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Abstract

Ocean-colour remote sensing provides high-resolution and global-coverage of
chlorophyll concentration, which can be used to estimate ecological indicators and to
study inter-annual and long-term trends in the state of the marine ecosystem. To date,
the record of ocean-colour observations is a rich one, including data from a number of
sensors spanning more than three decades. The ESA Ocean-Colour Climate Change
Initiative has advanced seamless merging of ocean-colour observations from missions
during the period 1990s to 2010s. However, comparison of these more recent
observations with records from 1970s to 1980s remains a complex undertaking,
particularly for absolute values of chlorophyll concentration, primarily due to
differences in the sensors. A further impediment to the analysis of the past records is
the non-uniform distribution of gaps in the observations, in both time and space
dimensions, when data from two or more sensors are compared. Here, we use the
CZCS gap distribution from the Coastal Zone Color Scanner (CZCS, 1978-1986) as a
mask to evaluate the impact that missing data may have on the estimation of six
ecological indicators, when using the Sea-viewing Wide Field-of-view Sensor
(SeaWiFS) data set. Specifically, we evaluate the precision and accuracy of indicators
by computing the root-mean-square-error (RMSE) and the bias arising purely from
missing data. We develop an original resampling method allowing comparison of
indicator estimates between SeaWiFS reference time-series and SeaWiFS time-series
with CZCS-like gaps. We reduce some of the sampling gaps by applying a linear
interpolation procedure, and compute multi-year averages of the indicators for every
one-by-one degree pixel where sufficient data are available. Indicators from SeaWiFS
reference and SeaWiFS with CZCS-like gaps are compared. Lowest uncertainty

arising from missing data is observed in the indicators of annual mean and median
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chlorophyll concentration (global mean RMSE of 8% and |bias| < 1%), while higher
uncertainty is recorded for the peak chlorophyll values and the duration of the
phytoplankton growing period (global mean RMSE of 33 and 47% respectively and
|bias| <20%). Timing of initiation of the increasing phase of chlorophyll
concentration in the seasonal cycle and timing of peak chlorophyll are subject to a
global mean RMSE of nearly two months and a bias of two weeks or less. The present
quantitative evaluation of uncertainty due to missing data demonstrates that, when
pooled to create a nine-year climatology at 8-day temporal resolution, the coverage of
CZCS is adequate for many climate-related studies on the marine ecosystem.
Phytoplankton annual mean biomass can be estimated with low error in
approximately 95% of the global oceans (i.e. regions where the indicators can be
estimated with RMSE values of less than 30% and bias within £10%), and the
phenological patterns can be estimated with low error in approximately 25% of the

global oceans.

Keywords: CZCS, SeaWiFS, Ecological indicators, Chlorophyll-a, Phenology,

Missing data, Uncertainty.
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1. Introduction

In the marine environment, ecological indicators have been developed to
provide specific information relevant to the evaluation of the state of the marine
ecosystem (Borja et al., 2008; Platt and Sathyendranath, 2008; Cardoso et al., 2010;
Ferreira et al., 2011; Tett et al., 2013). The function of an indicator may be to depict
the condition of the environment, to provide early-warning signals or to register long-
term trends (Niemi and McDonald, 2004). The state of the first trophic level of the
marine ecosystem can be characterized by the annual cycle of phytoplankton. In-situ
or remote-sensing observations of chlorophyll concentration, a proxy for
phytoplankton biomass, have been used to depict changes in the annual cycle of
phytoplankton (Platt and Sathyendranath, 1996; Platt and Sathyendranath, 2008).
Some indicators, for instance, the mean, median and maximum concentrations or
biomasses of phytoplankton in a given year, are generally expressed in units of mass
of chlorophyll or carbon per unit volume of water. Other indicators correspond to the
patterns of the annual cycle of phytoplankton, and are referred to as phenology (i.e.
timing of periodic events). These phenological metrics describe phases in the annual
cycle, and carry units of time (e.g. days, weeks, month...). Such indicators include the
timings of initiation, peak, termination and the duration of phytoplankton growing
period (blooming period) in a given season.

The most cost-efficient datasets available to implement ecological indicators
are provided by ocean-colour remote sensing observations (Platt et al., 2009). These
data sets have the additional advantage of having high spatial resolution, high
sampling frequency and global coverage. The first satellite sensor developed

specifically to study ocean-colour properties was the Coastal Zone Color Scanner
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(CZCS). It was launched by NASA in October 1978 and remained operational for
seven and a half years, until June 1986. A decade later, the Ocean Colour and
Temperature Scanner (OCTS) was launched by the Japanese Space Agency
(NASDA) in November 1996 and it collected ocean colour data until June 1997. The
next major satellite instrument for ocean colour was the Sea-viewing Wide Field-of-
View Sensor (SeaWiFS), which functioned for more than 13 years from September
1997 until December 2010. The spacecraft and SeaWiFS were owned and operated by
Orbital Sciences and subsequent commercial entities. NASA purchased the data, and
was then responsible for processing, quality control, and data distribution to approved
researchers. In 2002, two additional sensors began acquiring ocean-colour data: the
Moderate Resolution Imaging Spectroradiometer (MODIS) launched by NASA, and
the MEdium Resolution Imaging Spectrometer (MERIS) launched by the European
Space Agency (ESA). MERIS ceased operations in early 2012, but MODIS is still
operating, though well past its design lifespan. Further information about historical,
current and scheduled ocean-colour sensors can be found on the International Ocean
Colour Coordinating Group (IOCCG) website at
http://www.ioccg.org/sensors_ioccg.html.

The use of data from the CZCS period could possibly allow us to extend the
ocean-colour-based record of ecological indicators backwards in time to the period
1978 — 1986, when CZCS was operational. However, the CZCS mission was
exploratory: it had limited spatial coverage and spectral bands, and it did not overlap
with other ocean-colour sensors (making it difficult to correct for any potential inter-
sensor bias). Because of the absence of overlapping periods, the merging of ocean-
colour data such as implemented by the ESA Ocean Colour-Climate Change Initiative

using SeaWiFS, MODIS and MERIS (Hollman et al. 2013), is not possible with the
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CZCS. Nevertheless, a number of efforts have been made to improve the precision
and accuracy of the CZCS archive and effectively compare it with ocean-colour data
from follow-on missions. Gregg and Conkright (2002) re-analysed the archive by
blending the CZCS ocean-colour data with in-situ chlorophyll measurements to
minimise possible bias in the satellite-derived fields. In the re-analysis effort of
Antoine et al. (2005), the authors revised the CZCS data processing algorithms to
generate an improved, revised CZCS chlorophyll data set. Then, to allow an inter-
comparison between the CZCS and SeaWiFS sensors, they applied the same revised
algorithms to SeaWiFS data over the period 1998-2002. However, the regional
increases and decreases in absolute values of chlorophyll shown in these two
publications are not straightforward to reconcile. More generally, taking into account
also the findings based on in-situ observations, the debate on multi-decadal trends in
phytoplankton biomass is still open (Boyce et al., 2010; Mackas et al., 2011;
Rykaczewski and Dunne, 2011; McQuatters-Gollop et al., 2011; Raitsos et al., 2013;
Wernand et al., 2013).

Given the unique availability of observations from the CZCS during the period
1978-1986, and the critical importance of determining long-term trends in the marine
ecosystem, scrutiny is required to determine the impact of missing data in the CZCS
record on the estimation of ecological indicators. The spatial and temporal coverage
of remotely-sensed data is limited by sun-glint, clouds, atmospheric aerosol, sensor
saturation over ice, sand or snow, and high solar zenith angle. During the exploratory
mission of the CZCS sensor, the collection of observations was limited for all the
reasons above, but in addition, also by power and data recorder limitations, which led
to the priority being set on observations in the coastal regions and in the Northern

Hemisphere. The distribution of missing data in the CZCS time-series has been
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evaluated at monthly resolution (Antoine et al., 2005). However, monthly resolution
is not sufficient to assess inter-annual variability and trends in phytoplankton
phenology, which are driven by natural or anthropogenic forcing (Chiba et al., 2008,
Thomalla et al., 2011, Racault et al., 2012; Gonzalez Taboada and Ricardo Anadon,
2014).

The present study aims to: 1) evaluate the distribution of missing data in the
CZCS 1978-1986 time-series at a resolution of 8-days in the global oceans; 2)
perform a sensitivity analysis for assessing the error that the distribution of missing
data in the CZCS time-series may have on the estimation of six ecological indicators;
and 3) compare the error associated with missing data when estimating the indicators
from time-series, with and without applying an interpolation scheme to fill some of

the missing data.

2. Material and Methods

2.1 Remotely-sensed ocean-colour data

Synoptic fields of chlorophyll concentration were retrieved for the periods
1978-1986 and 1997-2010 from NASA Ocean Color Web
http://oceancolor.gsfc.nasa.gov. The R2010.0 reprocessing of Level 3 Mapped
chlorophyll concentrations from both CZCS and SeaWiFS were both downloaded at
9-km spatial resolution and 8-day temporal resolution. To reduce gaps in the global

oceans time-series, the data were re-gridded to 1° x 1° boxes (Fig. 1).
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2.2 Estimation of ecological indicators

The annual cycle of phytoplankton was characterized by estimating six well-
established ecological indicators from remote-sensing observations of chlorophyll
concentrations (Platt and Sathyendranath, 1996; Platt and Sathyendranath, 2008). The
selected indicators are: 1) annual mean chlorophyll; 2) median chlorophyll; 3) annual
maximum chlorophyll; 4) timing of initiation of the phytoplankton growing period; 5)
timing of peak of the phytoplankton growing period; and 6) duration of the
phytoplankton growing period. The first three indicators are based on absolute values
of chlorophyll concentration, whereas the last three can be calculated using relative
changes in the field of chlorophyll. Timing of the peak in the phytoplankton growing
period corresponds to when chlorophyll concentration reaches maximum amplitude in
the annual cycle. The timings of initiation and termination of phytoplankton growth
are detected using changes relative to a threshold of the long-term median plus 5%
(Siegel et al., 2002; Racault et al., 2012). The duration of the growing period is
estimated as the time elapsed between initiation and termination. Phenology estimates
are calculated using 8-day composites, which is the temporal resolution of the

chlorophyll data used.

2.3 Sensitivity analysis of the impact of missing data

The question we wish to address is whether the additional gaps in CZCS data
compared with SeaWiFS data could lead to differences in the estimation of ecological
indicators. Therefore, in the sensitivity analysis presented here, we treat SeaWiFS as

the reference data set, and we use the CZCS gap distribution as a mask to create a
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SeaWiFS data set with CZCS-like gaps. Thus, we can investigate the impact that
missing data may have on determination of ecological indicators from two consistent
ocean-colour data sets (i.e. SeaWiFS reference and SeaWiFS with CZCS-like gaps) in
terms of calibration and algorithms. To avoid bias associated with the significant
increase in missing data in chlorophyll observations after 2007 in the SeaWiFS
sensor, the sensitivity analysis was performed using SeaWiFS data from 1998-2007.

Error in the estimation of ecological indicators was evaluated using two
measures: the root-mean-square-error (RMSE) and the bias. The procedure to
evaluate the error is presented in the flow diagram (Fig. 1) and described in the
following steps: 1) a SeaWiFS nine-year chlorophyll time-series was selected as the
reference from the 10 years of available data during 1998-2007 (by drawing out,
without duplication); 2) the SeaWiFS nine-year time-series was sub-sampled to
simulate the distribution of missing data in the nine-year CZCS time-series,
generating a SeaWiFS time-series with CZCS-like gaps; 3) nine-year climatologies
were computed for the SeaWiFS reference time-series and the SeaWiFS time series
with CZCS-like missing data; 4) the six ecological indicators were estimated from
each climatology; and 5) the difference 6 defined as:

Equation (1): 6 = ind

gaps ~ lndref

was computed, with ind,..f representing the ecological indicator estimated from the

SeaWiFS reference climatology and ind 4y

representing the same indicator
estimated from the SeaWiFS climatology with CZCS-like gaps. The entire procedure
was repeated for each one-degree pixel of the global oceans. In addition, a relative

difference &, was estimated for the indicators of maximum amplitude, annual mean,

median and duration:

Equation (2): o, =

indref ’
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To account for the sensitivity of difference estimates to the choice of the
particular years in the time series, we generated a total of 25 unique SeaWiFS
reference time-series by drawing out, without duplication, nine years from the 10
years of SeaWiFS data (1998-2007). Then, at each given pixel of the oceans where
indicator estimates were available, the magnitude of the error was measured using the

root-mean-square-error RMSE as follows:

. 225 52
Equation (3): RMSE(§) = % ;and

25 2
L2, 60"

Equation (4): RMSE(6,) = Py

Moreover, at each pixel, the bias was computed as:

. 258
Equation (5): Bias(6) = % ;and

. 258
Equation (6): Bias(6,) = %’" :

Next, to reduce the number of missing data in the SeaWiFS reference and in the
SeaWiFS with CZCS-like gaps time-series, a spatial and temporal linear interpolation
was performed (see gap filling “option” in Fig. 1) and the error estimation procedure
described in equations (1) to (6) was re-applied. The interpolation scheme was applied
sequentially in the order: longitude, latitude, and time. Specifically, the gaps were
filled with the average value of the surrounding grid points along the indicated axis.
The averaging window had a width of three points and the surrounding points were
weighted equally. Along the indicated axis, if one of the points bordering the gap was
invalid, it was omitted from the calculation. If the two surrounding points were
invalid, then the gap was not filled (the interpolation scheme is illustrated in Fig. 1).
The outcome of the sensitivity analysis is an evaluation of the RMSE

(providing information on the precision of the error) and the bias (corresponding to a

10
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measure of accuracy of the error) in the estimation of the six ecological indicators due
to the missing data in the CZCS time-series (with and without interpolation
procedure). It is noteworthy that the CZCS time-series is used here only to identify
the spatio-temporal distribution of the missing data. The indicators are actually
estimated from the SeaWiFS observations (i.e. with and without CZCS-like sub-
sampling, and with and without interpolation). Therefore, any difference in the
estimated ecological indicators arises from differences in the gaps between the two

datasets analysed.

3. Results

3.1 Spatio-temporal distribution of ocean-colour observations

Large differences are apparent in the spatial coverage of the SeaWiFS and
CZCS missions (Fig. 2a and 2b). In the SeaWiFS data collection, the number of
scenes (i.e. 8-day composites) decreases markedly poleward of 30°N and 30°S,
following the latitude-dependent increase in the solar zenith angle during the winter
season (Fig. 2a). The tropics and subtropics are not affected by high-sun zenith angle,
and the reduction in the number of scenes is caused mainly by atmospheric aerosols,
sun-glint and persistent clouds (e.g. during the monsoon season). The tropical regions
with lowest coverage include the coasts of Western Africa and South-Western
America, the Arabian Sea and the Bay of Bengal (Fig. 2a). During the CZCS mission,
in addition to the reduction of scenes due to all the same reasons as in the case of

SeaWiFS, the collection of data was further limited by low duty cycle. The spatial
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coverage of the CZCS is better in coastal regions and in the Northern Hemisphere,
with the highest density of 8-day composites observed in upwelling regions, the
Arabian and Mediterranean Seas, and along the coasts of Europe, North-Eastern
Africa, Northern America and Eastern as well as Western Australia (Fig. 2b). When a
linear interpolation procedure (i.e. interpolating spatially- and temporally-adjacent
values) is applied to 8-day composites of ocean-colour data from SeaWiFS and from
CZCS, the density of data increases by 2% for SeaWiFS over the period 1997-2011
and by 91% for CZCS over the period 1978-1986 in the global oceans (Fig. 2¢ and
2d). In other words, the interpolation procedure nearly doubled the spatio-temporal
coverage of CZCS data.

Since we are evaluating the gaps in CZCS data compared with SeaWiFS§, the
coverage of the CZCS is estimated as a percentage of the SeaWiFS climatological
coverage (Fig. 3a). On average, during the period 1978-1986, the global ocean
coverage of CZCS reaches 19% of the SeaWiFS climatological coverage, with 12%
of the observations located in the Northern Hemisphere and 6.5% in the Southern
Hemisphere. Moreover, a major reduction in sampling occurred in the global oceans
in the Spring of 1982 after the volcanic eruption of “El Chichon” released large
quantities of ash into the atmosphere (Michalsky et al., 1990; Antoine et al., 2005). In
the following years, the sampling density remained low, particularly during the
summers 1984 and 1985, when nearly no observations were recorded. When the
linear interpolation procedure is applied, the mean (1978-1986) global ocean coverage

of CZCS reaches 40% (Fig. 3b).

3.2 Error associated with missing data on the estimation of ecological indicators
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The distribution of RMSE in the global oceans is shown in Figure 4 and as a
function of the percentage of missing data of the CZCS sensor in Figure 5. The bias (a
measure of accuracy) in the estimated indicators in the global ocean is shown in
Figure 6 and as a function of the percentage of missing data of the CZCS sensor in

Figure 7. Global averages of RMSE and bias are provided in Tables 1 and 2.

3.2.1 Phytoplankton biomass indicators

The distribution of RMSE values for peak chlorophyll shows large variations
throughout the global oceans (Fig. 4a). Lower RMSE values tend to be observed
where the percentage of missing data was lower (i.e. fewer missing data). This
tendency is more clearly apparent after a linear interpolation has been applied to fill in
some of the missing data. Peak chlorophyll RMSE values of 30% or less are generally
observed in coastal regions, across the North Atlantic ocean, the eastern North Pacific
ocean and the western coast of Australia. The percentage of ocean coverage with
RMSE below 30% reaches 56% after applying linear interpolation (Table 1).
Interestingly, the shape of the distribution of the RMSE remains similar before and
after applying linear interpolation (Fig. Sc and 5d), indicating that the effect of
interpolation is uniform across all the regions.

The missing data in the CZCS sampling induce a bias of +16% on average on
the estimation of peak chlorophyll concentration (Table 2). The bias appears positive
throughout most of the global oceans (Fig. 6a) indicating that peak chlorophyll
concentrations tend to be over-estimated in the multi-year SeaWiFS climatology with
missing data, compared with the multi-year SeaWiFS reference climatology. In

regions of the oceans where the percentage of missing data (in the SeaWiFS time-
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series with CZCS-like gaps) is less than 65%, the bias in peak chlorophyll
concentration is positive with values ranging between +5 and +25% (Fig. 7c).
However, when the percentage of missing data is particularly high (i.e. greater than
95%), the bias in peak chlorophyll concentration appears negative (i.e. peak
chlorophyll values estimated from the climatology with gaps tend to be lower, Fig.
7¢). The positive biases in peak chlorophyll may be counter intuitive, in the sense that
in any given year, one anticipates that missing data would lead to estimated peak
values equal to, or less than the reference dataset. However, when dealing with multi-
year climatologies, one of the consequences of missing data is that a high peak value
in any single year does not get averaged with lower values from other years if data are
missing from those other years. But as gaps in data increase, the probability of
missing all peak values increases, leading to negative bias. Such negative bias values
are observed over large regions of the Southern Ocean where the sampling coverage
of the CZCS was particularly limited (Fig. 2b and 6a). After applying the
interpolation procedure, the results are spatially more homogeneous (i.e. positive bias
values throughout the global oceans), and the bias values are noticeably reduced in
large regions of the global oceans (Fig. 6a). Interestingly, the interpolation procedure
had limited influence on the shape of the bias distribution as a function of the
percentage of missing data in the SeaWiFS time-series with CZCS-like gaps (Fig. 7c,
d).

The RMSE values for climatological mean and median indicators are
particularly low, with average values of 13 and 14% for the global oceans (before
applying a linear interpolation; Fig. 4b, ¢ and Table 1). RMSE values for these two
indicators are below 30% in more than 90% of the oceans (Fig. 4b, ¢) and the

interpolation procedure had a very limited influence on the spatial distribution of the

14



330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

RMSE (Fig. 4b, c¢). The RMSE for the climatological mean and median indicators
increases exponentially with increasing missing data (Fig. Se-h). Moreover, the shape
of the curve describing RMSE as a function of missing data remained similar before
and after applying the interpolation procedure. The biases in the estimated
climatological mean and median chlorophyll concentrations are -0.5% and -2%
respectively on average in the global oceans (Fig. 6b, c; Table 2). These bias values
change to +1% and -0.5% respectively after applying the interpolation procedure (Fig.
6b, ¢ and Table 2). It is noteworthy that for these two indicators, the bias estimates
alternate between positive and negative values throughout the global oceans. This
pattern is also clearly apparent when the bias is plotted as a function of the percentage
of missing data (Fig. 7e-h). For these two indicators, when the percentage of missing
data is <50%, the bias is constrained within 5%, which is particularly low compared

with the bias associated with peak chlorophyll concentration.

3.2.2 Phytoplankton phenology indicators

In this analysis, only the ocean pixels for which all phenological metrics (i.e.
timings of initiation, peak, termination, and duration) could be estimated are shown
on the maps of the distribution of the RMSE and bias (Fig. 4d-f and Fig. 6d-f). Before
applying the interpolation procedure, the phenology indicators could be estimated
over 25% of the global oceans. This figure increases to 70% after applying the
interpolation (which was applied prior to the calculation of the climatology from
which the indicators are estimated, as described in the method section). The
identification of timings of specific events, such as those of initiation and termination,

are particularly sensitive to the presence of missing data in the time-series. As a
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result, the calculation of the duration (which is estimated as the difference between
the timings of initiation and termination) can fail. The increase in spatial coverage of
the indicators achieved, once the interpolation is implemented, highlights the critical
importance of estimating phenology indicators from the most temporally-complete
time-series.

The missing data in the CZCS sampling induce on average, over the global
oceans, a RMSE and a bias of 57% and -43% respectively (before applying the
interpolation); and 47% and -20% respectively (after applying the interpolation) on
the estimated duration of phytoplankton growing period (Fig. 4d, Fig. 6d, and Tables
1 and 2). Negative bias values are observed throughout most of the global oceans,
indicating that when missing data are present in the SeaWiFS time-series with CZCS-
like gaps, the duration tends to be under-estimated compared with the SeaWiFS
reference time-series with more data. The RMSE values decreased in those ocean
regions where the percentage of missing data was lower. Before applying the
interpolation, 8% of all of the pixels in the oceans presented an RMSE of 30% or less,
whereas after applying the interpolation, 26% of all of the ocean pixels showed an
RMSE of 30% or less (Table 1). As with the indicators of climatological mean,
median and peak chlorophyll, the plot of RMSE and bias in the estimated duration as
a function of the percentage of missing data in CZCS, showed similar patterns with
and without the linear interpolation procedure (Fig. 5i-j and Fig. 7i-j), except for
percent missing data <30%. It is probable that the increase in RMSE observed in Fig.
5i is due to the low number of observations in those class intervals (i.e. only
eight pixels in the global oceans presented missing data between 20-25%). The
bias in the duration estimates drops below 10% when the percentage of missing data

(in the SeaWiFS time-series with CZCS-like gaps) is less than 60% (Fig. 71).
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On average, the RMSE in the estimation of the timings of initiation and peak
are 76 and 75 days respectively. After applying the interpolation procedure, the
RMSE was reduced to 61 and 62 days for the timings of initiation and peak
respectively (Fig. 4e, f; Table 1). Similar to the estimated duration, the RMSE
decreased in ocean regions where the percentage of missing data was lower. In the
case of the timings of initiation and peak, without applying interpolation, 11% of all
of the ocean pixels presented an RMSE of 30 days or less, whereas, with
interpolation, the percentage increased to 27 and 24% (Table 1).

The bias values were equal to -10 and -24 days on average in the global
oceans for the timings of bloom initiation and peak chlorophyll respectively (Fig. 6e,
f, Table 2). Negative bias values indicate that the estimated timings tend to be earlier
in the climatological seasonal cycle with missing data compared with the SeaWiFS
reference climatology data set. After applying the interpolation, the number of ocean
pixels for which the timings of initiation and peak could be estimated increased
markedly and their average bias values decreased to -1 and -13 days respectively.
Ocean pixels with less than 65% missing data show a bias of less than 30 days (~1

month) for timings of both initiation and peak (Fig. 7k-n).

4. Discussion and Conclusions

4.1 Sensitivity of ecological indicators to the distribution of missing data in the CZCS

time-series
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The present sensitivity analysis provides an original assessment of the impact
that the distribution of the missing data in the CZCS time-series is having on the
estimation of six ecological indicators. The impact estimated here is based on multi-
year composite of an annual cycle in phytoplankton dynamics, and not on a year-to-
year basis, in which case the gaps, and hence the uncertainties, would be greater. The
selected indicators are key to characterize and monitor the composition, structure and
functioning of the marine ecosystem on seasonal, interannual, decadal and longer
time-scales. Thus, an evaluation of the confidence range in the estimates is essential,
especially for detection of trends influenced by large-scale environmental and climate
drivers (Vantrepotte and Mélin, 2009; Martinez et al., 2011; Thomalla et al., 2011;
Racault et al., 2012; Zhai et al., 2013; Gonzalez-Taboada and Ricardo-Anadon, 2014).

Annual coverage of chlorophyll data in the CZCS record is low compared
with that of more recent sensors such as SeaWiFS and the distribution of the CZCS
missing data is non-uniform both spatially and temporally (Fig. 2 and 3). These gaps
make it difficult to estimate phenology indicators on annual time-scale, which is why
the present analysis is limited to multi-year climatologies. To further limit the
negative impact of missing data, data were averaged spatially (i.e. re-gridding 4 km x
4 km to 1° x 1° grid-box), though we have maintained the 8-day temporal resolution
as a requirement for studying phenology (Fig. 1). Other approaches to reducing
missing data include implementation of interpolation procedures: gaps can be filled
by interpolating spatially and temporally-adjacent values (e. g., Beaugrand et al.,
2008; Pottier et al., 2008; Racault et al., 2012) or by using the climatology of the
annual cycle as a basis for interpolating across gaps for particular years in a time-
series (Land et al., 2014). The use of climatology allows us to constrain potential

errors in phenology estimates, which are associated with missing data in annual time-
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series (Cole et al., 2012; Land et al., 2014). In spite of the limitations imposed by
missing data, the 8-day climatology of CZCS provides the most comprehensive
dataset available to compute many ecological indicators during the 1970s and 1980s
and to study their long-term changes in relation to climate drivers by comparison with
later satellite sensors such as SeaWiFS, MERIS or MODIS.

The indicators of annual mean and median chlorophyll concentrations showed
the lowest RMSE and bias associated with the presence of missing data (Fig. 4b, c,
Fig. Se-h and Tables 1 and 2). Low RMSE and bias values indicate that the mean and
median chlorophyll concentrations can be estimated with relatively high confidence
from a climatology which includes the gap distribution of the CZCS time-series. This
feature is consistent throughout the global oceans. The linear interpolation procedure
(i.e. spatial and temporal filling of missing data with adjacent values performed
before calculating the climatology) reduced the global average of RMSE values in the
median and the mean from 12 and 13% respectively to 8% (for both). The magnitude
of the RMSE increased with increasing missing data (Fig. Se-h). In addition, for these
two indicators, the mean bias for the global oceans was particularly low (within £2%)
regardless of application of the interpolation procedure. But of course the global
averages do not tell the whole story, and what is really important is the regional
distribution of uncertainties. In fact, regionally, the bias could be greater, reaching
+8%. Even though the uncertainties in these indicators are relatively low, they are
based on absolute values of chlorophyll concentrations, and hence would be
vulnerable to any inter-sensor biases in estimated chlorophyll values arising from
differences in sensor design or in algorithms. Such potential errors would also have to
be quantified before these indicators derived from CZCS and SeaWiFS can be

compared.
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The indicators of peak chlorophyll concentration and duration of the bloom
have higher RMSE (33 and 47% on average respectively for the global oceans) and
bias (+18 and -20% on average respectively for the global oceans) associated with the
presence of missing data even after interpolation (Fig. 4a, 4d, Fig. 6a, 6d, and Tables
1 and 2). The RMSE and bias values are lower in oceanic regions where the density of
data collected during the CZCS time-series is higher, demonstrating the sensitivity of
these indicators to missing data. As a result, the reduction of gaps in data using linear
interpolation significantly decreases the RMSE and bias for both the peak chlorophyll
concentration and the duration estimates (Fig. 4a, 4d, Fig. 6a, 6d). The regions with
higher confidence (i.e. RMSE values < 30% and bias < 10%) on the estimations of
peak chlorophyll concentration and duration of the growing period include the North
Atlantic Ocean between 10°N-50°N, the Pacific Ocean between 10°N-40°N, the
western coast of North America, the eastern coast of Africa, and the eastern and
western coast of Australia and New Zealand. Outside of these regions, the RMSE and
bias tend to increase markedly, because of reduction in the density of observations,
rendering difficult the detection of long-term trends in these indicators.

The timing of bloom initiation and timing of peak chlorophyll estimated from
SeaWiFS with CZCS-like gaps climatology had RMSE values of 62 and 61 days
respectively on average for the global oceans (Table 1). The high RMSE values
reported here underline the sensitivity of indicators of timing of events to the missing
data in the CZCS sampling. The mean biases for the global oceans in the timings of
initiation and peak were -1 and -13 days respectively, after applying linear
interpolation (Table 2). The linear interpolation used here to fill gaps in data nearly
doubles (Table 1) the number of pixels in the global oceans where these phenology

indicators can be estimated with an RMSE of less than one month (~30 days).
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Moreover, the linear interpolation allows the phenological estimates to gain coherence
in most of the coastal regions, across the North Atlantic Ocean, the eastern North
Pacific Ocean and the western coast of Australia (Fig. 4e, f and Fig. 6e, f). Increased
confidence in the phenology estimates, even over limited regions of the oceans, is
extremely useful for the detection of long-term trends or differences.

The error estimates (RMS uncertainty and bias) presented here are specifically
designed to evaluate the impact of the distribution of missing data in the CZCS
sampling, compared with the SeaWiFS coverage. The computed biases provide a
basis for correcting for systematic differences in estimates of these ecological
indicators for every one degree grid for which the computations have been carried
out. The RMSE, once corrected for the bias, yields the standard deviation in the
results, which can then be used to constrain interpretation of differences in indicators
estimated from SeaWiFS with CZCS-like gaps and SeaWiFS reference data sets: the
observed differences cannot be significant if they are less than the standard deviation
in the results.

Cole et al. (2012) estimated the differences between phenology metrics from
the GlobColor time-series and those from the NASA Ocean Biogeochemical Model
(treated as the gap-free time series). In sub-polar regions, where the percentage of
missing data is high, the authors showed typical differences of 30 days for the timing
of initiation and 15 days for the timing of peak. The differences were lower (typically
below 20 days for the timing of initiation and less than 10 days for the timing of peak)
in the tropics and the subtropics where the percentage of missing data is low. Though
their measures of errors are different from ours, their results are coherent with ours, in
the sense that the RMSE and bias values shown here decrease when the percentage of

missing data decreased.
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A further cautionary note is that the present study identifies and quantifies
only one source of uncertainty: gaps in data. Other factors will have an influence on
the uncertainty associated with the estimation of phenological indicators. Although it
is beyond the scope of the present study, it would be extremely interesting to provide
a comprehensive analysis of the propagation of uncertainties associated with: (1) the
presence of missing data due to persistent cloud cover, high-sun zenith angle, and
sensor sampling; (2) the variability of the annual chlorophyll cycle; and (3) the
uncertainties in the calibration of satellite sensors and in the chlorophyll-retrieval
algorithm (Moore et al., 2009).

All the results presented here are based on analyses carried out using multiple
sets of years. This was done to increase the generality of results and to avoid the
impact of any particular year or a particular combination of years on the results.
However, when actual comparisons are made between phytoplankton indicators from
particular sets of CZCS years and SeaWiFS years, it would be more useful to repeat
the analyses presented here, but for those particular sets of years, to evaluate the
uncertainties for that special case.

In summary: 1) lowest uncertainty due to missing data is observed in the
indicators of annual mean and median chlorophyll concentration (global mean RMSE
< 10% and |bias| < 1%) while higher uncertainty is observed for peak chlorophyll and
duration (global mean RMSE < 50% and |bias| < 20%) and for timing metrics (global
mean RMSE < 2 months and |bias| < 2weeks); 2) gap filling (by linear interpolation)
increases precision by 4-10% and ~2 weeks (global mean RMSE) and increases
accuracy by 0.5-13% and ~10 days (global mean |bias|); 3) regional differences are
apparent, and lowest uncertainty is recorded where CZCS coverage is greater than

40%.
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4.2 Implications for estimation of long-term trends in ecological indicators

The low error values for annual mean and median chlorophyll concentrations
indicate a low sensitivity of these two indicators to the distribution of missing data in
the CZCS time-series, lending confidence that the assessments of decadal changes
reported in the re-analysis efforts of Gregg and Conkright (2002) and Antoine et al.
(2005) were not affected much by the missing data. They had applied the CZCS data
distribution to SeaWiFS to minimize, if not eliminate, the impact of differing data
distributions in comparing average chlorophyll levels. Therefore, the discrepancies in
the decadal changes reported in the two publications are probably a consequence of
the differences in the approaches followed by the two authors. For example, Gregg
and Conkright (2002) blended in situ results with remotely-sensed data, whereas
Antoine et al. (2005) avoided using in-situ data, relying instead on an improved
algorithm. Other factors influencing the estimation of long-term trends include the
direction or sign of the dominant climate drivers (such as El Nifio Southern
Oscillation, or ENSO) occurring during the periods under assessment (Martinez et al.,
2009). In fact, Gregg and Conkright (2002) compared the CZCS 1979-1986 archive
with SeaWiFS 1997-2000 data, whereas Antoine et al. (2005) compared the CZCS
(1978-1986) and SeaWiFS (1998-2002) records. Both the CZCS and SeaWiFS
periods were marked by major El Nifio (1997) and La Nifa (1998) events, which
profoundly influence phytoplankton production, composition and phenology in the
global oceans (Dandonneau et al., 1986; Harris 1987; Comiso et al., 1993; Chavez et
al., 1999; Behrenfeld et al., 2001; Yoder and Kennelly, 2003; Hirawake et al., 2005;

Behrenfeld et al., 2006; Chavez et al., 2011; D’Ortenzio et al., 2012). This also raises
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the possibility that the characteristics of the errors associated with missing data may
also be specific to the pairs of CZCS and SeaWiFS years considered in any particular
analysis. It would therefore be prudent to repeat the analysis presented here, but for
the particular years relevant for any analyses, to lend further confidence that the
missing data do not introduce any significant errors into the results.

Given the rapid response of phytoplankton chlorophyll concentration to these
variations in climate and environmental conditions, as well as the sensitivity of
absolute chlorophyll values to sensor-specific differences in chlorophyll retrieval,
indicators of phytoplankton phenology (which are not sensitive to errors in the
absolute values of chlorophyll) may be robust for studying long-term climate change
impacts on the state of the first trophic level of the marine ecosystem. However,
phenological studies do require data well distributed in time, to enable resolution of
timings of seasonal events with sufficient precision. The sensitivity analysis presented
here provides the first comprehensive and quantitative evaluation of errors in
ecological (including phenological) indicators associated with gaps in the CZCS data,
when pooled to create a nine-year climatology at 8-day temporal resolution. The
results demonstrate that the coverage of CZCS is adequate for many climate-related
studies on the marine ecosystem. Phytoplankton annual mean biomass can be
estimated with low error from the nine-year climatology in approximately 95% of the
global oceans and the phenological patterns can be estimated with low error in
approximately 25% of the global oceans (i.e. regions where the indicators can be
estimated with RMSE values of less than 30% and bias within £10%). In particular,
oceanic regions where estimates of ecological indicators can be used reliably to
extend the remote-sensing record back three decades and thus assess long-term trends

in the state of the marine ecosystem, include the North Atlantic Ocean between 10°N-
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50°N, the Pacific Ocean between 10°N-40°N, the western coast of North America, the
eastern coast of Africa, and the eastern and western coast of Australia and New
Zealand.

It is noteworthy that the surest way to avoid errors of the type discussed here
is to limit the analysis to areas where the CZCS observations are matched in time with
SeaWiFS, and where the temporal resolution is sufficient to extract the indicators with
sufficient confidence. But, as one can see from Figure 3, for any given 8-day
composite, areas of the world where we have both SeaWiFS and CZCS data are
limited to approximately 30-40%, and even in these areas the uncertainties due to
missing data can be high for some of the indicators (Tables 1 and 2). The analysis
carried out here suggests ways in which the areal coverage can be extended by linear
interpolation. Furthermore, having an idea of the potential bias (Table 2), this type of
errors can be corrected for, and knowing the RMSE allows us to place confidence
intervals on the results. Finally, these results demonstrate some of the issues
associated with comparing or blending phytoplankton datasets with different spatial
and temporal coverage. The method developed here helps to assess uncertainties in
comparison of two phytoplankton datasets (CZCS and SeaWiFS) arising from this
source, and thus, to improve confidence in inferred long-term trends (Mackas et al.,

2011).
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List of Figure Captions

Fig. 1: Schematic view of the data processing steps to estimate the six ecological
indicators used to quantify the uncertainty due to the distribution of gaps in the CZCS
time-series. The steps numerated 1) to 5) are further described in the method section.
The gap-filling step is marked with a star (*) as it was only applied in the analyses

labelled “after applying a linear interpolation” (shown in Figs. 2, 3,4, 5, 6, 7).

Fig. 2: Spatial density of ocean-colour data from CZCS (1978-1986) and SeaWiFS
(1997-2010) in the global oceans. (a) SeaWiFS coverage before applying linear
interpolation to fill gaps; (b) CZCS coverage before applying linear interpolation to fill
gaps; (c) SeaWiFS coverage after applying a linear interpolation to fill some of the
missing data; (d) CZCS coverage after applying a linear interpolation to fill some of
the missing data. The colour scale indicates the number of 8-day composites available

during the sensors’ periods of operation.

Fig. 3: Temporal density of CZCS 8-day composites expressed as percentage of
SeaWiFS climatological coverage (i.e. the latter is treated as the reference against
which the former is compared). (a) CZCS percentage coverage before applying linear
interpolation; (b) CZCS coverage after applying linear interpolation to both CZCS and
SeaWiFS time-series. In black, coverage for the global oceans and in blue, coverage
for the Northern Hemisphere. The coverage for the Southern Hemisphere corresponds
to the difference between global and Northern Hemisphere coverage. An assessment of

the temporal density of CZCS data at monthly resolution is available from the NASA
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ocean color webpage about CZCS mission at:

http://oceancolor.gsfc.nasa.gov/CZCS/czcs_datacollect.html.

Fig. 4: Root-mean-square-error (RMSE) on the estimation of six ecological indicators
arising solely from missing data. The RMSE is calculated as the difference between the
estimates from the SeaWiFS time-series with CZCS-like gaps minus the estimates from
the SeaWiFS reference time-series. (a-d) RMSE are expressed in percent and (e-f)
RMSE are expressed in days. Left panel: RMSE before applying linear interpolation to
fill missing data; Right panel: RMSE after applying linear interpolation to fill missing
data (see Fig. 2 and 3 for changes in data coverage). Black colour indicates that the

indicators could not be estimated (because there were too few data available).

Fig. 5: Root-mean-square-error (RMSE) of each indicator as a function of the gaps. The
percentage of missing data is estimated at each pixel as the fraction of the total number
of 8-day composites in the SeaWiFS nine-year climatology with the CZCS-like gaps to
the total number of 8-day composites in the SeaWiFS reference nine-year climatology.
Left panel: Before applying linear interpolation to fill missing data; Right panel: After
applying linear interpolation to fill missing data. (a) and (b) Number of pixels in the
global oceans for every increment of 5% in missing data. (¢) to (n) Median RMSE
values (plain black line) and upper and lower quartiles (dashed black lines) for each
class interval of 5% missing data for the six ecological indicators discussed in this paper.
Note that, for the left panel, no RMSE values are presented for percentage of missing
data <20% because of lack of data. It is probable that the increase in RMSE at the low
end of missing values for the phenology metrics (i, k and m) is associated with low

number of observations in those class intervals.
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Fig. 6: Bias on the estimation of six ecological indicators arising solely from missing
data. The bias is calculated as the difference between the indicator estimates from the
SeaWiFS time-series with CZCS-like gaps minus the estimates from the SeaWiFS
reference time-series. (a-d) Bias values are expressed in percent and (e-f) Bias values
are expressed in days. Left panel: Bias before applying linear interpolation to fill
missing data; Right panel: Bias after applying linear interpolation to fill missing data
(see Fig. 2 and 3 for changes in data coverage). Black colour indicates that the indicators

could not be estimated (because of there were too few data available).

Fig. 7: Bias of each indicator as a function of the gaps. The percentage of missing data
is estimated at each pixel as the fraction of the total number of 8-day composites in the
SeaWiFS nine-year time-series with the CZCS-like gaps to the total number of 8-day
composites in the SeaWiFS reference nine-year climatology. Left panel: Before
applying linear interpolation to fill missing data; Right panel: After applying linear
interpolation to fill missing data. (a) and (b) Number of pixels in the global oceans for
every increment of 5% in missing data. (c) to (n) Median bias values (plain black line)
and upper and lower quartiles (dashed black lines) for each class interval of 5% missing

data for the six ecological indicators discussed in this paper.
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