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Fig. 5. As in Fig. 4 but for SIR.

the updated ensemble will stay closer to its initial state prior to
assimilation. It is therefore meaningless to compare model and
observations directly after the assimilation is performed, as the EnKF
can be adapted to fit the data almost perfectly. A more instructive
approach is to compare the results of EnKF and SIR by assessing their
predictive skill. This is done below.

4.2. Forecast skill

Our data assimilation results in Figs. 6 and 7 suggest that
alterations of the model state (or its ensemble representation) due
to assimilating observations at a monthly time step may not improve
the forecast one month into the future. Comparing the deterministic
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Fig. 6. Ensemble distribution of the mean concentration of PON, DIN, chlorophyll and oxygen in the top 80 m with EnKF data assimilation. The solid red line is the ensemble median,
the dark gray area shows the regions between 0.25 and 0.75 quantile, and the light gray area marks the region between the ensemble minimum and maximum. EnKF assimilation
steps are marked by black vertical lines. Blue dots and error bars show the mean observations and their standard deviation in the top 80 m. Deterministic model run is shown as a

green dotted line.

simulation (green dashed line) and the ensemble median (red solid
line), it appears that between the monthly BATS sampling dates the
model reverts back to a state close to that achieved without data
assimilation. This was also demonstrated with cross-validation
experiments (Mattern, 2008, results not shown). In order to assess
the predictive skill of our assimilation schemes at a shorter time scale,
we make use of the BATS bloom cruise data. The bloom cruises were

intensive sampling periods in which observations were collected
between the dates of the monthly regular core cruises. For the
purposes of assessing forecast skill, we use the bloom cruise data
purely as validation data and not as part of the data assimilation
procedure. Specifically, we compute the root mean square error
(RMSE) between the validation data and the predicted model output
for those times (corresponding to a roughly 2 week forecast). These
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Fig. 7. As in Fig. 6 but for SIR.

RMSEs are computed for the deterministic model run, as well as for
our EnKF implementation and the 2 SIR implementations introduced
in Section 3.2. This is done for each data assimilation technique and for
different ensemble sizes, namely n.,s =5, 10, 20, 40, 80, and for each
of the prognostic variables. The results are shown in Table 4. In each
case, 20 replicate runs were carried out so that the standard deviation
of the RMSE results could be computed and the Monte Carlo variation
assessed.

The results in Table 4 demonstrate that a significant improvement
in the predictive ability of the biological model can be achieved with

both the EnKF and SIR procedures. The improvement is most evident
for Chl (using the EnKF and the Separate Variables SIR implementa-
tion), as well as for PON (using the EnKF). The stronger updating of
the ensemble mean towards the observations by the EnKF data
assimilation appears to lead to a more positive impact on the
predictive skill; the EnKF results for ensemble sizes greater than 10
are better than the equivalent SIR results, especially for PON. It is
notable that the model results for oxygen cannot be significantly
improved by any of the data assimilation techniques. This is consistent
with the result of our stochastic simulations, where the variation of
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Table 4

Root mean square error (RMSE) between BATS bloom observations and corresponding
model output for the deterministic model with the optimized parameter set and for 3
assimilation implementations and different ensemble sizes.

s EnKF SIR SIR (separate) Deterministic
PON (mmol Nm—3)

5 0.18740.019 0.200+£0.012 0.210+0.017 0.198
10 0.176 4-0.008 0.197+£0.012 0.2004+0.011

20 0.173 4+-0.006 0.191 + 0.006 0.190+0.010

40 0.172 4+ 0.005 0.190+ 0.007 0.190+ 0.008

80 0.1724-0.003 0.192 +0.008 0.184 +0.008

DIN (mmol Nm~—3)

5 0.735+0.024 0.761+£0.014 0.752 +0.021 0.757
10 0.732+0.023 0.754+£0.011 0.748 +0.016

20 0.7304-0.019 0.756 + 0.006 0.752+0.015

40 0.7404-0.018 0.752 + 0.006 0.754+0.015

80 0.742+0.012 0.753 £ 0.005 0.751+£0.012

Chlorophyll (mg chlorophyll a m—3)

5 0.092 +0.007 0.1134+0.011 0.1104+0.011 0.104
10 0.096 4-0.007 0.1124+0.009 0.103 +0.010

20 0.094 4- 0.005 0.11040.007 0.096 4+ 0.006

40 0.093 4+ 0.003 0.110+ 0.006 0.096 + 0.004

80 0.093 4-0.002 0.111+0.004 0.094 + 0.004

Oxygen (mmol O m—>)

5 9.343 +0.261 9.359+0.098 9.493 +0.244 9.350
10 9.294+0.229 9.328£0.103 9.451+0.129

20 9.277 +0.165 9.296 +0.078 9.516 +0.150

40 9.3424+0.135 9.255+0.075 9.561+0.157

80 9.339+0.105 9.254 +0.081 9.549 +0.168

Each cell contains the mean and standard deviation of 20 ensemble runs. 1, is the
ensemble size.

the chosen biological parameters did not create a large ensemble
spread for oxygen (see Supplementary Online Material). The
comparison between the 2 different SIR implementations reveals
that the standard All Variables SIR implementation produces results as
good as those produced by the Separate Variables SIR, except for Chl
where the latter technique performs better.

Ensemble size is a key practical consideration in sequential data
assimilation, trading off accuracy against computational cost. Table 4
also considers the predictive skill using various ensemble sizes,
including an assessment of the Monte Carlo variability of the results
through replicate runs. For very small ensembles, with 5 or 10
ensemble members, the predictive skill is poorer and the replication
error (standard deviation) larger, especially for the EnKF. Increasing
the ensemble size decreases the prediction error and its standard
deviation. However, it is seen that for ensemble sizes of 20 and
greater, a doubling of the ensemble size does not change the
predictive skill significantly but doubles the computational cost
(which scales linearly with ensemble size). However, the increase in
ensemble size shows a positive effect on the standard deviation; for
most variables it decreases at a rate roughly equal to the inverse
square root of the ensemble size.

Another important feature in the assimilation of multivariate time-
series data is illustrated in our application. Consider that the
performance of our standard (All Variables) SIR implementation for
Chl in Table 4 is poor compared to the other 2 implementations.
This indicates that the chlorophyll profiles are resampled disadvan-
tageously during the SIR's update step. In the SIR update procedure,
ensemble members can have a high probability of being resampled if a
poor fit for certain variables is compensated by a good fit for other
variables. In our case, poor chlorophyll profiles are resampled in
combination with good PON profiles. This is likely indicative of
dynamical inconsistencies in the biological model formulation. In the
application of the EnKF for multivariate data assimilation the
generation of new ensembles allows the fit to improve for all
variables.

Finally, note that the results presented here are based on
parameter variation following a specific log-normal distribution
(Table 2). Experiments with other probability distributions, e.g. a
truncated Gaussian, showed that the results are quite sensitive to the
distribution chosen (Mattern, 2008). Since it is often difficult to assign
these distributions accurately, we remark briefly on the consequences
of their mis-specification. At a basic level, the SIR procedure needs a
sufficient forecast ensemble spread, and thus requires an appropriate
parameter distribution, to support this feature. This idea is illustrated
in Figs. 6 and 7, where at the observation (or assimilation) times the
forecast spread generally brackets the observation (or, in the case of
oxygen, the forecast ensemble spread and the observation error bars
overlap). If the ensemble spread is too small, the resampling step in
the SIR leads only to limited improvement and the result suffers. This
implies, however, that the model errors have been underestimated.
The EnKF, on the other hand, can transform the ensemble out of its
previous range upon update, even if model errors have been
underestimated. The EnKF, however, is more sensitive to both
observational data outliers and ensemble outliers. For the former,
the EnKF will force the ensemble to trend towards extreme
observations. In the latter case, where an improbable combination
of extreme parameters produces an ensemble outlier, e.g. unrealistic
profiles, the outcome of the EnKF update can be affected detrimen-
tally, especially for small ensemble sizes. (We encountered this during
one EnKF ensemble run where we had to remove an extremely high
chlorophyll profile from the analysis.) The SIR is a more robust
procedure in this respect, as ensemble outliers that are far from the
data are assigned a low weight during the resampling step, and hence
are unlikely to be propagated forward.

5. Discussion and conclusions

In this study we examined the application of 2 major sequential
data assimilation techniques, the EnKF and SIR to a 1D coupled
physical-biological ocean model for the long-term ocean monitoring
site off Bermuda (BATS, Steinberg et al., 2001). We choose the 1D
model as a compromise between realism in describing the biology and
physics of our test site versus the computational considerations
inherent in these ensemble-based Monte Carlo methods. To date, the
EnKF has found a wider range of applications in the context of
biological models (e.g. Allen et al., 2003; Natvik and Evensen, 2003;
Lenartz et al., 2007), whereas the SIR has been used less frequently
and in the context of simpler 0D models (Losa et al., 2003; Dowd,
2007). The novelty of this study hence lies in its use of SIR for data
assimilation in a partial differential equation based physical-biolog-
ical model, and its comparison and contrast with the EnKF, in the
context of estimation and prediction. However, the approaches
considered here should be scaleable to higher dimensional problems,
e.g. the ocean general circulation model used for ensemble-based data
assimilation by Brusdal et al. (2003).

In our implementation of sequential data assimilation, we have
focused on the biological components only. The physical-biological
coupling in our model is one-way: the physical model affects
biological distributions through turbulent mixing, but the biological
variables do not feed back to the model physics. With nudging of
model temperature and salinity to the time-series observations from
the BATS site, the physical model is able to adequately recreate key
physical features such as the mixed layer depth; this suggests that the
model can be useful for short-term predictions of biological properties
at the BATS site. As an extension, the distribution and time evolution
of the biological variables also contain information that could refine
the physical state, say by appending the state to include physical
variables as well as biological ones.

We proceeded with ensemble generation by considering varia-
tions in a subset of the biological parameters (chosen based on a
sensitivity analysis) as a dominant source of uncertainty or error (Lek,
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2007). After assigning probability distributions (log-normals) to these
parameters, we sampled randomly from these in order to generate
ensemble members. See Turner et al. (2008) for a general discussion
on ensemble generation and error incorporation. Joint state and
parameter estimation is also possible for stochastic dynamics. For SIR,
state augmentation approaches for this have been developed
(Kitagawa, 1998; Ionides et al., 2006); for the EnKF, similar methods
are also possible (Annan et al., 2005; Moradkhani et al., 2005).

After ensemble generation, the EnKF and SIR provide an update
step to assimilate available observations. While both procedures can
be readily applied to a biological model, they operate quite differently.
The EnKF incrementally updates the model state through the matrix-
based Kalman filter updating equations (Evensen, 2006), while SIR is a
weighted bootstrap procedure based on a likelihood function (Ristic
et al., 2004). Note that these nonlinear filtering problems are distinct
from fully Bayesian approaches which assign priors to parameters and
rely on computationally intensive Markov Chain Monte Carlo (MCMC)
algorithms (e.g. Dowd and Meyer, 2003).

In both techniques, one must carefully consider implementation
details, such as the scaling (or sample variances) assigned to the
observations and model outputs, otherwise a single variable type or
observation can dominate the analysis. For the EnKF, the error
covariance matrix of the forecast ensemble was formed and the
matrix-based updating equation applied. For SIR, the likelihood
function was defined on the basis of a multivariate normal
distribution and resampling was done on the ensemble of profiles;
it is possible that more suitable distributions could be identified that
take better account of the discrepancy between observed and
modelled profiles. In fact, a key feature of a successful SIR with
small ensemble sizes is that the forecast distribution must overlap
with the likelihood; this depends on both the parameter variation in
the stochastic simulation, as well as the assigned observation error
variance.

Our experiments used real time-series data from BATS. This is
challenging since outliers are inevitably present, as are biases due to
the model's inability to explain all features present in the observa-
tions. Both procedures appear robust. We also considered different
implementations of SIR. In our All Variables SIR implementation,
ensemble members are resampled to preserve the relations between
the biological variables. In our Separate Variables SIR, we resampled
each of the biological variables individually and independently at the
cost of losing the dependencies between the variables during the
update, in order to investigate a possible improvement in fit.

Our data assimilation experiments showed differences in perfor-
mance between our implementations of the EnKF and the SIR. When
compared to SIR, the EnKF update had a more pronounced effect in
changing the ensemble from forecast to update; the mean was shifted
more and the standard deviation was greatly reduced after the
update. One reason for this is that the SIR update does not generate
new ensembles (it simply resamples with replacement from the set of
candidates provided by the forecast), whereas the EnKF generates a
new set of ensemble members.

We investigated the effect of ensemble size, as it is a key
determinant for performance. Generally we anticipate that larger
ensembles give better answers (i.e. more samples better characterize
the target distributions, or its moments), but they come at a higher
computational cost. Our ensemble sizes ranged from 5 to 80. As a
lower bound, we found that ensembles of 10 or fewer members are
too small for reliable results. On the other hand, increasing the
ensemble size above 20 resulted in only a slight decrease in error
between the model output and the observations, suggesting that 20 is
the optimal ensemble size for our application. We anticipate that the
optimal ensemble size is specific to each application and may be
higher for 3-dimensional models. Previously published studies that
have applied the EnKF to coupled physical-biological models have
used ensemble sizes of 100 to 200 (Allen et al., 2003; Evensen, 2003);

ensemble forecasts in numerical weather prediction typically use
fewer than 100 ensemble members (Gneiting and Raftery, 2005).

Our experiments indicate that the predictive skill improved for a
2-week forecast for both the EnKF and SIR in comparison to the
deterministic model run. We assessed the forecast ability by
comparing model output to observations obtained during intensive
sampling periods when approximately bi-weekly data was available.
The results suggest that the strong update of the model state closer
towards observations in our EnKF implementation has a positive
effect on the predictive skill. We also found that the forecast skill of
our standard SIR procedure can be improved by resampling each
variable separately. The improvement in forecast skill is variable-
dependent. Forecasts of PON and chlorophyll profit most from the
data assimilation, while no measurable improvement for oxygen was
found.

The forecast skill of our application could likely be improved by
reducing dynamical inconsistencies between our model and the BATS
system. The 1D model is not able to capture some of the complex
physical dynamics present at the BATS site, such as the influence of
mesoscale eddies (McGillicuddy et al, 1998), and the biological
dynamics have been highly simplified. Another important factor is the
uncertainty assigned to the BATS observations, which is not accurately
known. We approximated this uncertainty based on the variability in
the observations. Both procedures are affected by this observation
uncertainty — the EnKF through the observation error covariance
matrix and the SIR through the likelihood specification. These control
how closely the ensemble can move toward the observations at the
update step.

In summary, the SIR and the EnKF improved model results and
forecast abilities for the coupled physical-biological system we
examined. Several choices had to be made during the application of
both assimilation techniques to a specific system, e.g. the observation
error covariance matrix and the likelihood function, which affect
assimilation performance. In order to utilize the full improvement in
the predictive skill that sequential data assimilation can offer, the
model under consideration should be both well-calibrated (e.g.
through parameter optimization) and also consistent with the system
of interest. For the BATS site, future work would therefore begin by
refining the physical and biological structure of the model. Our results
however demonstrate that ensemble-based data assimilation is a
promising direction for improving prediction in coupled physical-
biological systems.
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