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Abstract: This study investigates and analyses the possibility of cyanobacteria bloom detection as a case study in the Gulf of Finland
and southern Finish lakes. The results show that MODIS data are difficult to be used in cyanobacteria bloom early warning. The main
reason is that MODIS data are more suitable for CASE I waters as there are five bands in the spectral region of 400-550nm. However,
for CASE II waters (estuary, coastal, and lakes), the maxima of reflectance spectra are shifting towards longer wavelengths with
increasing turbidity or increasing amount of CDOM. This suggests that the reflectance maximum in coastal waters often occurs in the
spectral range of 550-670nm where MODIS data do not have any spectral bands. In contrast, MERIS data have three bands of 560,
620, and 665nm at the spectral region of 550-670nm. The two bands at 620nm and 665nm are potentially important bands of
detecting cyanobacteria bloom of the coastal waters (and/or lakes). The reason is that there are the phycocyanin absorption near
630nm and a reflectance peak near 650nm. In fact, MODIS and MERIS data are unlikely applicable to warn potentially cyanobacteria
bloom in its early stages, but able to monitor the already formed blooms. This methodology of satellite-based observations can be
applied to detection and monitoring of cyanobacteria bloom in Lake Taihu and coastal regions of China.
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摘

要: MODIS-Terra 和 MERIS 数据被用于芬兰湾蓝藻水华的监测, 并对两者的性能进行了比较. 研究结果表明: MODIS-Terra

波段设置主要针对一类大洋水体, 缺乏预警藻蓝素的有效波段; MERIS 传感器设置了 620nm 和 665nm 波段, 基本对应藻蓝素
的吸收峰(630nm)和反射峰(650nm), 具有蓝藻水华探测的潜力, 但在藻华未成型之前, 海岸带水体不同优势藻类具有相似的
叶绿素特征, 较难辨别蓝藻水华. 总的来说, MODIS 和 MERIS 数据比较困难实现蓝藻水华初期预警, 但可以有效监测已成型
的蓝藻水华. 这一方法可以用于中国太湖或者海岸带水体藻华探测和监测研究.
关键词: 蓝藻水华; 卫星观测; 海岸带水体; 内陆湖泊

In recent years, blooms of autotrophic algal and some heterotrophic protists are increasingly reported in
the coastal areas and some large lakes in the world and collectively formed as harmful algal blooms(HABs)[1].
These blooms are always attributed to two major factors. One is natural process such as circulation, upwelling
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relaxation, and/or river flow. The other is eutrophic status resulted from anthropogenic loadings. Although the
latter is usually considered as the main reason of all blooms, it is not the case in many instances. In addition, it
is commonly accepted that occurrences of these phenomena are increasing over the world’s oceans, but the
reasons for this apparent increase remain debated and include not only eutrophication but also increased
observation efforts in coastal regions, including some large lakes.
Among these algal blooms, cyanobacteria are potentially one of the most interesting organisms in ecological
and phycological studies. They are not only the oldest organisms on the planet, but also very important
primary-producers. Many of them are potentially toxic, and are often nuisance organisms as candidates for
aquatic algal blooms. Therefore, massive blooms of cyanobacteria attract the attention of environmental protection
agencies, water authorities, and human and animal health organizations because cyanobacteria can cause a
range of amenity, water quality and treatment problems. The issue of cyanobacteria bloom is especially serious
in coastal regions of the Baltic Sea and inland lakes in Netherlands and Spain.
Water quality monitoring in coastal regions and lakes using remote measurements at visible and
near-infrared(VNIR) wavelengths has been lasted over three decades since the 1970s. Literature suggests that
remote sensing technology is able to provide an alternative means for obtaining relative cost, simultaneously
information on water quality conditions from coastal waters and in land lakes. Satellite remote sensing is a
valuable tool in obtaining information on the processes taking place in the surface of sea and coastal waters. A
major advantage of satellite observations over traditional measurements of algal blooms is to provide spatial
and temporal domain of their characteristics and distributions. With currently advanced satellite data(e.g.,
MODIS and MERIS), a large number of variables concerning water quality conditions such as
chlorophyll.a(Chl.a), total suspended matter (TSM), yellow substance, turbidity, eutrophication, salinity and sea
surface temperature (SST) could be observed on a regular basis[2-3]. Although remotely sensed data can provide
the synoptic information of surface water quality in coastal regions and lakes, its quantitative use is still a hard
task in the study of water quality estimation[4].
There has been a lot of research on algal blooms since the 1960s. They were traditionally studied and
performed by taking ship-borne water samples and analysing the samples in the laboratory and/or by doing on-site
measurements. However, in order to establish the relationships of optical characteristics and the information of
water quality conditions in coastal regions and lakes(CASE 2 water), it is necessary to simultaneously measure
spectral information and water sampling in the field for the seasonal and yearly cycles in the study area.
The aim of this study is to estimate whether the spectral resolution of multispectral sensors is adequate for
quantitative mapping of cyanobacteria, to evaluate the possibility to separate potential harmful cyanobacteria
bloom from algae blooms using currently advanced sensors. A
bio-optical model is used to simulate just above the water surface
reflectance spectra for two different waters and different Chl
concentrations. The spectra were re-sampled to spectral resolution
of current satellite sensors to be able to answer these mentioned
questions.

1 Study Area
The study area is loacted in the coastal regions of Finland
and southern Finnish lakes(Fig.1). The Gulf of Finland in the
Baltic Sea is relatively shallow, with a mean depth of 38m and a
Fig.1 The study area in the coastal region of
Finland and Finnish lakes

maximum depth of 123m. The total water volume is about
1130km3. The surface area (29600km2) is small compared with
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the catchment area (421000km2). The incoming river discharge is about 110km3/year. In the easternmost part of
the Gulf the salinity is very low because of the fresh water of the River Neva. The average salinity on the
surface is close to 0.6% in December and 0.3%-0.6% in June. The Gulf is also saline stratified and in summer
temperature stratified. In general, most of the Gulf is nitrogen limited, but the inner Neva estuary is phosphorus
limited. Therefore, the factors causing increased light attenuation such as organic matter, phytoplankton, and
suspended sediments vary temporally as well as spatially [5].

2 Optical remote sensing of water
2.1 Spectral measurements
Optical remote sensors receive the signal of some portion of the upwelling radiance Lu (λ) emerging from
the water surface (or water leaving radiance Lw (λ)) and additional radiance from atmospheric scattering (or
skylight spectral radiance Lsky (λ)). Therefore, the water leaving radiance will necessarily affect the estimation
of water quality variables from remote sensing observations. Water leaving radiance is a function of solar
intensity and angle with the time and the inherent optical properties (IOPs) of the water. IOPs are independent
of the intensity and geometry of the incoming radiation, but vary in relation to the concentrations of dissolved
and suspended materials in the water [6].
Remote sensing reflectance Rrs (λ) is the ratio of upwelling radiance Lw (λ) leaving a water body to
downwelling irradiance Ed (λ) impinging on the water body[2]
L (λ )
Rrs (λ ) = w
Ed (λ )

(1)

(1)

The remote sensing spectra reflectance Rrs (λ)[7-8] is deduced from the following three-step measurements
carried out on the ship-side exposed to the sun:
1)The spectral radiance Ld (λ) reflected from the total (sun+sky) downwelling radiance, obtained with the
detector head pointed on a reflectance spectral standard plate with a reflectance factor Rp (λ) between
400-900nm;
2)The spectral radiance of the water surface Lu (λ), measured at about 2m above the surface with the same
detector pointed downward towards nadir (vertically). This operation is repeated about 10 times;
3)The skylight spectral radiance Lsky (λ) measured with the same detector pointed vertically towards the sky.
The water leaving radiance Lw (λ) is calculated as follows[4]:
Lw (λ)=Lu (λ) –ρLsky(λ)

(2)

where the ρ value is related to the water surface Fresnel reflectance, which can be usually regarded as nearly
0.02 for angles less than 30o[4].
On the other hand, downwelling irradiance Ed (λ) above the water surface is derived from the radiance Ld (λ)
reflected from the reflectance spectral standard plate [4]
Ed (λ)= πLd (λ) /Rp(λ)

(3)

During the field spectral measurements, some spectra were eliminated based on the following criteria:
1)Spectra with negative values between 400nm and 700nm; 2)Spectra not similar to others recorded at the same
station; 3)Spectra whose shape is similar to the sky radiance.
2.2 An inverse model from reflectance spectra
Remote sensing technology for watercolour detection is more and more sophisticated with new satellite
sensors. With the advanced sensors, new algorithms and specific processing are required to interpret the sensor
signal and to quantify dissolved and particulate matter distributed near the water surface[9]. Water colour can be
quantified from remote sensing reflectance spectra in situ measurements and from radiance data recorded by
satellite sensors. Reflectance spectra vary in terms of two inherent optical properties (IOPs), light absorption
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(coefficient a(λ)) and light backscattering (coefficient bb(λ)). This quantity is relatively independent of
illumination and has often been approximated as an empirical function of two IOPs of natural waters[10]
bb ( λ)
R ( λ) = f
a ( λ) + bb ( λ)

(4)

where: bb(λ) is the backscattering coefficient; a(λ) is the absorption coefficient; λ is the wavelength; f is an
empirical coefficient and here with 0.083.
Clearly, the relationship between the water IOPs and radiance reflectance shows that (a) the radiance
reflectance is greater if the backscattering is greater, and (b) the radiance reflectance is lower if the absorption
is greater.
Water reflectance is the actual fraction of incident light reflected from the subsurface of water mass. It is
neither the surface reflectance, nor the radiation assessed through land-based features and the surface
temperatures measured in the IR bands. These inherent difficulties in watercolour remote sensing create a very
complicated problem in algorithm development[11].
Considering optically active matter in the eutrophic water, the two coefficients(a(λ)) and (bb(λ)) vary in
terms of type and concentration of particles and biological detritus. The biological detritus is assumed to be the
component of suspended sediment and heterotrophic organisms. Therefore, the total a(λ) and bb(λ) can be
separated into the sum of the following elementary coefficients: pure water (w), phytoplankton (p), suspended
particles (s), heterotrophic organisms (h) and yellow substance (y)[12-15]
a(λ)=aw(λ)+ap(λ)+ay(λ)+as(λ)+ah(λ)

(5)

bb(λ)=bbw(λ)+bbp(λ)+bbs(λ)+bbh(λ)

(6)

From Equation(4), (5) and(6), the following equation can be obtained
R (λ ) = 0.083

bbw + bbp + bbs + bbh

(7)

a w + a p + a y + as + a h

The absorption and backscattering coefficients are converted to specific absorption and backscattering
coefficients, a* and bb*, respectively
a*=a / < i > and bb*= bb / < i >

(8)

where <i> is the concentration of the variables.
Transformed Equations(7) and (8) at a given wavelength can be expressed as
R (λ ) = 0.083

X h Bh (λ ) + X p Bp (λ ) + X s Bs (λ ) + Cw (λ )
X h Ah (λ ) + X p Ap (λ ) + X y Ay (λ ) + X s As (λ ) + Dw (λ )

31 linear equations are obtained from transformed equations

αp1Xp+αs1Xs +αy1Xy=β1 (1: 400nm)
αp2Xp+αs2Xs +αy2Xy=β2 (2: 410nm)
αp3Xp+αs3Xs +αy3Xy=β3 (3: 420nm)
αp31Xp+αs31Xs +αy31Xy=β31 (31: 700nm)

}

(9)

(10)

where αji =RiAji-0.083Bji and j is p, s, h and y, respectively. i means band number.
βi=0.083(Cwi+XhBh)-Ri(Dwi+XhAh)

(11)

where Ri is the remote sensing reflectance at a given band number (i), Aji is the specific absorption coefficient
for 4 components (j=1-4) at a given band number (i=1-31). Cwi and Dwi are the backscattering and absorption
coefficients of water at a band number i.
For the heterotrophic cell density value, a number “zero(0)” was entered as an initial value in the Equation
(11). Equation (10) can be converted to matrix form as follows:
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α y1 ⎤
⎡ β1 ⎤
⎡X ⎤
α y 2 ⎥⎥ ⎢ p ⎥ ⎢ β 2 ⎥
Xs = ⎢ ⎥

(12)
• ⎥⎢ ⎥ ⎢ • ⎥
⎥ ⎣⎢ X y ⎦⎥ ⎢ ⎥
αs 31 α y 31 ⎦
⎣ β 31 ⎦
the least square solution for linear equations. This means that the
•

inverse matrix of [α] is required for the final solution. Since [α] is not a square matrix and there is no inverse of
[α], the matrix [α] can be changed to a square matrix by the transpose of [α]. Therefore, a general solution can
be expressed as:

[X ] = [α T α ]−1 [α T β ]

(13)

In the case of eutrophic water where one species of phytoplankton is dominant, the above precision of
matrix solution can be changed with the specific optical values used in the model. We examined the optical
values of species in the eutrophic waters in the inverse model to find out the best matching Rrs spectrum
comparing with reconstructed remote sensing reflectance spectrum with the above solutions and in situ
measurements [16].
In situ measurements are often used to obtain empirical relationship between particle concentrations and
reflectance spectra[12]. These relationships may then be used to quantify phytoplankton and mineral particles
from satellite data, after atmospheric corrections. As a contribution to this effort, in situ measurements and a
simple test were carried out in the coastal regions of Finland and Finnish lakes. Reflectance measurements were
carried out just above the water surface. This is because high turbidity currently observed in the coast causes a
very quick decrease of light below the water surface and underwater measurements in such conditions require a
specific instrument that was not available during these measurements.

3 Results and discussion
Reflectance spectra were measured and applied by using the inverse modelling to analyse the optical
properties for the coastal waters and Finnish lakes. These spectral measurements were re-sampled to
MODIS-Terra and MERIS bands, respectively. Figure 2 gives an example of MODIS-Terra imagery to show
that MODIS data are incapable of identifying and/or determining cyanobacteria bloom, and also not possible of
separating waters dominated by cyanobacteria from waters dominated by other algae species. The probable
reason is that MODIS bands are more suitable for CASE I waters as its five bands are in the spectral
wavelengths of 400-550nm. However, for CASE II waters (coastal waters and lakes), the maxima of
reflectance spectra are always shifting towards longer wavelengths with increasing turbidity and/or increasing
amount of CDOM. This implies that the reflectance maximum in coastal waters and lakes often occurs in the
spectral range of 550-670nm where MODIS data do not have spectral bands. Therefore, MODIS data cannot
provide any more information from the wavelengths of 550-670nm to detect cyanobacteria bloom.
In comparison, MERIS data have three bands of 560, 620, and 665nm at the spectral region of 550-670nm.
Figure 3 show an example of cyanobacteria bloom detection in the Gulf of Finland. It is clear that two bands at
620nm and 665nm of MERIS data are potentially important bands of detecting cyanobacteria bloom of the
coastal waters (and/or lakes) because there are the phycocyanin absorption near 630nm and a reflectance peak near
650nm. In addition, the bands such as 681nm and 708nm of MERIS data are probably potential to detect the high
amount of phytoplankton since they are chlorophyll-a absorption feature and reflectance spectral peak, respectively.
However, reflectance spectra of coastal waters with different dominant algae species are quite similar for
chlorophyll concentrations below the limit value of algal blooms. Therefore, MERIS data are unlikely applicable
to warn potentially cyanobacteria bloom in its very early stages, however, able to detect the already formed
blooms. Further studies are still needed to investigate the capability of cyanobacteria bloom in its later stages.
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Fig.2 An example of MODIS-Terra data
in the Gulf of Finland

Fig.3 An example of cyanobacteria bloom from
MERIS data
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