaced. The width of those
structures is less than 30 m, and the resulting reflectance
spectra are mixtures of relatively clear water reflectance and
scum reflectance (i.e., they are similar to dense subsurface
bloom spectra).
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Finland and the zoom-in area with the ship track under investiga-
tion. Modeled spectral library and Spectral Angle Mapper with a
maximum angle of 0.5 rad were used to classify the image. Num-
bers in the legend indicate chlorophyll a concentrations in mg m-3
corresponding to each class. The transect across a ship track (thick
black line) and areas equal to 1 X 1 km and 240 X 270 m hypo-
thetical satellite pixels, used in the analysis, are indicated in the
zoom image. Size of the area shown in the Hyperion image is 7 X
42.3 km.

Depth of penetration—The main limiting factor for re-
mote sensing estimates of chlorophyll concentration of awa-
ter body is the depth of penetration at which the signal that
can be detected by a remote sensing sensor is originated.
The depth of penetration is inversely proportional to the dif-
fuse attenuation coefficient. The vertical attenuation coeffi-
cient for downward irradiance at the midpoint of the eupho-
tic zone, Kz, (the depth at which the downwelling
irradiance has decreased to 10% of its subsurface value) can
be calculated using the following formula by Kirk (1984):

1
Ki(Zio,) = —[@% + (0.473u, — 0.218ab]*? 8)
Mo
where a is the total absorption coefficient and b is the total

scattering coefficient. Our model enables us to calculate
K4(z,oe) @ccording to Eq. 8. Maximum depth of penetration
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(at wavelength around 580 nm) was 2.44 m when C,, = 1
mg m~2 and was just 12 cm when C,, = 512 mg m-2. Thus,
the layer in which most of the remote sensing signal is de-
rived is very thin in the case of a dense subsurface bloom,
and it is practically zero in the case of surface scums.

Spatial signatures of the cyanobacterial bloom—Cyano-
bacterial blooms are extremely patchy. This is seen in the
ALI image of the western part of Gulf of Finland (Fig. 4).
Cyclonic eddies, mushroom-shaped jets, and ship tracks are
the physical features clearly seen in the image. Northerly
winds have blown the surface scum away from the locations
at which the scum surfaced. This created the comblike struc-
tures near the places in which the surface scums occurred.
One can also observe that the bloom occurs in the middle
of the Gulf of Finland and that coastal areas are free of the
bloom.

Clear differences between ship tracks and surrounding ar-
eas indicate that the amount of cyanobacteria in the ship
track area is different from the surrounding bloom aress.
This is an indicator that the flow-through systems on ships-
of-opportunity cannot provide reliable estimations of phy-
toplankton in the water during cyanobacterial blooms. The
ships take water from a depth of ca. 5 m (Leppanen et al.
1995; Rantajarvi et a. 1998). The sample from this depth is
not correlated with the amount of cyanobacteria in the sur-
face layer detected by remote sensing sensors, especially in
the case of surface scums.

The same problem occurs when taking water samples
from research vessels. The vessel disturbs the water surface,
pushing the scum and subsurface aggregations away from
the ship. We have made attempts to drift into dense bloom
area to collect water samples from the locations in which
the surface scum occurred to get more representative esti-
mations of chlorophyll content than conventional (integrat-
ed) water samples provide. It was practically impossible to
collect water samples containing the subsurface aggregations
or surface scums from aboard a research vessel. Surface
scum and the subsurface aggregations tend to move away
from any water-sampling device. Even if some aggregations
or parts of scum are captured, they tend to stay in the sam-
pler, thereby reducing the concentration of chlorophyll mea-
sured in the laboratory. Surface scum samples can be col-
lected from a small boat (Galat and Verdin 1989). However,
lowering a boat from a larger research vessel during regular
monitoring cruises is often not possible as a result of tight
schedules. The standard procedure in monitoring the state of
the Baltic Sea (HELCOM, www.helcom.fi) is taking inte-
grated water samples. The concentration of chlorophyll is
even more diluted in the process. Thus, the amount of cya
nobacteria detected by a remote sensing sensor and the con-
centration of chlorophyll measured from water samples us-
ing standard sampling techniques are not comparable with
each other.

Variability in chlorophyll values within the bloom—The
chlorophyll map obtained from the Hyperion image using
the modeled spectral library and the SAM algorithm is
shown in Fig. 5. A few pixels were collected along a ran-
domly chosen transect perpendicular to a ship track to assess
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Fig. 6. Chlorophyll concentrations along a randomly chosen
transect across a ship track shown in Fig. 5. Distances are given
from the middle of the ship track.

the differences in chlorophyll concentrations between the
ship track area and the surrounding bloom. The variation in
chlorophyll along this transect is shown in Fig. 6. Chloro-
phyll concentrations in the ship track area were estimated to
be up to 8 mg m~3, a value that was typical for the open
parts of the Gulf of Finland at the time of image acquisition,
according to monitoring measurements (Jaanus pers.
comm.). Chlorophyll concentrations in the middle of the
Gulf of Finland measured from ferries traveling between Tal-
linn and Helsinki (a few miles east from the ALI image in
Fig. 4) were 6-8 mg m~3, close to the peak chlorophyll val-
ues (around 10-12 mg m-3) found in the open Baltic Sea
during cyanobacterial blooms (Rantajarvi et al. 1998;
Alg@line web page). These values are significantly lower
than the chlorophyll values obtained just outside the ship
track (up to 1,024 mg m—2 along the randomly chosen tran-
sect shown in Fig. 5). Thus, the chlorophyll values obtained
from the ship track area in the Hyperion image are similar
to monitoring data from the ships-of-opportunity. However,
those chlorophyll concentrations are up to two orders of
magnitude lower than estimated from Hyperion data just tens
of meters away from the ship track.

Most of the satellite sensors do not have a spatial reso-
lution that is comparable with the 30-m resolution of Hy-
perion. Marine remote sensing satellites (SeaWiFS, MERIS
reduced resolution) have spatial resolutions of approximately
1 km. Freely available MODIS Terra and Aqua data also
have 1-km spatial resolution for most of the bands. Two
MODIS bands have 250-m spatial resolution. MERIS full-
resolution data will provide information with nearly similar
(290 X 260 m) spatia resolution. Randomly chosen areas
were selected in the Hyperion chlorophyll map (Fig. 5) to
study the variability in chlorophyll concentrations that oc-
curs within a hypothetical 1 X 1-km pixel and a 240 X
270—m pixel. The areas were selected to mimic areal water-
sampling situation (i.e., they contain large amounts of pixels
from a ship track that would have occurred while sampling
from aresearch vessal). The results are shown in Figs. 7 and
8. Within-pixel variability in chlorophyll values is remark-
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Fig. 7. Concentrations of chlorophyll within arandomly chosen
1 X 1-km areain the Hyperion image (Fig. 5) that is approximately
equivalent to one pixel of MODIS spectral bands or SeaWiFsS full
resolution or MERIS reduced resolution (acquired routinely).

able in both cases. Taking the hypothetical pixels from the
bloom areas that are not disturbed by ships would have given
chlorophyll concentrations that differed even more from wa-
ter-sampling results.

The Hyperion image shows that the patchiness of cyano-
bacterial blooms and the coarse spatial resolution of most
satellite sensors are some of the reasons why quantitative
mapping of cyanobacterial blooms has been unsuccessful in
the case of satellite remote sensing. This is the main cause
of errors in chlorophyll estimation, if we assume that in situ
measurements can give us adequate chlorophyll values at
least for a small point within a satellite pixel. The rea sam-
pling situation in the case of using standard methods, how-
ever, indicates that it is practically impossible to collect wa-
ter samples that would be representative of the natural
conditions when subsurface aggregations of cyanobacteria or
surface scums occur. Ships and water samplers destroy the
natural structure of the bloom area unless specially designed
sampling procedures are developed and used (similar to Gal-
at and Verdin [1989], for example). Thus, the amount of
chlorophyll detected by a remote sensor will not be the same
as that measured from water samples, even if spatial reso-
lution of a remote sensing sensor is equal to the size of the
water sampler.

One of the problems related to interpretation of remote
sensing data is atmospheric correction. Current standard at-
mospheric correction procedures, developed mainly for
ocean waters, fail in the case of multicomponental waters
such as the Baltic Sea (Darecki and Stramski 2004). At-
mospheric corrections suitable for turbid waters have been
proposed (Hu et al. 2000), but they aso fail in the case of
the Baltic Sea (Reinart pers. comm.). It is not difficult to
understand why the atmospheric correction procedures fail
in the case of dense cyanobacterial blooms. It is assumed in
the atmospheric models that the water-leaving radiance is
zero in the near-infrared part of spectrum. Figure 3 shows
that this is not the case during cyanobacterial blooms. Pixels
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Fig. 8. Concentrations of chlorophyll within arandomly chosen
240 X 270—m area in the Hyperion image (Fig. 5) that is approx-
imately equivalent to one MODI S high-resolution pixel and MERIS
full-resolution pixel.

with high water-leaving radiance are often masked out as
measurement and atmospheric correction errors in Level 2
data products. For example, most of the bloom areas seen
in the Hyperion and ALI images (Figs. 2, 3) are masked out
in MODI S standard agorithm chlorophyll maps acquired 30
min later than the Hyperion and ALI images.

The results presented indicate that the concentration of
chlorophyll in cyanobacterial blooms is much higher than
has been reported by conventional water-sampling programs,
ship-of-opportunity measurements, and previous remote
sensing estimates. This is caused by the horizontal and ver-
tical structure of cyanobacterial blooms. Conventional water-
sampling programs and ships-of-opportunity cannot provide
reliable chlorophyll values, as it is assumed that the phyto-
plankton is uniformly distributed in the top mixed layer of
the water column. This assumption is true in the case of
other pelagic algae. Cyanobacteria, however, can regulate
their buoyancy and tend to move close to the water surface,
often forming surface scums. Research vessels destroy the
natural structure of the bloom and cannot provide true chlo-
rophyll values unless special precautions have been taken to
collect water samples with the subsurface accumulations and
surface scums. The real chlorophyll values in dense cyano-
bacterial blooms can only be estimated from remote sensing
data. This, however, requires detailed knowledge about op-
tical properties of the bloom, knowledge that is currently not
available.

The chlorophyll estimation accuracy in cyanobacterial
blooms by marine remote sensing satellites is limited as a
result of their coarse spatial resolution and the fine spatial
phenomena present in a bloom. Results of the current study
show that significant changes in chlorophyll concentration
occur even at asmaller spatial scale than the 30-m resolution
of Hyperion and ALI. Especialy when cyanobacteria sur-
face scums occur. Therefore, a single-point in situ measure-
ment is inadequate for validation of satellite chlorophyll es-
timates during cyanobacterial blooms.
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