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ABSTRACT: Water quality monitoring is an essential part of the monitoring
programmes of the North Sea countries, required by international regulations such as
the EU Water Framework Directive or the regional OSPAR Agreement (equivalent to
HELCOM in the Baltic). There is a special requirement to detect the spring mean and
maximum chlorophyll-a concentration, which are used as OSPAR Common Assessment
Criteria for determination of eutrophication status. The quality of surface water in the
Dutch coastal zone is currently monitored through periodical ship-based measurements
of a number of parameters at a network of fixed stations. However, representative spatial
patterns of water quality parameters cannot be produced using these traditional in-situ
sampling techniques. Parameters such as the concentration of total chlorophyll can
alternatively be measured using optical remote sensing.

Validation of this data is critical if end-user confidence in the resulting products is to
be achieved. Satellite data are collected at different spatial scales and invariably at
different times to the in situ measurements, so novel ways of comparing these different
data sources need to be examined.

We report on a method which is based on a comparison of both satellite and in situ
data (for a given year) with the long-term seasonal trend, derived from an analysis of a
10-year time-series of in situ measurements. A trend line with tolerance intervals is
constructed, accounting for seasonal variation, thus giving insight into the ‘natural’
variability of the system, at each measurement location. The in-situ measurements and
the remote sensing values are then compared with this trend line with respect to the bias
and the variance. Results are reported for the 2003 SeaWiFS (with appropriate turbid
water atmospheric correction) and MERIS data. These results provides the end-user
with essential information on the reliability and accuracy of such products.

1 INTRODUCTION

Various European environmental regulations (such as the Water Framework Directive,
OSPAR, and the forthcoming European Marine Strategy) require the monitoring of the
North Sea to record long term trends and potentially hazardous events. There is a special
requirement to detect the spring mean and maximum chlorophyll-a concentration, for
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the determination of the eutrophication status (OSPARCOM, 1995). The Dutch
Ministry of Transport and Public Works (Rijkswaterstaat) has maintained a continuous
monitoring programme since the 1970’s measuring many chemical and biological
parameters at a large number of sampling locations in both fresh water and marine
waters. Samples at the North Sea are taken along a set of transects, at several distances
off the coast, on either a two week (summer) or monthly schedule (see Figure 1).
Measured parameters include suspended matter and chlorophyll-a, and others such as
salinity, nutrients, organic contaminants and temperature. Remote sensing can
potentially provide useful information on chlorophyll and Total Suspended Matter
(TSM) concentrations. Here we focus on chlorophyll for the further investigation of
validation methodologies.

Although in situ data gives some insight into the annual cycle of chlorophyll, it
suffers from poor reproducibility, related to the natural variability at small spatial scales
(patchiness), combined with a significant temporal variability. In particular representa-
tive spatial patterns cannot be produced using traditional in-situ sampling techniques.

Remote sensing, however has the potential to deliver the relevant spatial information –
if the difficulties of measuring in the turbid and highly variable Case 2 waters of the
southern North Sea can be overcome. There has been considerable effort and progress
towards this goal in recent years, resulting in, for example, the production of yearly
atlases of total suspended matter based on SeaWiFS imagery (Van der Woerd and

Figure 1. Data is collected at the locations shown, along several transects, through the ship-

based in situ monitoring programme. From south to north, the transects are called: Walcheren,

Goeree (single point), Noordwijk, Terschelling, and Rottumerplaat.
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Pasterkamp, 2004) and, through a collaborative effort within the EC-FP5 project
REVAMP (Regional Validation of MERIS chlorophyll Products in North Sea coastal
waters), of chlorophyll based on MERIS imagery for 2003 (Peters et al. 2005).

The next challenge towards operational use is the incorporation of remote sensing
data in national routine monitoring programmes, including that of Rijkswaterstaat in the
Netherlands. An important pre-condition for successful incorporation is the validation of
remote sensing data. Although a large set of in-situ data is available with which to
validate, validation is not easy due to scale and temporal differences in measurement,
coupled with the highly dynamic nature of the environment.

Several papers (e.g. Cracknell et al. 2001) emphasise the need for concurrent in situ
sampling. Because of the rapidly changing conditions on the North Sea, remote sensing
and in-situ measurements are only directly comparable when sampled within a small
time window (�1 hour), unfortunately this is only rarely the case (Tilstone et al. 2004).
Using non-simultaneous, or even weekly/monthly in-situ data for validation yields many
more data points but adds validation uncertainty owing to time variation.

Recent attempts at validation have used time series of average monthly values to
compare 2002 SeaWiFS data (Dury et al. 2004) and 2003 MERIS data (Pasterkamp et al.
2005) with in-situ data for the 18 Dutch monitoring stations. By looking at time series,
random differences introduced by scale dissimilarity and a-synchronous sampling will,
to a certain extent, be averaged out (the more measurements, the better), and systematic
offsets can be investigated. But there will still be uncertainty and ambiguity in the
interpretation. For example there can be episodic increases in Chlorophyll concentration
during the summer of short duration – only a few days – so it is quite likely that such
events may be captured by either in-situ or satellite data, but not necessarily by both –
which makes it very difficult to be certain whether differences between remote sensing
and in-situ data are due to natural dynamics or inherent problems with the remote
sensing data.

In this study we develop a new approach that is based on a comparison of both
satellite and in-situ chlorophyll-a data (for a given year) with the long-term seasonal
trend, derived from an analysis of a 10 year period of in-situ measurements. A trendline
with tolerance intervals is constructed, accounting for seasonal variation, thus giving
insight into the ‘natural’ variability of the system (at each location). The in-situ
measurements and the remote sensing values are then compared with this trend line,
using a number of statistical measures, in order to provide more insight into the
reliability and accuracy of the remote sensing data.

2 METHOD

2.1 In-situ data

Samples are taken for measurement of chlorophyll along a set of transects, at several
distances off the coast, on either a two week (summer) or monthly schedule (see
Figure 1). The monitoring stations are listed in Table 1, Results section. Thus Walcheren
2 is the location 2 km offshore along the Walcheren transect. For brevity, in the text we
will refer to Walcheren 2 as W2, Noordwijk 10 as N10 and so on.
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2.2 SeaWiFS data

A previous study (Dury et al. 2004) demonstrated the sensitivity of the derived
chlorophyll to the atmospheric correction applied in Case 2 waters, and the importance
of correctly applying the MUMM turbid water atmospheric correction extension
(Ruddick et al. 2000). This was therefore applied as a first step.

The same study showed that the analytical algorithm applied performed no better
than the empirical algorithm, after applying the turbid water atmospheric correction
extension, so for now we continue to use the OC4v4 empirical algorithm. This is based
on an empirical maximum band ratio (MBR) determined by the maximum of RRS(443)/
RRS(555), RRS(490)/RRS(555) and RRS(510)/RRS(555).

2.3 MERIS data

Reflectance spectra of the MERIS level 2 data with reduced resolution were used. The
level 2 processing version is equal to the first MERIS reprocessing (November 2004). In
2003 an average of 38 cloud-free and good-quality MERIS observations was available
for any position in the southern North Sea.

With the HYDROPT (Hydrolight Optimization) model the MERIS data were
converted in a Matlab environment to concentration maps of suspended particular matter
and chlorophyll-a. The model also gives the estimated standard errors in the fitted
concentrations (Pasterkamp et al. 2005). The basic approach of the model is to
iteratively adjust the concentrations by minimizing the difference between a measured
MERIS reflectance spectrum in 8 optical bands (412 to 708 nm; the fluorescence band at
680.1 nm is excluded) and the reflectance spectrum generated by a forward model.

Table 1. The results of the regression model with seasonal and trend detection at the different
locations. The trend has been subdivided into a linear and non linear part. * indicates significant
effect (p<0.05). D¼ decreasing. An empty cell is a non-significant effect.

Location Abbreviation Seasonal test Linear Non-
trend test Linear test

WALCHEREN 2 W2 *
WALCHEREN 20 W20 *
WALCHEREN 70 W70 * *
GOEREE 6 G6 *
NOORDWIJK 2 N2 *
NOORDWIJK 10 N10 *
NOORDWIJK 20 N20 *
NOORDWIJK 70 N70 * *
TERSCHELLING 4 T4 * *, (D, �0.06)
TERSCHELLING 10 T10 *
TERSCHELLING 50 T50 *
TERSCHELLING 100 T100 * *, D, �0.06)
TERSCHELLING 135 T135 * * (D, �0.04)
TERSCHELLING 175 T175 * * (D, �0.05)
TERSCHELLING 235 T235 *
ROTTUMMERPLAAT 3 R3 * * (D, �0.06)
ROTTUMMERPLAAT 50 R50
ROTTUMMERPLAAT 70 R70
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The forward model is based on output of the Hydrolight radiative transfer code.
Hydrolight is a well documented (Mobley, 1994) numerical solution of the radiative
transfer equation, and is known for its accuracy and flexibility. The specific inherent
optical properties (SIOP) are defined as the absorption or scattering per unit
concentration of a certain constituent.

Because of the complexity of the North Sea system (currents, light limitation,
sediment origin), especially along the coast (riverine input, resuspension), it is difficult
to parametrise an optical model with locally measured SIOP alone. As an alternative, a
single optical model was parametrised that performs optimally for the Dutch coastal
zone (Pasterkamp et al. 2005).

2.4 The Model

In the period 1992-2002 ship-based measurements of chlorophyll have been taken
periodically every year. For most of the locations approximately 1 measurement per
month is available. The model that is implemented to describe the behaviour of the data
at each location is:

yit ¼ b0i þ
X3

j¼1

bji cos
2pt

j�91

� �
þ bðjþ1Þi sin

2pt

j�91

� �� �
þ eit;

i ¼ 1 . . . 19; no of locations

t ¼ 1 . . . 365; days per year

where yit is the log transformed value of Chl-a at the location i and time t. This
parameter appears to be lognormal.

The error of the residual of the log-transformed variables then satisfy: eit � Nð0; s2
i Þ.

The seasonal dynamics are described with the harmonic components (see Figure 2).
Given the logarithmic transformation y ¼ log xð Þ we have the following statistical

measures for x, the original values:

Mean ¼ yi ¼ exp
Xni

t¼1
yit=ni þ s2

i =2
� �

Median ¼ expðyiÞ

Coefficient of Variation: CVi ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
expðs2

i Þ � 1
p

,

where s2
i is the estimate of s2

i , the variance of the residuals at location i, for ni

observations.
Using the so-called prediction-intervals of the model, individual observations can be

assessed according to the predicted behaviour for each time period at each location. The
confidence of these intervals is set at 95%.

It is assumed that no systematic increasing or decreasing trend has taken place over
the 10-year period. This assumption has been tested, whereby evidence for a linear and
non-linear trend is examined according to the cubic model:

b0t að Þ ¼ a0 þ a1year þ a2year2 þ a3year3

This extended model is compared with the null-model b0iðaÞ ¼ a0
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Figure 2. Time series plots of chlorophyll-a from the different sources for the several locations.

The black line is the model outcome, 1992–2002; Value03¼ in-situ measurements of 2003,

MERIS03¼MERIS data of 2003 and SeaWiFS03¼ SeaWiFS values of 2003.
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2.4 Prediction Appraisal

Assuming that the 10-year averaged picture gives a good indication of the Chl-a seasonal
dynamics at a given location, it is possible to consider both the remote sensing values
and in-situ measurings as forecasts of this indicator. To assess this forecast there are
several statistical measures which are explained below. All measures are related to log-
transformed values.

The deviations of the measured values with regard to the model form the so-called
residuals:

êit ¼
ðyit � ŷitÞ

si

where êit is the standardized deviation of the value yit, the satellite observation at one
of the measuring locations and at time t,

and ŷt, the predicted value from the model, divided by the location specific standard
deviation si. Assuming that the spread is log-normal, the standardized residuals can be
used to ascertain to what extent the deviation is ‘normal’.

The prediction error SSE for location i is defined as:

SSEi ¼
Xni

t¼1

e2
it ¼

Xni

t¼1

ðyit � ŷitÞ2;

This measure is weighted with the number of available observations at the location,
so that the mean square error, MSE, per location is defined as:

MSEi ¼
Xni

t¼1

e2
it=ni ¼

Xni

t¼1

ðyit � ŷitÞ2=ni

The assumption is that the deviation around the expectation line (derived from the
historical data) for the three methods compared (ship measurements, MERIS, SeaWiFS)
is more or less similar.

The mean error (ME) or prediction-error has been defined as:

MEi ¼ 1
ni

Xni

t¼1

eit ¼ 1
ni

Xni

t¼1

ðŷit � yitÞ

The mean relative prediction-error (MRE):

MREi ¼ 100
ni

Xni

t¼1

eit=ŷit ¼ 100
ni

Xni

t¼1

ðŷit � yitÞ=ŷit

Towards operational use of MERIS and SeaWiFS data for water quality monitoring 581



The mean absolute error (MAE):

MAEi ¼ 1
ni

Xni

t¼1

jeitj ¼ 1
ni

Xni

t¼1

jŷit � yitj

The mean absolute relative prediction error (MARE):

MAREi ¼ 100
ni

Xni

t¼1

jeit=ŷitj ¼ 100
ni

Xni

t¼1

jðŷit � yitÞ=ŷitj

The correlation coefficient is defined as:

ri ¼
Covðyt; ŷtÞ
sðytÞsðŷtÞ

A refinement of the MSE measures is the Theil test, which normalises the MSE to the
level of the value to predict, according to:

Ui ¼
ffiffiffiffiffiffiffiffiffiffiffi
MSEi

p
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
ni

Pni

t¼1

ŷ2
it

s :

Low values indicate a good agreement, high values a bad agreement.
This can be further sub-divided into three components, UM,US, and UC, with:

UM
i ¼

1
ni

Pni

t¼1

ŷit � 1
ni

Pni

t¼1

yit

� �

MSEi

2

;

US
i ¼
ðsa � sf Þ2

MSEi

;

UC
i ¼

2ð1� rÞsasf

MSEi

;

with UM þ US þ UC¼ 1.
where:
UM is indicative of the bias of the prediction.
US reflects to what extent the variability of the prediction (indicated with subscript f)

corresponds to the actual values (indicated with subscript a). Since the latter is already a
model result, this indicator is smoother than the ‘real’ values.

UC shows what remains after correction of the signal for bias and variation.
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3. RESULTS

3.1 Data

Chlorophyll-a was logarithmically transformed to obtain a more symmetrical
distribution.

For the Rottumerplaat transect only in-situ measurements over approximately
7 months of the year are available from day 100 until day 300.

3.2 Trend analysis

For the use of the model the assumption is that in the decennial period no important
systematic changes have acted.

This is important because we want the model to be used as a reference for the
comparison of the 2003 measurements. The determination of a realistic tolerance
interval around prediction values for the 2003 measurements is essential for the appraisal
of the plausibility of the measurements derived from satellite observations.

The Likelihood Ratio test can be used to examine if there is evidence of a trend. An
overview of the results is given in Table 1. At virtually all locations there is evidence of a
seasonal impact, and at five locations of a similar decreasing linear trend. Over the past
ten years the concentration at these locations has decreased by between 33% – 45%.
Only at Walcheren 70 and Noordwijk 70 there is evidence of a non linear trend, where it
can only be indicated that at these locations there is a change, which is other than just a
linear one. For the Terschelling transect and Rottumerplaat 3 the assumption of no
change is therefore not correct.

An adaptation of the model is therefore necessary for these locations, for which a
new estimate of 2003 can be made with the inclusion of the trend. This also must apply
to the locations with a non-linear trend.

3.1.3. Comparison of In-situ, MERIS and SeaWiFS data.

Figure 2 shows how the data from several sources for the year 2003 at the different
locations compared with respect to the model. During the season the model shows a peak
in spring at most of the locations, which corresponds with the spring bloom. At a number
of locations an autumn bloom is also clearly perceptible. In the winter the chlorophyll
concentration at all locations is lowest.

A few observations on the basis of a visual inspection of Figure 2:

* SeaWiFS seems to have more problems for the low values in the spring (day number
<100) and in the autumn (day number >300).

* MERIS also shows this deviation at the locations N2 and N10.
* Both satellites observe an unusually late bloom after day no. 300 at W2, G6, N2, 10

and 20, and T4, 10 and 235. This bloom is also observed by the in-situ observations, so
the satellite observations confirm this exceptional event. SeaWiFS notably records a
longer bloom than MERIS.

For further investigation of the data sets the median, mean and the coefficient of
variation of the data at all locations are show in Figure 3, as well as the correlation
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between the measurements from the various sources and the prediction on the basis of
the historical data. The order of the locations in the graph has been chosen such that the
consecutive transects run from south to north and along each transect progressively
further offshore (See Table 1 for the abbreviations).

Figure 3 shows that the Median values of the several methods are similar. The highest
values are found near the coast. The values of SeaWiFS are systematically higher for the
coastal locations. Only for Rottumerplaat 3 (R3) are the in-situ measurements and model
values higher than for the satellite values.

The Mean values for the in-situ measurements show- another picture. The remote
sensing images are similar, but the in-situ measurements along the coast of Zeeland (W2

Figure 3. Graphical display of the comparitive statistics: Median, Mean, Coefficient of
Variation and correlation, for Chlorophyll-a at the different locations for the various
methods of measurement. In the legend ‘History’ refers to the 10 year in situ data set used
as input to the model. NU on the y-axis refers to ‘no units’.
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and G6) lie significantly higher, which probably indicates a higher variation in the
ship-based measured values

The Coefficient of Variation (CV) in the data of the in-situ measurements is higher
than that obtained from the remote sensing images. The highest variation is found along
the coast, according to the model and in-situ measuements. The low values on the
Rottumerplaat transect are caused because only the growing season is available. High
CV values for R50 and R70, are caused by one value on both stations.

The correlation between calculated model result and in-situ data is highest for
virtually all points. MERIS performs better than SeaWiFS (except for the Rottumerplaat
transect). For SeaWiFS it is striking that these perform badly for W2, N2, 10, and 20, T4
(also for in-situ), T10, T50 (also for MERIS) and T175.

From Figure 4 it is clear that SeaWiFS commonly over-estimates (ME<0), except on
the Rottumerplaat transect. The result of the MERIS data is more similar to the in-situ
data, with a larger over-estimate at N2.

This picture we see again in the relative error MRE which is especially high for
SeaWiFS for G6 and T50. MERIS has difficulty with T10.

For the absolute error MAE the measurement systems are similar, with outliers at N2,
T4, and T50.

The relative absolute errors MARE of both MERIS and the in-situ data are similar,
with the exception of T10. SeaWiFS has difficulty with G6, N2, T10, T50 and T100.

From the plots of Theil statistics (Figure 5) the lowest value (therefore the best
forecast) is found on the locations along the Zeeuwse (W2-G6) and Dutch coast (N2-
N70), and SeaWiFS performs somewhat less well than the MERIS and in situ data. The
Terschelling transect gives more problems.

UM1 in Figure 5 shows the degree of bias UM. These are in general lower for the in-
situ data. For a number of points on the Terschelling transect (100 and 135) the model
appears to give too low a value.

The degree of variability US is similar for the three methods. Striking differences are
for: W70 (in situ, more variation than expected), N10 (SeaWiFS and MERIS, more
variation), T175 (MERIS and in situ) and R50 and 70 (in situ, MERIS and SeaWiFS).

The UC1 in Figure 5 shows the rest of the Theil value, UC, after correction for the
bias and the variability. The in-situ signal on the Noordwijk transect shows a similar
picture to the model. The Walcheren, Terschelling and Rottumerplaat transects show
developments which deviate from the ‘smooth’ model results. A similar picture we see
again in the satellite images, where the behaviour is more peaked.

4 DISCUSSION

Remote sensing can potentially provide useful information on the spatial variability of a
key water quality parameter, chlorophyll-a concentration. However before such data is
incorporated into the Dutch operational monitoring programme, it must be thoroughly
validated. Validation is not easy due to scale and temporal differences in measurement,
coupled with the highly dynamic nature of the environment.

Many validation studies focus on a direct comparison, which is usually ineffective
because of time and location constraints. Furthermore, scaling issues (pixel area, depth
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integration, etc) result in additional ambiguity. Constraints on achieving near-simultaneity
(e.g. within one hour) between satellite and sea-borne measurements reduce acceptable
‘‘match-up’’ validation data to a very small number of points. Use of non-simultaneous,
weekly/monthly averages of situ data for validation yields many more data points but adds
validation uncertainty owing to time variation, as it is often not possible to determine
whether differences between remote sensing and in situ data are more likely to be the result
of natural dynamics or inherent problems with the remote sensing data.

In this study we have attempted to reduce the effect of this uncertainty by
constructing a model to quantify the knowledge of what is likely to happen in a given
year, based on past evidence. In this way the marked seasonal differences in both
chlorophyll concentration (confirmed in Table 1) can be quantified and used as a

Figure 4. The deviations of the three methods of chlorophyll measurement, with respect to the
model results, calculated with various statistical measures.
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reference to compare not only the satellite data, but also the corresponding in-situ data
for the same period. By examining the deviations from the expected behaviour, we can
identify whether one – or both - of the methods is yielding unusual results, and whether
such deviations are likely to be systematic, either in terms of bias or variation. This can
be used to determine if such deviation occurs only for the remote sensing data, implying
an underlying problem with this source of data. This gives the end-user clearer
information as to the relative performance of the satellite data.

Two of the assumptions for the model are found to be incorrect, and will necessitate
some further fine-tuning. Firstly, the model assumes that for the whole year the
variability around the expectation line is more or less constant. However it is clear that
the variability for chlorophyll is greater in the growing season than in the winter. In the

Figure 5. The Theil prediction statistics for the three methods of chlorophyll measurement.
(see text for further description)
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future the model will be extended to take into account the varying seasonal variation.
Secondly, the model assumes that there is no trend occurring in the parameter
concentrations at any of the locations over the 10 year period of data used to construct
the model. This was found to be not true for a number of locations (see Table 1), where
there was a gradual decrease in concentrations determined. This would imply that the
‘average’ calculated by the model will be slightly higher than it should really be at
these locations, and that the prediction intervals will be a little wider than necessary.
More recent in situ and satellite chlorophyll-a measurements are therefore likely to
appear to be slightly under-estimated.

For chlorophyll-a the annual averages (both median and mean) appear to have been
calculated well by all three methods. SeaWiFS over-estimates more than in-situ or
MERIS. The variability of satellite observations are on the other hand lower than those
of the ship measurements. Partly this has do with over-estimate by both systems of the
lower values occurring in winter/spring (for example at Noordwijk 2 and 10). If we look
at the correlation between the model result and the signal, then SeaWiFS appears to
perform less well than MERIS or in situ data. For both satellites Terschelling 50 is a
difficult location. This location is known to be affected by the East Anglian plume, a
plume of sediment originating from the Thames estuary, which may have a quite
different set of spectral properties, and thereby affect the performance of the algorithms
employed. Moreover SeaWiFS also clearly has difficulty with Walcheren 2, Goeree 6,
Noordwijk 2 and 10 and Terschelling 10, 175 and 235.

Previous studies have shown that for Case 2 waters the conventional blue-green band
ratio algorithms fail (De Cauwer et al. 2003). The most accurate methods to obtain chlo-
rophyll-a from reflectance spectra are based on analytical algorithms. As well as improving
the quality of the analysis, analytical algorithms reduce the necessity for individual
calibration of each image. Analytical algorithms do, however, have to be parameterized
and calibrated using (averaged sets of ) in situ measured inherent- and apparent- optical
properties, which can incur extra costs. Further studies will examine whether the SeaWiFS
chlorophyll estimations are improved by using an analytical algorithm.

At the Terschelling transect the 2003 chlorophyll in situ data appears to be over
estimated in comparison to the model result, but this is backed up by evidence from
both the satellite sensors. The relative deviations of in situ, MERIS and SeaWiFS
images lie in the order of 15–20% with some outliers of above the 30% (at three
locations for SeaWiFS and one for MERIS). Since the trend detected for the 10 year
data was a decreasing trend, one might have expected under-estimates. The fact that
we see over-estimates (by all three methods) suggests that at these locations the trend
was reversed for this year.

An additional value of using both remote-sensing images and in situ data becomes
clear with respect to a bloom in November of 2003 at several points (Walcheren,
Goeree, Noordwijk and Terschelling). If for this year we had only looked at the in situ
data, then these high values would probably have been discounted as improbable
outliers, since they lie outside the ‘normal’ limits of this month. However both satel-
lite sensors also register this bloom and give corroborating evidence, as well as
additional information concerning the commencement and the end of the bloom
period. The observed concentrations of SeaWiFS however are probably still somewhat
over-estimated.
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It is clear from visual inspection of the time series graphs that both satellite sensors
have difficulty with chlorophyll estimation during the winter/spring (day number <100)
and the autumn (day number>300), for the Noordwijk transect and Goeree 6. In general
SeaWiFS has more difficulty with this period, especially at the near-coast locations, than
MERIS. This phenomenon is possibly related to the greater challenge in achieving a
reliable atmospheric correction in the winter months.

5 CONCLUSIONS

Episodic increases of short duration in Chlorophyll concentration frequently occur in the
Dutch coastal waters, and may therefore be missed by either the ship-based in situ
measurements or satellite observations, thus adding ambiguity and complicating the
interpretation of validation results obtained by comparison of simple time series
averages of the satellite and in situ data.

This method described here deals with the problem of validating remote sensing data using
in-situ data obtained non-simultaneously. It is based on a comparison of both satellite and
in situ data (for a given year) with the long-term seasonal trend, derived from an analysis of
a 10 year database of in-situ measurements. A trend line with tolerance intervals is con-
structed, accounting for seasonal variation, thus giving insight into the ‘natural’ variability of
the system (at each location). This is used as a reference to assess new in situ and remote
sensing data. Results are reported for the 2003 in-situ, SeaWiFS and MERIS chlorophyll data.

Several statistical measures are used to assess the deviations, or ‘errors’, of all three
methods, compared to the expected values represented by the calculated trend line. This
enables the user to make better informed judgments on the comparison of the
asynchronous data sets, including the extent of bias and variation for each method, per
location and time period.

If there is systematic departure for both in-situ and remote sensing data, it is likely
therefore to be the result of natural processes, but if only the remote sensing data is
shown to deviate from the expected values, we can more confidently assume that there is
an inherent problem with this data.

The model can be further improved in two ways: i) extending the model to take into
account the varying seasonal variation (e.g. chlorophyll concentrations show greater
variation in the growing season) and ii) accounting for trends identified in the historical
data set. The model takes into account only seasonal changes and not (yet) systematic
changes over the 10 year period.

In addition to the extended spatial cover afforded by the remote sensing data, the
combination also provides an increased temporal cover, and the satellite data can
improve the plausibility checking of the in situ data. This is demonstrated with the
unusually late chlorophyll blooms in 2003, picked up at some locations by the in situ
data and corroborated by the satellite data.

Acceptance limits for the suitability of SeaWiFS or MERIS have still to be
determined. Further refinement of the model and more testing on at least one more years
worth of observations will be undertaken, and it is anticipated that this will then provide
a suitable basis to form judgements concerning the absolute reliability (validation) of
satellite observations of these parameters.
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